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Abstract

In this research, we address the problem of fattening management and animal health in rotational

grazing. For the study of this problem, we have positioned ourselves in the framework of the paradigm

of precision farming, a technological approach that uses advanced information and communication

tools and techniques to optimize agricultural and livestock production processes. In this context,

precision livestock farming focuses on the use of technologies to improve grazing management and

animal health on cattle farms. Some objectives of precision livestock farming are to increase farm

efficiency and productivity, improve product quality and reduce production costs. In addition, it

also contributes to environmental sustainability by enabling more efficient management of natural

resources and reducing negative impacts on the environment. Although precision livestock farming

offers many opportunities to improve efficiency and sustainability in livestock production, it also

presents challenges that must be addressed for successful implementation. To address this problem, our

objective was to develop methodologies, models, and approaches to support decision-making related

to productivity management and animal health. To achieve this objective, several sub-objectives

were raised, the first one was to develop a precision livestock farming architecture based on emerging

technologies (Industry 4.0, artificial intelligence, etc.), the second on developing generic knowledge

models of precision livestock farming for animal health and herding management and finally, in the

third to develop meta-intelligent models for precision livestock farming in the context of autonomous

grazing and animal health management. In general, several research articles were developed to meet

the objectives proposed in this thesis. Initially, a review article on the latest trends in precision

livestock farming using machine learning techniques was carried out. On the other hand, for the first

specific objective, an article was conducted where three autonomous cycles of data analysis tasks based

on autonomous computing were proposed for a beef production process for precision livestock farming.

To meet the second specific objective, three articles were proposed. The first is a beef cattle weight

identification model using machine learning techniques for anomaly detection, the second presented a

system for monitoring the cattle fattening process in rotational grazing using fuzzy classification, in

the third, a multi-objective optimization model was developed to maximize weight gain of cattle in

rotational grazing. Regarding the third objective, three articles were developed, the first one proposed
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an autonomous cycle of data analysis tasks for the self-supervision of animal fattening in the context

of precision livestock farming, and the second article presents a management system for the cattle

fattening process in rotational grazing by means of diagnostic and recommendation systems. Finally,

the last article proposed the use of the meta-learning paradigm in a cattle weight identification system

for anomaly detection. In each article, we evaluated the strategies/models using various datasets. The

results showed the capacity of the developed methodologies and models for decision-making in the

management of the livestock production process. Specifically, our proposals allow the management

of fattening and animal health in rotational grazing, considering, among other things, monitoring,

diagnosis, and optimization of the productive process, with good results in performance metrics.

Keywords: Artificial intelligence, Machine learning, Meta-learning, Precision livestock farm-

ing, Production management support system, Rotational grazing.
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Resumen

En esta investigación, abordamos el problema del manejo del engorde y salud animal en pastoreo

rotacional. Para el estudio de este problema, nos hemos posicionado en el marco del paradigma de

la agropecuaria de precisión, un enfoque tecnológico que utiliza herramientas y técnicas avanzadas

de información y comunicación para optimizar los procesos de producción agŕıcola y ganadera. En

este contexto, la ganadeŕıa de precisión se enfoca en el uso de tecnoloǵıas para mejorar la gestión

de pastoreo y la salud de los animales en las granjas de ganado bovino. Algunos objetivos de la

ganadeŕıa de precisión son aumentar la eficiencia y productividad de las granjas, mejorar la calidad

de los productos y reducir los costos de producción. Además, también contribuye a la sostenibilidad

ambiental, al permitir una gestión más eficiente de los recursos naturales y reducir los impactos

negativos en el medioambiente. Aunque la ganadeŕıa de precisión ofrece muchas oportunidades para

mejorar la eficiencia y la sostenibilidad en la producción de ganado, también presenta desaf́ıos que

deben ser abordados para lograr una implementación exitosa. Para abordar este problema, nuestro

objetivo fue desarrollar metodoloǵıas, modelos y enfoques para apoyar la toma de decisiones en relación

con el manejo de la productividad y la salud animal. Para alcanzar este objetivo, se plantearon

varios subobjetivos, el primero consist́ıo en desarrollar una arquitectura de ganadeŕıa de precisión

utilizando tecnoloǵıas emergentes (Industria 4.0, inteligencia artificial, etc.), el segundo fue desarrollar

modelos de conocimiento genéricos de ganadeŕıa de precisión para la gestión de la sanidad animal y

el pastoreo, y finalmente, en el tercero desarrollar modelos meta-inteligentes para la ganadeŕıa de

precisión en el contexto del pastoreo autónomo y la gestión de la sanidad animal. En general, se

desarrollaron varios art́ıculos de investigación para cumplir los objetivos propuestos en esta tesis.

Inicialmente, se realizó un art́ıculo de revisión de las últimas tendencias de la ganadeŕıa de precisión

usando técnicas de aprendizaje automático. Por otro lado, para el primer objetivo espećıfico se realizó

un art́ıculo donde se propusieron tres ciclos autónomos de tareas de análisis de datos basados en

computación autónoma para un proceso de producción de carne de vacuno para la ganadeŕıa de

precisión. Para cumplir el segundo objetivo espećıfico se propusieron tres art́ıculos. El primero es

un modelo de identificación del peso del ganado vacuno mediante técnicas de aprendizaje automático

para la detección de anomaĺıas, el segundo presentó un sistema de supervisión del proceso de engorde

de ganado en pastoreo rotativo mediante clasificación difusa, y en el tercero se desarrolló un modelo

de optimización multi-objetivo para maximizar la ganancia de peso del ganado en pastoreo rotativo.

Con respecto al tercer objetivo se desarrollaron tres art́ıculos, el primero propuso un ciclo autónomo

de tareas de análisis de datos para la auto-supervisión del engorde de animales en el contexto de la

ganadeŕıa de precisión, y el segundo art́ıculo presenta un sistema de gestión del proceso de engorde de

bovinos en pastoreo rotativo mediante sistemas de diagnóstico y recomendación. Finalmente, el último

art́ıculo propuso la utilización del paradigma de meta-aprendizaje en un sistema de identificación del
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peso del ganado para la detección de anomaĺıas. En cada art́ıculo evaluamos las estrategias/modelos

propuestos utilizando diversos conjuntos de datos. Los resultados mostraron la capacidad de las

metodoloǵıas y modelos desarrollados para la toma de decisión en la gestión del proceso productivo

ganadero. Espećıficamente, nuestras propuestas permiten realizar un manejo del engorde y salud

animal en pastoreo rotacional, considerando, entre otras cosas, la supervisión, el diagnóstico, y la

optimización del proceso productivo, con muy buenos resultados en las métricas de rendimiento.

Palabras Clave: Inteligencia artificial, Aprendizaje automático, Meta-aprendizaje, Ganadeŕıa

de Precisión, Sistema de apoyo a la gestión productiva, Pastoreo Rotativo.
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• R. Garćıa, J. Aguilar, M. Toro, and M. Jiménez, “Weight-identification model of cattle using

machine-learning techniques for anomaly detection,” in 2021 IEEE Symposium Series on Com-

putational Intelligence (SSCI), pp. 01–07, 2021. doi:10.1109/SSCI50451.2021.9659840

In IEEE Xplore
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Chapter 1

Introduction and research context

1.1 Problem statement and motivation

In traditional livestock farming, animal species are raised and products are obtained for human con-

sumption; for example, meat and milk. In total, livestock farming provides 33% of the protein

consumed in the human diet [1]. Traditional livestock farming faces several challenges today, includ-

ing climate change, production costs, demand for healthier products, and ever-changing regulations

and standards. To meet these challenges, traditional livestock farming must adapt to changes in the

market and the environment, seeking new, more efficient and sustainable forms of production.

Specifically, farmers have to manage the comfort conditions in which the herd (group of animals)

is kept. In this sense, climate can influence livestock production in two interrelated ways; the first,

in a direct way, called comfort, where the animal achieves the balance of physiological processes with

the environment, which favors the utilization of feed; and the second, of indirect action, related to

the production and supply of feed, which contributes to the degree of comfort [2]. In addition, an

important variable to consider is the animal carrying capacity, i.e., the number of animals that can

graze in a paddock without affecting forage productivity. Optimum carrying capacity is defined as

that at which production per animal per hectare is maximized [3]. Animal carrying capacity and

optimum carrying capacity are some of the best indicators of a livestock farm’s production [4].

Precisely, the success of any livestock farm depends on having a high optimal stocking capacity,

which is achieved with an adequate improvement of paddocks, a correct establishment and maintenance

of pastures, an effective paddock rotation, and a balanced management of the animal inventory within

the farm. In addition to this, it is necessary to consider variables such as soil quality, rainfall and

luminosity, which also affect the animal carrying capacity in the farms [5].

Precision Livestock Farming (PLF) offers several opportunities in this context, including the ability

to more effectively monitor and control animal welfare, feed efficiency and early detection of disease [5].

1
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This can result in increased productivity and profitability for producers, as well as improved animal

care and product quality. In addition, the technology used in PLF can help reduce the environmental

impact of livestock production by minimizing resource use and reducing greenhouse gas emissions.

In this work, five particular challenges were identified: i) determination of the optimal stocking

capacity, ii) improvement of paddocks with correct pasture establishment and maintenance, iii) effec-

tive herd rotation in paddocks, iv) balanced management of animal inventory within the farm and v)

consideration of variables such as soil quality that affect animal carrying capacity on farms. These

challenges were addressed under the development of a smart management system based on PLF for

beef cattle production that considers pasture and animal characteristics.

The implementation of a smart management system based on PLF offers an efficient and sustain-

able solution to the challenges mentioned above. This system integrates technologies such as sensors,

cameras, and remote monitoring systems to collect data on animal welfare, pasture quality and animal

carrying capacity. This data is analyzed to make informed decisions and optimize herd management.

In addition, it can detect animal health problems early, which can prevent the spread of disease and

reduce the need for costly treatments. Thus, our management system represents a solution to the

challenges facing traditional livestock farming today.

1.2 Research objectives

1.2.1 General objective

Build a model for the management of livestock production, considering aspects related to animal

health and grazing.

1.2.2 Specific objectives

1. Develop a precision-farming architecture based on the integration of precision agriculture and

livestock using emergent technologies (Industry 4.0).

2. Develop generic knowledge models of precision livestock farming for animal health and grazing

management.

3. Develop a meta-intelligent model for precision farming in the context of autonomous grazing

and animal health management.

1.3 Contributions and research scope

This research focuses on the development of models, methodologies, and computational approaches to

support decision-making in rotational grazing management. Several contributions were made in this
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context. The first contribution was a systematic literature review (SLR) to identify challenges and

opportunities for precision livestock research [5]. In this review, we focused on two areas of interest:

herding and animal health. For each area, we identify three main challenges for precision livestock

development in the context of machine learning, sensors and data sources, and data management. For

machine learning, the main challenge is to integrate herding and animal health in approaches that

allow the development of diagnostic and prescription models for the prevention and control of animal

diseases. Moreover, to explore the utilization of autonomous cycles of data analysis tasks. In terms

of sensors and data sources, more affordable sensor technologies are needed to measure humidity,

temperature, wind, rain, soil quality and animal health status. In terms of data management, the

main challenge is the automatic digitization of all useful farm data, followed by measures to reduce

energy consumption and improve data presentation in a user-friendly interface.

Based on the SLR, the need to develop a precision agriculture architecture that integrates pre-

cision agriculture and livestock farming using emerging technologies was found to be crucial to meet

the growing demand for food production while reducing the environmental impact of agricultural

practices. The integration of precision livestock and agriculture can also lead to better monitoring

and management of animal health and, ultimately, better quality animal products. The development

of such an architecture will be key to achieving sustainable and efficient food production in the face

of global challenges such as climate change and population growth. Proposed self-management ar-

chitecture in beef production is a step towards sustainable and efficient livestock production, aligned

with the challenges of climate change and demographic growth. Precise technology in agriculture and

livestock farming not only increases productivity, but also contributes to stronger food security and

environmental protection in a constantly evolving global context. To address this problem, an archi-

tecture for the self-management of beef production farms was proposed as a step toward sustainable

and efficient livestock production [6]. This architecture is based on autonomous cycles of data analysis

tasks, which provide real-time monitoring and management of the beef production process, allowing

for the detection of anomalies and efficient decision-making.

In addition, the development of generic knowledge models for animal health and herd management

is essential to advance the field and enable wider adoption of PLF technologies. These models can

serve as the basis for the development of more specific and tailored applications. These models can

provide valuable information on animal health and grazing patterns, leading to improved management

practices and more efficient use of resources. To abort this problem, we developed a cattle fattening

process identification system that can be used to detect anomalies in cattle weight gain over time [7].

The identification system was tested using records of animals raised and fattened at a farm located

in Monteŕıa, Colombia. Four machine-learning techniques were compared for their performance in

identifying the ideal weight from real data, including Decision Tree (DT), Gradient Boosting (GB),
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K-Nearest Neighbors (KNN) regression, and Random Forest (RF). This system can be a useful tool for

livestock entrepreneurs to improve the management of their production and increase their profitability.

In addition, a diagnostic system was developed for cattle breeders to diagnose weight loss or gain in

cattle under a rotational grazing scheme [8]. The system is based on a fuzzy classifier that uses fuzzy

reasoning to determine the current situation of the animal given an input, considering both the health

status of the animal and the pasture, and genetic algorithms to optimize the rules that characterize

the diagnostic process. The proposed system was tested with experimental cases, with promising

results. On the other hand, a multi-objective rotational pasture assignment model was also built to

improve cattle feeding, considering the best quality forage and minimizing the distance the animals

have to travel from one paddock to another. The model considers the amount of forage available

and cattle demand, to dynamically allocate animals to paddocks. The effectiveness of the model was

evaluated using a discrete simulation of a one-year cattle rotation, and the results indicated that the

average weight gain of cattle was higher with the proposed model compared to the traditional rotation

method.

Finally, the development of meta-smart models for PLF in the context of autonomous grazing

and animal health management is a crucial step toward achieving sustainable and efficient livestock

production. These models can be used to interconnect different datasets from multiple farms, enable

automatic digitization of farm data, and develop diagnostic and prescriptive models for diseases. In

addition, it can enable autonomous cycles of data analysis tasks to support decision-making for grazing

and animal health management. To address this problem, several contributions were carried out.

Firstly, an architecture for the self-management of beef production farms was proposed [6]. From this

architecture, a first autonomous cycle of data analysis tasks was implemented for the self-supervision

of animal fattening. This autonomous cycle provides real-time monitoring and management of the

animal fattening process, allowing for the detection of anomalies. Moreover, a self-management system

for the cattle fattening process in rotational grazing based on diagnostic and recommendation systems

has been proposed. Finally, a meta-learning architecture capable of learning, associating, evaluating,

and adapting to new data was developed. The use of meta-learning improved the performance of

the anomaly detection process by continuously updating the knowledge base with each successful

adaptation.

All the contributions made in this research are represented in several research articles. A total of

eight (8) scientific articles were generated, of which four (4) are published and the other four (4) are

under review.
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1.4 Thesis organization

This thesis is presented as a collection of articles developed to meet each of the proposed objectives.

In Chapter 2, we conducted an SLR on PLF, which allowed us to collect and evaluate relevant existing

information in this field. It identifies the main trends and approaches, as well as knowledge gaps and

challenges that still need to be addressed. Chapter 3, Chapter 4, and Chapter 5 correspond to the

fulfillment of the first, second and third objectives, respectively. One article was generated for the

first objective, three articles for the second objective, and three articles for the last objective. These

articles will be presented in each section.

In summary, in Chapter 2, we show an SLR useful for identifying trends, challenges, and research

opportunities in PLF using machine learning. Chapter 3 shows an architecture for PLF with au-

tonomic properties fulfilling the objective 1. Moreover, in Chapter 4, three articles corresponding

to the second objective proposed in this thesis are presented. The first article corresponds to the

development of a cattle weight identification model using machine learning techniques for anomaly

detection. The second article corresponds to the development of a system for monitoring the beef cat-

tle fattening process in rotational grazing utilizing fuzzy classification. The third article corresponds

to a multi-objective optimization model to maximize the weight gain of cattle in rotational grazing.

For Chapter 5, we present three articles corresponding to the third objective proposed in this thesis.

In the first article, an autonomous self-monitoring system for animal fattening in the context of PLF

was developed. The second article developed a management system for the cattle fattening process in

rotational grazing using diagnostic and recommendation systems. The last article presents the use of

meta-learning techniques for a livestock weight identification system for anomaly detection. Through

meta-learning, the system can adapt and learn from data from multiple farms and environments,

improving its performance and accuracy over time.

Finally, Chapter 6 presents a summary of the conclusions of all the papers presented in the previous

sections. Finally, in this section, we show the limitations of our research and possible future work.





Chapter 2

State of the art of machine learning

in precision livestock farming

2.1 Motivation

In this chapter, we present an SLR that aims to provide a comprehensive overview of the recent

advances and applications of machine learning in PLF, with a focus on grazing and animal health.

The literature review highlights the potential of machine learning to transform the livestock sector

and improve animal welfare. The current use of sensors, software, and techniques for data analysis is

also discussed, along with the increasing openness of data sources.

The findings of the review indicate that the use of machine learning in precision livestock farming

is still in its early stages of development and faces several research challenges. These challenges include

developing hybrid models for the diagnosis and prescription of animal diseases, integrating grazing

and animal health issues, increasing the autonomy of precision livestock farming through autonomous

data analysis cycles and meta-learning, and bringing together soil and pasture variables for a better

understanding of both animal health and grazing behavior. The whole article is in Appendix A.

2.2 Identification of the article

R. Garćıa, J. Aguilar, M. Toro, A. Pinto, and P. Rodŕıguez, “A systematic literature review on the

use of machine learning in precision livestock farming” Computers and Electronics in Agriculture, vol.

179, p. 105826, 2020. Q1 Scientific Journal Rankings

7
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2.3 Abstract

This article presents a systematic literature review of recent works on the use of machine learning (ML)

in precision livestock farming (PLF), focusing on two areas of interest: grazing and animal health.

This review: (i) highlights opportunities for ML in the livestock sector; (ii) shows the current sensors,

software, and techniques for data analysis; (iii) details the increasing openness of data sources. It was

found that the use of ML in PLF is in a stage of development and has several research challenges.

Examples of such challenges are: (i) to develop hybrid models for diagnosis and prescription as a

tool for the prevention and control of animal diseases; (ii) to bring together the grazing and animal

health issues; (iii) to give autonomy to PLF using autonomous cycles of data analysis tasks and meta-

learning; and (iv) to bring together soil and pasture variables because, for both, animal health and

animal grazing, the variables used are only behavioral and environmental.

2.4 Link to the full article

https://doi.org/10.1016/j.compag.2020.105826

https://doi.org/10.1016/j.compag.2020.105826


Chapter 3

Autonomic architecture for

beef-production processes

3.1 Motivation

The goal of an autonomic computing architecture in beef production is to reduce the need for man-

ual intervention, improve the accuracy and speed of decision-making, and ultimately, lead to more

efficient and sustainable production processes. In this context, this architecture would provide the

ability to self-manage, self-configure, self-optimize, and self-heal in real-time, enabling the system to

continuously monitor and adjust various aspects of the production process, such as feed, water, and

health management, in response to changing environmental and animal health conditions. Addition-

ally, it would provide real-time monitoring and analysis of data, such as animal weight and growth,

to allow farmers to make informed decisions about their production processes and improve the overall

welfare of their animals. Thus, in this chapter, we present the first paper for the fulfillment of the

first objective. The whole article is in Appendix B.

3.2 Identification of the article

R. Garćıa, J. Aguilar, M. Toro, N. Pérez, A. Pinto, and P. Rodŕıguez, “Autonomic computing in a

beef-production process for precision livestock farming,” Journal of Industrial Information Integration,

vol. 31, p. 100425, 2023.

9
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3.3 Abstract

Precision livestock farming (PLF) offers farmers real-time monitoring and management system. PLF

provides a real-time warning when something goes wrong so that the farmer can take immediate action

to solve the problem. PLF introduces many new challenges and questions that must be resolved. Some

of these challenges are related to the integration of grazing and animal health into the beef-production

process. This article introduces an architecture for the self-managing of a beef-production farm. In

particular, the architecture includes three autonomous cycles of data analysis tasks (ACODAT) that

allow beef producers to have adequate coordination, optimization and planning of the productive

process, which are: (i) circuit preparation, (ii) animal purchase, and (iii) animal fattening. This

article also instantiates, in a farm, the autonomous animal-fattening cycle, as the first step towards

efficient and effective beef-production processes. The main contributions of this architecture are (i)

the ability to use everything mining to improve the knowledge of the system and decision-making

processes, and (ii) three ACODAT for real-time analysis for sustainable and environmentally-friendly

livestock production. The results are encouraging since the ACODAT allows smart management of

the beef-production process, naturally introducing artificial-intelligence techniques to develop these

tasks. Particularly, modeling using ACODAT allows an adequate description of a precision livestock

process. Likewise, the preliminary results of some of the tasks of ACODAT are stimulating because

they allow evaluating the feasibility of the proposal. For example, a first task for the identification

of cattle fattening has a Mean Absolute Error (MAE) of 5.4 kg, which will be used by ACODAT to

identify anomalies in the fattening process. The instantiation of the animal-fattening cycle shows the

viability and robustness of this proposal.

3.4 Link to the full article

https://doi.org/10.1016/j.jii.2022.100425

https://doi.org/10.1016/j.jii.2022.100425


Chapter 4

Knowledge models for precision

livestock farming

4.1 Motivation

PLF involves the use of technology to monitor and manage the health, nutrition, and behavior of

cattle, among other things. The use of knowledge models in this process can help farmers to make

data-driven decisions that lead to improved productivity, profitability, and animal welfare. Knowledge

models can be used to analyze large amounts of data, identify patterns, and make predictions, among

other things, which can then be used to optimize feeding and grazing strategies, disease control, and

waste management. With the increasing demand for high-quality and sustainable food production,

building knowledge models for PLF is becoming an important aspect of modern agriculture.

Thus, in this chapter, we present three articles to fulfill the second objective. The first article

presents one knowledge model for the weight identification of cattle. The second article presents a

second knowledge model for the supervision of the rotational grazing cattle fattening process. Finally,

the last article describes an assignment model for maximizing the weight gain of rotationally grazed

cattle.

4.2 Weight-identification model of cattle

4.2.1 Motivation

The motivation of the livestock weight identification model using machine learning techniques for

anomaly detection is to improve the efficiency and accuracy in identifying animals with out-of-normal

weight in the livestock industry. By using machine learning techniques, the model can learn and

11
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adapt to different situations and conditions, allowing faster and more accurate detection of cattle

weight anomalies. This can help farmers and ranchers identify health or nutritional problems in

livestock earlier, which in turn can improve the quality and yield of livestock production. Thus, in

this section, we present the first article to fulfill the second objective. The complete article can be

found in Appendix C

4.2.2 Identification of the article

R. Garćıa, J. Aguilar, M. Toro, and M. Jiménez, “Weight-identification model of cattle using machine-

learning techniques for anomaly detection”, in 2021 IEEE Symposium Series on Computational Intel-

ligence (SSCI), pp. 01–07, 2021.

4.2.3 Abstracts

Cattle raising is an important economic activity, where livestock entrepreneurs keep track of their

production and investment costs, to measure production and business profitability, based on cattle

weighing. But it’s hard for the farmer to tell if the animals they’re weighing have gotten the right

weight. This paper proposes a framework to identify the fattening process, which can be used to detect

anomalies in cattle weight-gain over time. This framework used records of animals raised and fattened

at “El Rosario” farm, located in the municipality of Monteŕıa (Córdoba-Colombia), to identify the

fattening process. The performance of four machine-learning techniques to identify the ideal weight

from real data was compared. The algorithms used were Decision Tree (DT), Gradient Boosting

(GB), regression based on K-Nearest Neighbors (KNN), and Random Forest (RF). In addition, an

outlier-detection process was performed to identify anomalous weights. In general, the results showed

that the DT model was the one with the best performance, with an average Mean Absolute Error

(MAE) of 5.4 kg.

4.2.4 Link to the full article

https://doi.org/10.1109/SSCI50451.2021.9659840

4.3 Supervision system of the rotational grazing cattle fatten-

ing process

4.3.1 Motivation

The motivation of the supervision of the rotational grazing cattle fattening process using fuzzy clas-

sification is to improve efficiency and accuracy in monitoring cattle health and growth during the

https://doi.org/10.1109/SSCI50451.2021.9659840
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rotational grazing fattening process. By using fuzzy classifiers techniques, the system can adapt to

different environmental and grazing conditions, allowing for more accurate and timely monitoring of

cattle. This can help farmers and ranchers detect health problems in livestock earlier, make informed

decisions about nutrition and grazing management, and improve the quality and yield of livestock

production. Thus, in this section, we present the second article to fulfill the second objective. The

complete article can be found in Appendix D.

4.3.2 Identification of the article

C.Benitez, R.Garćıa, J.Aguilar, M.Jiménez, and H.Robles, “Supervision system of the fattening pro-

cess of cattle in rotational grazing using fuzzy classification”, in 2022 XVLIII Latin American Com-

puter Conference (CLEI), pp. 1–10, 2022.

4.3.3 Abstracts

Cattle breeding has been one of the most important industrial sectors in the world, since it is related

to food security and the survival of the human race. Cattle diagnostics is a fundamental procedure

for cattle breeders because it allows them to make strategic decisions, such as timely treatment in

case of any abnormality (e.g., weight gain in herds, in their paddocks). This article aims to present

a system to diagnose weight loss or gain in cattle under a rotational grazing scheme, considering the

health status of the animal and the pasture. The diagnostic system is based on a fuzzy classifier that

uses fuzzy logic to define the rules that characterize the diagnostic process, and fuzzy reasoning to

determine the current situation given an input. In addition, the fuzzy classifier optimizes the rules

using genetic algorithms, which modify the membership functions, providing a more accurate system

for diagnosis. We tested our proposal with experimental cases, with promising results. The accuracy

metrics have high values, indicating a low error rate in terms of false positives. In general, the values

of the quality metrics are good, with an accuracy close to 100% and an Area Under the Curve close

to 1.

4.3.4 Link to the full article

https://doi.org/10.1109/CLEI56649.2022.9959950

https://doi.org/10.1109/CLEI56649.2022.9959950
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4.4 Assignment model for maximizing weight gain of rotation-

ally grazed cattle

4.4.1 Motivation

The motivation of the multi-objective optimization model for maximizing the weight gain of rota-

tionally grazed cattle is to improve the efficiency and profitability of livestock production. By using

optimization techniques, the model can find the optimal combination of factors such as livestock den-

sity, grazing duration, grass quality, nutrition, and other relevant factors to maximize the weight gain

of rotationally grazed cattle. This can help farmers and ranchers maximize meat production and

reduce costs. In addition, the optimization model can also be useful in improving the sustainability of

livestock production by optimizing the use of available resources and reducing the negative environ-

mental impacts associated with intensive livestock production. Thus, in this section, we present the

third article to fulfill the second objective. The complete article can be found in Appendix D.

4.4.2 Identification of the article

R. Garćıa, J. Aguilar, and M. Jiménez, “A multi-objective optimization model to maximize cattle

weight-gain in rotational grazing”, preprint submitted to Annals of Operations Research, 2022.

4.4.3 Abstracts

Rotational grazing can improve cattle feeding considering a series of aspects, such as: (1) the maximum

utilization of each hectare of pasture on which the cattle are fed and; (2) the pasture analysis to

guarantee the type and the size of the pasture that will serve as feed, among others. The above aspects

allow a better-fed cattle, with better weight and meat quality. To implement rotational grazing, it is

necessary to carry out forage-utilization practices with criteria associated with the morphophysiology

and phenology of the forage species. Many of these data, in the real context of a beef farm, are not

used, and most of the decisions made by the farmer are based on experience (successes and failures

in productivity). In this proposal, we establish a multi-objective rotational-grazing assignment model

based on (1) the best quality forage, and (2) the distance an animal must travel from one paddock to

another. At each stage, we estimate the amount of forage as well as the total weight of each batch of

animals. Based on pasture yield and cattle forage demand, we propose a dynamic assignment model.

To validate the effectiveness of the assignment model, we carried out a discrete simulation of a one-

year cattle rotation. Results show that the assignment model generates a statistically higher average

weight gain than the one generated by the traditional rotation method.
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4.4.4 Link to the full article

See Appendix D.





Chapter 5

Meta-intelligent models for

precision farming

5.1 Motivation

The need to develop meta-intelligent models in all areas of artificial intelligence has become a great

challenge, either due to the need to make systems more adaptable, or to give them greater autonomy

in the processes where they intervene. This does not escape the area of PLF, in such a way as to

give a greater degree of intelligence to the processes managed in this context. In this regard, in this

chapter, the concept of autonomous cycles of data analysis was used to confer autonomy to various

livestock management processes, which are presented in the first section of this chapter. Subsequently,

a meta-learning model was proposed to adapt one of the knowledge models presented in the previous

chapter, the weigh-identification model, to different data sources.

5.2 Autonomous systems in the context of precision farming.

5.2.1 Autonomous system for the self-supervision of animal fattening

5.2.1.1 Motivation

Autonomous systems for self-monitoring animal fattening aim to improve efficiency and accuracy in

the monitoring and management of livestock fattening. By utilizing automation and monitoring tech-

nologies, the system can provide constant and accurate monitoring of livestock weight, nutrition, and

health without the need for constant human intervention. This can help farmers and ranchers de-

tect health problems in cattle earlier, optimize nutrition and fattening management, and improve the

17
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quality and yield of livestock production. In addition, the autonomous system can also be useful in

reducing the costs associated with manual livestock monitoring and improving the sustainability of

livestock production by optimizing the use of available resources and reducing the negative environ-

mental impacts associated with intensive livestock production. Thus, in this section, we present the

first article to fulfill the third objective. The complete article can be found in Appendix F.

5.2.1.2 Identification of the article

R. Garćıa, J. Aguilar, and A. Pinto, “An autonomous System for the self-supervision of animal

fattening in the context of precision livestock farming”, preprint submitted to Future Generation

Computer Systems, 2023.

5.2.1.3 Abstract

Beef production needs certain levels of autonomy to ensure that animal fattening processes achieve

certain sustainability objectives (e.g., financial and environmental). For example, it is required over-

sight in the animal fattening process, so that stakeholders can make better decisions about what is

happening in the fattening process. For monitoring the animal fattening process, this paper proposes

an autonomous system. In this paper, this autonomous system is designed and implemented using

the methodology for the development of data mining applications called MIDANO, and is tested in

a cattle farm simulator that has been developed to reproduce the events of the animal fattening pro-

duction process. This autonomous system for the self-supervision of the animal fattening process is

composed of two data analysis tasks, one to detect anomalies in the fattening of cattle, and another to

diagnose this anomaly. The results with real data demonstrate the ability of the proposed supervision

system to detect and diagnose anomalies in various conditions (normal, animal health problems, and

forage problems in the paddock), and the possible causes of abnormal values in the weight variable.

The anomaly detection models have a MAE of the order of 5 kilograms, and the diagnostic model has

95% of Accuracy and 1 of AUC. The results of the experiments are encouraging, as they show that

the autonomous system is capable of detecting anomalies and diagnosing them in different operating

scenarios. Our system allows giving self-supervision characteristics to a production process.

5.2.1.4 Link to the full article

See Appendix F.
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5.2.2 Self-management system of the cattle fattening process

5.2.2.1 Motivation

Improving the efficiency of the cattle fattening process is presented through the development of a

management system that takes into account both animal health and pasture quality in the field. This

is critical for cattle breeders, as it allows them to make strategic decisions and timely treatments in case

of any abnormalities, which in turn improves growth and meat quality while minimizing environmental

impact. The proposed system is based on artificial intelligence techniques, such as fuzzy systems and

genetic algorithms, for diagnosis, and for pasture recommendation, a classification model, which allows

for greater accuracy and efficiency in decision-making. Thus, this section presents the second article

to fulfill the third objective. The complete article can be found in Appendix G.

5.2.2.2 Identification of the article

R. Garćıa, J. Aguilar, and C. Benitez, “Management System for the Fattening Process of Bovines

in Rotational Grazing using Diagnosis and Recommendation Systems”, preprint submitted to CLEI

Electronic Journal, 2023.

5.2.2.3 Abstract

Cattle breeding has been one of the most important industrial sectors in the world, since it is related

to food security and the survival of humanity. Management of the cattle fattening process is a

fundamental procedure for cattle breeders because it allows them to make strategic decisions, such

as timely treatment in case of any abnormality (e.g., weight gain in herds, in their paddocks). This

article aims to present a management system for the cattle fattening process under a rotational grazing

scheme, considering the health status of the animal and the pasture, which should diagnose weight

loss or gain in bovines and recommend actions when is required. The diagnostic process is based on

a fuzzy system that defines rules that characterize the diagnostic process to determine the current

situation given an input. Furthermore, the fuzzy classifier optimizes its rules by means of genetic

algorithms by modifying its membership functions, providing a more accurate system for diagnosis.

On the other hand, the recommendation system is based on a classification model of pasture crops,

in which the best pasture is recommended given the soil variables. We tested our proposal with

experimental cases, with promising results. For the fuzzy classifier, the accuracy metrics are good,

with values of accuracy close to 100% and of Area Under the Curve close to 1. For the classification

model were used several machine learning techniques, resulting in the best classifier the random forest

technique, with an accuracy of 98.61%.
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5.2.2.4 Link to the full article

See Appendix G.

5.3 Meta-Learning in the context of PLF

5.3.1 Motivation

The motivation for using Meta-Learning in the context of PLF is to continuously improve the accuracy

and performance of the decision-making system over time. This can be achieved by updating the

knowledge base of the system with new data and experiences, or by allowing the system to adapt and

learn from past successes and failures. In PLF, by using Meta-Learning, a system can continuously

improve its accuracy and performance to identify patterns and anomalies in the fattening process

based on previous observations. Specifically, it can learn from previous experiences (for example,

learned on other farms) and unlearn from outdated models to update them. This section presents the

third article to fulfill the third objective. The complete article can be found in Appendix H.

5.3.2 Identification of the article

R. Garćıa, J. Aguilar, “Using meta-learning in a cattle weight identification system for anomaly

detection.”, preprint submitted to Computers and Electronics in Agriculture, 2023.

5.3.3 Abstract

Weighing management in cattle farming is important for farmers, as it allows them to accurately

monitor the growth and development of their animals. It is also a valuable tool that allows farmers to

maximize production and the welfare of their animals. However, it is difficult for the farmer to detect

if the herd of animals being weighed is gaining the ideal weight for a given breed and age. In addition,

normally, when a new breed of cattle is introduced to a farm, there is very little data. This article

proposes a meta-learning framework (MTL) for identification models used in the fattening process of

animals to detect anomalies in cattle weight. The proposed MTL framework has a knowledge base of

Meta-Models on Identification models based on machine learning techniques, which is used to select

the identification model to use when a new breed of cattle arrives on the farm. This knowledge base

is updated, either because a previous identification model has been successfully adapted to the new

breed, or a new identification model has had to be generated, allowing the framework to continuously

improve its performance over time. Particularly, this article presents in detail the process of adaptation

of the previous identification models to new breeds carried out by our MTL framework. Besides, to

test our approach a case study is presented, using records of animals raised and fattened at the “El
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Rosario” farm, located in the municipality of Monteria (Córdoba-Colombia). The results are very

encouraging in terms of the ability of our framework to adapt the identification models to different

possible scenarios in a process of detecting anomalous weights. In general, the identification models

generated with our proposal had an R2 of 90.8%, which suggests that the models can explain the

variability observed in the data.

5.3.4 Link to the full article

See Appendix H.





Chapter 6

Conclusions

In this chapter, we present a summary of the results of all the work presented above. In addition, we

show limitations and research opportunities for the future.

6.1 Summary

As a first main conclusion, in our systematic literature review, we highlight the current state of

the art of machine learning techniques used in precision livestock for herding and animal health

monitoring. Most of the works focus on sheep and cattle, using classification techniques to analyze

animal behavior and variables such as feeding behavior. However, there are still important limitations

in the use of variables, as soil variables and animal production factors are not adequately considered.

In addition, most animal health studies have focused on monitoring animal behavior with classical

Machine Learning techniques for classification, and there is no work on diagnosis, prediction, or

prescription of treatments for diseases. We identify the urgent need to address these limitations that

can incorporate different variables and production management to improve the efficiency of precision

livestock farming.

To assist farmers in these tasks, we developed a precision farming architecture, which integrates

and interoperates different actors in the context of PLF. We include autonomous self-planning cycles

that can adapt to new environmental constraints and changes in forage demand. We also highlight

the use of mining techniques as a key factor in decision-making processes. Furthermore, we present

a case study of rotational grazing as an example of how to incorporate self-management into a beef

production process.

In addition, we developed generic knowledge models based on data mining and artificial intelligence

for animal health and grazing in the PLF context. Particularly, an identification model for detecting

anomalies in beef cattle fattening processes. The model yields promising results in detecting anomalous

23
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observations of cattle body weight, which is an effective solution for the beef production industry.

Furthermore, the developed diagnostic system, based on fuzzy logic and genetic algorithms, has proven

to be an effective tool for diagnosing the weight loss or gain of cattle in rotational grazing regimes.

Finally, the rotational pasture allocation model developed is a tool that maximizes the use of each

hectare of pasture and considers the distance traveled by each animal. The results indicate that the

model generates a higher average weight gain than the traditional rotational method.

Importantly, meta-intelligent precision livestock modeling in the context of autonomous grazing

and animal health management is a novel approach to developing adaptive knowledge models for

meat production, which allows systems to continuously improve performance over time. For example,

our meta-learning model uses a knowledge base of machine learning models to detect anomalies in

animal weights, and updates with each successful adaptation to improve performance. This allows a

continuous learning process from the data, which translates into greater efficiency and profitability

for producers. In addition, we developed an autonomous system for managing the animal fattening

process in rotating paddocks, which includes a fuzzy diagnostic system and a recommendation system

based on a grass classifier model. The system has the potential to be used in livestock disease diagnosis

and paddock performance optimization. We also developed a self-monitoring system to detect and

diagnose anomalies in animal weight. The system combines several machine learning techniques to

achieve its objectives, being flexible and adaptable. The results indicate that the system is effective

in detecting and diagnosing anomalies.

In general, the results of the experiments are encouraging, as they show that our different propo-

sitions can plan, monitor, identify, detect and diagnose, among other things, in different operational

scenarios, allowing better decisions to be made in meat production.

6.2 Limitations and future work

We developed strategies or approaches to support decision-making in grazing and animal health man-

agement. With the results of the present research, we were able to meet the proposed objectives.

However, this research has some limitations, particularly, in the precision agriculture architecture

based on the integration of agriculture and livestock using emerging technologies. One of the main

limitations of the proposed architecture is the cost associated with the sensors for data acquisition,

which can be a major obstacle to its implementation [9, 10]. In addition, ensuring optimal sensor

distribution, stable power flow, and internet connectivity in farms, may also pose a challenge [11].

Another potential limitation is the assumption that the ideal grazing plan for a specific breed of cattle

is similar in different contexts, which may not always be the case [12].

Furthermore, the developed generic knowledge models for animal health and grazing in the context

of PLF are only applicable to rotational grazing, for a cattle population from the tropics, and for two
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climatic seasons (summer and winter). Therefore, this system can only be used in contexts with

the following characteristics: in farms that use rotational grazing, regardless of the size of the cattle

herds, and that the climatic seasons are summer and winter (for the tropics) where winter is rainy and

summer is dry. It is important to note that this system may not be applicable to farms with different

management practices, or in regions with different climatic conditions.

Additionally, the developed meta-intelligent models in the context of PLF for autonomous grazing

and animal health management require a large amount of data to train the initial models. Also, it

is assumed that ideal weight growth curves for specific breeds of cattle are similar in all contexts.

Moreover, our architecture may not be suitable for farms that do not have access to data analysis

tools.

Future work on the architecture of precision agriculture based on the integration of agriculture and

livestock using emerging technologies could be directed at developing an optimal sensor distribution

model, to obtain adequate and sufficient coverage of the area to be monitored. If sensors are not

properly distributed, critical data may be lost or the quality of the data collected may be low, which

may compromise the effectiveness of the livestock production monitoring and management system.

Moreover, in the development of generic knowledge models for animal health and herding based

on fuzzy classifiers, it is possible to extend the process of rule adaptation (currently only based on

trapezoidal membership functions). For example, allowing other membership functions (e.g., Gaus-

sian), or even, the possibility of making changes in the variables used in the rule antecedent. Along

the same lines, other possible extensions are to use more context variables (e.g., explicitly the weather

in the antecedents), or to allow varying the number of fuzzy sets in the fuzzy variables (e.g., more or

fewer states to characterize the fattening process).

In the context of our meta-learning architecture, testing different synthetic data generation algo-

rithms for the PLF context and evaluating their performance and behavior in our architecture is a

future work. In addition, incorporating prescription models to define how to act in the event that an

anomaly is diagnosed in the meat production process is a future extension to our autonomic cycles.
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A B S T R A C T   

This article presents a systematic literature review of recent works on the use of machine learning (ML) in 
precision livestock farming (PLF), focusing on two areas of interest: grazing and animal health. This review: (i) 
highlights opportunities for ML in the livestock sector; (ii) shows the current sensors, software and techniques for 
data analysis; (iii) details the increasing openness of data sources. It was found that the use of ML in PLF is in a 
stage of development and has several research challenges. Examples of such challenges are: (i) to develop hybrid 
models for diagnosis and prescription as a tool for the prevention and control of animal diseases; (ii) to bring 
together the grazing and animal health issues; (iii) to give autonomy to PLF using autonomous cycles of data 
analysis tasks and meta-learning; and (iv) to bring together soil and pasture variables because, for both, animal 
health and animal grazing, the variables used are only behavioral and environmental.   

1. Introduction 

In traditional livestock farming, animal species are bred, and prod
ucts for human consumption are obtained; for instance, meat and milk. 
Overall, livestock provides 33% percent of the protein consumed in the 
human diet (Suryawanshi et al., 2017). Recently, it has emerged the 
concept of Precision Livestock Farming (PLF): A holistic approach that 
adds information and communication technologies (ICT) to improve the 
farming process. PLF plays an important role in the fourth industrial 
revolution, also known as Industry 4.0. PLF uses ICT to reduce invest
ment costs and increase both, production and animal health (Banhazi 
et al., 2012). 

In traditional livestock farming, decisions are often based –only– on 
the experience of the producer. In PLF, such decisions are based on 
quantitative data, such as liters of milk per milking. In addition, quan
titative data can be obtained in real-time. To obtain and study such data, 
in real-time, PLF systems use data analysis, machine learning (ML), 
control systems, and ICT (Banhazi et al., 2012). 

The main objectives of PLF are: (i) to identify the most appropriate 
livestock feeding, (ii) reduce environmental impact through efficient 
resource management, (iii) manage crop processes to make a perfect 

synergy with livestock feeding, (iv) ensure food safety through trace
ability (documentary record from production to consumption) of prod
ucts, and (v) improve animal health and crop efficiency (Pomar et al., 
2011). 

PLF must improve the efficiency of production systems. To improve 
efficiency, it is essential to, correctly, manage data generated every day 
in livestock farms (Suryawanshi et al., 2017). To manage data, such 
systems must perform collection, processing, analysis and distribution of 
information. A correct data management can result in improved pro
ductivity, in terms of grazing lot management, livestock nutrition, and 
animal health. 

Technology over the years has made easier to carry out traditional 
farm activities. Specifically, in livestock production, it is now possible to 
process data collected daily related to animal control (Vranken and 
Berckmans, 2017). ICT applied to the livestock sector has made possible 
to exploit this data to predict and describe the behavior associated with a 
more efficient animal production (Espinosa et al., 2016). To make such 
predictions, ML is often used. In general, this information about animal 
behavior allows determining the needs of the animals, providing 
personalized and optimal attention for the benefit of the production 
(Banhazi and Black, 2009). 
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At present, PLF seeks, through technological solutions in agricultural 
and livestock production systems, to supply adequate food for the ex
pected world population of more than nine billion inhabitants by 2050 
(Perakis et al., 2020). PLF allows the sector to be extended to sustainable 
livestock production, by considering production and animal health. In 
addition, PLF allows producers to maintain an optimum number of an
imals per farm, find prompt solutions to animal diseases, and define a 
more efficient production model (Berckmans, 2014). In this context, a 
systematic literature review (SLR) is needed to determine the state-of-the- 
art in PLF related to artificial intelligence, and, in particular, current ML 
techniques used in PLF, and the challenges for the following years. 

To understand ML approaches and challenges, in the following years, 
in the context of PLF, two aspects are discussed in this paper. Firstly, a 
review on the state-of-the-art of PLF based on the following topics: 
works on ML for grazing and for animal health. According to Van der 
Burg et al. (2019), these two topics represent research challenges in the 
field of PLF. Secondly, a discussion of current challenges for PLF related 
to ML. 

The main contributions of this article are the following. First, a 
presentation of the most widely used ML techniques, in the last five 
years, for the analysis of grazing and animal health. Second, an overview 
of the most used techniques of PLF data acquisition in the literature. As a 
final result, an overview of the works related to ML and PLF, and future 
research directions according to our analysis of the previous researches. 

The rest of this article is organized as follows. Section 2 introduces 
the methodology of the SLR, including an analysis for the need of a new 
SLR in PLF. Section 3 presents the results of the review. Finally, Section 4 
concludes the document by a general discussion around how the 
research questions have been answered, and presents the current limi
tations and challenges. 

2. Methodology 

The methodology used is of SLR, which divides the process into four 
phases (Torres-Carrion et al., 2018): (i) identification of the need for 
revision, (ii) definition of a review protocol, (iii) conducting the review, 
and (iv) development of an analysis of the review. 

In the first phase, the goal is to identify why a new SLR is needed in 
the domain. In the second phase is set up the information collection 
process. For that, it is specified the questions that guide the research and 
the search strategies; the criteria for the inclusion or exclusion of doc
uments, the evaluation of the relevance and quality of the documents; 
and, finally, the queries for academic data sources. In the third phase is 
carried out an exhaustive review of each document to determine if such 
documents answer the research questions. Documents that do not meet 
the expected characteristics are discarded. Finally, in the last phase is 
presented a general analysis for each research question. 

2.1. Identification of the need for revision 

In this section, previous SLRs in the domain of PLF are presented. The 
reviews analyzed in this section are summarized in the following cate
gories: models for farming enterprise, interoperable standards in 
extensive livestock farming systems, dairy energy, and animal health 
and animal monitoring. 

2.1.1. Models for farming enterprise 
O’Grady et al., in O’Grady and O’Hare (2017), presented an over

view of models for a farming enterprise. Some examples of the models 
are Great Plains Framework for Agricultural Resource Management 
(GPFARM), from North America, applied to the entire farm domain; 
GRAZPLAN, from Australia, applied to grazing enterprises; EcoMod, 
from Australia and New Zealand, applied to pasture management; 
Agricultural Production Systems Simulator (APSIM), from Australia, used 
for crop modeling; National Research Council (NRC), from North Amer
ica, focused on nutrition animal factors; Nordic feed evaluation system 

(Norfor), from Scandinavia, focused on nutrition animal and feed fac
tors; Total Dry Matter Intake Index (TDMI), from Finland, implemented 
for nutrition dry matter Intake animal and feed factors; Biopara-Milk, 
from the United Kingdom; and, finally, Karoline, from Scandinavia, 
used to analyze the impact of feeding on rumen pH in dairy cow for their 
nutrition, milk production, digestion, and gas emissions. GRAZPLAN, 
EcoMod and APSIM models are focused on grazing, pasture and crops, 
respectively. O’Grady et al. expressed that the difficulty of adoption of 
these models, by individual farmers and agricultural enterprises, de
pends on the usability and the identification of best practices in their 
activities. 

2.1.2. Interoperable standards in livestock farming systems 
Bahlo et al. (2019) reviewed interoperable standards in extensive 

livestock farming systems, and concluded that there is a need for a new 
type of decision support tool. Bahlo et al. argued that both, farm-centric 
and farmer-centric approaches are needed. Particularly, they also 
concluded that a consensus is needed on data exchange standards to 
prove the value of shared data at the farm scale (commercial benefit) 
and a regional scale (public good). 

2.1.3. Dairy energy 
Shine et al. (2020) focused on summarizing and reviewing dairy- 

energy research from the monitoring, prediction, and analysis points 
of view. According to Shine et al., dairy-energy prediction models have 
been frequently used throughout the literature to conduct dairy- energy 
analysis, and to estimate the impact of changes in the infrastructural 
equipment and managerial practices. 

2.1.4. Animal health 
On the domain of animal health, Mcloughlin et al. (2019) discussed 

current trends in sound analysis for ecology and conservation. 
Mcloughlin et al. detailed the vocalizations produced by three of the 
most important farm livestock species: chickens (Gallus gallus domes
ticus), pigs (Sus scrofa domesticus) and cattle (Bos taurus). Mcloughlin 
et al. described methods to monitor animal health based on the sound, 
with the potential to be automated for large-scale farming. In addition, 
Benjamin and Yik (2019) conducted a review aimed at veterinarians and 
pig specialists, describing machine learning algorithms, such as pig-face 
recognition –using convolutional neural networks. They also identified 
the most relevant sensors for measuring animal health: cameras (2D and 
3D), microphones, thermistors and accelerometers. Finally, they dis
cussed how these technologies can be used to improve pig health. 

2.1.5. Animal monitoring 
Recent technologies to monitor animals are based on machine- 

learning and computer-vision algorithms. There are four SLRs focused 
on animal monitoring. First, Norton et al. (2019) discussed the main 
technology-oriented approaches to animal monitoring and showed how 
image and sound analysis can be used to build digital representations of 
animals. Second, Milan et al. (2018) proposed a discussion on how ML 
algorithms could be used to monitor internal and surface temperatures, 
breathing rate, sweat rate, gait pattern, behavior, physical dimensions, 
weight and body-condition score of dairy cows. Third, Astill et al. (2020) 
discussed the areas of impact that new smart-sensor technologies will 
have on poultry operations, and described how sensor technology is 
related to big-data analytics and the Internet of Things (IoT), and how 
these technologies can enhance the productivity of the poultry industry. 
Finally, Dominiak and Kristensen (2017) presented methods that classify 
or prioritize the alerts that occurred in the herds. They suggested that 
future researches should focus on alternative approaches of detection 
models, using the prior probability or risk of a condition to occur. 

2.1.6. Summary 
Table 1 shows the problems addressed by recent literature reviews 

on PLF. In general, the tasks related to PLF have focused on the 
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classification of animal behavior and monitoring; nonetheless, previous 
literature reviews do not analyze the use of ML in grazing and animal 
health like contexts of application. Our article reviews different ML 
techniques, on the context of PLF, that have been used for the analysis of 
grazing and animal health, as well as the different forms of data 
acquisition for training such ML models. Thus, there are no SLRs about 
the use of ML models in PLF nor in the context of grazing and animal 
health. 

2.2. Document selection process 

In this section, activities carried out for the SLR are introduced. First, 
research questions and search strategies are presented. Second, docu
ment selection, inclusion and exclusion criteria are explained. Finally, 
quality evaluation and a summary of the selection process are detailed. 

The research questions, in the two areas of interest of this research, 
are: (i) How have systems for grazing been developed based on ML in 
PLF? and (ii) How has ML been used for animal health in PLF? The 
keywords for these questions are summarized in Table 2. 

The boolean search equations generated for this SLR combine the 
previous keywords to answer each research question. The sources used 
were Google Scholar, IEEE Xplore, Scopus and Springer databases. 
Search equations are summarized in Table 3. The initial documents, 
obtained with these search equations, were 171. 

Table 4 shows the inclusion and exclusion criteria used in this SLR. 
Each inclusion criterion is assigned a nomenclature CIi. 

Table 5 shows the results after applying the inclusion and exclusion 
criteria to the queries in Google Scholar, IEEE Xplore, Scopus and 
Springer databases. The total was of 54 articles, for the period from 2015 
to 2020. 

In what follows, a set of questions is presented to ensure the quality 
of the documents related to each research question. Such questions 
allow evaluating the quality of the documents. With respect to ML, for 
grazing in PLF, there are two questions for quality evaluation: (i) Does 
the document explain the use of ML in grazing? and (ii) Does the 
document describe a PLF management system based on ML? With 
respect to ML for animal health in PLF, the questions are: (i) Does the 
document describe how ML enriches data collection in animal health in 
PLF? and (ii) Does the document describe how sensors are used to 
measure animal health in the context of PLF?. 

Fig. 1 shows the selection process to find the relevant works for this 

research. 
For question on ML for grazing, the quality assessment left 15 works; 

and for question on ML for animal health, the quality assessment left 20. 
At the end of the selection process, there was a total of 35 documents to 
be analyzed. 

2.3. Preliminary results 

The preliminary results are divided into two parts. First, the results 
regarding ML for grazing in PLF and, after, the results regarding ML for 
animal health in PLF. 

2.3.1. Machine learning for grazing in the PLF context 
The purpose of grazing is: (i) to maintain a high production of good 

quality fodder for the longest period of time, (ii) to maintain a favorable 
balance between fodder species, and (iii) to obtain an efficient utiliza
tion of the fodder produced, achieving a profitable livestock production 
(Bell et al., 2014). 

Regarding the question of how ML has been used to improve grazing 
in PLF, 15 documents were selected, from which 12 are in journals and 3 
are in conferences. Fig. 2 shows Australia with the largest production of 
documents focused on grazing and, especially, on sheep. The largest 
production of documents may be the impetus given by the cooperative 
research center (CRC) program that has developed, in recent years, im
provements in technologies for identification and electronic registra
tion, allowing farmers to manage their sheeps with greater accuracy. 
The Australian farmers weigh their animals frequently. Live weight –and 
its variations in time– give farmers a good idea of the nutritional status 
of the animals. The use of electronic precision scales, with radio fre
quency communication interface (RFID) and data-storage equipment, 
transforms a tedious process –with numerous errors– into something 
simple, fast and natural (Caja et al., 2016). 

The United States is the country that produces the most beef in the 
world: 12,700 metric tons of beef. Such a production is followed by 
Brazil, with 10,000 tons (Porter, 2019). In most of these countries, beef 

Table 1 
Summary of recent SLRs.  

Article Objective 

O’Grady and O’Hare (2017) Successful enterprise farm models. 
Bahlo et al. (2019) Interoperable data standards in farming systems. 
Shine et al. (2020) Dairy energy for monitoring, prediction and 

analysis. 
Mcloughlin et al. (2019) Sound classification for ecology and conservation. 
Benjamin and Yik (2019) Pig health with sensors and ML. 
Norton et al. (2019) Image and sound to build digital animal- 

representations. 
Milan et al. (2018) Precision dairy farming. 
Astill et al. (2020) New sensor technologies on poultry operations. 
Dominiak and Kristensen 

(2017) 
Methods that prioritize alerts occurred in the herd.  

Table 2 
Terms or keywords for the research equations.  

Precision Livestock Farming 

A1 Animal health A2 Precision livestock farming 
A3 Animal welfare A4 Grazing 

Machine Learning 
B1 Machine learning B2 Big data 
B3 Data models    

Table 3 
Search equations for each research question.  

Question Search equation Documents 

Grazing A4 AND A2 AND (B1 OR B2 OR B3) 92 
Animal Health (A1 OR A3) AND A2 AND (B1 OR B2 OR B3) 79 

Total 171  

Table 4 
Inclusion and Exclusion Criteria.  

Inclusion Criteria CI1 Scientific articles, conference proceedings. 
CI2 Publications are in English 
CI3 Publications after the year 2015 
CI4 Belong to sub-area of Computer Science  
CI5 Belong to sub-area of Engineering  

Exclusion Criteria Publications before 2015. 
Non-digital publications. 
Publications not available for full review.  

Table 5 
Summary of equations for the research questions after inclusion and exclusion 
criteria.  

Question Search equations with inclusion and exclusion criteria Result 

Grazing (A4 AND A2 AND (B1 OR B2 OR B3)) AND CI1 AND CI2 AND 
CI3 AND CI4 AND CI5 

26 

Health (A1 OR A3) AND A2 AND (B1 OR B2 OR B3)) AND CI1 AND 
CI2 AND CI3 AND CI4 AND CI5 

28 

Total Documents 54  
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exports also have a great weight in their economies; for this reason, 
researches on PLF, ML and pasture agriculture –in these countries– is 
very important, as shown in Fig. 2. 

2.3.2. Machine learning for animal health in the PLF context 
Animal health is the state of an animal to cope with its environment. 

Animal health is related to all coping mechanisms, involving the phys
iology, behavior, feelings and the responses to pathologies (Machado 
and Silva, 2019). Ensuring a safe, sufficient and nutritious food supply 
for a population that is increased so rapidly, depends on healthy and 
productive animals (Overgaauw et al., 2020). 

Regarding the question of how ML has been used to improve animal 
health in the PLF domain, 20 documents were selected, of which 11 are 
in journals, 8 are in conferences and 1 is a literature review. Fig. 3 shows 
that there is widespread interest in this issue, demonstrated by the 
growing public concern for animal health in most countries of the world. 
Animal health is an important part of well-being (Singer et al., 2019). 
Not surprisingly, countries such as Brazil, China, and Australia, which 
have a large production of meat, are interested in measuring behavior 
and monitoring well-being, using ML techniques. Measuring behavior 
and monitoring well-being helps them to increase production and export 

a higher-quality product. 

3. Review report 

The results are divided into two parts. First, the results regarding ML 
for grazing, in the PLF context, and, after, the results regarding ML for 
animal health in the PLF context. 

3.1. Machine learning for grazing in PLF 

In this section, the analysis of the documents is divided into works 
about the classification of animal behavior and about the animal 
monitoring. 

3.1.1. Classification of animal behavior 
The following documents focus on the classification of animal 

behavior. The first category describes the documents that focus on how 
to classify livestock behavior in general. The second category presents 
documents –specifically– on the classification of grass intake and 
rumination activities. 

Livestock-behavior classification. Animal behavior can be 

Fig. 1. Selection process of articles for the SLR.  

Fig. 2. Countries by keywords for the research question of ML for grazing in PLF.  
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classified into different categories and with different sensors. Vázquez- 
Diosdado et al. (2019) presented a combined offline k-nearest neighbors 
(KNN) algorithm and an online learning algorithm, which is deemed by 
the authors as a useful mechanism for long-term in-the-field monitoring 
systems. The proposed algorithm classifies relevant sheep behavior 
using information from an embedded edge device that includes a tri- 
axial accelerometer and tri-axial gyroscope sensors. 

Another alternative to KNN algorithm for behavior classification is a 
hierarchical ML. Suparwito et al. (2019) proposed the use of a hierar
chical ML method to classify livestock behavior. Firstly, they classified 
livestock behavior into two behavioral categories: active or inactive. 
Each of the two categories is then broken down at the next level into 
more specific behavioral categories. Secondly, they tested the proposed 
methodology using two commonly used classifiers: Random Forest (RF), 
Support Vector Machine (SVM) and, a newer approach, Deep Belief Net
works (DBN). Finally, results showed that the hierarchical classification 
technique works better than the conventional approach. 

Further than the classification of behavior in active or inactive, one 
can classify behavior using an inventory of actions exhibited by animals. 
Such inventory is known as an ethogram. Fogarty et al. (2020) explored 
feature creation and ML algorithms to provide the most accurate 
behavioral classification using an ear-borne accelerometer in 
extensively-grazed sheep. Nineteen derived-movement features, three 
epochs (5, 10 and 30 s) and the next four ML-algorithms, were assessed: 
Classification and Regression Trees (CART), SVM, Linear Discriminant 
Analysis (LDA) and Quadratic Discriminant Analysis (QDA). The behavior 
classification was also evaluated using three different ethograms, 
including detection of (i) grazing, lying, standing, walking; (ii) active 
and inactive behavior; and (iii) body posture. The detection of the four 
mutually-exclusive behaviors (grazing, lying, standing and walking) was 
the most accurately performed, using a 10 s epoch, by SVM (76.9%). The 
most accurately was detected, using a 30 s epoch, by CART (98.1%). 
LDA, using 30 s epoch, was superior for detecting posture (90.6%). 

The concept of ethograms used in sheep can also be extended to dairy 
cows. Vázquez D. et al. (2015) developed a DT algorithm that uses tri- 
axial accelerometer data from a neck-mounted sensor to classify bio
logically important behavior in dairy cows and detect transition events 

between lying and standing. Data was collected from six dairy cows that 
were monitored, continuously, for 36 h. Direct visual observations of 
each cow were used to validate the algorithm. The results show that the 
DT algorithm is able to –accurately– classify three types of biologically 
relevant behaviors: lying (77.42% sensitivity, 98.63% precision), 
standing (88.00% sensitivity, 55.00% precision), and feeding (98.78% 
sensitivity, 93.10% precision). Transitions between standing and lying 
were also detected –accurately– with an average sensitivity of 96.45% 
and an average precision of 87.50%. 

Another approach to define an ethogram is using unsupervised 
learning. The objective of Achour et al. (2019) was to develop an 
effective unsupervised-classification model of data collected by Inertial 
Measurement Units (IMU), attached to the back of dairy cows housed in 
free-stall. Data was aggregated according to different sampling fre
quencies and segmentation windows. The different times of lying, 
standing, lying down, standing up, walking and stationary behaviors 
were observed and recorded in real-time. The designed classification 
model is based on univariate and multivariate Finite Mixture Models 
(FMM) and DT. The valid transitions between standing and lying be
haviors are guaranteed by constraints imposed by a deterministic finite- 
state automaton. The obtained results revealed that 99% of behaviors 
are well classified. Standing, lying on each side and changing between 
these positions are classified with 100% accuracy, followed by station
ary with 99% sensitivity, 96% specificity, 99% precision, and 99% ac
curacy. The walking behavior is classified with 96% sensitivity, 99% 
specificity, 91% precision, and 98% accuracy. 

GPS data is also an important source of information for behavior 
classification. In the work of Williams et al. (2019), they presented 
variable segmentation applied to GPS data gathered from 30 dairy cows 
at pasture. Using these segments, the performance of 13 ML algorithms 
(base learners) implemented in Waikato Environment for Knowledge 
Analysis (WEKA) were compared using default parameters in classifying 
grazing, resting and walking. Two stacking ensembles were then derived 
using the WEKA implementations. The first ensemble contained the best 
performing base learners. The second ensemble was an optimized 
version derived using a manual ensemble selection method. Both ver
sions of the ensemble were evaluated on an independent test set derived 

Fig. 3. Countries by keywords for the research question of ML for animal health in PLF.  
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from 10 cows. The ensembles performed well using base learners based 
on boosting algorithms: Simple logistic (SL); Logistic model trees (LMT), 
MLP, Naive Bayes(NB), DT, SVM, Naive Bayes tree (NBTree), Logistic 
model trees (LMT) and Sequential minimal optimization (SMO). 

Grass intake and rumination. Some researches have focused 
–specifically– on the classification of behavior related to grass intake 
and rumination. Andriamandroso et al. (2017) proposed an open algo
rithm, named Statistical Model (SM), for the detection of cattle’s grass 
intake and rumination activities. They mounted a smartphone on 19 
grazing cows of different breeds, and recorded daily video sequences on 
the pasture of different forage. The final algorithm uses the average 
value and the standard deviation of two signals in a two-step discrimi
nation tree: The gravitational acceleration on the x-axis (Gx) expressing 
the cows head movements, and the rotation rate on the same x-axis (Rx) 
expressing jaw movements. Validation on an independent database 
resulted in an average detection accuracy of 92% with a better detection 
for rumination (95%) than for grass intake (91%). 

Another approach to the classification of actions, related to grass 
intake and rumination, is presented as follows. Chelotti et al. (2018) 
presented a new algorithm, called Chew-Bite Intelligent Algorithm (CBIA). 
CBIA uses concepts and tools derived from pattern recognition and ML. 
CBIA includes: (i) a signal conditioning stage to attenuate the effects of 
noises and trends, (ii) a pre-processing stage to reduce the overall 
computational cost, (iii) an improved set of features to characterize jaw- 
movements, and (iv) a ML model to improve the discrimination capa
bilities of the algorithm. Three signal conditioning techniques and six 
ML models are evaluated. The overall performance is assessed on two 
independent data sets, using metrics like recognition rate, recall, pre
cision and computational cost. The results demonstrated that CBIA 
achieves a 90% recognition rate, with a marginal increment of compu
tational cost. Compared to the algorithms Least Mean Squares (LMS), 
Empirical Mode Decomposition (EMD), Multilayer Perceptron (MLP), De
cision Trees (DT) and SVM, CBIA improves the recognition rate by 10%, 
even in difficult scenarios. 

The following work presents a different kind of study, in which they 
evaluate the effect of rumination and grass intake of different pastures. 
Alvarenga et al. (2020) developed a classifier of biting and chewing 
activities of sheep during grazing. Two studies were conducted. The first 
study evaluated the effect of two diverse pasture species on feeding 
behavior using micro-sward boxes: forage oats and perennial ryegrass. 
Two 4-year-old Merino ewes grazed each species, for approximately 
four, two-minute sessions, over two separate days, one week apart. In 
the second study, the effect of sward height was investigated using nine 
plots of ryegrass with three different sward heights, grazed by three 3- 
year old Merino ewes, for 10 min each. Forty-four features were calcu
lated, from the acceleration signals, and used to classify behaviors using 
a DT algorithm to determine model accuracy, sensitivity, specificity, and 
precision. For the micro-sward study, bite activity was classified with a 
precision of 90.5% for the evaluation data set; whereas, for the valida
tion data set, it was classified with a precision of 98.1% for the 5 s time 
interval. Accuracy of the DT model increased as time interval increased 
for both data sets. 

There is research focusing –specifically – on the ingesting behavior 

for different grasses. Campos et al. (2018) presented a method to classify 
the ingesting behavior of ruminants by means of Surface Electromyog
raphy (sEMG) signal of the masseter muscle. Despite the similar prop
erties of the grasses, the food-recognition results were reasonable. 
Feeding and rumination were discriminated with relatively high accu
racy. The whole data acquisition, instrumentation and pattern recogni
tion system follow the sequence outlined in Fig. 4. The evaluated 
classifiers methods applied to EMG pattern recognition are: LDA, QDA, 
SVM, Multilayer-Perceptron Neural Network (MLP-NN), Radial-Basis- 
Function Neural Network (RBF-NN) and KNN. The MLP-NN was the 
classifier with the highest mean accuracy for almost every scenario and 
feature set. 

In Fig. 4, the cattle are in rumination, and through the sEMG sensor, 
data is acquired. After, through signal processing, data is segmented. 
Such characteristics are created and a classification algorithm is used to 
be able to predict the animal’s intake. 

3.1.2. Animal monitoring 
Documents focused on animal monitoring are divided into and 

general monitoring, monitoring calving and estrus, monitoring ingesting 
behavior, and muzzle-point recognition. 

General monitoring. The following work presents a platform of 
general-purpose for animal monitoring. Debauche et al. (2019) pro
posed a lambda-cloud architecture coupled to a scientific sharing plat
form used to archive, and a process of high-frequency data processing is 
proposed to integrate future developments of the Internet of Things (IoT), 
applied to the monitoring of domestic animals. An application to the 
study of cattle behavior on pasture-based on data recorded with the IMU 
of iPhone 4s is exemplified. The package comes with a web interface to 
encode the actual behavior observed on videos and to synchronize ob
servations with the sensor signals. 

There is general-purpose monitoring application based on computer 
vision and drones, proposed by Andrew et al. (2017). They explained 
that computer vision can use deep neural architectures, which are well- 
suited to perform automated Holstein Friesian cattle detection. They 
introduced a video processing pipeline composed of standard compo
nents, to efficiently process dynamic herd footage filmed by Unmanned 
Aerial Vehicles (UAVs). They showed that Friesian cattle detection and 
localization can be performed robustly with an accuracy of 99.3% with 
this data. They evaluated the individual identification, exploiting coat 
uniqueness on 940 RGB stills taken after milking in-barn (89 individuals, 
accuracy = 86.1%). They also evaluated identification via a video pro
cessing pipeline on 46,430 frames (approx. 20 s length each) of UAV 
footage taken during grazing (23 individuals, accuracy = 98.1%). 

Calving and estrus. For better management of animal health, it is 
required to know the exact time when calving and estrus occur. Benaissa 
et al. (2020) used Logistic regression (LR) models and data from calving 
and estrus sensors. The detection performance within different time 
intervals (24 h, 12 h, 8 h, 4 h, and 2 h) before calving was investigated. 
In general, for both calving and estrus, the performance of the detection, 
within 24 h, was lower than for 8 h-24 h. However, the use of a com
bination of sensors increased the performance for all investigated 
detection time intervals. For calving, similar results were obtained for 

Fig. 4. Complete animal sEMG processing: data acquisition, signal segmentation, feature extraction and classification (Campos et al., 2018).  
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the detection within 24 h, 12 h, and 8 h. When one sensor was used for 
calving detection, within 24–8 h, the localization sensor performed best 
(Precision 73–77%, Sensitivity 57–58%, Area under the receiver operating 
characteristic curve [AUC] 90–91%), followed by the leg-mounted 
accelerometer (Precision 67–77%, Sensitivity 54–55%, AUC =

88–90%) and the neck-mounted accelerometer (Precision 50–53%, 
Sensitivity 47–48%, AUC = 86–88%). As for calving, the results of estrus 
were similar for the time intervals 24 h-8 h. In this case, similar results 
were obtained when using any of the three sensors, separately, as when 
combining neck and leg-mounted accelerometers (Precision 86–89%, 
Sensitivity 73–77%). For both calving and estrus, the performance 
improved when localization was combined with either, the neck or leg 
mounted accelerometers, especially, for sensitivity (73–91%). 

Ingesting behavior. In monitoring, the goal is not to classify the 
action during grass intake or rumination, but also to estimate the 
amount of fiber intake. Campos et al. (2019) proposed a non-invasive 
method for fiber intake estimation on ruminants. Campos et al.’s 
method used a sEMG-based sensor system. In order to acquire bite/ 
chewing sEMG signals, superficial disposable electrodes were placed on 
three uncastrated male goats’ masseter muscle, housed in individual 
pens, and data was sampled during eating using an analog-to-digital 
converter. Feed samples and-left-overs were weighed before and after 
the experiment, respectively, to estimate the total intake. Electromyo
graphic preprocessed data was sent to a computer, where seven signal 
features were extracted. Feed intake was modeled by fitting sEMG fea
tures as a predictor by means of a linear model. The results indicated 
that fiber intake could be successfully predicted in goats eating several 
forages (Tifton 68 and Tifton 85 grass hay, bad quality Tifton hay, and 
forage oat hay) with a coefficient of determination (R2) higher than 0.867, 
using a signal feature called Slope Sign Change (SSC) as a predictor. SSC 
expresses signal frequency characteristics and indicates the physiolog
ical aspects of bite/chewing. 

Muzzle-point recognition. Kumar et al. (2017) have focused on a 
very particular topic of great interest in cattle. They proposed a muzzle- 
point recognition based on Fisher locality, using a projection algorithm 
for the recognition of cattle in real-time. They have captured images of 
animals, using a surveillance camera, and transferred them to the server 
by wireless network technology. The efficacy of the proposed muzzle- 
point recognition approach for cattle yields 96.87% recognition accu
racy for identifying individual cattle. The proposed approach has a 
10.25 s recognition time for enrollment and identification of individual 
cattle on different sizes of muzzle-point images. 

3.2. Machine learning for animal health in PLF 

In this section, the analysis of the documents is also divided into the 
classification of animal behavior and animal monitoring. 

3.2.1. Animal behavior 
The following documents focus on the classification of animal 

behavior. This section is divided into two parts. First, general works of 
animal-behavior classification for livestock and, after, some specific to 
sow’s behavior are presented. 

General-livestock behavior. Some works are focused on behavior 
classification for livestock in general. As an example, Dominiak and 
Kristensen (2017) proposed three methods to classify or prioritize alerts: 
Fuzzy Logic (FL), Naive Bayesian Network (NBN) and Markov Hidden 
Phase model. NBN shows the greatest potential for future reduction of 
alerts from sensor-based detection models in livestock production. 

Bishop et al. (2019) described another approach to classify behavior 
based on livestock vocalization. They proposed a multi-purpose live
stock vocalization classification algorithm using audio-specific feature 
extraction techniques and ML models. A comparison of Mel-Frequency 
Cepstral Coefficients (MFCCs) and Discrete Wavelet Transform (DWT)- 
based features was conducted. Classification was determined using a 
SVM model. High accuracy was achieved for all data sets (sheeps: 

99.29%, cattles: 95.78%, dogs: 99.67%). Computational timing reveals 
that the DWT-based features are faster; such features decrease by 14.81 
– 15.38% execution time. 

Sow’s behavior. In order to control sow’s health, an approach is to 
detect and classify sow’s actions using images. Lao et al. (2016) 
described a computational algorithm for the analysis of depth images, 
and presented its performance in recognizing the sow’s behaviors as 
compared to manual recognition. The images were acquired at 6 s in
tervals on three days of a 21-day lactation period. Based on the analysis 
of the 6 s interval images, the algorithm had the following accuracy in 
the classification: 99.9% in lying, 96.4% in sitting, 99.2% in standing, 
78.1% in kneeling, 97.4% in feeding, 92.7% in drinking, and 63.9% in 
transitioning between behaviors. According to Lao et al., the lower 
classification accuracy, for the transitioning category, presumably, 
stemmed from insufficient frequency of the image acquisition. 

Another approach to classify sow’s behavior is using a Kinect sensor 
to identify sow’s postures. Zheng et al. (2018) developed a detection 
system that consists of a Kinect v2 sensor that acquires depth images and 
a program that identifies sow postures. The depth images of the testing 
data set of a sow were acquired at 5 frames per second in 24hours on the 
15th day of postpartum, and the training data set was collected by some 
different sows. Since the identification performance from RGB images 
are impacted by the color and illumination variations caused by an in 
situ heat lamp and day-night cycle, Zheng et al. showed that the auto
matic detection from depth images could avoid disturbances of the light. 
Zheng et al. (2018) found that the sow spent a greater amount of time in 
recumbency (92.9% at night and 84.1% during the daytime), as 
compared with standing (0.4% at night and 10.5% during the daytime) 
and sitting (0.55% at night and 3.4% during the daytime). According to 
Zheng et al., statistically, the sow’s activity level is non-uniform in 24-h 
of a day, and its preferred lying positions are accordant with the pen’s 
floor design. 

3.2.2. Animal monitoring 
For animal monitoring, the works are divided into three tasks. First, 

general works on animal monitoring are presented. After, works related 
to lameness monitoring are detailed. Finally, present works related to 
respiratory problems are introduced. 

General monitoring. In the previous section, how vocalization can 
be used for behavior vocalization was presented. Vocalization can also 
be used for animal monitoring of thermal comfort. Du et al. (2020) 
developed a vocalization detection method, based on ML, to assess 
thermal-comfort condition. For extraction of the vocalizations, nine 
source-filters related temporal and spectral features were chosen, and a 
SVM-based classifier was developed. As a result, the classification per
formance of the SVM model was 95.1 ± 4.3% (the sensitivity parameter) 
and 97.6 ± 1.9% (the precision parameter). Based on the developed 
algorithm, Du et al. illustrated that a significant correlation exists be
tween specific vocalizations (alarm and squawk call) and thermal 
comfort indices (temperature-humidity index, THI). 

As another alternative to vocalization is to monitor movement and 
speed because such variables can explain an animal’s well-being. 
Doulgerakis et al. (2019) presented an automated system with a single 
type of wireless sensor to record indicators of an animal’s well-being: 
movement, speed and geolocation of the animal. Their system was 
made with a low implementation cost, based on Deep Neural Networks 
(DNN)-pattern-recognition algorithms. According to Doulgerakis et al., 
the solution provides end-users (farmers) with usable and effective in
formation visualization, so that they take proper actions. 

Deep learning has shown to be a technique very useful in animal 
monitoring. On the one hand, Fonseca et al. (2019) developed a model 
to predict stress in piglets, monitoring skin temperature using an 
infrared camera. A total of 40 piglets (20 males and 20 females), from 1 
to 22 weeks, under different stress conditions, had the skin temperature 
recorded during the farrowing and nursery phases. The stresses studied 
were hunger, pain, thirst, heat/cold, and the normal. The attributes 
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considered, in the analysis were classified using data mining, with stress 
condition as the target. They used a DT classifier to predict the stress 
condition, and found that the pain and thirst attributes had better pre
cision, in the model, with the maximum-surface temperature and the sex 
of the pig. 

Another work using deep learning is that of Cowton et al. (2019). 
They combined a deep-CNN object-localization method, named R-CNN, 
with two potential real-time multi-object tracking methods, to create a 
system that can –autonomously– localize and track individual pigs. 
Cowtom’s et al. captured data using RGB cameras. Their system is able 
to: (i) localize pigs in individual frames, with 0.901 mean average pre
cision, (ii) track individual pigs across video footage, with 92% multi- 
object tracking accuracy, and (iii) re-identify them, after occlusions 
and dropped frames, with 0.862 mean average precision. 

Deep learning has shown a particular success when using 3D scan
ning. Sousa et al. (2018) built a sensor array consisting of a two- 
dimensional (2D) laser scanner and an encoder for the three- 
dimensional (3D) scanning of the back area of 107 Nellore cattle. The 
scanning data were taken in four periods, every 28 days, which allowed 
generating 304 clouds of points. They built an algorithm using delaunay 
and convex hull methods to obtain the height of the cattle’s rump and 
the area of the rear view. They also built a neural model, with a multi- 
layered architecture. The input of the neural model was the rump 
height and rear view, and the output was an estimation of the live 
weight. Model performance was evaluated by comparing the estimated 
and measured weight of the cattle using linear-regression parameters. 
The coefficient of determination was 0.85 and the mean absolute per
centage error was 4.57%, in previously unseen data. 

In addition to machine learning, there is also research ondata visu
alization of the animal’s well-being. Van Van Hertem et al. (2017) 
presented the development of a web-based tool for data visualization. 
Data was collected from five broiler farms and ten pig farms across 
Europe. At the farms, a number of variables were automatically 
measured including climate data, production data, environmental data, 
and data about animal behavior coming from cameras and microphones. 
Simultaneously, the health of the animals was assessed by trained as
sessors using a standardized health quality protocol. All data was 
gathered, stored and processed on a daily basis. End-users of the tool 
were trained on how to interpret the available information on the 
visualization tool. 

Monitoring has also been applied to poultry farming. Stefanova 
(2017), Stefanova (2019) described the realization of a precision- 
livestock management-software that delivers monitoring and collabo
rative capabilities to improve laying hens health at industrial poultry 
farms. The online platform as a zoo-technical diary connects egg and 
breeding farms through cloud technologies to provide continuous data- 
recording, automatic comparisons between actual and expected pro
duction indicators, and integrated data-flow between the parties. Ac
cording to Stefanova et al., breeding farms benefit from enhanced 
competitiveness, improved supplier-client relationships, while egg 
farms enjoy management precision, timely feedback on animals’ health 
and economic benefits. 

In the last work on general monitoring, Makinde et al. (2019) dis
cussed the opportunities to apply research and methodologies emerging 
from animal-computer interaction (ACI) to help improve the usability and 
overall utility of PLF technologies for both, human and animal users. 

Heat Monitoring. Heat stress affects animal health and productiv
ity. In one work, Liu et al. (2018) developed a method for turkey-sound 
analysis and determine whether heat stress can induce specific turkey 
vocalizations. Forty-eight turkeys were bred in eight isolated rooms, 
under laboratory conditions, for eight weeks, and –randomly– allotted to 
heat-stress rooms and control rooms. SVM was used as the classifier for 
sound-signal recognition. The accuracy of classification was 88.75%. 
They demonstrated the possibility of using turkey vocal sound moni
toring and analysis as an early warning tool for heat-stress detection. In 
another work, Milan et al. (2019) determined optimum supplemental 

heat requirements (supplied by heating lamps), for piglets, based on 
energy balance as a function of air temperature and animal body weight. 
They also defined the zone of least thermo-regulation of piglets, for a 
given weight, when supplemental heat is not provided. Energy balance 
was calculated using an ensemble of mechanistic models of bio-heat 
transfer that predicts hair-coat temperature, skin temperature, and 
skin-heat flux. Input temperatures were predicted from measured air 
temperature in the pen and supplemental heat using machine learning 
techniques. Predicted optimum supplemental heat showed an 
exponential-decay trend with increasing air temperature and/or animal 
weight. 

Insemination Monitoring. Labrecque and Rivest (2018) proposed a 
novel approach to determine an optimal timing for insemination in 
sows, based on behavior analysis in real-time. Real-time analysis allows 
finding the statistically-optimal timing for insemination based on 
behavior-pattern recognition. The system was used for 21 months, in 
seven commercial farms, for 20,485 weaned sows. When used as a 
complement to a daily heat detection, the system allowed to easily 
manage 99.78% of the sows. 

Lameness monitoring. Lameness indicates that something is wrong 
with the cattle. An approach to detect lameness is to use a sensor to track 
leg movement. Zhao et al. (2018) analyzed leg swing using computer- 
vision techniques, and developed an automatic and continuous system 
for scoring the locomotion of cows to detect and predict lameness with 
high accuracy. The focus was the quantification of the movement 
pattern of cows and the demonstration of the possibility of classifying 
lameness, using the features extracted from movement analysis. Side- 
view videos were recorded after the cows were milked. Cows were 
scored by an expert on a scale from 1 (healthy) to 3 (severely lame). The 
data set included 621 videos from 98 cows. The motion curve was 
plotted by extracting the position of the moving leg by image processing, 
and the motion curve was analyzed to generate six features referring to 
the gait asymmetry, speed, tracking up, stance time, stride length, and 
tenderness. The DT classifier was applied to the data set, and 2-, 3-, and 
10-fold cross-validation was used to verify the performance of the al
gorithm. The accuracy of the classification was 90.18%, and the average 
sensitivity and specificity were 90.25% and 94.74%, respectively. 

Another approach to detect lameness is to use quantile regression 
forests (QRT) instead of DT. Diez-Olivan et al. (2019) created a decision- 
support system based on environmental indicators, and on the weights, 
leg problems and mortality rates. The data-driven modeling process is 
performed by the QRT approach that allows estimating growth, health 
and mortality parameters on the basis of environmental deviations from 
optimal farm conditions. 

Respiratory problems. The following works study respiratory dis
eases for growing pigs. Cowton et al. (2018) designed and evaluated a 
deep-learning-based methodology for animal-health monitoring. The 
methodology is, specifically, for the early detection of respiratory dis
ease, in growing pigs, based on environmental sensor data. Two recur
rent neural networks (RNNs) were used to create an autoencoder (GRU- 
AE). The models received environmental data, collected from a variety 
of sensors, to detect anomalies. Cowton et al. used Particle Swarm Opti
mization (PSO) to raise alerts. The results showed that a change in the 
environment can result in pigs showing symptoms of respiratory disease 
within 1–7 days, meaning that there is a period of time during which 
their keepers can act to mitigate the negative effect of respiratory dis
eases, such as porcine reproductive and respiratory syndrome (PRRS), a 
common and destructive disease endemic in pigs. 

Health status. FAffa MAlan CHArt (FAMACHA) is a scoring system 
for detecting levels of anemia caused by parasite infection in small ru
minants. FAMACHA is an effective way to identify individuals needing 
treatment. Montout et al. (2020) used training/test data sets, using 
FAMACHA scores, to construct a SVM classifier, to predict individuals 
that needed treatment. 
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4. Discussion 

In this section, a summary of the revisions, the limitations of the 
reviewed works, and challenges for future works are presented. 

4.1. Review summary 

In this review, we have found that grazing, using ML techniques, in 
recent years, has focused –mainly– on sheep (40%) and cattle (60%). 
The most commonly used ML techniques for grazing are classification 
techniques. Most works on grazing have focused on obtaining, analyzing 
and understanding animal variables. With respect to animal health, a 
recent work has focused on how to improve animal production by 
controlling their health. Research has shown that estimating food con
sumption and monitoring feeding behavior are key activities to assess 
the health of animals. Also, most research on animal health has focused 
on understanding animal behavior. Nonetheless, both animal moni
toring and animal behavior are complementary and needed to measure 
animal health and have not been considered together. 

Fig. 5 summarizes all 35 studies, examining the problem they 
addressed, the proposed solution, and the tools and techniques used 
with the best performance. 

Fig. 6 shows that the most commonly used ML techniques are SVM 
and DT. There are some possible explanations. For example, SVM has 
had great acceptance because it has the ability to discriminate data of 
different kinds by the means of kernels: The theoretical basis of kernels 
used in SVM makes it an exceptional tool for generalization in complex 
problems (Lemaire et al., 2018). On the other hand, DT predicts the 
value of a target variable by learning simple decision rules inferred from 
the characteristics of the data: This makes it easy to understand and 
interpret, requires little data preparation, and it is a white box model. 

Fig. 7 shows the different sensors used in PLF. This figure shows the 
interest of the scientific community: In the first place, accelerometers 
and, in the second place, collar sensors. The third most used sensor is the 
video capture. 

Accelerometers have been used in cattle to evaluate the activity 

patterns of dairy cattle (de Passillé et al., 2010), the resting behavior of 
calves (Bonk et al., 2013), and the analysis of the grazing vs. non-grazing 
in dairy cows (Nielsen, 2013). Accelerometers can be worn on a collar 
located on specific parts of the animal’s body. A collar is a very 
important instrument because it can have all kinds of sensors, which are 
in charge of collecting the data and sending data, such as the GPS sensor. 
Video capture is the easiest way to monitor animals. By installing the 
cameras, it is possible to obtain data about what is happening to the 
animal and its environment in a non-invasive way. 

4.2. Limitations of reviewed works 

In this section, the limitations of ML for grazing and animal health in 
PLF are presented. 

Machine Learning for Grazing in PLF. Management of pastures 
allows maintaining production levels in terms of forage produced per 
hectare, and milk and meat production per hectare. Therefore, analyzing 
and preparing the soil where the pasture will be established will give a 
good pasture management. In addition, a good pasture allows extensive 
livestock to obtain their food from grazing. In exchange, livestock fer
tilizes the land and facilitates soil tillage, demonstrating the comple
mentary relationship between livestock and pasture agriculture 
(Lemaire et al., 2018). 

In spite of the well-known importance of management of pastures, 
ML for grazing has focused, mostly, on classical classification techniques 
to understand the behavior of the animal. The use of these variables is 
centered on the animal; however, variables such as forage digestibility 
and animal production are not being used. Even worse, previous works 
have not taken into account soil variables, which, together with the 
animal activity, could lead to the creation of robust models to improve 
grazing methods, and, as a consequence, to a higher economical pro
duction. Finally, there are no works using unsupervised learning, or new 
ML techniques, such as semi-supervised learning (Cerrada et al., 2019), 
inherited learning (Salakhutdinov et al., 2012; Puerto and Aguilar, 
2016) and meta-learning (Finn et al., 2017). 

Machine Learning for Animal health in PLF. On ML for animal 

Fig. 5. Trends of reviewed documents.  
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health, the works have been centered on monitoring the animal and, 
also, on classic ML techniques for classification. There are no works 
where the degree of animal comfort under its environment is analyzed, 
except two on thermal comfort. There are no works of ML for diagnosis 
of diseases, prediction or prescription of treatments, except for two 
works on the diagnosis of lameness. Neither there are works in which 
one brings together data of animal health with the state of water 
drinkers. Dirty water can contain unhealthy bacteria for animals, and, 
eventually, dirty water could contribute to the reduction of production. 

4.3. Challenges 

Challenges for future works can be, broadly, classified into three 
categories: Machine learning, sensors and data sources, and data man
agement. In what follows, each category of challenges is presented. 

Machine learning. There is no evidence that grazing and animal 
health have been brought together in a ML model; therefore, trying to 
combine these aspects results in an interesting challenge. Bringing 
together grazing and animal health will also allow developing models of 
diagnosis and prescription as tools for the prevention and control of 
animal diseases. Such tools will entail considerable benefits to livestock 
production, food safety, public health, animal health and access to in
ternational markets. 

To bring together grazing and animal health issues, a recommen
dation is the implementation of federated learning (Yang et al., 2019; Li 
et al., 2020). A federated ML model, for grazing and animal health, will 
allow data sets from different farms to be interconnected so that ML 

models work together, and they can be adapted to changing environ
ments and event trends. Finally, to give autonomy to PLF, it is necessary 
to explore concepts such as autonomous cycles of data analysis tasks that 
consider all ML tasks working together (Aguilar et al., 2018b; Aguilar 
et al., 2018a), and often include meta-learning (Finn et al., 2017). This 
last challenge can be extended with concepts from the area of multi- 
agent systems (Aguilar et al., 2007), which allow modeling the entire 
PLF context in a natural way. 

Another challenge in ML is about how to improve the classification 
performance of the algorithms used in PLF. Williams et al. (2019) 
determined that ensemble algorithms are very promising in PLF, but 
more work is needed to explore different strategies available, in the 
literature, for PLF tasks. Such PLF tasks can benefit from the added 
power of ensemble learning, which is already successful in other areas. 
As a final recommendation, many tasks can be treated not only as a 
classification problem, but also as a semi-supervised or a meta-learning 
problem. 

Sensors and data sources. Systems based on sensor technologies 
are called upon to provide decisive information on conditions influ
encing livestock; for instance, to measure humidity, temperature, wind, 
rain, soil quality and animal health status. The use of sensors and data 
analysis focusing on real farm problems will ensure that farms are 
environmentally sustainable, and avoid wastes that have a major impact 
on soil contamination. The increasing availability of large data sources 
and data sets will encourage more initiatives, projects and new ventures 
in the livestock sector. 

To improve ML for grazing, there are three key factors for pasture 

Fig. 6. Most used ML techniques in PLF.  

Fig. 7. Most used data-acquisition technologies in PLF.  
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management: the frequency, intensity and duration of grazing. None
theless, these variables are not being taken into account. According to 
Arcos et al. (2019), considering such variables would help to correctly 
define the condition of the pasture, before and after grazing, so that 
grazing takes place at the right time and with the right intensity (Bell 
et al., 2014). 

In ML for animal health, previous works have focused on pigs (31%), 
sheep (8%), poultry (38%) and beef (23%), and have a greater focus on 
animal monitoring with 75%, and behavioral classification with 25%. 
On animal health and environmental measurement sensors, the most 
used sensors are temperature, humidity, and CO2 sensors. Van Hertem 
et al. (2017) proposed new sensors for the detection of early-signs of 
deviations in animal health, with low financial and energy costs. A 
challenge, in addition to the development of sensors, is how to deter
mine the relevant signals: This is a problem of feature engineering. 

Data management. There are some challenges related to data 
management in PLF. Stefanova (2019) proposed that most farm data is 
found in notebooks or in zoo-technical information systems. A challenge 
is the automatic digitization of all the useful data of a farm for the 
context of PLF. 

Once farmers achieve automatic digitization, there is a challenge on 
how to make the system more energy efficient. To improve energy- 
saving, farmers have to merge data from different sources, reduce di
mensions, minimize energy consumption in on-farm equipment, and 
compress data. In fact, Debauche et al. (2019) concluded that the use of 
data-compression algorithms can optimize battery-power consumption 
in the context of PLF. Another issue to save energy in PLF is how to 
minimize the amount of data transmitted to the cloud, as proposed by 
Doulgerakis et al. (2019). Doulgerakis et al. also proposed to apply 
intelligent energy-saving algorithms to optimize battery life. 

A final challenge in data management is the following: Van Hertem 
et al. (2017) determined that the main barrier among farmers living in 
rural areas is the appropriate data visualization. For this reason, Van 
Hermet et al. concluded that a user-friendly interface, for the correct 
presentation of data, is a major challenge. 
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A B S T R A C T
Precision livestock farming (PLF) offers farmers real-time monitoring and management system. PLF providesa real-time warning when something goes wrong so that the farmer can take immediate action to solve theproblem. PLF introduces many new challenges and questions that must be resolved. Some of these challengesare related to the integration of grazing and animal health into the beef-production process. This articleintroduces an architecture for the self-managing of a beef-production farm. In particular, the architectureincludes three autonomous cycles of data analysis tasks (ACODAT) that allow beef producers to have adequatecoordination, optimization and planning of the productive process, which are: (i) circuit preparation, (ii) animalpurchase, and (iii) animal fattening. This article also instantiates, in a farm, the autonomous animal-fatteningcycle, as the first step towards efficient and effective beef-production processes. The main contributions ofthis architecture are (i) the ability to use everything mining to improve the knowledge of the system anddecision-making processes, and (ii) three ACODAT for real-time analysis for sustainable and environmentally-friendly livestock production. The results are encouraging since the ACODAT allows smart management ofthe beef-production process, naturally introducing artificial-intelligence techniques to develop these tasks.Particularly, modeling using ACODAT allows an adequate description of a precision livestock process. Likewise,the preliminary results of some of the tasks of ACODAT are stimulating because they allow evaluating thefeasibility of the proposal. For example, a first task for the identification of cattle fattening has a Mean AbsoluteError (MAE) of 5.4 kg, which will be used by ACODAT to identify anomalies in the fattening process. Theinstantiation of the animal-fattening cycle shows the viability and robustness of this proposal.

1. Introduction
The Food and Agriculture Organization (FAO) states that sustainabledevelopment is the management and conservation of natural resources,and the orientation of technological and institutional change to ensurethe continuous satisfaction of human needs for present and futuregenerations [1]. In parallel to the growing world-population, the de-mand for animal protein is also increasing. Countries are reviewingthe growth of animal production to meet the growing demand foranimal protein [2]. On the other hand, animal-care is critical to design

∗ Corresponding author at: CEMISID, Universidad de Los Andes, Merida, Venezuela.E-mail addresses: rjgarciah@eafit.edu.co (R. García), aguilar@ula.ve (J. Aguilar), mtorobe@eafit.edu.co (M. Toro), perezn@ula.ve (N. Pérez),angelpinto@unisinu.edu.co (A. Pinto), elrosariocattle@gmail.com (P. Rodríguez).

sustainable systems, given the loss of forest lands associated with agrowing demand for meat. Particularly, environmental-sustainabilityissues are acute. In the context of beef cattle, (i) water use, (ii) landuse, (iii) biomass appropriation (for example, the animal biomass asthe feces and urine are natural fertilizers) and (iv) greenhouse-gasemissions are, for example, typically higher per unit of edible product,in beef systems, than in any other livestock systems [3].In particular, this work considers the relationship between pas-ture quality and animal feed in the Precision livestock farming (PLF)
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framework [4]. Thus, this work focuses on PLF but using existingtechnologies in precision agriculture farming (PAF) to improve foragequality. In this way, it is necessary to consider specialized machineryfor seeding and fertilizing, the use of different sensors to obtain accu-rate information about the terrain and weather, accurate soil analysis,among other aspects, to improve animal production, harvest foragemore efficiently, and reduce environmental impact [5].Specifically, knowing the conditions of the farm helps to define anadequate feeding for the animal [6]. A good combination of forageand soil guarantees optimal results in cattle and dairy farms. Therelationship between the soils of cattle farms, the types of fodder thatare planted on them, and the cattle on the ranch, has recently been usedto define strategies to improve the productivity and sustainability of thecattle sector [7]. In this sense, decisions are necessary on the qualityof the seed, the fertilization plan, the irrigation system, phytosanitarymanagement, weed control, and grazing programming, among otheraspects, as important factors to increase yield forage and nutritionalvalue to improve livestock productivity.An initiative that aims to improve sustainability is PLF through themonitoring of animals in a herd. Examples of PLF are the followingworks. Qiao et al. [8] identified livestock by video, using artificialintelligence techniques such as Neural Networks. In addition, Deniset al. [9] used regularized change-point-estimation and the k-meansalgorithm for a better understanding of the lactation process. Likewise,Achour et al. [10] applied unsupervised automated-monitoring of dairycows’ conduct based on an inertial magnitude unit attached to theirreverses. Finally, Guo et al. [11] identified the animal poses based onbilateral symmetry applied to the measurement of cattle body in pointclouds. All these works have been focused on improving productionby means of PLF. In this sense, PLF is a new approach – based on theuse and development of information and communication technologies– to achieve automatic, accurate, real-time monitoring and analysis ofanimal behavior, which helps the producer to make decisions [12].Previous works on PLF have not taken into account soil variables,which, together with animal activity, could lead to create robust modelsto improve grazing methods, and, as a consequence, to a higher produc-tion [12]. The objective of this work is to combine grazing with animalhealth using the paradigm of autonomous cycles [13]. This paradigmdefines a set of data-analysis tasks for the self-management of a sys-tem. Autonomous cycles of data analysis tasks (ACODAT) provide cattleranchers with tools for decision-making. Examples of the benefits of theuse of ACODAT, in PLF, could be: (i) to maintain a high production ofgood-quality forage for the longest period of time, (ii) to maintain afavorable balance among forage species, (iii) to obtain efficient use ofthe forage produced, (iv) to achieve a profitable livestock production,and (v) to prevent diseases.Each of the above benefits could use the specification of an ACO-DAT. In addition, to achieve these benefits, the beef-production farmsmust have the technology to capture and process the necessary datato build the knowledge models defined in an ACODAT. The maincontributions of this research are the following.

• The use of the autonomous-computing paradigm to define anarchitecture for the self-managing of beef-production farms.
• The ability to integrate various mining techniques (e.g., datamining and process mining) to generate knowledge models of thefarm.
• The definition of several ACODAT – with different goals aboutthe beef-production process – to allow real-time analysis andto help decision-making for sustainable and environmentally-friendly livestock production.
• The integration of multiple variables about soil, animal welfare,pasture, and climate for the analyses.
This is a theoretical proposal that aims to show the feasibility ofusing the ACODAT concept to model PLF. The preliminary results ofsome of the analysis tasks that compose the ACODATs are encouraging.

For example: the ACODAT that supervises the animal fattening processis composed of a task that defines a cattle weight identification modelusing machine learning techniques for the detection of anomalies [14],and a system to diagnose the anomaly in the cattle fattening process inrotational grazing using a fuzzy classification system [15]This article is organized as follows. Section 2 presents related work.Section 3 introduces ACODAT and shows the methodology used in thiswork. Section 4 shows the proposed architecture for beef productionin the context of PLF and, briefly, describes the three autonomic cycles(AC) for the self-management of a beef-production process. After, Sec-tion 5 describes the specification of an AC for self-planning of paddockrotation and its instantiation in a case study. Finally, Section 6 shows acomparison with previous work, and the article ends with conclusionsin Section 7.
2. Related works

With PLF and data-mining tasks, considerable progress has beenmade in the use of tools to – routinely – cover and collect informationfrom animals and farmsteads in a lower laborious manner than before,generating large volumes of data [16]. In what follows, this sectionpresents related works on PLF and grazing with animal health.For the problem of grazing automation and animal health,Segerkvist et al. [17] proposed a method, based on an unmannedautomatic precision-weighing system – that can be used in pastures–, which alert farmers when animals show abnormal weight-gaincurves. This work is – primarily – focused on detecting pasture-bornenematode-parasite infections that reduce calf weight-gain.For the problem of weighing, Feng et al. [18] proposed a dynamic-weighing algorithm, for cows, based on support vector machines andempirical wavelet transforms for classification. The dynamic-weightcurve is obtained using a weighing device placed along a cow travelcorridor, and data is preprocessed using signal acquisition, featureextraction and normalization techniques. The results are divided intothree levels during the movement: low, medium and high. Finally,recently, a model of normal weight identification in cattle was de-signed [14].In addition to automatic weighing, monitoring is also important —as many operations are performed manually in livestock farms. Junget al. [19] proposed a livestock-tracking system based on Wireless Sen-sor Networks. The livestock-tracking system can monitor farm animalsusing the Internet of Things (IoT) and cloud platforms. Through a collaron the neck of an animal, using IoT equipment, the system monitorsthe activity of the livestock. Fuentes et al. [20] proposed an artificial-intelligence system to increase milk quality by reducing heat stress.Particularly, rising global temperatures and climatic anomalies, suchas heat waves, are affecting heat-stress levels of farm animals. Theseimpacts have detrimental effects on the milk quality and productivityof dairy cows. Fuentes et al. argued that their system allows to –automatically – assess animal welfare, productivity and milk quality.A task in monitoring is tracking. To solve this problem, Vayssadeet al. [21] proposed a method to process images, taken by a commercialdrone, to automate the tracking of animal activities. Their method,automatically, detects goats from images and tracks their activity usinga combination of thresholding and supervised-classification methods.In another work, using drones, Li et al. [22] deployed a cluster of Un-manned Aerial Vehicles (UAV) to – autonomously – track and monitorlivestock – such as cattle and sheep – in a pasture. Li et al.’s goalwas to find the optimal deployment of UAV to minimize the averageUAV-Animal distance, using a standard k-means clustering algorithm.In another work using images, Benze et al. [23] designed and imple-mented a computer-vision system for cow individual food-intake mea-surement, based on deep Convolutional Neural Networks, and a low-cost RGB-D (Red, Green, Blue, Depth) camera. Timmerman et al. [24]designed a multi-layer monitoring support system to help the poultryfarmer. The multi-layer support system consists of a static system for
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flock observation (an existing PLF technology), and robot(s) to observebird health and behavior, in order to perform daily routine tasks.Finally, Germani et al. [25] designed and implemented an IoT ar-chitecture to continuously monitor livestock, in barns, during grazing.Germani et al. adopted the LOng RAnge (LoRa) low-power wide-areanetwork (LPWAN) technology to cover diverse environments, and asuitable configuration of web services to perform data storage, analysisand visualization.All the previous works above focused on monitoring or capturinganimal behavior; however, in the case of grazing, they did not usesoil data. Similarly, they did not combine animal welfare with pastureintake. These limitations were also highlighted in a recent systematicliterature review [12]. To overcome such limitations found in previousworks, this article focuses on the use of soil variables for optimaldecision-making on grazing and autonomous beef production.
3. Autonomous cycles of data analysis tasks

This section presents a background on data-mining tasks in PLF andACODAT.
3.1. Definition of ACODAT

Autonomous computing is a paradigm in which the computing sys-tem as a whole offers much more capabilities than the sum of its parts,with self-management capabilities to adapt to its environment [26].Autonomic cycles of data analysis tasks (ACODAT) have been definedby Aguilar et al. [27–29] as a set of data analysis tasks that act au-tonomously to supervise and/or control a process. These Data Analysistasks are based on knowledge models (e.g., prediction, description,diagnosis, among others), and they interact and interrelate with eachother according to the objectives of the cycle. Each data analysis taskhas a different function: (i) to observe the process, (ii) to analyze andinterpret what is happening in the process, and (iii) to make decisionsto improve the process.ACODAT has been used in different domains; for instance, in smartclassrooms [27,29] and Industry 4.0 [30–32]. These works based onACODAT present a different way of introducing the autonomous com-puting paradigm in smart classrooms and in industry 4.0 to previousworks [33–35], since ACODAT is based on data analysis tasks that canbe self-managed.ACODATs are designed using the Methodology for the development ofdata-mining applications based on organizational analysis (MIDANO) [36].MIDANO integrates data analysis tasks into a closed-loop that can solvecomplex problems. In this sense, it is essential to integrate data-analysistasks in a consistent way to generate strategic knowledge useful toachieve business objectives. A detailed description of the function, ofeach task category, in ACODAT, is explained in what follows.
• Monitoring: Tasks responsible to observe the monitored system.These tasks must capture data and information about the behav-ior of the system. In addition, these tasks are responsible fordata preparation (e.g., preprocessing and selection of relevantfeatures) for the following steps.
• Analysis: These tasks interpret, understand and diagnose whatis happening in the monitored system. Particularly, these tasksallow building knowledge models from the dynamics observed inthe system, oriented to know what is happening in the system.
• Decision-making: These tasks define and implement the necessaryactions, based on previous analysis, to improve or correct thefailures of the monitored system. Thus, these tasks affect thedynamics of the monitored system. The effects of the decision-making tasks are evaluated by the monitoring and analysis tasks,restarting a new iteration of the cycle.

The development of these specialized tasks (Monitoring, Analysis,and Decision-Making) depends on the context. For example, if onewishes to develop data-based models for diagnosing or predicting be-havior, one can use the ‘‘Cross-Industry Standard Process for DataMining’’ (CRISP-DM) methodology. On the other hand, if one wishesto develop a decision-making model using expert knowledge, one canuse the ‘‘Knowledge Discovery in Databases’’ (KDD) methodology. InSection 6.2, we present a discussion about it.In this work, we will propose a PLF approach based on ACODAT. Itis the first time that ACODAT has been applied to PLF, in a deploymentenvironment as broad and complex as farms with cattle rotation. Inaddition, it is the first time that ACODAT has been proposed in acontext with a great diversity of data sources (see Section 4.2), whichhas a large number of sensors to be considered.
3.2. Methodology to develop ACODAT

The methodology used in this work is MIDANO [36]. MIDANO isused to develop data-mining applications based on organizational anal-ysis. MIDANO is designed to develop applications based on ACODAT.MIDANO consists of three phases.Phase 1. Identification of the sources of knowledge in an organi-zation: The main objective of this phase is to know the organization,its processes and its experts, in order to define the objective of theapplication of data-analysis techniques in the organization. In addition,in this phase, a specification of the ACODAT to be developed is made.Phase 2. Data preparation and processing: This process is based onthe extraction of data from its sources, transformation of the data, andthe load of the data into the AC data warehouse. To carry out thisprocess, a feature engineering process is carried out in order to selectthe main variables of the studied process. Finally, a mineable view iscreated, which is composed of the description of all the variables ofinterest.Phase 3. Development of the ACODAT: This phase aims to imple-ment the different data analysis tasks of the ACODAT, which generatethe required knowledge models (e.g., predictive models and descriptivemodels). This phase ends with the implementation of a prototype ofeach AC. During this phase, experiments are performed to validate theknowledge models generated by the data-analysis tasks.In this research, MIDANO has been used for the definition of ACO-DAT to improve the production process of a beef farm. The data sourcesanalyzed were animal-weighing history, animal welfare, soil quality ofeach paddock, climate, temperature, pastures, paddock rotations, andsale and purchase price of animals. Table 1 summarizes the use ofMIDANO in this work.
4. Proposed architecture

This section presents the proposed architecture for beef productionbased on PLF. This is one of the main contributions of this work.
4.1. General architecture

In this research, we propose an architecture for beef production inPLF (see Fig. 1), based on the Autonomic-Computing Paradigm [26,37].This paradigm is an essential element that guarantees the autonomyand adaptability of the production process. Autonomic properties, like(i) self-configuration, (ii) self-planning, and (iii) self-optimizing, aredeveloped to endow autonomy in the production process. This architec-ture has four layers: (i) monitoring, (ii) network, (iii) data processingand (iv) business; these layers are described below.
1. Monitoring: This layer captures soil, water, animal behavior andclimate variables through IoT-based sensors. After, data is storedin a cloud server. This layer can be extended by allowing the ef-fective integration of new types of sensors [38]. Some examples
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Table 1Use of MIDANO phases in this work.Phases Use

Phase 1 Analysis of grazing and animal-health management process. For that, this research proposes several ACODATs to improve the beef-production process.Phase 2 Identification of data sources (e.g., pasture, soil, animal weight) and definition of the multi-dimensional data modelPhase 3 Implementation of the ACODAT for the beef-production process. This paper presents the instantiation of one of them.

Fig. 1. Autonomic architecture for a beef-production process based on PLF.
of variables captured directly by the sensors, or derived fromthe sensed data, are the amount of forage per paddock, amountof quality forage per paddock, amount of water in the drinkers,amount of rain per day, movement of animals, pasture yield,among others.2. Network: This layer is in charge of communication between thesensors and the server in the cloud.3. Data management: This layer stores, verifies, pre-processes, andprotects data. These data will be made available to the beeffarmer.4. Business: This layer is in charge to improve the beef-productionprocess using ACODAT for decision-making. Particularly, dataanalysis tasks based on everything-mining techniques generateknowledge for the automation of the beef-production process(see the Reflexive Layers in Fig. 1) [30]. Thus, the analyticaltasks generate useful information. Some examples of decisions orinformation that will be obtained in this layer are: the optimalstocking capacity per paddock supported by the livestock farm,detection of animal diseases, forage status per paddock, animal

welfare, and weed detection. In addition, the architecture has analert system – in the reflexive layer – used autonomously by thetasks that require alerts.
The next sections explain in detail the ACODATs we are proposingfor holistic management of the entire beef production process, and acase study to explain in detail the implementation of the data analysistasks for one of them.

4.2. ACODAT in beef production
This section deals with AC design for the beef-production process.We propose a system of ACs (named ACPLF-000, see Fig. 2) composedof three ACODAT: (i) preparation of the circuits, (ii) animal fattening,and (iii) animal purchases. ACPLF-000 allows the (i) self-management,(ii) self-planning, and (iii) self-supervision of the production process.The goal of ACPLF-000 is the self-planning of the rotational grazingin the process of beef production. Specifically, the objective of each ACof ACPLF-000 is the following.
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Fig. 2. ACPLF-000: AC design for the beef-production process.
Table 2Description of the tasks of ACPLF-001. Abbreviations: DB = Data Base.Task name Knowledge models Data sources

1. Determine the best seed for a specific paddock. Recommendation model Farm DB (Sensor data), Seed-sale website2. Determine the amount of weeds Detection model Farm DB (Drone Data)3. Determine the fodder for each paddock. Detection model Farm DB (Drone Data)
4. Determine how many animals can be in the pasture depending on the forage(Carrying capacity for paddock). Estimation model Farm DB (Sensor data, Drone Data)

ACPLF-001 (Circuit preparation): This is in charge to preparepaddocks. As an example, to verify the state of: (i) drinking troughs, (ii)electric fences, (iii) pasture capacity, and (iv) animal-carrying capacityper circuit.ACPLF-002 (Animal purchase): This is in charge (i) to select thebest supplier (i.e., another livestock farm or livestock auction), and (ii)to select the animal lot with the best characteristics.ACPLF-003 (Animal fattening): This is in charge to manage theanimal’s fattening process. This cycle carries out the tasks of (i) animalweighing, (ii) animal vaccination, (iii) definition of the forage capacityper paddock, (iv) equipment verification, and (v) rotation; dependingon the planning process. As an example, if an animal reaches a weightgreater than 450 kg, then this animal is moved to lots – with specialpastures – for its fattening completion.These three ACs can be executed – in parallel – when there is aproduction in process, and – in series – when a new production isstarted. As an example, when a new production is started, it is necessary(i) to prepare the land, (ii) to wait for the grass to grow, (iii) to measurethe forage to calculate the stocking rate, (iv) to purchase the animals,and, finally, (v) to monitor their fattening.
4.2.1. ACPLF-001 specification: Circuit preparationThe aim of this AC is to verify and configure the process of beefproduction based on the objective of efficient production. Mainly, thiscycle is composed of three tasks (see Fig. 3).The first task, named the Forage task, is in charge to recommendgrass seeds based on the soil characteristics of each paddock. The sec-ond task has two subtasks, the first subtask is in charge to detect weedsto determine in which paddock and with what intensity the weedsare found, and the second subtask must calculate the forage capacity

per paddock. Finally, the last task estimates the animal carrying perpaddock. Table 2 shows the general description of each task of this AC.Task 1. Determine the best seed for a specific paddock: This taskis a grass-seed recommendation model that uses the soil sensors of thepaddocks. This task captures the physicochemical variables of the soil,and, after, it determines which is the best seed to sow depending onthe need and type of paddock. Examples of the types of paddocks are(i) quarantine, (ii) fattening and (iii) finishing. In addition, in this task,the attributes and prices of each seed are reviewed on specialized seedwebsites.Task 2. Determine the amount of weeds in each paddock: This taskdetects the amount of weeds in the paddock (e.g., using images of thepaddocks).Task 3. Determine the fodder of each paddock: This task de-termines the weight of grass (biomass) per paddock (e.g., using im-ages of the paddocks). Biomass is a fundamental input to calculateanimal-carrying capacity.Task 4. Determine Carrying capacity per paddock: This task de-termines how many animals can be, in the pasture, depending on theforage. This task invokes an optimization system that defines howmany animals each paddock can support. This system uses variablessuch as climate, forage capacity, pasture type, pasture quality andanimal welfare (e.g., percentage of shadow, water availability and feedsupplements per paddock).ACPLF-001 configures the initial conditions for the process of an-imal fattening on the farm. ACPLF-001 computes initial parameters,such as the number of animals per paddock and pasture inventory.
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Fig. 3. ACPLF-001: Circuit preparation.

Fig. 4. ACPLF-002: Animal purchase.
Table 3Description of the tasks of ACPLF-002. Abbreviations: DB = Data Base.Task name Mining techniques Data sources

1. Determine the best supplier Classification model Social network, Cattle-auction website, Farm DB2. Determine the best herd of animals Classification model Social network, Cattle-auction website, Cameras
4.2.2. ACPLF-002 specification: Animal purchaseThe objective of this AC is the selection of suppliers and lots of cattlefor purchase. This cycle is composed of two tasks (see Fig. 4). Table 3shows the data sources used, in this AC, for each task.Task 1. Determine the best supplier: This task ranks the best cattlesupplier using different criteria such as (i) location, (ii) price, (iii)healthy-animal history and (iv) delivery time.Task 2. Determine the best herd of animals: This task uses a modelthat estimates the quality of livestock using different data sources. Asan example, this task can estimate (i) breed-purity percentage, (ii) bestanimals and (iii) health condition.ACPLF-002 is in charge (i) to select the best animal suppliers (usingthe score of a supplier in the system), and (ii) to select the best herd ofanimals for purchase (considering season and market prices).

4.2.3. ACPLF-003 specification: Animal fatteningThis AC is in charge to monitor animal’s fattening by performing(i) animal weighing, (ii) animal vaccination and (iii) animal rotation(see Fig. 5). In this AC, there is a planning process of animal rotation,depending on different characteristics, such as (i) forage, (ii) climate,(iii) animal health, (iv) soil and (v) season. Table 4 shows data sourcesused, in this AC, for each task.Task 1. Weighing task: This task uses the history of the previousweighing and estimates cattle weight and health status.Task 2. Vaccination task: This task is based on a prescriptive modelto determine the actions to follow in the vaccination plan (includingdeworming and vitamins). The main objective of this task is to reducecosts and improve profits.Task 3. Rotation task: This task uses data from sensors locatedthroughout the farm, and other data sources (e.g., images of the farm,
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Fig. 5. ACPLF-003: Animal fattening.
Table 4Description of the tasks of ACPLF-003. Abbreviations: DB = Data Base.Task name Mining techniques Data sources

1. Weighing task Estimation model Farm DB2. Vaccination task Prescriptive models Farm DB3. Rotation task. Assignment model Farm DB
Table 5Predictions generated by the weighting task.Lot Id Animal Id Age Weight Predicted weight

L20-034 00732 1,5 330 327L20-034 00733 1,6 320 319L20-034 00734 1,6 300 325L20-034 00735 1,4 340 338
Table 6Prescription generated by the vaccination task.Lot Id Animal Id Prescription

L20-034 00734 Anti-partisanL20-034 00734 Genabilic acidL20-034 00734 Mineralized salt

climate, pasture type and animal-welfare variables), to assign the bestpaddock available for weight gain.
4.2.4. Data modelThe multidimensional data model, for the previous ACs, is definedin this section.Fig. 6 describes the multidimensional data model required by theACODAT for smart farm management. Each dimension represents andcharacterizes each information source (animal, paddock, etc.) necessaryduring the management process. The data model in Fig. 6 includes datafrom different sources, specifically, from farm databases (e.g., livestock-inventory systems), climate data obtained from the Internet, and sensordata captured in the monitoring layer that are in cloud servers, among

others. Data from each source is included in a different dimension inthe data model, according to its characteristics. The dimensions are thefollowing.Weather dimension: Contains weather data; for instance, tempera-ture and the amount of water on the farm.Paddock dimension: Stores data of the paddocks on the farm; forinstance, area and forage capacity.Soil dimension: Stores soil data; for instance, physicochemical vari-ables of each paddock.Animal dimension: Stores animal data; for instance, weight, breedand age.Lot dimension: Stores data of the batches of animals that are in theprocess of fattening.Grass dimension: Stores the data of the pasture; for instance, itstype, maximum height and minimum height.In general, data is extracted from different sources following dif-ferent strategies. For example, when they are extracted from farmdatabases they follow a traditional data extract-transform-load ap-proach, when they are extracted from the Internet is used a naturallanguage processing approach, and so on for the rest of the sources.Then, they go through a phase in the data management layer that isin charge of data pre-processing, which includes data cleaning andnormalization, the elimination of invalid and atypical data, amongother things, and culminates with a feature engineering process thatallows determining the variables required for the construction of thedifferent knowledge models of the ACODAT data analysis tasks.
5. Case study: ‘‘El Rosario’’ cattle farm

For this case study, this section presents the experimental contextand the instantiation of ACPLF-003 (Animal monitoring).
5.1. Experimental context

In this case study, we used data from ‘‘El Rosario’’ cattle farm,located 5 km from the city of Monteria, Colombia. This farm focuses
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Fig. 6. Multidimensional model.
Table 7Assignment model generated by the rotation task.Lot ID Quantity of animals Average weight Date in Date out Paddock Occupancy time Resting time

L20-034 28 300 4/01/20 8/01/20 P045 4 45L20-034 28 303,6 8/01/20 12/01/20 P048 4 35L20-034 28 305,4 12/01/20 14/01/20 P049 2 36L20-034 28 307,2 14/01/20 16/01/20 P050 2 37L20-034 28 309,9 16/01/20 19/01/20 P055 3 38L20-034 28 311,7 19/01/20 21/01/20 P052 2 39L20-034 28 314,4 21/01/20 24/01/20 P059 3 45L20-034 28 316,2 24/01/20 26/01/20 P060 2 30L20-034 28 318 26/01/20 28/01/20 P065 2 35
on beef-production with fattening cattle. The farm is certified in goodcattle-raising practices by the Colombian Agricultural Institute (in Span-ish, ICA) [39]. The farm is on the road to obtain the Rainforest Alliancecertification. Rainforest Alliance is an international non-governmentalorganization that works to conserve biodiversity and ensure sustainablelivelihoods [40].To illustrate the functionality of ACPLF-000, this case study dis-cusses ACPLF-003, in an animal monitoring process, according to thefollowing scenario. The cattle farm has 18 lots of animals with anaverage of 45 animals per lot, equivalent to 810 fattening animals.These animals begin their fattening process with an average of 300 to350 kg, with an average age of two years old. The animals must arriveto the slaughterhouse with an average of 450 to 550 kg, in a maximumof 14 months of fattening (which means they gain an average of 20 kgper month).In the process of weight gain, the farmer must have enough food,water and nutrients to meet the weight gain demands required bythe market. The fattening process requires a constant monitoring ofdifferent variables; for instance, climate, forage, animal weight andanimal health. During the 14 months of fattening, the farmer, basedon his experience and the advice of a veterinarian, or when necessarydue to any eventuality that may arise during the process (e.g., infec-tion, worms or skin cuts), vaccinates – frequently – the animals withantiparasitics, gives vitamins.During the fattening, decisions are also taken about the paddocks,and the batch of animals that should be moved to based on the farmer’sexperience. The farmer chooses, empirically, which paddock should beoccupied or not depending on (i) forage capacity, (ii) watering capacity,and (iii) which paddock has shade to improve animal welfare.
5.2. Instantiation of ACPLF-003: Animal fattening

The instantiation of ACPLF-003 must consider, for instance, dis-ease detection, vaccination plan, paddock availability and climate. The

Table 8Comparison with previous works.Criterion 1 Criterion 2 Criterion 3 Criterion 4
[17] % ! ! %[18] % ! % %[19] % % % %[20] % ! ! %[21] % % ! %[22] % % ! %This work ! ! ! !

following steps describe how ACPLF-003 is instanced for this casestudy.Task 1. Weighing task: The first task is to – automatically – de-termine the weight of cattle, for which a prediction model is used.The prediction model is built with historical data found in the farm’slivestock software. The prediction model also uses variables such as (i)breed, (ii) age, (iii) sex, (iv) climate, (v) temperature and (vi) pasturequality to explain an increase or decrease in weight. In what follows,two cases of this task are presented.
• Case 1: An animal weighs 340 kg. The model estimates that itshould have gained 338 kg. In this case, Task 2 would not beperformed, since the animal gained the desired weight gain.
• Case 2: An animal weighs 300 kg, but the model estimated that itshould have gained 325 kg, as presented in Table 5 (see AnimalId 00734). Since the conditions were favorable for weight gain(e.g., quality of pasture and climate), in this case, a warning to thefarmer is generated so that he can take the appropriate decisions.
Task 2. Vaccination task: The second task uses a prescriptivemodel, which is built with the (i) farm’s historical data, (ii) websitesselling animal-feed supplements, (iii) animal medications, and a (iv)database of bovine diseases or parasites. The prescriptive model is
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activated depending on the weight gain/loss in the first task. As anexample, in the second case, presented in Task 1, an animal weighs300 kg and Task 1 estimated that it should weight 325 kg. Thiscondition would invoke the prescriptive model to define a nutritionplan with vitamins or other supplements, as presented in Table 6.Task 3. Rotation task: In the third task, the system will use anassignment model that uses environmental data to make an intelligentplanning about where it is best to move a batch of animals. Theassignment model takes into account (i) the quality of pasture, (ii)resting times, (iii) occupation, (iv) climate and (v) animal welfare(e.g., percentage of shade and access to water). Thus, this task willassign the best paddock to move the batch of animals to maximizemeat production based on a self-planning scheme. As an example, theassignment model of Table 7 shows the planning of animal rotation(to which paddock to rotate), the duration of the occupancy, and theresting times of the paddocks.
6. General analysis
6.1. Comparison with previous works

In this section, we propose criteria to analyze beef-production au-tomation in the context of PLF. The criteria that have been consideredare desired aspects in PLF. For example, carry out everything-miningto exploit the available data. Also, automate the entire beef productionprocess, considering the variables that directly or indirectly affect theanimal, such as the pasture. On the other hand, the third criterionpoints to a holistic vision of the problem that must consider therelationship between soil, forage and animal. Finally, the possibilityof adding aspects of environmental sustainability to model the beefproduction process, in order to assess its benefits, is a very importantelement to consider. These general criteria are within the scope of thePLF and are aspired to be achieved. In this section, we have focused ondetermining whether the works comply with some of these aspects, andnot on how they methodologically do so. Next, we make a comparisonof this work with previous works based on these criteria.Criterion 1: The entire beef-production process is automatized.Criterion 2: Everything-mining techniques are used in the produc-tion process.Criterion 3: Grazing and animal welfare are analyzed together.Criterion 4: Efficient and environmentally-friendly production isconsidered.In Table 8, a qualitative comparison with related works is made,based on previous criteria (!means the work meets that criteria and
%means it does not).As shown in Table 8, related papers did not satisfy all the criteria.Specifically, in criterion 1, this research allows, by means of ACs,the automation of the whole production process. For this automation,paradigms such as multi-agent systems need to be used, in conjunc-tion with the ACODAT architecture, to model the entire productionprocess [41].For criterion 2, Segerkvist et al. [17] and Feng et al. [18] workedon the estimation of animal weight based on data mining. The basisof our proposal is an autonomous decision-making through data, withknowledge extracted from animal production. Thus, this work is basedon everything-mining techniques.For criterion 3, Segerkvist et al. focused on the detection of in-fections that reduce weight gain, something fundamental for animalwelfare. In addition, Fuentes et al. [20] focused on animal welfare,specifically, in the reduction of heat stress by providing an automaticevaluation of animal welfare. Jung et al. [19] used wireless sensornetworks, to monitor farm animals, using IoT equipment and cloudplatforms. Vayssade et al. [21] and Li et al. [22] worked with dronesfor farm-data capture and monitoring tasks. Vayssade et al. used imageprocessing for animal activity detection, and Li et al. used drones toautonomously track and monitor livestock. This proposal takes into

account animal-welfare, soil, and pasture to perform rotations, in ad-dition, this proposal includes a prescriptive model to improve animalhealth.Finally, for criterion 4, this proposal meets the criterion of efficientand environmentally-friendly production because the farmer can knowwhat is the maximum number of animals per season that can supporther/his farm. This reduces greenhouse gases, and makes the farm moreproductive and sustainable.
6.2. Discussion of preliminary results

As mentioned before, in this work, the theoretical design of severalACODATs for self-management of the beef production process has beenpresented. However, the development of some of the tasks defined inthese ACODATs have been carried out in previous works. For example,the ACODAT responsible for the animal fattening supervision processhas two tasks, the detection of abnormalities in the fattening processand the diagnosis of what may be happening in the animal. Both taskshave already been carried out in previous works, with very stimulatingresults.For example, the task that defines the animal fattening identificationmodel was performed in [14], which allows the detection of anomaliesin cattle weight gain over time. For the development of this task, theCRISP-DM methodology was used. In that work, the performance ofvarious machine learning techniques was compared, and an outlierdetection process was performed to identify outlier weights. In general,the results showed a performance with an average Mean Absolute Error(MAE) of 5.4 kg, which is quite good for cattle weights of the order of400 kg.Regarding the task to diagnose the anomaly detected in the fat-tening process of cattle in rotational grazing, a fuzzy classificationsystem was used in [15]. For the development of this task, the KDDmethodology was used. The fuzzy classifier uses the fuzzy reasoning todetermine the current situation before a given input and the geneticalgorithms to optimize the rules to improve diagnosis. The results ofthe tests carried out indicate that the quality of the fuzzy classificationsystem is very good. The value of the Area Under the Curve thatmeasures the sensitivity and specificity of the system is 1 (indicatesa precision of 100% in the diagnosis); and the certainty of the rules itoptimizes (determines the average degree of their firing), in the end,have a value of 0.85, which is very good.Specifically, this paper shows the implementation of the autonomousself-planning cycle as the first step toward semi-autonomous productionprocesses, in the context of PLF. The described autonomous cyclewas methodologically detailed using MIDANO, to achieve the desiredresults. This means that this AC achieved the designed objectivesof animal-rotation planning, aiming to incorporate autonomy in thebeef production process. The preliminary results indicated in thissection show the viability of our proposal, and motivate the futuredevelopment of all the ACODATs defined in this work.
7. Conclusions and future work directions

This paper presents an architecture to integrate and inter-operateactors in the context of PLF. The architecture combines multiple vari-ables; for instance, soil, animal welfare, pasture, climate. The proposedarchitecture uses ACODAT and proposes several ACs to give autonomyto the beef-production process. In addition, this article shows theinstantiation of an autonomous self-planning cycle as the first steptowards efficient and effective beef-production processes.Other results of this research are (i) the use of environmentalvariables to make decisions on optimal grazing, (ii) the ability touse everything-mining techniques to improve the knowledge of thesystem and decision-making processes (.e.g., data mining, text miningand web-mining techniques), (iii) real-time analysis for a sustainableand environmentally-friendly livestock production , and (iv) use of
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PLF and PAF combined and managed by CAs capable of adapting tothe beef production process. Thanks to the concept of ‘‘autonomousdata analysis cycles’’, the model can self-adjust to new environmentalconstraints, as well as to growth/decrease in forage demand, amongother events. For this purpose, several data analytics techniques areused, which autonomously work to make decisions.Particularly, the case study shows that everything-mining tech-niques are needed to address self-planning in rotational grazing. Thiscase study serves as a guide to incorporate self-management in a beef-production process. Finally, the implementation of this case study willallow us to evaluate the impact of this self-management approachof beef-production processes, in the context of PLF, based on theautonomous-computing paradigm and everything-mining techniques.Future work is aimed to implement this framework in a simulatedenvironment to verify the functionalities of this solution. In this sense,we plan to use historical data of ‘‘El Rosario’’ Cattle Farm to develop thedifferent data-analysis tasks (e.g., to determine weight gains or lossesin the rotation of animal flocks). Another important future work is todevelop specific ACs to evaluate autonomic processes to configure andreconfigure a livestock farm, in the context of PLF, according to thisarchitecture.Finally, one of the biggest challenges to implement this type ofsystem is the cost associated with the sensors for data acquisition. In ad-dition to the optimal distribution of these sensors, Internet connectivityand stable electricity-flow on the farm are big challenges. Future studiesshould analyze these uncertain aspects and how to consider them in theproposed architecture.
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Abstract—Cattle raising is an important economic activity,
where livestock entrepreneurs keep track of their production
and investment costs, to measure production and business prof-
itability, based on cattle weighing. However, it is complicated
for the farmer to detect if the animals they are weighing have
gained the right weight. This paper proposes a framework to
identify the fattening process, which can be used to detect
anomalies in cattle weight-gain over time. This framework used
records of animals raised and fattened at ”El Rosario” farm,
located at the municipality of Monterı́a (Córdoba-Colombia),
to identify the fattening process. The performance of four
machine-learning techniques to identify the ideal weight from
real data was compared. The algorithms used were Decision Tree
(DT), Gradient Boosting (GB), regression based on K-Nearest
Neighbors (KNN), and Random Forest (RF). In addition, an
outlier-detection process was performed to identify anomalous
weights. In general, the results showed that the DT model was the
one with the best performance with an average Mean Absolute
Error (MAE) of 5.4 kg.

Index Terms—Identification system, Machine learning, Preci-
sion Livestock Farming, Anomaly detection

I. INTRODUCTION

The goal of anomaly detection is to detect abnormal or
atypical behavior within a system. Weight and weight gain
are two of the most frequently analyzed traits in cattle [1].
Knowledge of the weight of cattle is considered of great
importance in (i) growth-evaluation processes, (ii) feeding of
different categories of animals at different times of the year,
(iii) formation of homogeneous groups according to weight
and/or size, (iv) in the use of available food resources, and (v)
in observation tasks. In general, the farmer detects which of
her/his animals are gaining and/or losing weight based on the
experience she/he has with the breed and its performance on
the farm.

Rodrigo Garcı́a is supported by a PhD grant financed by Universidad EAFIT

Machine-learning techniques have been used in cattle breed-
ing for early detection of lameness, and efficient identification
of which heifers will be able to breed successfully. Machine
Learning has also been used to help farmers to properly
allocate resources on their farms and increase production
efficiency [2].

Identification techniques propose an approximated model of
a real system, based on linguistic or mathematical expressions,
or an algorithm [3]. System Identification is quite a mature
area that has had an interesting and productive development
[4], but many problems remain. One of these problems is the
definition of simple Models for Control Tuning and Perfor-
mance Monitoring [4]. In this paper, it is the farmer’s decision
to improve paddocks and rotations or to detect animals with
anomalies based on cattle weights (animals that did not gain
the weight they should have gained).

This paper presents an automated identification-system ap-
proach based on regression algorithms with the predictors
of gender, age and animal breed. Particularly, the response
variable is the weight of the animal, describing the pasture-
based fattening process in real-time. This approach is used
to detect anomalies and could be a valuable tool for decision
making in beef or milk production processes, for example.

This work is organized as follows. Section 2 introduces the
Theoretical Framework used in this work. Section 3 shows
an approach to identify whether the animals are sick or there
are low-productivity paddocks on the beef-production process.
After, Section 4 describes the experiments. Finally, Section
5 presents the conclusions and future works related to the
obtained results.
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II. RELATED WORKS

For PLF, considerable progress has been made in the use
of tools to routinely monitor and collect information from
animals and farms, in a less laborious manner than before,
generating large volumes of data [5]. In what follows, this
section presents the related works on PLF for the detection of
anomalies in the production process.

A. Anomaly detection in animal welfare

Sai et al. [6] collected the environmental temperature, hu-
midity, illumination and body-surface temperature of cattle in a
barn, to develop an artificial-intelligence model that estimates
the deep-body temperature of cattle without contact. Thus, the
estimation reached the detection of anomalies, in cattle health,
by collecting data on the actual environment of the cattle.

Haladjian et al. [7] detected abnormalities in a cow’s gait
pattern as a possible indicator of lameness. The detection is
carried out by means of a portable motion sensor placed on
the cow’s left hind leg. They built an individual model of a
cow’s usual gait pattern during the first few minutes of use
and detected deviations from this model afterward. They were
able to detect deviations in the cow’s gait with an accuracy of
91.1%.

Wagner et al. [8] conducted a study on dairy cows, in which
their activities were captured by an indoor tracking system and
considered as time series. The state of cows (diseases, stress,
no problem) was manually labeled by animal caretakers or by
a sensor for ruminal pH (acidosis). They used Fourier-based
method to detect anomalies in time series.

Chung et al. [9] proposed a data-mining solution for the
detection of oestrus, using sound data of Korean native cows
(Bos taurus coreanea). They extracted the mel frequency cep-
strum coefficients from sound data with a feature-dimension
reduction, and used a support vector machine as an early
anomaly detector. Results showed that this method can be
used to detect oestrus both economically (even with a cheap
microphone) and accurately (over 94% accuracy).

Kramer et al. [10] developed a fuzzy-logic model for clas-
sification and control of lameness and mastitis, in cows, using
data of the Futterkamp dairy-research farm of the Schleswig-
Holstein Chamber of Agriculture. Disease alerts, by the fuzzy-
logic model, were generated using the variables milk yield,
dry-matter intake, dry-matter intake behavior (number of visits
at the feeding trough, time spent at the feeding troughs), water
intake, activity and information about preliminary diseases as
input data.

B. Anomaly detection in farm equipment

Park et al. [11] proposed a mechanism to detect anomalies
in pig house equipment through a recurrent neural network
learning model using data from sensors and environmental
controllers. To predict malfunctions of each equipment, when
something goes wrong with the sensor, they use the difference
between the predicted value and the measured value.

C. Anomaly detection in animal behavior

Cai et al. [12] developed a monitoring system based on
passive infrared detection is proposed to analyze daily-hog
activity and abnormal behaviors. Data for 90 days (day and
night) were collected in a hog room to establish the model of
daily activity. To find the abnormal behaviors during the night,
k-means clustering was used.

Calera et al. [13] presented two approaches about infor-
mation services based on multi-source info, being DEIMOS-
1 the major satellite contributor. The first approach is based
on in-depth monitoring of the crop phenology, characterized
by means of the weekly Normalized Difference Vegetation
Index. The second approach is focused on drought and other
anomaly detection in crops and pastures. For pastures, a spe-
cific module has been designed to detect drought occurrence
by comparing current Normalized Difference Vegetation Index
values with historical ones. Besides, they detected maximum
livestock stocking rate and need of supplementary feeding and
overstocking risk.

In this work, we detect anomalies in weight gained, using
an identification model of the cattle fattening process based
on rotational grazing. The identification model is based on
regression techniques that determine the weight that cattle
should have been gained after a rotation. In case this value
is higher or lower than the actual weight of the animal, it is
marked in the system as an anomaly.

III. THEORETICAL FRAMEWORK

A. Precision Livestock Farming

Precision Livestock Farming (PLF) uses biometric sensors,
artificial intelligence, big data and blockchain technologies.
Biometric sensors include invasive or non-invasive sensors that
monitor an individual animal’s health and behavior in real-
time, allowing producers to integrate this data for population-
level analysis [14]. Real-time information from biometric sen-
sors is processed and integrated by big-data analytics systems
that rely on machine learning and statistical algorithms to
classify large data sets to provide producers with relevant
trending patterns and decision-making tools [14].

The main objectives of PLF are: (i) to identify the most ap-
propriate livestock feeding, (ii) to reduce environmental impact
through efficient resource management, (iii) to manage crop
processes to make a perfect synergy with livestock feeding,
(iv) to ensure food safety through traceability (documentary
record from production to consumption) of products, and (v)
to improve animal health and crop efficiency [2].

One of the challenges of Precision Livestock Farming is to
use different machine learning models to automate production
processes. This implies seeking correct modeling strategies
(e.g., using multi-agent systems [15], [16]) and integration
of machine learning models (e.g., using the concept of au-
tonomous cycles of data analysis tasks [17]).

B. System identification

The distinguishing features– as well as the bulk of efforts
in System Identification– can, somewhat simplistically, be
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described as to define models ŷ(t|Θ) suitable to describe linear
and nonlinear dynamic systems [4]. This can be summarized
as a black box, where we can only observe the change of the
output due to the change of the input [18], [19]. The goal of
an identification system is to find a simple description of the
observed behavior. If we have not some idea of what might be
in the box, the identification task is more difficult; this means,
it is harder to find a description of the data obtained. In real
situations, what is usually done is to try a finite number of
experiments and increase the complexity of the model more
and more, until the resulting data are explained or justified.

For the definition of an identification model, there are
several techniques in the literature. Fuzzy logic [3], [20],
evolutionary algorithms [21], [22] and bio-inspired algorithms
(e.g., artificial neural-networks and artificial immune-system
[23]) approaches have been used. In this paper, a regression
scheme will be used. Regression is the process of learning the
relationship of input space X and output space Y by adjusting
parameters of a mathematical function f : X → Y , so that
the error between the model forecast and the real data is
minimized [24].

Often used Regression algorithms are, for instance, gradi-
ent-boosting regressor, adaboost regressor, linear regression,
regression trees, among others [25]. Such models require a
hyperparameter-optimization process. Usually, the alternatives
for hyperparameter optimization are grid search or random
search. With these approaches, a defined area of the hyper-
parameter space is explored. While random search examines
a random combination of hyperparameters, grid search exam-
ines all parameter constellations with a fixed step size [24].
Research results have shown that the optimization result of
random search is, in most cases, as good as that of grid search
[26], and random search is usually faster.

C. Anomaly detection

Anomaly detection refers to the task of identifying rare
observations, which differ from the general distribution of
the data at hand [27]. Anomaly-detection approaches have the
potential of summarizing the status of a multivariate system
with a singular quantitative indicator, that’s is typically called
Anomaly Score [28]. Anomaly detection has been successfully
applied in various areas of science, such as fraud detection
[29], biomedical engineering [30], the oil and gas industry
[31], and monitoring of rotating machinery [28], among others.

There are different strategies for anomaly detection. In this
paper, we use an isolation forest approach. Isolation forest [32]
uses the concept of isolation rather than measuring distance
or density to detect anomalies. The Isolation Forest exploits
an area partitioning procedure: the most idea underlying the
approach is that an outlier would require less iterations than
an inlier to be isolated, this means that it seeks out through
the partitioning procedure a neighborhood of the space where
only such observation lies in [28].

The partitioning procedure employed by the Isolation Forest
is achieved through the creation of iTrees,: binary trees that
are the results of a random partitioning procedure obtained by

splitting the info supported using their features at each iteration
of the algorithm. Following the above idea of Isolation Forest,
it is expected that the trail to a leaf node from the basis of
an iTree is going to be shorter for outliers than for inliers.
Thus, the anomaly score is going to be associated with this
path length: the shorter the more anomalous the point is.

D. Machine learning techniques

Machine learning can have a multitude of applications and
uses. Among the many existing machine learning techniques,
we will mention those used in our proposal.

Regression DT are trees whose leaves predict a real number
and not a class. In the case of regression, it looks for splits
that minimize the squared error of prediction squared error
(the least squared deviation). The prediction at each leaf is
based on the weighted mean of the node [33].

GB is a state-of-the-art prediction technique that sequen-
tially produces a model in the form of linear combinations
of elementary predictors typically DT by solving an infinite-
dimensional convex optimization problem [34].

KNN searches the distances between a query and all exam-
ples in the data, selecting the specified number of examples
(K) closest to the query, then votes for the most frequent label
(in the case of classification) or averages the labels (in the
case of regression) [35].

RF is aggregate a collection of random DTs. The goal is,
instead of seeking to optimize one predictor ”at a time” as in
the case of a DT, to group a set of (not necessarily optimal)
predictors. Since individual trees are randomly perturbed, the
forest benefits from a wider exploration of the space of all
possible predictors of the tree, which, in practice, results in
better predictive performance. [36].

IV. OUR APPROACH

We present an identification model that can be used in differ-
ent contexts (e.g., process control or supervision). Particularly,
in this paper, the model is used for anomaly detection in a beef
production process (see Fig 1). In this general architecture of
anomaly detection, there are two main processes: one for the
definition of the identification model of the cattle fattening
process, and another for the diagnosis of anomalies in a beef
production process.

The identification process carries out two main activities:
feature engineering and identification model construction. The
feature engineering consists of the extraction and description
of the relevant characteristics; in this case, age, breed and
gender were identified. The identification model was defined
as a predictive model, and was built using machine-learning
techniques from data collected and validated by zootechnics
at the ”El Rosario” farm located at Monterı́a-Colombia.

The diagnostic process determines the ideal range of val-
ues of the cattle weights because the prediction technique
incorporates stochastic processes, such that the same inputs
can generate different results in a prediction. With this range,
the expected or considered normal and atypical weights are
determined by implementing a forestall isolation algorithm,
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Fig. 1. Anomaly detection architecture in a beef production process.

which returns the anomaly score that is compared to the
expected weight of the animal, thus detecting upward or
downward anomalous weight changes.

V. EXPERIMENTS

In this section, we build a model to identify the animal
fattening process by rotational grazing. We compare different
regression techniques to model the ideal weight of an animal
as a function of time, breed and gender. We define this
identification model with a dataset provided by ”El Rosario”
farm, which contains the weight of different breeds of animals
per lot. The dataset contained the records of 104 animals
from the day of birth to slaughter, and it is evaluated by four
machine learning techniques using ten fold cross-validation
(80% of the records for training and 20% for testing).

A. Comparison of regression techniques

Fig. 2 shows the boxplots of the mean absolute error
(MAE) of weight prediction for each technique used, which

is calculated using equation 1.

MAE =
1

N

N∑

i=1

|yi − ŷi| (1)

where N is the total number of the number of records in the
evaluated dataset, yi and ŷi are the actual weight and weight
prediction by the model, respectively.

According to Fig. 2, DT and RF show very similar behaviors
and the lowest MAEs with medians below 5.5 kilograms.
Although GB and KNN algorithms show higher average
MAEs, they do not seem to have relevant differences.

Fig. 2. MAE boxplot for each technique.

To statistically verify the existence of significant differences
between the average MAEs of the predictions of the used
techniques, to determine which of them is the most adequate
to identify the ideal weight of the animals over timeThus,
an analysis of variance (ANOVA) was carried out to test the
hypothesis contrast, presented in Table I.

TABLE I
ANOVA HYPOTHESIS TEST.

Hypothesis Description of Hypothesis

H0 : µDT = µRF = µGB=µKN The means of the MAE are the same.
H1 : µi 6= µj , for some i 6= j At least one of the means is different.

The following validates the fulfillment of the necessary
assumptions in an ANOVA. On the one hand, the scatter plot
of the residuals as a function of time presented in Fig 3 shows
no signs of correlation between the residuals and the time
order of data collection. This suggests that the assumption
of independence of the errors is fulfilled. On the other hand,
the empirical distribution of the residuals has a bell-shaped
behavior, quite symmetrical, unimodal and very similar to the
Normal distribution, suggesting that the errors follow a Normal
distribution as the probability (see the histogram in Fig 4).
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Fig. 3. Plot of residuals versus time.

Fig. 4. Histogram of residuals.

The scatter plot of the residuals against the adjusted values,
in Fig 5, shows a high homogeneity in the variability of the
residuals; no relevant changes are observed in the scatter as
a function of the adjusted values, indicating that the errors
have a constant variance. To verify what was obtained with
the graphic analysis, and setting a significance level of 0.05,
the Shapiro-Wilk Normality test and Bartlett’s test of homo-
geneity of variances were performed, which yielded p-values
of 0.1011 and 0.252, respectively. These results confirm that
the assumptions necessary for the validity of the analysis of
variance are met.

The ANOVA results are presented in Table II. Since the
p-value of the test (< 2.2e− 16) is less than the 0.05 signifi-
cance level, it is statistically verified that there are significant
differences between the means of the MAEs of the prediction
algorithms used. Therefore, a multiple comparisons process
is performed using Fisher’s least significant difference (LSD)
procedure and Tukey’s test with which the same results are
obtained, which are shown in Table III.

Fig. 5. Plot of residuals vs. fitted values.

TABLE II
ANALYSIS OF VARIANCE TABLE OF MAE.

Source DF SS MS F-value P-value

Technique 3 6.5268 2.17562 322.31 < 2.2e− 16
Residuals 136 0.9180 0.00675

Three groups of statistically different means –a, b and c–
were obtained. The averages of the DT and RF MAEs belong
to the same group and present the smallest values; therefore, it
is confirmed that they are the techniques with the lowest pre-
diction error but there are no significant differences between
them. However, the average training time of DT is 0.0651
(0.00615) seconds while that of RF is 0.445 (0.0111) seconds.
Therefore, DT is as suitable as RF for the identification of the
ideal animal weight but is much faster (almost 7 times).

B. Result analysis

After having found the best ideal weight-prediction tech-
nique for cattle, experimentation was carried out to evaluate
the performance of the identification model in the detection
of abnormal weights. The used data are of female and male
crossbred cattle of the genetic groups Angus x Zebu (AC); Bon
x Zebu (BC); Zebu x Angus x Zebu (CAC); Zebu x Zebu (CC);
Holstein x Zebu (HC); Bon x Angus x Zebu (BAC);Romo x
Angus x Zebu (RAC), typical in the Colombian farms.

Fig 6 and 7 compare the ideal weight growth curve de-
scribed by the identification model of female cattle of the AC
and CAC breeds with the simulated weights (point cloud).

TABLE III
MULTIPLE COMPARISON RESULTS.

Technique DT RF GB KN

Mean 5.4525 5.4536 5.7249 5.9714
Group a a b c
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Since the curve represents the ideal temporal behavior of
the weight, points that are far away from it are potentially
anomalous, but it is necessary to define the magnitude of the
distance that separates an anomalous weight from one consid-
ered normal. For this, multiple predictions of ideal weight are
obtained for each combination of day, breed and gender. Ideal
weight intervals (non-outliers) are then constructed to detect
anomalous weights using a forest insolation algorithm, which
takes less than a minute to perform this process. This allows
the rapid detection of anomalous increases and decreases in
animal weight at any desired time for decision making.

Since farmers frequently monitor animal weights, it is
possible that on some days the weight of a particular animal
will be identified by the model as an outlier and on others
as normal. This is particularly important because the farmer
could try to identify the reason for these abnormal weights by
analyzing potential causes such as animal health or pasture
quality, among others, and make decisions to achieve the
animal’s ideal weight.

Table IV shows some examples of animals to which the
variables of interest are measured and studied if their weight
is anomalous or not. In this table, the measurements of
the characteristics of age, animal breed, gender and weight
are presented; examples of ideal weights estimated by the
identification model are shown; and the weight of each animal
is classified as normal or abnormal.

Fig. 6. Ideal weight-curve versus real weight in AC breed, female

VI. CONCLUSION AND FUTURE WORK

In this paper, we presented four regression techniques used
to build an identification model capable to detect anomalies
in a cattle-fattening process. The current study is the first
to propose a supervised machine-learning method, using a
regression technique, to build an identification model of the
cattle fattening process, which can be used to detect anomalies
in weight data in cattle by rotational grazing. The model uses
data collected at a beef farm. The current study provides an ef-

Fig. 7. Ideal weight-curve versus real weight in CAC breed, female

TABLE IV
EXAMPLE OF ANOMALOUS DATA DETECTION.

Days
Actual
Weight Breed Gender

Example ideal
Weights State

600 361 AC F [332, 368, ...,
373, 387, ...] normal

600 259 BAC F [309, 374, ...,
344. 368, ...] abnormal

600 285 AC M [311, 363, ...,
387, 373, ...] abnormal

678 421 BC F [325, 412, ...,
402, 382, ...] abnormal

fective solution to detect anomalous body-weight observations
of cattle, using an identification model.

Future work is aimed to (i) define other identification
models based on other principles (e.g., mathematical mod-
els describing the fattening process, or fattening description
models based on fuzzy theory [37]), (ii) devise data-driven
diagnostic models in a beef-production process, (iii) incor-
porate prescription models to define how to act in the event
of an anomaly diagnosed in the beef-production process, (iv)
Incorporate all these models in an autonomous cycle of data
analysis tasks, in order to automate the supervision of the beef-
production process.
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Resumen—Cattle breeding has been one of the most important
industrial sectors in the world, since it is related to food security
and the survival of the human race. Cattle diagnostics is a
fundamental procedure for cattle breeders because it allows them
to make strategic decisions, such as timely treatment in case of
any abnormality (e.g., weight gain in herds, in their paddocks).
This article aims to present a system to diagnose weight loss
or gain in cattle under a rotational grazing scheme, considering
the health status of the animal and the pasture. The diagnostic
system is based on a fuzzy classifier that uses fuzzy logic to
define the rules that characterize the diagnostic process, and
fuzzy reasoning to determine the current situation given an input.
In addition, the fuzzy classifier optimizes the rules using genetic
algorithms, which modify the membership functions, providing
a more accurate system for diagnosis. We tested our proposal
with experimental cases, with promising results. The accuracy
metrics have high values, indicating a low error rate in terms of
false positives. In general, the values of the quality metrics are
very good, with an accuracy close to 100 % and an Area Under
the Curve close to 1.

Index Terms—Diagnostic System, Precision Livestock Farming,
Rotational Grazing, Fuzzy Classifier, Genetic Algorithms

I. INTRODUCCIÓN

La actividad ganadera en las naciones ubicadas entre trópi-
cos presenta cada vez una mayor exigencia productiva debido
al crecimiento demográfico, por lo que esta actividad debe
constantemente asumir dinámicas de transformación y adecua-
ción. Por otro lado, las estaciones climáticas intertropicales se
caracterizan por contar con estaciones de invierno y verano,
los cuales condicionan la actividad ganadera en cuanto a la
alimentación de los animales, por lo que se requiere mejorar
los procesos alimenticios considerando estos aspectos, para
que esta actividad genere mayores volúmenes de ganancia. A
su vez, la industria ganadera presenta una serie de dificultades

978-1-6654-7671-3/22/$31.00 ©2022 IEEE

para detectar fallos en sus sistemas de producción, lo cual
afecta directamente el crecimiento ideal del ganado y la pro-
ducción óptima de los potreros. La problemática radica en la
incapacidad de poder tomar decisiones en tiempo real, usando
los datos, de lo que puede estar ocurriendo en el proceso de
engorde del ganado. Por lo anterior, se requiere desarrollar
un sistema de diagnóstico que actúe bajo incertidumbre, con
el objetivo de ayudar en las decisiones de los ganaderos para
aumentar la eficiencia productiva.

Algunos trabajos relacionados con nuestra propuesta son
los siguientes. Palomino y Loza [1] diseñaron un sistema
de pastoreo rotacional para un hato lechero alto andino. La
finalidad de ese proyecto era mejorar los sistemas de pasto-
reo tradicionales para ganado lechero alto andino de doble
propósito. Para el diseño se usó el software SAS Planet, y
se plotearon planos del predio y de las áreas con fines de
agricultura y vivienda, con el fin de determinar el número ideal
de potreros y la carga animal óptima de los mismos. Varios
autores [2], [3] reseñan los aspectos esenciales para desarrollar
una ganaderı́a baja en emisiones de carbono. Consideraron un
conjunto de efectos relacionados con el cambio climático, y
su repercusión sobre la relación suelo-planta-animal. Proponen
un sistema de pastoreo intensivo que garantiza una ganaderı́a
baja en emisiones, lo cual representa una opción ante el
cambio climático. A su vez, Garcı́a y otros [4] proponen un
enfoque para detectar anomalı́as en el proceso de engorde
del ganado. Este enfoque usa el registro histórico real del
peso de los animales, para identificar si los animales han
ganado el peso adecuado a lo largo del tiempo. Ellos comparan
varias técnicas de aprendizaje automático (Árbol de Decisión,
Gradient Boosting, regresión basada en K-Nearest Neighbors
y Random Forest) en la tarea de detección de pesos anómalos,
usando como métricas de calidad el Error Absoluto Medio.
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Por otro lado, en cuanto a sistemas clasificadores difusos,
Ramı́rez y otros [5] diseñaron un sistema clasificador difuso
para el establecimiento de los estados funcionales de un
sistema de producción de aire medicinal. Para el diseño y
sintonización del clasificador difuso se utilizó el histórico de
datos del proceso, para identificar todos los estados funcionales
útiles para el monitoreo del proceso. El establecimiento de
estados funcionales a partir de la clasificación difusa permite
la programación de acciones correctivas en el proceso a partir
del diagnóstico realizado. Finalmente, en [6] aplicaron la
lógica difusa y los algoritmos genéticos para la determinación
de tratamientos en enfermedades neoplásicas malignas. El
artı́culo propone un clasificador difuso optimizado utilizando
un algoritmo genético hı́brido con una técnica de agrupamiento
difuso. Ellos implementan un prototipo y lo evalúan en datos
sintéticos de tratamiento contra enfermedades neoplásicas ma-
lignas.

Este trabajo tiene como objetivo principal desarrollar un
sistema para diagnosticar el progreso individual de engorde,
y las causas de pérdida o ganancia de peso, del ganado en
pastoreo rotacional. El sistema esta basado en un clasificador
difuso, que analiza los datos y arroja un diagnóstico. El sistema
usa reglas para analizar la situación actual del peso del ganado.
Además, el sistema optimiza las reglas para adecuarlas a los
datos reales del ganado bajo supervisión. La organización de
este trabajo es la siguiente. La sección 2 presenta el marco
teórico usado en este trabajo. La sección 3 muestra el diseño de
nuestro sistema de diagnóstico. Después, la sección 4 describe
los experimentos realizados con el sistema, para evaluar su
calidad. A continuación, la Sección 5 compara este trabajo
con otros anteriores. Finalmente, la Sección 5 presenta las
conclusiones.

II. MARCO TEÓRICO

II-A. Sistema Clasificador Difuso

En general, los sistemas difusos ha demostrado ser de
gran utilidad para representar el comportamiento o dinámica
de los sistemas mediante reglas difusas. Tradicionalmente,
estos sistemas se basan en la información suministrada por
expertos; sin embargo, en sistemas complejos, las reglas ası́
construidas no permitı́an una simulación exacta del sistema
[7]. La búsqueda de sistemas difusos que se adapten a la
dinámica de sistemas complejos, ha conllevado al desarrollo
de investigaciones en técnicas de extracción de reglas difusas
a partir de datos de entrada y salida [8]–[10]. Los algoritmos
de clasificación difusa representa una de las técnicas para el
desarrollo de sistemas difusos adaptativos [11], [12].

Un Sistema Clasificador difuso está compuesto por dos
grandes componentes. Un subsistema de reglas que permite
clasificar la información de entrada. Ese subsistema define
las reglas del tipo Si-Entonces usando variables difusas, y
utiliza un razonador difuso para inferir una conclusión. El
segundo componente de un sistema clasificador difuso es el
subsistema adaptativo. Tradicionalmente, ese subsistema se
basa en algoritmos genéticos (AG), que se inspiran en la evo-
lución biológica como estrategia para resolver problemas de

optimización [13]. En particular, el clasificador difuso lo usa
para optimizar las reglas, y de esta manera, su funcionamiento.

II-B. Ganaderı́a de precisión

La ganaderı́a de precisión es uno de los sectores que más
innovaciones ha incorporado en los últimos años, gracias
al desarrollo de tecnologı́as orientadas a la mejora de la
eficiencia en las explotaciones ganaderas y de la calidad de
los productos de origen animal. Estas tecnologı́as permiten
optimizar los recursos, aumentar el rendimiento, controlar el
impacto ambiental, y mejorar el bienestar de los animales. Para
ello, se requiere el monitoreo de la salud animal y producción,
la medición de indicadores biométricos de carácter fisiológico
y morfológico, entre otras cosas [14].

En el caso de procesos de diagnóstico, el uso de ganaderı́a
de precisión permite el desarrollo de una tecnologı́a de su-
pervisión amigable, no intrusiva, permitiendo la interacción
entre expertos y productores. Particularmente, los sistemas
de diagnóstico en la ganaderı́a de precisión buscan disminuir
las pérdidas y mejorar la producción a largo plazo, a través
de dinámicas de seguimiento y monitoreo al ganado. Por
ejemplo, un sistema de diagnóstico podrı́a evaluar información
cuantitativa para caracterizar a los animales de forma rápida y
adecuada, mediante el estudio individual y/o por lotes de ani-
males. El sistema realizarı́a la interpretación de la salud animal
y determinarı́a el rendimiento del potrero, para identificar los
patrones en el proceso productivo, y a partir de allı́, poder
diagnosticar las posibles causas de un bajo o alto engorde del
ganado [4].

III. DISEÑO DEL SISTEMA DE DIAGNÓSTICO

En esta sección se hablará del diseño y funcionamiento del
sistema de diagnóstico basado en un clasificador difuso.

III-A. Especificación del Sistema Clasificador Difuso

La arquitectura del clasificador difuso se puede apreciar en
la Figura 1. En este esquema se observan 2 bloques, el primer
bloque, llamado sistema de diseño y optimización de reglas
difusas, y el segundo lleva por nombre sistema difuso. En las
Figuras 2 y 3, respectivamente, se detallan ambos sistemas.

Figura 1: Arquitectura del clasificador difuso.

La Figura 2 muestra el sistema de diseño y optimización de
las reglas difusas. Las reglas son diseñadas y creadas mediante
un algoritmo de agrupamiento difuso. El presente trabajo
utiliza el algoritmo fuzzy-c-means (FCM), el cual permite
agrupar datos difusos (cada grupo determina un conjunto
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difuso para la variable lingüı́stica/difusa de interés) [1], [15]–
[18]. Por otro lado, para la optimización se usa un AG, cuya
tarea es mejorar la definición de los conjuntos difusos (adapta
la función de membresı́a de cada conjunto difuso).

Figura 2: Sistema de Diseño y Optimización de reglas difusas

En la Figura 3 se muestra el sistema difuso. Sus componen-
tes son el fusificador de las entradas, el motor de inferencia
(razonador difuso), el generador de salida (defusificador), y la
base de conocimiento (las reglas difusas), la cual es actualizada
cada cierto tiempo por el sistema de optimización de reglas
difusas mostrado en la Figura 2.

Figura 3: Sistema difuso

III-B. Especificación del sistema difuso

III-B1. Sistema Difuso: El corazón de este sistema se cen-
tra en la definición de las variables lingüı́sticas que conforman
el modelo de diagnóstico. Este modelo está constituido por un
conjunto de reglas difusas que usan las variables lingüı́sticas.
Ası́, el sistema difuso representa el modelo de diagnóstico
propuesto en este trabajo.

La primera etapa para diseñar el sistema difuso consiste
en crear las etiquetas (conjuntos difusos) necesarias para
cada variable lingüı́stica. El algoritmo FCM permite definir
los conjuntos difusos a partir de la matriz de pertenencia
que él genera para cada variable lingüı́stica [1], [19]. Para
ello, FCM determina los grupos difusos presentes en una
variable lingüı́stica (serán los conjuntos difusos), con el grado
de pertenencia de los valores de la variable en cada uno
de ellos. Los grados de pertenencia están en un rango de
[0, 100], y representan la pertenencia parcial a cada conjunto
difuso (clase) de cada valor de cada variable lingüı́stica. A
continuación, se describen las variables lingüı́sticas, y sus
conjuntos difusos, de nuestro sistema de diagnóstico difuso.

Las variables lingüı́sticas utilizadas son las vinculadas al
proceso de engorde. Las variables de entrada son la edad, el
Potrero y el diferencial del peso final con el peso inicial; y la
variable de salida es el estado del animal.

Edad: su universo de discurso es [0, 30], y representa los
meses de vida. Sus conjuntos difusos son [ternero, novillo,
adulto]. En la Figura 4 se muestra cada conjunto difuso.

Figura 4: Variable Edad

Diferencial: su universo de discurso es [0, 100], y representa
un porcentaje de diferencia entre el peso inicial y el actual.
Sus conjuntos difusos son [bajo,medio, alto]. En la Figura 5
se muestra cada conjunto difuso.

Figura 5: Variable Diferencial

Potrero: su universo de discurso es [0, 10], y representa la
puntuación de rendimiento del potrero, caracterizada por la
calidad del forraje y la tolerancia del forraje a la situación
climática. Sus conjuntos difusos son [malo, regular, bueno].
En la Figura 6 se muestra cada conjunto difuso.

Figura 6: Variable Potrero

Estado del Animal: su universo de discurso es [0, 100],
representado por un porcentaje para indicar que tan bien está
el animal. Sus conjuntos difusos son [estable, enfermo]. En
la Figura 7 se muestra cada conjunto difuso.

Figura 7: Variable Estado Animal
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III-B2. Definición de las reglas de diagnóstico: Las reglas
que modelan el sistema son de la forma IF < . . . >
THEN < . . . >, En los siguientes cuadros definimos el
conjunto de reglas.

Cuadro I: Base de Reglas con 2 antecedentes

Diferencial

Bajo Medio Alto
Ternero Enfermo Enfermo/Estable Estable

Novillo Enfermo Enfermo/Estable EstableE
da

d

Adulto Enfermo/Estable Enfermo/Estable Estable

Cuadro II: Base de Reglas con 3 antecedentes

Diferencial

Bajo Medio Alto
Ternero Enfermo Enfermo/Estable Estable

Novillo Enfermo Enfermo/Estable Estable

E
da

d

Adulto Enfermo/Estable Enfermo/Estable Estable R
eg

ul
ar

/M
al

o

Po
tr

er
o

Se tienen dos tipos diferentes de reglas difusas, dependiendo
si se tiene información sobre el rendimiento del potrero. Ası́,
se tiene un grupo de reglas con dos antecedentes (ver Cuadro
I) o con tres antecedentes (ver Cuadro II). Particularmente, en
el Cuadro I los dos antecedentes son las variables diferencial
y edad; y en el Cuadro II ellas mismas, pero ahora también la
variable potrero (los valores de ella que influyen directamente
en el engorde animal, tales como regular/malo). Un ejemplo
de regla para el ultimo caso es:

Si la edad es ternera y el diferencial es bajo y el potrero es
malo, entonces el estado del animal es enfermo

Estas reglas serán ajustadas/optimizadas al conjunto de
datos de entrada usando AGs. Especı́ficamente, las funciones
de membresı́as de los conjuntos difusos serán las ajustadas
según los datos de entrada.

III-C. Caracterı́sticas del Algoritmo Genético

III-C1. Especificación y evolución de los individuos:
Estructura de los individuos: Un factor de especial interés en
el diseño del proceso evolutivo para optimizar el clasificador
difuso es el esquema de representación usado para codificar
cada una de las posibles soluciones. Para esta investigación,
el individuo es definido de la siguiente manera:

Cromosoma = lı́mites de la función de pertenencia de los
conjuntos difusos de cada variable lingüı́stica.

En este enfoque, cada individuo representa por sı́ mismo
una solución completa, al codificar los conjuntos difusos de
las variables de entrada y salida. Especı́ficamente, cada gen
representa un vértice de la función de pertenencia de los

conjuntos de cada variable lingüı́stica, suponiendo una forma
trapezoidal para la definición de ellas.

La representación de cada variable lingüı́stica serı́a de la
siguiente manera (vértices de las funciones de pertenencia de
sus conjuntos difusos):

Edad = [10, 15, 20, 25] = [e1, e2, e3, e4]

Diferencial = [20, 40, 60, 80] = [d1, d2, d3, d4]

Potrero = [1, 5, 7, 8] = [p1, p2, p3, p4]

Estado = [40, 60] = [c1, c2]

Ası́, la codificación del cromosoma serı́a la concatenación
de la descripción de la función de pertenencia de los conjuntos
difusos de cada variable. Por otro lado, dado que hay reglas
que no contienen la variable difuso potrero, existen 2 casos
para la codificación de los cromosomas, el primero no contiene
los conjuntos difusos de la variable difusa potrero, y el segun-
do caso si los contiene. Ası́, en el primer caso, considerando el
orden de los genes, tal que primero se colocan los antecedentes
(edad y diferencial) y después el consecuente (estado), los
individuos quedan de la siguiente forma (ver Figura 8):

Figura 8: Cromosoma para el AG en el caso 1

En el segundo caso de reglas difusas, en el que se considera
al rendimiento del potrero en el análisis, en los antecedentes
quedarı́an edad, diferencial y potrero, y en el consecuente
estado (ver Figura 9).

Figura 9: Cromosoma para el AG en el caso 2

III-C2. Evolución de los individuos: Para la optimización
de las reglas difusas con AG, se debe generar de forma
aleatoria una población inicial de individuos. El objetivo del
AG es de modificar los conjuntos difusos (sus funciones de
pertenencia), de tal manera de adecuar las reglas a los datos.
El proceso evolutivo es el siguiente.

Se seleccionan individuos para la reproducción mediante
el siguiente esquema: se ordenan los individuos de mayor
a menor aptitud, y se descartan los de aptitud menor a
0.7. La función de aptitud es definida en la siguiente
sección.
Posteriormente, se usan operadores genéticos para gene-
rar nuevos individuos. En particular, se usan los opera-
dores de cruzamiento y mutación, los cuales se imple-
mentaron de la siguiente manera:

1. Cruzamiento: se eligen dos cromosomas y el punto
de corte aleatoriamente, para realizar el cruzamiento
entre los dos.

2. Mutación: se escoge un cromosoma, y se modifica
uno de sus genes, escogido aleatoriamente.
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En cada iteración se genera un número de descendientes
igual al tamaño inicial de la población, y se reemplazan
los peores individuos en la población por los mejores
nuevos, según la función de aptitud.

Al término de esto, si se llega al óptimo o se cumple la
condición de parada, el individuo con mejor valor en la función
de aptitud es seleccionado para actualizar los vértices de los
conjuntos difusos de las variables difusas.

III-D. Función de Aptitud

Se utilizó una función de aptitud basada en el cálculo de
las siguientes medidas:

Score: Mide la precisión de un individuo. En este caso,
como es basado en datos etiquetados sobre diagnóstico, el
score establece si el consecuente es cierto (regla se activa)
cuando deberı́a. Se calcula mediante la siguiente ecuación:

Score =
pv

(pv + pf)
(1)

Donde pv es el número de verdaderos positivos, y pf el
número de falsos positivos. Particularmente, se calcula el score
para cada una las reglas para el conjunto de datos de entrada,
y se promedia.

Grado de certeza o de disparo de cada regla: el cual viene
siendo el nivel de activación de una regla, calculado como el
producto de las funciones de membresı́a de los antecedentes.
Si el valor es alto quiere decir que el nivel de activación de
la regla es alto.

Finalmente, la función de aptitud de cada individuo es el
promedio del score de cada una las reglas multiplicado por
su grado de certeza. Ası́, el proceso evolutivo, usando esta
función de aptitud hı́brida (score y grado de certeza), permite
ajustar los conjuntos difusos para que se adapten a los datos
del contexto.

IV. EXPERIMENTACIÓN

En esta sección se analiza el comportamiento de nuestro
sistema. Para ello, se desarrolla un protocolo experimental que
describe el contexto donde se prueba el sistema clasificador
difuso, y se evalúa su comportamiento mediante métricas de
calidad.

IV-A. Contexto Experimental

IV-A1. Simulador: Para los experimentos se utiliza
un simulador ganadero (ver https://github.com/devraxielh/
Simulador Ganadero), el cual emula todas las condiciones
climáticas y del suelo de una finca, como también, del
comportamiento de engorde del ganado. Particularmente, el
simulador genera los valores de las variables que describen
el terreno al cual se le aplica pastoreo rotacional, y de la
población de ganado que se está engordando. De esta manera,
el simulador genera los datos aleatoriamente que alimentan
el sistema clasificador difuso. Los datos de interés dados por
el simulador son los siguientes: número de animales, edad de
cada animal, peso inicial de cada animal, evolución del peso
de cada animal, número de potreros, forraje de cada potrero,

estación climática de cada potrero, y tolerancia del forraje a
climas calientes.

IV-A2. Métricas de Calidad: Las métricas para valorar la
calidad del modelo de diagnóstico tienen como objetivo esti-
mar la precisión del modelo en datasets de pruebas (diferentes
a los usados en el proceso adaptativo de las reglas). Estas son:

Precisión (score): Es el porcentaje de acierto correctos
dados por el sistema adaptativo.
Grado de certeza: Es el valor que se obtiene de la
multiplicación de las funciones de membresı́a de los
antecedentes, para determinar el grado de disparo de cada
regla y deducir qué regla se activa más que otra.
Curva ROC (Caracterı́stica Operativa del Receptor): Esta
es una gráfica que muestra la sensibilidad y especificidad
de un modelo:

• Sensibilidad: la probabilidad de que el modelo predi-
ga un resultado positivo para una observación cuando
en realidad el resultado es positivo.

• Especificidad: La probabilidad de que el modelo
prediga un resultado negativo para una observación
cuando en realidad el resultado es negativo.

Área Bajo la Curva (AUC): Es un valor numérico dado
por el área de la curva que genera la gráfica de ROC.
Cuanto mayor sea el área cubierta, mejores serán los
modelos de aprendizaje automático para distinguir las
clases dadas. El valor ideal para AUC es 1.

IV-B. Escenarios de Prueba

En esta sección se presentan los casos de estudio que
serán analizados por el modelo de diagnóstico. Cada caso
de estudio representa situaciones donde se hace prevalecer
situaciones climáticas que afecten o no al potrero, también se
consideran situaciones de salud animal. A continuación, se
describen los casos de estudio considerados.

IV-B1. Caso de estudio 1:
IV-B1a. Objetivo: El primer caso de estudio es el

óptimo, donde todos los animales se encuentran estables y
el potrero es el idóneo para su uso. Las reglas que serán
activadas son las del grupo de 2 antecedentes, ya que el caso
es ideal, entonces el rendimiento del potrero será bueno y no
afecta de manera negativa el engorde animal.

IV-B1b. Entrada al sistema: En el cuadro III presenta
una vista parcial de los datos históricos de engorde del ganado
(las primeras 4 columnas). Él muestra las variables de entrada
(edad, peso inicial y peso final), pero también cuenta con un
identificador para cada animal. Por otro lado, el peso inicial
indica el peso con el que entran al potrero y el peso final
representa el peso con el que salen del potrero. Tomando en
cuenta que el engorde diario animal varı́a en un promedio
de 300 a 500 gramos por dı́a, se puede decir que el engorde
es normal si al cabo de 30 dı́as (tiempo de estadı́a en cada
potrero) aumentan de 8 a 15 kilos aproximadamente. Esto
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determina que el diferencial de los pesos está dentro del rango,
y por ello es un caso ideal.

Cuadro III: Representación de datos del ganado y clasificación
del estado Animal en el experimento 1

Edad
(meses)

Peso
inicial(kg)

Peso
fin(kg)

ID
animal

Predicción
Grados
pertenencia

19 373.0205 384.4683 V1 1 0.9171

29 389.0205 400.4683 V2 1 0.9171

23 368.0205 379.4683 V3 1 0.9171

18 402.0205 413.4683 V4 1 0.9171

22 385.0205 396.4683 V5 1 0.9171

19 404.0205 415.4683 V6 1 0.9171

22 369.0205 380.4683 V7 1 0.9171

22 407.0205 418.4683 V8 1 0.9171

19 400.0205 411.4683 V9 1 0.9171

26 418.0203 427.1916 V10 1 0.9171

El cuadro III muestra en la columna grado de pertenecı́a de
cada dato al grupo de la etiqueta estable, por ende, la columna
de predicción presenta la etiqueta binaria 1 (como estable).
Esas dos columnas representan la actual predicción que realiza
el sistema de clasificación para el conjunto de datos de entrada.

Cuadro IV: Rendimiento del potrero en el experimento 1

Nombre Clima Potrero Forraje Estado

Humidicola comum

Tuly o Quicuio da Amazönia
Lluvia 6 7 Bueno

El cuadro IV expone los datos de entrada del potrero. Se
muestra el potrero ocupado, el nombre del forraje usado en el
potrero y la situación climática.

El cuadro IV muestra la columna forraje, la cual representa
la puntuación que tiene el potrero en un rango de [0,10], siendo
10 la puntuación más alta. Este dato se obtiene dependiendo
de la tolerancia del forraje a la situación climática a la que
se encuentra. La columna estado representa el rendimiento
del potrero según la interpretación difusa para categorizar el
rendimiento del potrero.

IV-B1c. Análisis de resultados: Como se pudo ver, con
las reglas difusas existentes, el sistema clasificador difuso
infiere que todos los animales están estables para esos datos
de entradas. Una vez se han realizado varias iteraciones del
sistema difuso, el sistema adaptativo de las reglas es invocado
(ver las siguientes figuras que muestran la adaptación de las
reglas a los datos).

Se puede observar en la Figura 10 como se ajustan los
conjuntos difusos de cada variable difusa usando el dataset
del cuadro III. Cada uno representa el mejor individuo para
las primeras 3 iteraciones del AG. Por ejemplo, vemos en la
Figura 11.1 los conjuntos difusos de los antecedentes y el
consecuente del mejor individuo para la primera iteración. La

Figura 10: Adaptación de las funciones de pertenencia

variable difusa del potrero no se activa, ya que el rendimiento
del potrero es bueno. Las reglas difusas que se activan con
estos ajustes, usando el dataset del cuadro III, se muestran
en la Figura 11.1. En la Figura 11.2 se muestra el mejor
individuo de la siguiente iteración, y su base de reglas en
la Figura 11.2. Finalmente, la Figura 11.3 muestra el mejor
individuo cuando se detiene el AG, bien sea porque se cumple
la condición de parada o porque encontró el óptimo. La base de
regla final mostrada en la Figura 11.3 son las reglas necesarias
del sistema para el dataset del cuadro III. El individuo de la
Figura 11.3 representa la potencial solución, y al comparar las
reglas activadas finales (Figura 11.3) con el conjunto de datos
mostrados en el cuadro III que etiqueta a todos los animales
estables, vemos que coherentemente las reglas activadas tienen
en el consecuente solo la etiqueta de estable.

Figura 11: Evolución de las reglas activadas en el caso 1

Cuadro V: Métricas del caso 1.

Métricas Valores

Precisión 100 %

Certeza de reglas R1:0.85, R2: 0.88,R3: 0.89

AUC 1

Finalmente, con las reglas difusas finales (ver Figura 11)
se procede a diagnosticar usando el dataset de prueba. Con
el resultado del proceso de inferencia de cada individuo, se
pasa a calcular los promedios de las métricas de calidad del
sistema (ver cuadro V y Figura 12).

La curva ROC nos ayuda a identificar el rendimiento del
modelo, y permite calcular el AUC, que serı́a el área bajo la
curva. Notamos en el cuadro V que AUC vale 1 y la precisión
es de 100 %. Recordemos que la certeza de cada regla (Ri)
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viene determinada por su grado de disparo, el cual varı́a entre
0 y 1. Vemos que las 3 reglas tienen un alto nivel de disparo
(mayores o iguales a 0.85). Los anteriores resultados nos dicen
que el modelo es robusto y realiza una perfecta clasificación.

Figura 12: Curva ROC caso 1

IV-B2. Caso de estudio 2:
IV-B2a. Objetivo: El segundo caso de estudio presenta

una variación, donde al menos un animal es etiquetado
enfermo y el rendimiento del potrero es bueno, a pesar de la
estación climática. Las reglas que serán activadas son las del
grupo de 2 antecedentes, ya que el rendimiento del potrero
será bueno y no afecta de manera negativa el engorde animal.

IV-B2b. Entrada al sistema: Los datos de entrada son
los siguientes:

Cuadro VI: Representación de datos del ganado y clasificación
del estado Animal en el experimento 2

Edad
(meses)

Peso
inicial(kg)

Peso
fin(kg)

ID
animal

Predicción
Grados
pertenencia

19 332.0 334.5431 V1 0 0.2543

29 348.0 356.5431 V2 1 0.8543

23 327.0 335.5431 V3 1 0.8543

18 361.0 369.5431 V4 1 0.8543

22 344.0 352.5431 V5 1 0.8543

19 363.0 371.5431 V6 1 0.8543

22 328.0 336.5431 V7 1 0.8543

22 366.0 374.5431 V8 1 0.8543

19 359.0 367.5431 V9 1 0.8543

26 380.0 388.1348 V10 1 0.8134

El cuadro VII contiene los datos utilizados para la entrada
del potrero. Se muestra el potrero ocupado, el nombre del
forraje usado en el potrero, y la condición climática.

Cuadro VII: Rendimiento del potrero en el experimento 2.

Nombre Clima Potrero Forraje Estado

Humidicola comum

Tuly o Quicuio da Amazönia
Seco 1 7 Bueno

Ese mismo cuadro VII muestra la columna forraje, la cual
representa calidad del potrero. La columna estado presenta el
rendimiento del potrero.

IV-B2c. Análisis de resultados: Con las reglas difusas
existentes, vimos que el sistema clasificador difuso infiere que
solo un animal está enfermo para esa entrada dada (ver tabla
VI). Una vez se han realizado varias iteraciones del sistema
difuso, el sistema adaptativo de las reglas es invocado.

Se observa en la Figura 14 la evolución del mejor individuo
a través de las generaciones del AG. Las reglas activadas
usando el mejor individuo de la 1ra generación (ver Figura
14.1) y el dataset de entrenamiento, son mostradas en la Figura
13.1, pero estas reglas no satisfacen el sistema, ya que solo
tiene reglas con consecuente estable. En la 2da iteración,
en la Figura 14.2, sus reglas activadas con el dataset de
entrenamiento se pueden ver en la Figura 13.2. Ya en esa
iteración se nota una mejora en las reglas porque aparece en
el consecuente el estado enfermo.

Finalmente, en la 4ta iteración se llega a la condición de
parada, y su mejor individuo representa la solución final (ver
Figura 14.4). En este caso, las reglas finales (ver Figura 13.4)
son las necesarias para el sistema de diagnóstico para el
conjunto de datos mostrados en el cuadro VI.

Figura 13: Evolución de las reglas que se activan en el
experimento 2.

Figura 14: Adaptación de las funciones de pertenencia.

Finalmente, con las reglas difusas finales (ver Figura 13.4)
se procede a probar el sistema de diagnóstico usando los
datos de prueba. Con el resultado del proceso de inferencia, se
calculan las métricas de calidad del sistema (ver cuadro VIII
y Figura 15).
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Figura 15: Curva ROC del caso 2.

Cuadro VIII: Métricas del caso 2.

Métricas Valores

Precisión 97 %

Certeza de reglas R1:0.85, R2:0.88,R3:0.90,R4:0.85,R5:0.85

AUC 1

Notamos en el cuadro VIII que AUC vale 0.98, y la
precisión 97 %. Por otro lado, la certeza de cada regla difusa
final es igual o mayor a 0.85. Todo lo anterior nos dice que el
modelo es robusto, realiza un buen diagnóstico, y sus reglas
son adecuadas para los datos de entrada.

IV-B3. Caso de estudio 3:
IV-B3a. Objetivo: El tercer caso de estudio presenta una

variación, el cual consiste en analizar el engorde animal, to-
mando en cuenta el rendimiento del potrero al ser regular. Las
reglas que serán activadas son las del grupo de 3 antecedentes,
en este caso la variable del potrero se activa porque si afecta
de manera negativa el engorde animal.

IV-B3b. Los datos de entrada son los siguientes:

Cuadro IX: Representación de datos del ganado y clasificación
del estado Animal en el experimento 3.

Edad
(meses)

Peso
inicial(kg)

Peso
fin(kg)

ID
animal

Predicción
Grados
pertenencia

21 434.8377 438.0388 V1 0 0.5201

29 450.8377 456.0388 V2 1 0.5201

23 429.8377 435.0388 V3 1 0.5201

22 463.8377 469.0388 V4 1 0.5201

22 446.8377 452.0388 V5 1 0.5201

22 465.8377 471.0388 V6 1 0.5201

22 430.8377 436.0388 V7 1 0.5201

27 443.8223 448.0238 V11 0 0.4201

23 451.8223 456.0238 V12 0 0.4201

27 448.8223 453.0238 V13 0 0.4201

El cuadro IX presenta una vista parcial de los datos históri-
cos de engorde del ganado. Basado en lo dicho para los
escenarios anteriores, notamos que hay varios animales que

están fuera del rango ideal (ver primeras 4 columnas). Se busca
que el sistema clasificador difuso los identifique, ahora usando
también la variable del potrero.

Usando nuestro sistema clasificador, se ve en el cuadro IX,
en la columna grado de pertenencia a la etiqueta estable en
bajo el algunos casos (el determina ese valor). Esto quiere
decir que pertenecen muy poco a la etiqueta estable (por ello
se observa en la columna predicción su etiqueta con el valor 0).

Cuadro X: Datos del potrero del experimento 3.

Nombre Clima Potrero

BRS Zuri Seca 1

El cuadro X contiene los datos utilizados para la entrada del
potrero. Se muestra el potrero ocupado, el nombre del forraje
usado en el potrero y la condición climática.

Figura 16: Adaptación de las funciones de pertenencia.

Figura 17: Evolución de las reglas que se activan en el caso
3.

Se observa en la Figura 16 las 4 variables difusas (ahora
con el potrero), y como se van ajustando sus conjuntos
difusos. En la Figura 16.1 se ve el mejor individuo de la
primera iteración y las reglas activadas con el dataset de
entrenamiento en la Figura 17.2, y ası́ sucesivamente a través
de las iteraciones. En la Figura 16.3 se muestra la solución
final del AG cuando converge (individuo con el mayor valor
en la función de aptitud), y en la Figura 17.3 se muestra las
reglas activadas con el dataset de entrenamiento. Este será
la base de reglas difusas final. Hay un número mayor de
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reglas, ya que se necesitan más reglas que controlen el sistema.

Figura 18: Curva ROC en el caso 3.

Cuadro XI: Métricas del caso 3.

Métricas Valores

Precisión 95 %

Certeza de reglas R1:0.88, R2:0.75, R3:0.89, R4:0.85, R5:0.85, R6:0.75

AUC 1

Finalmente, con las reglas difusas finales se procede a
probar el sistema usando los datos de prueba, y se calculan
las métricas de calidad (ver Tabla XI y Figura 18).

V. COMPARACIÓN CON OTROS TRABAJOS

Para comparar este trabajo con otros similares, se procedió
a definir cuatro criterios, los cuales son:

Cri1: Usa esquemas no-intrusivos para el diagnóstico.
Cri2: Los trabajos usan lógica difusa en el modelo de
diagnóstico.
Cri3: Los trabajos usan aprendizaje de máquinas para
mejorar el modelo de diagnóstico.
Cri4: Los trabajos analizan conjuntamente el pastoreo y
el bienestar animal.

Cuadro XII: Comparación con otros trabajos.

Cri1 Cri2 Cri3 Cri4

[2] ! % ! %

[3] ! % ! %

[7] % ! ! %

[5] % ! ! %

Este trabajo ! ! ! !

Estos criterios son relevantes en la ganaderı́a de precisión
porque cumplen 2 aspectos importantes, que son el uso de
tecnologı́as automáticas de la industria 4.0, y procura el
bienestar animal para mejorar la producción ganadera. A
continuación, se muestra en el Cuadro XII la comparación
con previos trabajos.

El primer criterio lo cumplen [2] y [3], ya que ambos usan
métodos y modelos computarizados para su diagnóstico. El
segundo criterio lo cumplen [7] y [5], ya que usan lógica difusa
en su arquitectura, en un caso para encontrar enfermedades
malignas, y en el otro para la generación de un sistema de
producción medicinal. El tercer criterio lo cumplen todos, ya
que usan el aprendizaje de máquinas para diferentes cosas,
por ejemplo, para procesar la información acústica del mas-
cado animal [2], estudiar el entorno del ganado [3], detectar
enfermedades [7], o establecer el mejor sistema de producción
medicinal [5]. La cuarta caracterı́stica solo la cumple nuestro
trabajo, ya que está dirigido a la ganaderı́a de precisión en un
entorno de pastoreo rotacional que busca el bienestar animal.
Este trabajo cumple con todos los criterios que apuntan a un
modelo de diagnóstico para ganaderı́a de precisión. Asegura
el bienestar animal a través de un clasificador difuso, usa
un modelo de diagnóstico adaptativo basado en aprendizaje
evolutivo (usando AGs), y es usado en ganaderı́a precisión
para asegurar la salud animal y sacar el mejor provecho al
ganado en pastoreo rotacional.

VI. CONCLUSIONES

La presente investigación presentó el desarrollo de un sis-
tema clasificador difuso que supervisa el proceso de engorde
animal en potreros rotacionales. El clasificador fue diseñado
integrando FCM, un razonador difuso y AGs, para obtener ası́
un modelo de diagnóstico adaptativo a los datos del entorno. El
sistema clasificador difuso propuesto permite analizar los datos
para proponer un conjunto de reglas que permita diagnosticar
el proceso de engorde de un lote de ganado, para lo cual,
posteriormente, usa un sistema de inferencia difusa. Este
sistema clasificador se caracteriza por su flexibilidad y su
tolerancia a la imprecisión [20], ya que puede realizar un
razonamiento aproximado usando información del entorno (los
datos de entrada al sistema clasificador). Además, nuestro
sistema aprende las reglas para el diagnóstico del proceso de
engorde del ganado.

La efectividad del método propuesto se ha demostrado
mediante varios casos experimentales, con resultados que son
prometedores. Las métricas de precisión tienen un alto valor,
lo cual indica que el sistema de diagnóstico logra entrenarse
bastante bien usando los datos del proceso, con una baja
taza de error en cuanto a falsos positivos. Por otro lado, las
métricas de certeza son superiores a 0.75, lo que indica que
los niveles de activación de las reglas actualizadas son altos,
ya que se adaptan a los datos (definen la utilidad de esas
reglas). Finalmente, AUC es cercano a 1, lo que dice que el
clasificador tiene un margen de error muy bajo, y su nivel de
equivocación es casi nulo. Todos estos valores confirman una
credibilidad alta en el diagnóstico del sistema.

Esta propuesta es una alternativa efectiva para ser aplicada
en ganaderı́a de precisión, especı́ficamente en el pastoreo
rotacional para diagnosticar enfermedades del ganado, ya sea
por enfermedad o por el rendimiento del potrero. Sin embargo,
entre las limitaciones de este trabajo están que el sistema es
solo aplicable a pastoreo rotacional, la población de ganado
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debe ser del trópico, y se evalúan solo 2 estaciones climáticas
(verano e invierno). Ası́, este sistema solo puede ser utilizado
en contextos con las siguientes caracterı́sticas: en fincas que
utilicen la técnica de pastoreo rotacional, sin importar el
tamaño de los lotes de ganado, y que las estaciones climáticas
sean verano e invierno, entendiendo que en el trópico el
invierno son temporadas de lluvia y verano de sequı́a.

Uno de los trabajos futuros es incorporar este sistema de
diagnóstico en un ciclo autónomo de tareas de análisis de
datos [21] para la supervisión del proceso de engorde animal.
Este ciclo permitirı́a automatizar la vigilancia del proceso de
engorde animal en el marco de la ganaderı́a de precisión.
Otro trabajo futuro es extender el proceso de adaptación de
las reglas (que actualmente es solo basado en el ajuste a las
funciones de membresı́as del tipo trapezoidal). Por ejemplo,
permitir la adaptación de los conjuntos difusos con otras
funciones de membresı́as (por ejemplo, gaussianas), o incluso,
la posibilidad de hacer cambios en las variables usadas en el
antecedente de las reglas. En esa misma lı́nea, otras posibles
extensiones es usar más variables del contexto (por ejemplo,
explı́citamente el clima en los antecedentes), permitir que varié
el número de conjuntos difusos en las variables difusas (por
ejemplo, más o menos estados para caracterizar el proceso de
engorde), entre otras mejoras.
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E. M. Tovbis, A. A. Stupina, and L. A. Kazakovtsev, “Formation of
fuzzy patterns in logical analysis of data using a multi-criteria genetic
algorithm,” Symmetry, vol. 14, no. 3, p. 600, 2022.

[17] A. K. Dubey, U. Gupta, and S. Jain, “Comparative study of k-means
and fuzzy c-means algorithms on the breast cancer data,” International
Journal on Advanced Science, Engineering and Information Technology,
vol. 8, no. 1, pp. 18–29, 2018.
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Abstract

Rotational grazing can improve cattle feeding considering a series of as-
pects, such as: (1) the maximum utilization of each hectare of pasture on
which the cattle are fed and; (2) the pasture analysis to guarantee the type
and the size of the pasture that will serve as feed, among others. The above
aspects allow a better-fed cattle, with better weight and meat quality. To
implement rotational grazing, it is necessary to carry out forage-utilization
practices with criteria associated with the morphophysiology and phenology
of the forage species. Many of these data, in the real context of a beef farm,
are not used, and most of the decisions made by the farmer are based on expe-
rience (successes and failures in productivity). In this proposal, we establish
a multi-objective rotational-grazing assignment model based on (1) the best
quality forage, and (2) the distance an animal must travel from one paddock to
another. At each stage, we estimate the amount of forage as well as the total
weight of each batch of animals. Based on pasture yield and cattle forage de-
mand, we propose a dynamic assignment model. To validate the effectiveness
of the assignment model, we carried out a discrete simulation of a one-year
cattle rotation. Results show that the assignment model generates a statis-
tically higher average weight gain than the one generated by the traditional
rotation method.

keywords: Scheduling, Multi-objective Optimization, Artificial Intelligence, Precision
Livestock Farming, Rotational Grazing

1 Introduction
Livestock grazing is a predominant type of land use, providing the livelihood for more than
a billion people (Quaas & Baumgärtner, 2012). In rotational grazing, a beef farm divides
its land into smaller parcels by fencing (electric or wire). Its main objective is to maintain
a balance between forage and the nutritional needs of the cattle (Bailey & Brown, 2011).
Rotational grazing has been used in agriculture for many years, and has been accepted
as a more efficient and sustainable alternative to continuous grazing (Mayee Chen, 2018).
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Thus, for the same amount of grass in both situations, rotational grazing can support more
cattle and it is thus more productive (Mayee Chen, 2018). In addition to natural factors,
overgrazing is the main cause of rangeland ecosystem degradation (Padilla & Sardiñas,
2005). Rotational grazing is a reasonable form of grazing to alleviate overgrazing, increase
rangeland productivity, and ecosystem functionality can be improved to some extent. In
general, the times of occupancy, rest and paddock assignment to be occupied in rotational
grazing are based on the subjective experience of the livestock farmer (Xiaoyan, Zirui,
Yingying, Dengsheng, & JianPing, 2019a).

Some papers related to the grazing optimization problem are presented as follows.
White et al. (White, Brady, Capper, & Johnson, 2014) developed a model that optimizes
pasture and nutritional management to examine the environmental impact of beef pro-
duction. White et al.’s model integrated modules that calculate (1) environmental impact
from cradle to farm gate, (2) diet cost, (3) pasture growth and (4) willingness to pay.
Xiaoyan et al. (Xiaoyan, Zirui, Yingying, Dengsheng, & JianPing, 2019b) established a
dynamic model of rotational grazing assignment, which combines the assignment model
and the carrying capacity constraint, as a function of the forage yield of the rotational
grazing plots and the forage demand of the cattle. Chen et al. (Chen & Shi, 2018) con-
structed a differential-equation model of grazing with vegetation on a fixed area, to show
that production yields and stored forage are higher in rotational grazing than in contin-
uous grazing; their results showed that both head of cattle per hectare and stored forage
increased for many rotational configurations. Raizada et al. (Raizada, Dogra, & Dhyani,
2008) used multi-objectives to develop alternative land use plans to optimize four objective
functions: maximizing (1) farm income, (2) employment and (3) nutritional security, and
minimizing (1) soil loss ii) individually at the watershed level, ii) annual forage production,
to guarantee sustainable animal population and changes in forest dependence. Qin et al.
(Qin et al., 2018) developed an optimization model for yak grazing in alpine meadows.
They solved the optimization model of multi-objective alpine meadow grazing by means of
a genetic algorithm. Also, Du et al. (DU et al., 2018) propose a model to optimize the yak
population using an evolutionary algorithm, taking the maximum net monetary income as
the objective function. The proposal defines an optimal scheme for selling yaks without
destroying the ecological environment, and the experimental results show the validity and
feasibility of the model. Liang et al. (Liang, Feng, Xia, & Cui, 2011) used a multi-objective
approach in Matlab to define an optimization and management strategy for maintaining
a balance between forage supply and livestock requirement, based on dynamic monitoring
data from rangeland livestock husbandry. Addis et al. (Addis, Blair, Kenyon, Morris, &
Schreurs, 2021) developed a linear programming profit optimization model with a silage
supplementation scenario. The usable kilograms of pasture dry matter from total pasture
mass were derived using the minimum and maximum pasture mass available to cattle and
sheep and percent grass utilization. They employed linear programming to identify the op-
timum carrying capacity of cattle and sheep, the most profitable slaughter ages of cattle,
the number of prime lambs (sold to meat processing plants), and the reserve lambs sold
(sold to other farmers for finishing).

All previous works focused on grazing optimization from different approaches; however,
none focused on selecting the highest quality forage, maximizing weight gain of bovine
animals, and the distances the animal has to travel from one paddock to another. These
limitations were highlighted in a recent systematic literature review (García, Aguilar, Toro,
Pinto, & Rodríguez, 2020). To overcome these limitations found in previous works, this
article focuses on the use of variables of beef production for optimal grazing decisions; an
approach towards autonomous or semi-autonomous beef production.

This paper presents a rotational-grazing assignment model based on (1) the best quality
forage and (2) the distance an animal has to travel from one paddock to another. First,
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in each assignment stage, we estimate the amount of forage per paddock (differentiating
the canopy from the rest of the forage), as well as the total weight of each batch of
animals, using different data capture methods (e.g., drones, cameras and sensors). Then,
based on paddock performance and cattle forage demand, a dynamic assignment model
is established. Each day, variables such as carrying capacity, quality forage and distances
between paddocks are evaluated, and an assignment of cattle lots to paddocks is made,
maximizing the total weight gain of the lots and minimizing the distance an animal must
travel from one paddock to the next. Thus, a feasible solution for a rotational grazing
cycle is obtained. The hypothesis is that a reasonable dynamic rotational-grazing decision
scheme can make resources efficient in time and space. The main contributions of this
work are:

• Determination of forage quality and its effect on animal weight gain.

• Minimization of the distance moved by a herd to a paddock

• Definition of a dynamic approach for this assignment problem

• Execution of a Multiple herd assignment

This work is organized as follows. Section 2 introduces the assignment mathematical
model used in this work. Section 3 shows our approach through different case analyses in
meat production. After, Section 4 compares this work with previous work. Finally, Section
5 presents the conclusions and future works.

2 Assignment mathematical model
In this section, we present the problem, and the formulation of the optimization model.

2.1 Assignment problem of rotational grazing
An assignment problem consists of the allocation of resources to perform tasks, with
the objective of satisfying desired goals (e.g., maximizing benefits or minimizing costs)
(Bikhchandani & Ostroy, 2002; Aguilar, 1998, 2001).

Rotational grazing consists of dividing the entire area of a farm into more than two
paddocks, while some remain occupied, the others are at rest (Briske et al., 2008) (see Fig-
ure 1). This reduces the total grazing area, and forces cattle to consume forage uniformly,
assigning lots of cattle to different paddocks (Jacobo, Rodríguez, Bartoloni, & Deregibus,
2006). So, this problem can be treated as an assignment problem. The relationship be-
tween the resource and the task in the assignment model is equivalent to the corresponding
relationship between herds and paddocks.

Rotational grazing and continuous grazing are two different methods of managing pas-
ture and livestock on a farm. Rotational grazing involves dividing the property into differ-
ent fields or plots, and moving livestock from one field to another in a prearranged order.
This allows the grass to have time to recover in each field before being grazed again. Con-
tinuous grazing, on the other hand, involves keeping cattle in a single field and allowing
them to graze freely throughout the property (da Silva, Imhoff, & Corsi, 2003). One of the
main differences between these two methods is the impact they have on pasture health.
In rotational grazing, the grass has time to recover between grazing, allowing it to grow
healthier and more sustainably. This is because the grass is not grazed too often, which
allows it to maintain a high amount of chlorophyll and good root health. On the other
hand, in continuous grazing, the grass may be grazed too often, which can result in a lower
amount of chlorophyll and a weaker root (Derry & Boone, 2010).
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In a rotational-grazing cycle, it is necessary to distribute the herd in different paddocks.
Roughly speaking, this process consists of:

1. Prepare the paddocks by sowing the pasture

2. Buy the herds of animals

3. Assign an initial paddock to each herd

4. Each day x, assign a new paddock to each herd

5. Regularly weigh the herds to measure their fattening.

6. Sell the cattle when they reach a given weight

Some of the variables that can be considered in this process are:

• Pasture: source of food for livestock.

• Climate: the average weather conditions that characterize a given place.

• Forage capacity: the amount of forage in each paddock.

• Residence period: is the total time in hours or days that an animal or group of
animals grazes in each rotation.

• Occupancy period: The total time spent grazing a paddock by all groups of animals
in each rotation; when there is only one group of animals, the period of stay is equal
to the period of occupancy.

• Resting or recovery period: The period between two successive grazings, during
which the pasture is allowed to rest.

Figure 1: A rotational-grazing system
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2.2 Assignment model
In the process of herd rotation in paddocks, quality consumable forage must be considered.
In this process, it is necessary to ensure the nutritional demand of the herd and the pasture
resources (Romanzini et al., 2022). Therefore, this paper chooses the maximum total yield
of quality forage as the optimal situation in the grazing cycle.

The optimization proposed in this work is focused on the allocation of lots to paddocks,
for which we seek to make an optimal allocation considering criteria such as weight gain,
distance traveled by the lots and the use of quality forage. This work seeks to propose an
allocation model that improves the process of lot rotation, but not an optimization within
a paddock, in which the animals are not controlled and are left to graze at their own free
will. The idea is to optimize the process that can be controlled, which is the allocation of
lots to paddocks.

To understand the mathematical model, tables with the notation used are presented
first, starting with the indices and the decision variable in Tables 1 and 2.

Table 1: Indexes in the assignment model.

Indexes Description

i Index of herds
j Index of paddocks
t Time index (days)

Table 2: Decision variable in the assignment model

Decision Variable Description

xtij
It is 1 if the herd i is assigned to the paddock j
at time t; otherwise, it is 0.

Table 3 shows the definitions of the model parameters. These parameters correspond
to the state of the grazing system at the time that the assignment model is run.

Table 3: Parameters of the assignment model.

Parameters Description

wt
j Estimated forage quality at a time t.

pti Percentage of nutritional need of herd i estimated at a time t
qti Total weight in kilograms of herd i estimated at a time t
gej Average daily weight gain in kilograms on paddock j at a time e of year.
Ct
i Number of animals in the herd i.

ai Total area occupied by herd i.
Aj Total area of paddock j.

Table 4 shows the definitions of the auxiliary variables of the assignment model.
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Table 4: Auxiliary variables of the assignment model.

Variables Description

dtij
Occupation time of herd i consuming quality forage from paddock j,
estimated at time t.

Gt
ij Weight gain to be obtained by herd i in paddock j estimated at time t.

Dt
ij Distance in meters between herd i and paddock j at a time t.

With the nomenclature described above, the mathematical model with all its equations
is presented below. The assignment model has two objectives: to maximize the weight
gain of the animals and to minimize the distance traveled when they are moved from one
paddock to another. The first objective is represented by equation 1, which maximizes
the sum of the weight gains that the animals would obtain if they were assigned to each
of the paddocks at time t. On the other hand, the second objective (see equation 2) is
achieved by minimizing the sum of the total distance traveled by the animals when they
are assigned to a paddock at a time t.

Max Z1 =
n∑

i=1

m∑

j=1

Gt
ijx

t
ij (1)

Min Z2 =

n∑

i=1

m∑

j=1

Dt
ijx

t
ij (2)

S.t.

The optimization process must comply with the following restrictions.
Constraint 1: Since only one lot can be in each paddock at a time, equation 3 is

included as the first constraint of the model. This restriction ensures that at each time t
all paddocks that are occupied are only occupied by a single lot.

n∑

i=1

xtij = 1, ∀j (3)

Constraint 2: In the event that the number of lots is less than the number of paddocks,
the model creates fictitious lots to achieve equality so that the model always satisfies the
condition that n = m. At the moment of implementation in real life the optimal allocation
obtained by solving the model, the paddocks where a fictitious lot is assigned correspond
to empty paddocks.

Constraint 3: Similarly, all lots are assigned to some paddock, and it is unique, i.e., a
lot cannot be assigned to more than one paddock (see equation 4).

m∑

i=1

xtij = 1, ∀j (4)

Constraint 4: When considering the allocation of a lot i in any paddock, the space
occupied by the lot and the area of the paddock under consideration must be taken into
account, such that the area occupied by the lot must not exceed the area of the paddock
(see Equation 5).
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aix
t
ij ≤ Aj , ∀j (5)

Constraint 5: To calculate the total weight gain that a flock would obtain if assigned to
a specific paddock, it is necessary to calculate the time (in days) that the flock would remain
occupying the paddock until consuming all the quality forage in the paddock. Additionally,
the average daily gain of an animal is included, which depends on the time of the year
and the number of animals in the flock. This total weight gain is calculated by means of
equation 6.

Gt
ij = dtijg

e
jC

t
i , ∀i,∀j (6)

Constraint 6: The occupancy time of a given lot in a specific paddock is calculated by
dividing the amount of quality forage in the paddock by the amount of grass the lot needs
in a day (see Equation 7).

dtij =
wt
ij

ptiq
t
i

, ∀i,∀j (7)

Constraint 7: Finally, this last restriction corresponds to the binary nature of the
decision variables (Equation 8).

xtij ∈ {0, 1}, ∀i,∀j,∀t (8)

The proposed model is a dynamic multiobjective optimization model. It is dynamic
optimization because the model takes into account the evolution of variables and parame-
ters over time. The model is run every day after updating information related to paddocks
and animals (forage, weight, etc.). Each day t the best possible allocation of animal lots
to paddocks is made, including the possibility that some lots should not change paddocks.
To perform the allocation, the model makes an estimation of the weight gain that each
batch of cattle would obtain in each possible paddock over the considered time window.
Additionally, the model is multi-objective, it seeks to maximize the weight gain of the
animals and minimize the distance they travel when they are moved to another paddock.

The optimization is done by solving the mixed integer linear programming mathemat-
ical model (objective function and constraints) using a library of R. The model is solved
each day during the simulation, i.e., each day the optimal allocation of lots to paddocks is
obtained, and the time spent in the lots is recalculated.

3 Model analysis
For the analysis of the model, we present the simulator, the experiments and the result
analysis.

3.1 Simulator of a cattle rotation system
To validate the effectiveness of the assignment model, we carried out a discrete simulation
of one-year of a cattle rotation system. To adequately represent the real dynamics of beef
production, we considered (1) the effect of the time of the year (rain, drought) on the
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grass-growth rate, (2) plant species and (3) its flowering time. Changes in system states
were analyzed daily.

The number of paddocks and animal flocks are parameters of the simulator. For each
paddock, characteristics –such as area, location within the farm, type of plant and capacity–
are randomly generated. Likewise, for each herd, the number of animals that make up the
herd, as well as the weight, age, and genre of each one of them, are randomly produced.

At the beginning of the simulation, all the paddocks have a complete forage defined as
(1) quality forage and (2) non-quality forage. The total forage of each paddock changes
every day due to the consumption of the herd that occupies it, or its natural growth or
decrease caused by rain or drought. The quality forage is found in the upper part of the
pasture and is consumed first by the animals because of its flavor and because it is the
first part of the plant with which they come into contact. For this reason, the simulation
assumes that the quality forage of a paddock is the first to be consumed, and after it is
exhausted, the consumption of the lower-quality forage begins. The weight of the animals
evolves considering (1) the quantity and quality of forage consumed, (2) age, (3) genre,
and (3) distances traveled when the herd moves to another paddock.

The number of simulated paddocks is greater than the number of herds. The herds are
randomly assigned to their respective paddocks at the beginning of the simulation, then
they are moved to other paddocks according to some criteria, such as (1) availability of
forage in the paddocks and their distance and (2) the nutritional needs of the herd.

The simulator needs several parameters to define the context. The parameters related
to the paddocks are: (1) the daily growth rate of the pasture (in percentage units), (2)
the plant species, (3) the rate of extra increase in the rainy season, (4) the rate of loss
in the dry season, (5) the rate of loss due to flowering, (6) the daily weight gain of an
animal depending on the quality of the forage, (7) the minimum and maximum area of a
paddock, (8) the minimum and maximum capacity of the paddocks at the beginning of
the simulation, (9) the measurements of the farm within which the paddocks are randomly
located before starting the simulation, (10) the initial fraction of the total forage that is
quality forage and (11) the amount of forage per square meter that grows in a paddock
on a rest day after the capacity reaches zero, (12) the number of paddocks, (13) the area
of each paddock (m2), (14) location of the paddocks within the farm, (15) forage of each
paddock (kg), (16) number of consecutive days of occupation allowed per paddock, and
(17) number of days that a paddock must remain unoccupied after the maximum number
of consecutive days of occupation allowed. These last two parameters are used also in the
traditional grazing simulation scenario (without optimization model).

In the case of herds, the parameters are (1) the number of animal lots, (2) the nutritional
requirement, as a percentage of the total weight of a cattle lot that the lot needs to consume
daily to increment the weight, (3) the minimum and maximum number of animals per lot,
and (4) the weight loss per walk (kg/m), (5) the daily nutritional requirement of an animal
(% of its weight), Finally, the last parameter is the number of days to be simulated.

the output variables are: (1) Final weight of animals, (2) Average weight of animals,
(3) Average weight gain of the animals, (4) Final forage of each paddock (quality and
non-quality) (5)Average forage (quality and non-quality)

In summary, the discrete event simulator macro-algorithm of a cattle rotation system
is:

1. Define the values of the simulator parameters

2. Generate randomly weather data from real information.

3. Obtain the paddock distance matrix.

4. Then, for each day t of the time window to be simulated:
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(a) Read the weather characteristics, and for each pasture type in the paddocks
check if it is the flowering season.

(b) Perform the assignment of lots to paddocks (either traditionally or using the
optimization model).

(c) Update the weight of the animals in each batch of cattle by calculating the
weight gain obtained in the respective paddocks to which the lots were assigned.

(d) Update the forage of each paddock considering the consumption of grass by
the assigned batch of animals, the daily growth of the grass, the increase due
to rainfall, or the loss due to drought or flowering.

This process is carried out using functions for the calculation of animal weight gain,
grass increase due to rainfall, forage loss due to drought, forage loss due to flowering
season, allocation of lots to paddocks and daily forage growth. The simulator is located at
https://github.com/SimuladorGanadero

On the other hand, in the literature, there are tables that indicate the daily weight
gain obtained by an animal depending on the type of pasture consumed. In the simulation,
these values were used as parameters, and were increased or decreased depending on the
time of the year (rain, drought). The increase or decrease factor is a parameter of the
simulation. Finally, the grass growth rate is calculated during the simulation taking into
account the grass species and climate, which are inputs of the simulation.

3.2 Experimental Scenarios
To evaluate the performance of the mathematical model, two strategies were used with
the same values for the parameters described above in the simulator, but differing in
the herd rotation dynamics in the paddocks. The simulation setup performed for the
experimentation is presented in Table 5:

Table 5: Simulation parameters

Parameter Value

Days of simulation 365
Number of batches 15
Number of animals per flock 5
Number of paddocks 100
Minimum area of a paddock (m^2) 6000
Maximum area of a paddock (m^2) 7000
Minimum capacity of a paddock (kg of grass) 3000
Maximum capacity of a paddock (kg of grass) 3500
Maximum number of consecutive days a paddock
can be occupied consecutively. 3

Ideal number of days a paddock should remain
unoccupied after being used. 25

Forage (kg/m^2) that grows in one day in a paddock
after it has been completely consumed. 0.08

Fraction of total forage that is quality forage 0.3
Weight loss per walk (kg/m) 0.00001
Fraction of weight gain that is in addition to the
average gain for quality forage 0.15
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Table 5: Simulation parameters

Parameter Value

Daily nutritional requirement of an animal
(percent of its weight) 11%

Prime rate of daily growth of grass (forage) 12%
Increase in forage due to rainfall gain 12%
Decrease in forage due to drought loss 4%
Decrease in forage due to flowering loss 3%

The first strategy: Traditional rotational grazing, in which herds are moved from
one paddock to another periodically, considering estimates of forage in the unoccupied
paddocks, the distance the herd would have to travel to each possible paddock, and the
days that the paddocks must remain at rest due to their capacity reached zero or they were
occupied for a certain number of consecutive days. The latter and the rotation period are
given in days, and are parameters of the simulation.

The second strategy: The rotation using the proposed optimization model, which is
run every day and finds the optimal assignment of the herds to the paddocks, considering
the quantity and quality of forage in the paddocks at that moment. In this way, the model
determines for each batch of animals whether they should stay in the current paddock, or
be moved to another paddock to maximize their weight gain and minimize the distance to
be traveled. The proposed model is multi-objective, however, in the simulations performed
it is approached as a mono-objective problem by including a factor that quantifies the
effect of walking on the weight of the cattle, as shown in equation 9.

Max Z =
n∑

i=1

m∑

j=1

(Gt
ij −WlD

t
ij)x

t
ij (9)

where Wl is the amount of weight in kilograms that an animal loses per meter traveled.

3.3 Statistical analysis
For each scenario, 30 simulation runs were performed with different random seeds. The
main parameters and their respective values when unchanged are as follows: number of
herds (15 herds), number of paddocks (100 paddocks), number of animals per herd (5 ani-
mals) and simulation time (365 days). The results are analyzed as follows. The comparison
metric for the two simulated grazing alternatives is the average animal weight-gain (AWG),
which is given by:

AWG =
1

N

(
N∑

i=1

Wfi −
N∑

i=1

W0i

)
(10)

where W0i and Wfi are the weights of the animal i at the beginning and end of the simu-
lation, respectively, and N is the total number of animals.

From the simulation of the traditional grazing scenario, a mean average weight gain
of 172.94 kg with a standard deviation of 0.11 kg was obtained. For grazing using the
assignment model, a mean of 215.52 kgand a standard deviation of 0.089 kg was obtained.
Clearly, the average weight gain using the proposed model is superior to that of the using
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the traditional way. Since these results are random samples, statistical inference is neces-
sary to verify that the proposed model actually produces a higher average weight gain in
the animals. Thus, it is desired to test the hypothesis of contrast presented in Table 6.

Table 6: Hypothesis test

Hypothesis Description of hypothesis
H0 : µT = µM The means of the AWG are the same.

H1 : µT < µM
The mean AWG with traditional grazing is lower than that of
AWG with grazing using the assignment model.

Taking a significance level of 5% (α = 0.05), we first check whether the samples result-
ing from the simulation come from a population with a Normal probability distribution,
which is done to know whether it is necessary to apply parametric or non-parametric tests.

Figure 2 shows the quantile-quantile plots comparing the sample quantiles of average
animal weight gains with the theoretical quantiles of a Normal distribution. There is a
strong positive linear correlation between samples and theoretical quantiles in both sam-
ples. This suggests that both samples have a Normal distribution. To verify this hypothesis
formally, Shapiro-Wilk Normality test is run, which yields p-values of 0.1901 and 0.9453
for the traditional and model grazing samples, respectively. This indicates that there is no
enough evidence to show that the distributions are not normal; thus, we assume that both
data sets have a Normal distribution.

(a) Traditional grazing (b) Assignment model

Figure 2: Normal QQ plot

Since the assumption of normality is met, we proceed to verify the equality of variances
to identify the appropriate statistical test of means. The F-test(Tian, Manfei, Justin,
Hongyue, & Xiaohui, 2018) for comparison of variances of two normal population samples
is performed, which yields a p-value of 0.3405 > 0.05 = α; thus, the population variances
are equal.

Therefore, we proceed to perform the T-test (Tian et al., 2018), for comparison of
means of two normal populations with equal variances and test the hypotheses, in Table 6.
A p-value of 2.2e−16 << 0.05 = α is obtained; therefore, the null hypothesis H0 is rejected
in favor of the alternative hypothesis H1. Therefore, µT < µM .

With these results, it can be affirmed that the assignment model generates a statistically
higher average weight gain than the one generated by the traditional rotation method.
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3.4 Analysis of the behavior of different parameters in the
models

In addition, a basic descriptive statistical analysis is performed to compare the performance
of traditional grazing with that of the proposed model by changing some parameters of the
simulator. We assume the base values of the parameters indicated in the previous section,
and analyze the results after modifying each of them.

Regarding the assignment of multiple herds, Table 7 shows the mean and standard
deviation of the average weight gain in kilograms of 30 simulations for our model and
for the traditional rotation method for different numbers of herds. For example, when
the herd number is 5, the rotational grazing simulations using the proposed optimization
model have a mean average weight gain of 215.57 kg with a standard deviation of 0.185 kg.
On the other hand, the traditional method achieves a mean of 192.8 kg and a deviation of
0.47 kg.

It can be seen that as the number of herds increases, the mean average weight gain
decreases. This was an expected result since a higher number of herds of animals means
a higher rate of pasture consumption, so the amount of available pasture is depleted more
quickly, and this in turn, directly affects the weight gain of the animals.

In each of the scenarios proposed by varying the number of herds, the proposed opti-
mization model achieves a higher average weight gain for the animals than that obtained
with the traditional rotation method. Thus, our model presents better performance.

Table 7: Mean and standard deviation of the average weight gain for different num-
bers of herds.

Number of Herds Average Weight Gain Average Weight Gain
Our model Traditional

5 215.57 (0.185) 192.8 (0.47)
15 211.45 (0.116) 173.02 (0.07)
25 206.12 (0.094) 170.17 (0.05)

Table 8 shows the results for different numbers of paddocks. If the number of pad-
docks increases, then the mean of average weight gains also increases, and their standard
deviations decrease. This behavior is observed in both traditional and optimized grazing
methods using the proposed mathematical model. Having a greater number of paddocks
allows the grazing system has more possible places with available pasture to move the cattle
lots. However, clearly, the proposed model shows better performance than the traditional
rotational grazing method for the different numbers of paddocks.

Table 8: Mean and standard deviation of the average weight gain for different num-
bers of paddocks.

Number of paddocks Average Weight Gain Average Weight Gain
Our model Traditional

100 208.71 (0.099) 173 (0.09)
125 210.26 (0.076) 185.29 (0.062)
150 215.6 (0.072) 193.87 (0.07)

The results for different numbers of animals per herd are presented in Table 9. In the
case of the traditional grazing method, it is observed that as the number of animals per
flock increases, the average weight gain decreases considerably, making this parameter a
factor of great influence on the performance of this method.

12



However, in the case of the optimization model, the average weight gain remains fairly
homogeneous despite the increase in the number of animals per flock. The model manages
to absorb the variation in the number of animals quite well, being far superior to the
traditional method.

Table 9: Mean and standard deviation of the average weight gain for different num-
bers of animals by lot.

Number of animals by herd Average Weight Gain Average Weight Gain
Our model Traditional

5 215.52 (0.089) 172.94 (0.11)
10 215.49 (0.079) 68.9 (1.88)
15 215.64 (0.059) 51.82 (0.65)

Table 10 shows the results for different numbers of days to be simulated. As expected,
the higher the number of grazing days, the higher the average weight gain. But the
superiority of the optimization model in average weight gain in the three simulation time
scenarios tested is remarkable.

It is important to highlight that as the grazing time increases, the difference between
the average weight gain obtained with the model and that obtained with the traditional
method is greater. This is due to the fact that as the days go by, the paddocks have less
and less pasture available, and it becomes more difficult to make an intelligent allocation
through traditional grazing that includes estimations of future behaviors. This is something
that our model does quite well, so it adapts much better than the traditional method, and
therefore, achieves higher average weight gains.

Table 10: Analysis of the behavior of our model for different numbers of days sim-
ulated.

Number of days simulated Average Weight Gain Average Weight Gain
Our model Traditional

121 55.75 (0.061) 41.9 (0.05)
242 141.58 (0.031) 112.5 (0.09)
365 215.52 (0.119) 173 (0.11)

4 Comparison with Previous Works
In this section, we propose several criteria to compare previous studies related to animal
grazing optimization with our approach. In what follows, we make a comparison of this
work with previous studies.

• Criterion 1: the study proposes a mathematical optimization model applied to
livestock processes.

• Criterion 2: the study addresses the rotational grazing problem using an optimiza-
tion model.

• Criterion 3: the study proposes to discriminate forage quality and its effect on
animal weight gain.

• Criterion 4: the study considers animal welfare.

• Criterion 5: the study proposes an optimization.
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In Table 11, a qualitative comparison with related studies is made, based on previous
criteria.

Table 11: Comparison with previous works.

Criterion 1 Criterion 2 Criterion 3 Criterion 4 Criterion 5

(White et al., 2014) ! % % % %

(Xiaoyan et al., 2019b) ! ! % % %

(Chen & Shi, 2018) ! ! % % %

(Raizada et al., 2008) ! ! % % %

(Qin et al., 2018) ! % % % %

(DU et al., 2018) ! % % % %

(Liang et al., 2011) ! % % % %

(Addis et al., 2021) ! % % % %

This work ! ! ! ! !

As shown in Table 11, previous studies did not satisfy all the criteria. Specifically,
for criterion 1, all related research makes use of mathematical optimization models to
improve livestock production. For criterion 2, Xiaoyan et al. (Xiaoyan et al., 2019b) meet
this criterion, since they work with rotational grazing by making dynamic assignments.
Also, Raizada et al. (Raizada et al., 2008) define a multi-objective approach to maximize
farm income, employment and nutritional security, and minimize soil loss. Finally, Chen et
al. (Chen & Shi, 2018) worked with differential equations of grazing with vegetation on a
fixed area to show that production yields and stored forage are higher for rotational grazing
than for continuous grazing. Our proposal approaches animal grazing as a multi-objective
assignment problem.

For criterion 3, our proposal is the only one that focused on maximizing weight gain
using quality forage, which is taken by our model to calculate the occupancy time of a herd
in a paddock. For criterion 4, our proposal is the only one that considers animal welfare. It
takes into consideration the distance an animal has to move from one paddock to another,
which can cause stress to the animal and, additionally, the burning of calories could result
in weight loss. Finally, regarding criterion 5, Our model is a dynamic optimization model,
since the decision variable and parameters change with respect to time. Additionally, the
decision at a time t is made considering an estimation of the behavior of the rotational
grazing system in a future time window.

5 Conclusions
This paper provides a solution for grazing planning, using a mathematical assignment
model for assigning cattle herds to pastures in a cattle rotation system based on (1) the
quality forage and (2) the distance the herd has to travel from one paddock to another.
In addition, in the model, we consider the assignment of multiple herds. From an environ-
mental standpoint, using the proposed model can alleviate environmental problems caused
by overgrazing, and help the farmer avoid under-grazing. For that, using the model, the
farmer can know the optimum time of rotation since the allocation model decides the op-
timal time to move an animal from one paddock to another. Particularly, the allocation
model can be used on any livestock farm that uses rotational grazing as a mode of beef
production.

Thus, the main contribution of this work is the use of forage quality, and its effect
on animal weight gain, and the distance traveled by a herd to a paddock, to determine
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the allocation of herds to paddocks. In particular, this process is dynamically carried out,
and in turn, allowing multiple allocations of herds. The experiments carried out show the
versatility of our model for different situations (number of herds, number of paddocks,
among others), always obtaining robust results in each of them.

As future work, the five freedoms of animal welfare of the World Organization for
Animal Health (Horgan & Gavinelli, 2006) will be considered in an extension of the as-
signment model: (1) freedom from hunger, thirst and malnutrition, (2) freedom from fear
and distress, (3) freedom from physical and thermal discomfort, (4) freedom from pain,
injury and disease, (5) freedom to exhibit natural behavior. As another future work, we
propose to incorporate cattle-weight (García, Aguilar, Toro, & Jiménez, 2021) into the
model to be able to detect anomalies in the fattening process. This would give the alloca-
tion model the ability to show which animal is not gaining the weight it should, alerting
the farmer to which animal needs to be monitored. Thus, in future work, incorporate
this dynamic assignment model into an autonomous cycle of data analysis tasks (Aguilar,
Buendia, Pinto, & Gutiérrez, 2022) for monitoring the animal fattening process is natu-
ral. The autonomous cycle would enable automation of animal fattening/rotation process
monitoring in the framework of precision livestock farming.
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4

Abstract5

Beef production needs certain levels of autonomy to ensure that animal fat-6

tening processes achieve certain sustainability objectives (e.g., financial and7

environmental). For example, it is required oversight in the animal fattening8

process, so that stakeholders can make better decisions about what is happen-9

ing in the fattening process. For monitoring the animal fattening process, this10

paper proposes an autonomous system. In this paper, this autonomous system11

is designed and implemented using the methodology for the development of12

data Mining applications called MIDANO, and is tested in a cattle farm simu-13

lator that has been developed to reproduce the events of the animal fattening14

production process. This autonomous system for the self-supervision of the15

animal fattening process is composed of two data analysis tasks, one to detect16

anomalies in the fattening of cattle, and another to diagnose this anomaly.17

The results with real data demonstrate the ability of the proposed supervision18

system to detect and diagnose anomalies in various conditions (normal, animal19
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health problems, and forage problems in the paddock), and the possible causes20

of abnormal values in the weight variable. The anomaly detection models have21

a MAE of the order of 5.5 kilograms, and the diagnostic model has 95% of22

Accuracy and 1 of AUC. The results of the experiments are encouraging, as23

they show that the autonomous system is capable of detecting anomalies and24

diagnosing them in different operating scenarios. Our system allows giving25

self-supervision characteristics to a production process.26

keywords: Autonomic Computing, Precision Livestock Farming, Artificial Intelli-27

gence, Machine Learning, Rotational Grazing, Beef Production28

1 Introduction29

To achieve sustainable development, natural resources must be treated with great care,30

and technology must be used to ensure the continued satisfaction of the human needs of31

present and future generations [1]. On the other hand, parallel to world population growth,32

the demand for animal protein is also increasing. Countries are reviewing the growth of33

animal production to meet the increasing demand for animal protein [2].34

At the same time, autonomous computing is a paradigm with the main goal of defining35

computing systems that can manage themselves with little or no human interaction, with36

self-management capabilities to adapt to their environment [3]. In an autonomous com-37

puting environment, systems are able to monitor their own state, collect and analyze data,38

identify patterns and trends, and make intelligent decisions based on those analyses. They39

can adapt to changes in the environment, anticipate potential problems, and proactively40

take corrective action. The autonomic cycle of data analysis tasks (ACODAT) concept has41

been defined by Aguilar et al. [4–6] as a set of data analysis tasks that act autonomously42

to supervise and/or control a process. These Data Analysis tasks are based on knowledge43

models, and they interact and interrelate with each other according to the objectives of44

the cycle. Each data analysis task has a different function: to monitor the process, to45

analyze and interpret what is happening in the process, and to make decisions to improve46

the process.47

On the other hand, Precision Livestock Farming (PLF) uses biometric sensors, artificial48

intelligence, big data and blockchain technologies. Biometric sensors include invasive or49

non-invasive sensors that monitor an individual animal’s health and behavior in real-time,50

allowing producers to integrate this data for population-level analysis [7]. Particularly,51
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PLF is a technological approach that uses various tools and techniques to monitor, control52

and optimize livestock production accurately and efficiently. To do this, it collects and53

processes a large amount of information about the animals, their environment and their54

performance, in order to make accurate decisions that improve production. The main55

objectives of PLF are [8]: to identify the most appropriate livestock feeding, to reduce56

environmental impact through efficient resource management, to manage crop processes to57

make a perfect synergy with livestock feeding, to ensure food safety through traceability58

of products, and to improve animal health and crop efficiency.59

Also, beef production refers to the process of raising, feeding and managing cattle with60

the objective of obtaining quality meat for human consumption [9]. This process involves61

different stages, such as genetic selection of appropriate breeds, animal care in terms of feed,62

water, housing and veterinary care, as well as pasture management and proper nutrition.63

In general, the livestock industry has numerous difficulties in detecting failures in its64

production systems, which directly affects ideal livestock growth and optimal paddock65

production. The problem lies in the inability to make decisions in real time, using data66

of what may be happening in the cattle fattening process. In a previous article, three67

ACODATs are proposed in the context of precision livestock farming to solve this problem68

[8].69

This work defines and implements an ACODAT for the self-monitoring of animal fat-70

tening processes in the context of the PLF, with the objective of assisting farmers’ decision71

making to increase production efficiency. The data analysis tasks in the ACODAT-based72

self-monitoring system play fundamental roles in the monitoring, analysis and decision73

making process in the rotational grazing system. The first task is responsible for collect-74

ing, cleaning and transforming the system and context data, ensuring that they are ready75

for further analysis (data preparation). The second task uses predictive models to detect76

anomalies in animal weights, comparing actual data with predictive model results and77

alerting to unexpected deviations (identification system). The third task uses classification78

techniques to determine the cause of the anomaly, which may be due to the health of the79

animal or the poor performance of the paddock (diagnostic system). Finally, the last task80

informs the farmer about the detected anomaly and its diagnosis, generating alarms or81

alerts that help him in decision making (notification). Specifically, the main contributions82

of this research are:83

• The definition of the data analysis tasks for the self-supervision of the animal fat-84

tening process.85

3



• The integration of various data mining techniques for the definition of knowledge86

models for beef production farms.87

• The application of MIDANO for the definition of an ACODAT with the objective of88

monitoring and diagnosing the beef production process in order to enable real-time89

analysis and decision-making.90

The scientific relevance of this article lies in its innovative proposal to apply the ACO-91

DAT concept in PLF, using advanced data mining techniques and MIDANO. Our approach92

allows real-time monitoring and diagnosis of the animal fattening process, improving the93

efficiency and productivity of beef production. The results and contributions of this work94

are relevant for the scientific community and professionals in the field of animal husbandry,95

offering an innovative tool for informed decision making and optimization of livestock pro-96

duction.97

This article is organized as follows. Section 2 presents related work. Section 3 intro-98

duces the ACODAT for the supervision of cattle fattening proposed in this work. Section99

4 shows the behavior of our approach through different case analyses in meat production.100

After, Section 5 describes the results obtained. Finally, Section 6 shows a comparison with101

previous works, and the article ends with conclusions in section 7.102

2 Related Work103

In the case of PLF, significant progress has been made in the use of tools to monitor animal104

health and production, which has generated a large amount of data [10]. Previous works in105

the field of PLF and beef production process monitoring have addressed different aspects106

related to livestock health and behavior. First, Sai et al. [11] and Haladjian et al. [12].107

focused on detecting abnormalities in cattle health. Sai et al. [11] used environmental data108

and developed an artificial intelligence model to estimate the deep body temperature of109

animals, while Haladjian et al. [12] detected abnormalities in the movement pattern of110

cows as a possible indicator of lameness.111

On the other hand, Wagner et al. [13] and Chung et al. [14] focused on activity monitor-112

ing and early detection of abnormalities. Wagner et al. [13] captured dairy cow activities113

and considered them as a time series for analysis, while Chung et al. [14] proposed a data114

mining solution for heat detection using sound data from native Korean cows. In addition,115

Kramer et al. [15] developed a fuzzy logic model for disease classification and monitoring116
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in cattle, focusing on lameness and mastitis detection. On the other hand, Palomino et117

al. [16] focused on improving grazing systems for high mountain dairy cattle.118

Finally, the papers [17,18] highlighted the importance of low-emission livestock farming119

in the context of climate change, proposing intensive grazing systems and considering the120

effects of climate change on the soil-plant-animal relationship. In addition, Garcia et al. [19]121

proposed an approach to detect anomalies in cattle fattening processes based on historical122

weight records.123

Our work differs from previous works in several key aspects.124

• First, while previous works focus on specific aspects of cattle monitoring, such as125

body temperature detection, movement pattern anomalies, or activity monitoring,126

our approach encompasses a completely autonomous system for monitoring the cattle127

fattening process based on rotational grazing.128

• Furthermore, unlike previous works that focus on detecting anomalies in cattle129

health, our approach also considers other critical factors such as pasture conditions130

and environmental conditions. This allows us to have a comprehensive view of the131

fattening process, identifying possible deviations in both cattle health and environ-132

mental conditions.133

• Another important difference is that we use data mining and fuzzy modeling tech-134

niques for the analysis and diagnosis of anomalies detected in the cattle fattening135

process. This allows us to gain a deeper understanding of the underlying causes of136

deviations, and provide more accurate recommendations for decision making.137

The main contribution of our ACODAT is to provide an autonomous solution for138

monitoring the cattle fattening process based on rotational grazing. For that, it uses an139

identification model and a diagnostic system of the current situation to a better under-140

standing of the fattening process. In addition, being an autonomous system, it allows a141

continuous and efficient supervision of the fattening process.142

3 ACODAT-Based Supervision of Cattle Fattening143

This section describes the proposed ACODAT-based self-supervision approach for rota-144

tional grazing beef cattle fattening systems. ACODAT is a novel and versatile concept145

that allows concurrent data-driven models to reach strategic goals. This concept has not146

been used previously in the context of animal fattening monitoring.147
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For the development of the architecture, the methodology MIDANO was used, which is148

used for the development of applications based on data analytics tasks [20,21]. MIDANO149

is composed of three phases: identification of sources for knowledge extraction in an or-150

ganization and definition of the ACODAT, data preparation and processing, and finally,151

implementation of the data analysis tasks.152

3.1 ACODAT description153

ACODAT is based on the autonomic computing paradigm [22], with the purpose of endow-154

ing autonomic properties to systems based on an intelligent control loop. The main goal of155

ACODAT is to extract useful knowledge from data to make decisions [4]. The set of data156

analysis tasks must be performed together to achieve the goal in the supervised process.157

The tasks are interconnected and have different roles in the loop, which are to observe158

the process, analyze and interpret what happens in it, and make decisions to achieve the159

objective for which the loop was designed. This closed loop approach allows the solution160

of complex problems.161

ACODAT generally requires a multidimensional data model representing the data col-162

lected from the different sources, in order to characterize the behavior of the context. This163

model will be used for the different data analysis tasks.164

3.2 Proposed general architecture165

The rotational grazing system is composed of different tasks and decisions by the farmer,166

such as weighing the animals, defining what paddock to move them, checking the health167

status of the animals, determining the quality of the forage in the paddocks, among many168

others. The proposed autonomous cycle monitors the weighing of the animals, verifies169

the health status and the quality of the forage of the paddocks, using the data from the170

livestock software of the farm. The ACODAT-based self-supervision consists of four tasks,171

as shown in Figure 1.172

In supervising the animal fattening process, Task 1 prepares the data, and Task 2173

is a data analysis task that detects anomalies in animal weights. Task 3 is the other174

data analysis task that diagnoses the reason for this anomaly (animal health status or175

paddock performance), and Task 4 reports the anomaly and the diagnosis with possible176

causes for decision-making. Therefore, the functionalities provided by ACODAT-based177

self-supervision are as follows:178
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Figure 1: ACODAT-based supervision for PLF

• Monitoring process: a set of tasks (tasks 1 and 2) to capture data, and identify179

anomalies in the weight of the animals. In addition, they select and pre-process the180

relevant characteristics, and obtain information about animals behavior to be used181

in the steps below.182

• Analysis process: is task 3 to interpret, understand and diagnose in real time what183

is happening in the fattening process.184

• Decision-making process: this task defines and triggers notifications to the farmer.185

In addition, it could perform necessary physical actions on the controllable elements186

of the system. The effects of this task are returned for follow-up and analysis,187

restarting a new cycle.188

Table 1 shows the proposed tasks, their roles in the ACODAT-based self-supervision189

system, and the data sources. The following subsections describe the set of tasks according190

to their role.191
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Table 1: ACODAT-based self-supervision tasks, functions and data sources for ani-
mal fattening process

Role Task Data Source

Monitoring
Task 1 Data Preparation

Animal Weighing System

(Electronic Weighing Scale)

Task 2: Identification system Processed data from the previous task

Analysis Task 3: Diagnostic system Processed data from the previous task

Decision-Making Task 4: Notification Processed data from the previous task

3.3 Monitoring Role192

This section describes the monitoring tasks of the ACODAT-based self-supervision system.193

According to Table 1, these tasks are the data preparation (Task 1) and the identification194

system (Task 2).195

In particular, Task 1 prepares the data, collecting them from the system and context,196

cleaning and transforming them, improving their quality. Also, this task may eventually197

consider virtual sensors, to predict some of the system/context variables. Therefore, it198

could eventually use predictive models. Table 2 describes the activities of Task 1. Specif-199

ically, some of the activities defined in this task are: Target variable selection, feature200

engineering, and data cleaning, among other data preparation processes.201

Table 2: Description of Task 1 of data preparation.

Task 1 Data Preparation

Description: Data collection

Data source: Animal Weighing System

Data analytics type: Maybe Prediction

Data analytics technique:
Correlation analysis

Outlier detection

Knowledge model type: Maybe Predictive model

Related data analytics task: Identification system
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Table 2: Description of Task 1 of data preparation.

Task 1 Data Preparation

Autonomic cycle type: Monitoring

The monitoring process also provides anomaly detection. The objective of Task 2 is202

a real-time analysis of the behavior of the weight variable, and detecting when it deviates203

from the ranges stipulated as normal. Thus, it immediately identifies the anomaly in the204

weight of the animals. The description of this task can be seen in Table 3.205

Particularly, this task extracts knowledge for anomaly detection, for which it uses206

regression models. The regression model is not based entirely on the data but requires an207

expert to identify normal ranges of animal fattening. Once trained, the incoming data are208

compared with the results of the prediction model at a given time. Unexpected deviations209

between the two are an indication that an anomaly in animal weight is occurring.210

Table 3: Description of Task 2 for the identification system

Task 2 Data Preparation

Description: Anomaly detection

Data source: Animal Weighing System

Data analytics type: Prediction

Data analytics technique:

Decision tree

Regression

Random Forest

Knowledge model type: Predictive model

Related data analytics task: Diagnostic system

Autonomic cycle type: Monitoring

There are different techniques to build the knowledge model for detecting anomalies,211

and it is necessary to select which to use for the case study, based on its performance in212

terms of prediction error. In previous work, this analysis has been carried out [19]. Overall,213

the results showed that the decision tree was the best performing, with a mean absolute214

error (MAE) of 5.4 kg.215
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3.4 Analysis Role216

This section describes the task with this role in the ACODAT-based self-supervisory system217

to interpret and analyze the monitored information. According to Table 1, Task 3 performs218

the diagnosis of animal fattening, that is, it determines the reason for the anomaly, as shown219

in Table 4. Its objective is to know if the loss of animal weight is due to the animal’s health220

condition or to low yielding paddocks. In particular, this task defines a knowledge model221

to make a diagnosis of the anomaly.222

Table 4: Description of Task 3 for the analysis.

Task 3 Diagnostic system

Description: Diagnose the origin of the anomaly

Data source: Previous task

Data analytics type: Classification

Data analytics technique:
Fuzzy logic

Genetic algorithms

Knowledge model type: Diagnosis model

Related data analytics task: Identification system

Autonomic cycle type: Analysis

There are different techniques to build the knowledge model to diagnose anomalies, and223

it is necessary to select which one to use for the case study, based on its performance in224

terms of prediction error. In previous work, this analysis has been performed. In general,225

the results showed that the fuzzy classifier with rules optimized by genetic algorithms had226

good accuracy, when diagnosing weight loss by disease (97%), and in the case of diagnosing227

by paddock performance (95%) [23].228

3.5 Decision-Making Role229

In this section, we describe the task whose role in the ACODAT-based self-supervision sys-230

tem is to act from the anomaly detected and diagnosed in the previous phases. According231

to Table 1, Task 4 is the notification of the current status of the animal fattening process.232

Specifically, Task 4 notifies the anomaly detected, with its diagnosis. It generates alarms233

or alerts caused by anomalous situations, such as a loss of weight, or a paddock with little234
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forage, among other situations. The alarms are limited to warn about something, while235

the alerts not only warn but also request greater vigilance on something.236

4 Case Study237

For this case study, this section presents the experimental context and the instantiation238

of the ACODAT, using data from a beef farm located in Monteria-Colombia. The experi-239

mental context for this case study is as follows.240

4.1 Experiment Context241

In cattle ranching, a system widely used by beef producers in the tropics is rotational242

grazing. Rotational grazing consists of dividing the entire surface area of a farm into more243

than two paddocks, while some remain occupied, the others are at rest [24] (see Figure 2).244

This reduces the total grazing area, and forces cattle to consume forage uniformly, assigning245

batches of cattle to different paddocks [25]. Roughly speaking, this process consists of:246

• Prepare the paddocks by sowing the pasture247

• Buy the herds of animals248

• Assign an initial paddock to each herd249

• Each day x, assign a new paddock to each herd250

• Regularly weigh the herds to measure their fattening.251

• Sell the cattle when they reach a given weight252

Some of the variables that can be considered in this process are the pasture as a source253

of feed for the cattle, the paddock capacity (amount of forage in each paddock), the animal’s254

state of health, among others.255

At a frequency stipulated by the farmer, each animal in the herd is weighed, in order to256

measure how much weight the animals have gained in the rotations carried out to measure257

and evaluate their production. At each herd weighing, the animal is identified and stored258

in the herd weighing software to have weight history. This is a repetitive process, since259

a farm may have many herds, and each herd may have different animals with different260

weights and breeds.261
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Figure 2: Rotational grazing system

4.2 Instantiation of ACODAT262

This section describes the utilization of our ACODAT for the supervision of the animal263

fattening system at the Rosario farm. The Rosario farm has an average territorial extension264

with more than 100 paddocks, and works with various breeds of cattle, but the main ones265

are Angus, Angus Cebu, and Zebu. In general, the system starts with the weighing of266

the herds; immediately, the identification system detects an anomaly in the weight of an267

animal. If it is the case, it activates the diagnostic system, which will decide if this anomaly268

is due to the forage yield in the paddock or due to the state of animal health, as shown in269

Figure 3.270

Figure 3: General system architecture based on ACODAT
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The following subsections will explain the implementation of each proposed task in271

our architecture. The code and data used in the instances explained below, of the tasks272

described in Section 3, for the case study considered in this work, are found at https:273

//github.com/devraxielh/PLF-Identification-Diagnostic.274

4.2.1 Task 1: Preparation of the Data.275

Data extraction is straightforward and only requires collection and understanding. The276

compilation is carried out on a database made up of several tables that are the result of pre-277

existing queries on some variables chosen with different exploration frequencies. The most278

significant table is the history of the weights, which come directly from the electronic scale.279

On the other hand, feature engineering was used where for the extraction and description280

of the relevant features; in this case, age, race, and gender, were identified.281

4.2.2 Task 2: Anomaly detection282

This task is defined by an identification model that can be used in different contexts (e.g.,283

control or monitoring process). The objective is to develop a predictive model that can284

identify unusual changes in animal weight during the fattening process. The identification285

process determines the ideal range of weight values for cattle. With this range, weights286

considered normal or atypical are established, using a forest isolation algorithm that returns287

an anomaly score in relation to the expected weight of the animal. In this way, anomalous288

shifts in weight up or down can be detected. The model is used for anomaly detection in289

the beef production process. Thus, the identification model was defined as a predictive290

model, and was built using machine-learning techniques from data collected and validated291

by animal technicians at the Rosario farm.292

The identification process determines the ideal range of values of cattle weights. With293

this range, the expected or considered normal or atypical weights are determined, by294

implementing a forestall isolation algorithm that returns the score of the anomaly with295

respect to the expected weight of the animal, thus detecting anomalous weight changes up296

or down.297

We compare different prediction techniques such as Decision Tree (DT), Gradient298

boosting (GB), K-neighbors(KN) and Random Forest (RF), in order to model the ideal299

weight of an animal as a function of time, breed and gender. These algorithms are used300

because they are efficient in regression tasks and have shown to be effective in solving a301

wide variety of problems [26–28]. For each model, a hyperparameter optimization process302
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was carried out, to choose in each case the optimal set of hyperparameters for each learning303

algorithm. In the case of the approaches based on decision trees (DT, GB and RF) the304

depth of the tree (4-10) is optimized, and the function to divide the data (mean square305

error, etc.); in the case of KN, the value of K (3 to 10) and the similarity function used306

(Euclidean distance, Minkowski distance, Manhattan distance, etc.). The dataset contains307

the records of 104 animals from the day of birth to slaughter, and it is used a ten fold308

cross-validation strategy (80% of the records for training and 20% for testing). Figure 4309

shows the mean absolute error (MAE) of weight prediction for each technique used, which310

is calculated using equation 1.311

MAE =
1

N

N∑

i=1

|yi − ŷi| (1)

where N is the total number of records in the dataset, yi and ŷi are the current weight312

and predicted weight by the model, respectively.313

According to Figure 4, DT and RF show very similar behaviors, and the lowest MAEs314

with medians below 5.5 kilograms. In general, in Table 5, the mean MAE of DT and RF are315

very similar and present the smallest values, thus confirming that they are the techniques316

with the lowest prediction error, but there are no significant differences between them.317

However, the mean training time of DT is 0.0651 seconds, while that for RF is 0.445318

seconds. Therefore, DT is as suitable as RF for the identification of the ideal weight of the319

animals, but it is much faster (almost 7 times).320

Table 5: Comparison of results

Technique DT RF GB KN

Mean MAE 5.4525 5.4536 5.7249 5.9714

In this context, an MAE of 5.5 kilograms indicates that, on average, the predictions321

from our anomaly detection model may differ from the actual values by about 5.5 kilograms.322

The lower the MAE value, the higher the accuracy of the model, since it implies that the323

predictions are closer to the actual values. Therefore, in this specific case, an MAE of324

the order of 5.5 kilograms indicates that the anomaly detection models have an acceptable325

accuracy in estimating deviations in the weight of the animals (which fluctuate by about326

350 kilograms on average during the fattening process), which allows them to identify and327

alert on possible anomalies in the fattening process.328
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Figure 4: MAE boxplot for each technique.

4.2.3 Task 3: Diagnostic system329

In the context of diagnosing the animal fattening process in a grazing system, fuzzy logic330

can be especially useful due to the inherently imprecise and subjective nature of certain331

aspects of the system. For example, forage quality and forage tolerance to weather con-332

ditions can be evaluated in terms of grades, such as "low", "medium" or "high". Fuzzy333

logic allows representing and working with these degrees in a more adequate and flexible334

way than classical logic, as has been demonstrated in previous successful works in different335

fields [29–32].336

This task aims to diagnose a detected anomaly. The diagnostic system is based on337

a fuzzy classifier that uses fuzzy rules to characterize the diagnostic process, and fuzzy338

reasoning to determine the current situation before a given input. In addition, the fuzzy339

classifier optimizes the rules using genetic algorithms, which modify the membership func-340

tions, providing a more accurate system for diagnosis.341

The rules are designed and created using a fuzzy clustering algorithm. The fuzzy-c-342

means (FCM) algorithm is used, which allows fuzzy data clustering (each cluster describes343

a fuzzy set for the linguistic/fuzzy variable of interest). In addition, they are optimized344

using a Genetic Algorithm (GA), whose task is to improve the definition of the fuzzy sets345

(it adapts the membership function of each fuzzy set).346

The first step in designing the fuzzy system consists of determining the fuzzy/linguistic347
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variables and generating their fuzzy sets. The FCM algorithm allows defining the fuzzy348

sets from the data of each linguistic variable. The linguistic variables used are those linked349

to the fattening process. Particularly, the input variables are the age, the paddock, and350

the differential of the final weight with the initial weight, and the output variable is the351

state of the animal.352

Figure 5: Fuzzy Variable of Age

Age: This variable is shown in Figure 5, its universe of speech is [0, 30], and represents353

months of life. Its fuzzy sets are [calf, steer, adult].354

Figure 6: Fuzzy Variable of Differential

Differential : This variable is shown in Figure 6, its universe of discourse is [0, 100], and355

represents the percentage of the difference between the initial and current weight. Its fuzzy356

sets are [low,medium, high]. The differential variable allows measuring and monitoring357

the impact of animal rotation on animal weight. If the weight difference is positive, then358

it means that the animals have gained weight during the grazing cycle, indicating good359
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performance. On the other hand, if the weight difference is negative, then it means that the360

animals have lost weight, which may indicate health problems or poor pasture performance361

in the paddock.362

Figure 7: Fuzzy Variable of Paddock

Paddock : this variable is shown in Figure 7, its universe of discourse is [0, 10], and363

represents the paddock yield score, characterized by forage quality and forage tolerance364

to the climatic situation. Its fuzzy sets are [bad, fair, good]. The paddock variable allows365

evaluating and selecting the most suitable paddocks to move the animals based on their366

performance. A paddock with a high performance score would indicate that it has high367

quality forage and a higher tolerance to weather conditions, which would be beneficial for368

fattening the animals. On the other hand, a paddock with a low yield score could indicate369

that the forage is of low quality or that the paddock is not in optimal condition due to370

adverse climatic factors.371

Figure 8: Fuzzy Variable of Status
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Animal Status: this variable is shown in Figure 8, its universe of discourse is [0, 100],372

represented by a percentage to indicate how well the animal is. Its fuzzy sets are [stable, sick].373

374

The rules that model the system are of the form IF < ... > THEN < ... >. In the375

following tables, we define the set of rules.376

Table 6: Rules (fuzzy system) with 2 antecedents

Differential

low medium high

Calf sick sick/stable stable

Steer sick sick/stable stableA
ge

Adult sick/stable sick/stable stable

Table 7: Rules (fuzzy system) with 3 antecedents

Differential

low medium high

Calf sick sick/stable stable

Steer sick sick/stable stable

A
ge

Adult sick/stable sick/stable stable

fa
ir

/b
ad

pa
dd

oc
k

Thus, there are two different types of fuzzy rules, depending on whether information on377

paddock performance is available. We have a group of rules with two antecedents (see Table378

6) or with three antecedents (see Table 7). Particularly, in Table 6, the two antecedents379

are the differential and age variables; and in Table 7, the same but now also the paddock380

variable (the values of it that directly influence the animal fattening, such as regular/bad).381

An example of a rule for the latter case is:382

If the age is calf and the differential is low and the paddock is bad, then the animal’s383

condition is sick384

These rules will be fitted/optimized to the input dataset using Genetic Algorithms.385

Specifically, the membership functions of the fuzzy sets will be the ones fitted according to386

the input data. A fitness function based on the calculation of the following measures was387

used:388
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• Accuracy : measures the accuracy of an individual. In this case, as it is based on389

labeled data on diagnosis, the score establishes whether the consequent is true (rule390

is triggered) when it should. It is calculated by the following equation:391

Accuracy =
tp

(tp+ tf)
(2)

Where pv is the number of true positives, and pf is the number of false positives. In392

particular, the score for each rule is calculated for the input dataset, and averaged.393

• Trigger degree of each rule (certainty): it is the activation level of a rule, calculated394

as the product of the membership functions of the antecedents. If the value is high,395

then it means that the activation level of the rule is high.396

At the same time, an individual is defined as a set of possible membership functions397

for each fuzzy variable. Finally, the fitness function of each individual is the average score398

of each rule multiplied by its degree of certainty. Thus, the evolutionary process, using399

this hybrid fitness function (score and degree of certainty), allows adjusting the fuzzy sets400

to adapt them to the dataset.401

To adjust the fuzzy system, two case studies were considered. The first case study is402

where at least one animal is labeled sick, and paddock performance is good despite the403

weather season. The rules that will be activated are those of two antecedents since the404

paddock performance is good and does not negatively affect animal fattening.405

The second case study presents a variation, which consists of analyzing animal fattening406

considering the performance of the paddock when it is regular. The rules that will be407

activated are those of 3 antecedents, in this case, the paddock variable is used because it408

does affect negatively animal fattening.409

The diagnostic system is evolved and the results with the best individual (quality410

metrics) are shown in Tables 8 and 9. We have added the AUC metric, which stands for411

"Area under the ROC (receiver operating characteristic) Curve". An ROC curve (receiver412

operating characteristic curve) is a graph showing the performance of a classification model413

at all classification thresholds.414

An AUC value equal to 1 is excellent, as is accuracy equal to 100 or a rule certainty415

equal to 1. The results of the best individual in each case are very good because these416

values are close to or equal to the previous values.417
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Table 8: Case 1 results

Metrics Values

Accuracy 97%

Certainty of rules R1:0.85, R2:0.88,R3:0.90,R4:0.85,R5:0.85

AUC 1

Table 9: Case 2 results

Metrics Values

Accuracy 95%

Certainty of rules R1:0.88, R2:0.75, R3:0.89, R4:0.85, R5:0.85, R6:0.75

AUC 1

5 Experiments418

In our ACODAT, there are two main data analysis tasks: one for the definition of the419

cattle fattening process identification model, and another for the diagnosis of anomalies in420

a beef production process. We will use 3 test scenarios: normal, animal health problem,421

and forage problem in the paddock. In this section, we are going to describe the behavior422

of ACODAT previously trained, using real data from the “El Rosario Cattle” farm located423

in Monteria-Colombia.424

5.1 A normal scenario425

Input : A herd of 15 animals with an average age of 2 years of zebu breed.426

ACODAT analysis: The 15 animals are weighed on the farm scale (animal weighing427

system). Immediately, task 1 is activated to prepare the data, then these data are passed428

to task 2 where the anomaly detection is carried out, and will return the status of the herd429

(see Figure 9).430

Output : In this case, Task 3 would not be carried out because the herd of animals431

gained the desired weight. Therefore, they return to rotational grazing.432
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Figure 9: Normal scenario

Figure 10: Sick animal scenario

5.2 Sick animal scenario433

Input : A herd of 7 animals with an average age of 1.6 years of AngusxCebu (AC) breed.434

ACODAT analysis: Task 2 detects that one animal in a herd of 7 animals with an435

average age of 1.6 years did not gain the appropriate weight for its age (see Figure 10).436

Particularly, it compares the ideal weight growth curve described by the identification437

model (see Figure 11) with the animal weights (point cloud). Since the curve represents438

the ideal temporal behavior of the weight, points that deviate from it are potentially439

anomalous, but it is necessary to define the magnitude of the distance that separates an440

anomalous weight from one considered normal. To do this, multiple predictions of ideal441

weights are obtained for each combination of day, race, and sex. Next, the ideal (non-442

anomalous) weight intervals are constructed to detect anomalous weights [19] (see Table443

10).444

Table 10: Detection of anomalous data in a sick animal scenario

Days Actual Weight Breed Gender Ideal Weights State

600 345 AC M [328-380] normal

600 350 AC M [328-380] normal

600 360 AC M [328-380] normal

600 337 AC M [328-380] normal

600 315 AC M [328-380] abnormal
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600 345 AC M [328-380] normal

600 332 AC M [328-380] normal

Figure 11: Ideal weight-curve versus real weight [19]

Subsequently, Task 3 is invoked with existing fuzzy rules. The fuzzy classifier system445

infers that only one animal is sick for that given input.446

The first fuzzy rules are used (see Tables 6-7). Then, once several iterations of the447

fuzzy system have been performed, the adaptive system of rules is invoked, which is based448

on a Genetic Algorithm. An example of this evolution is shown. For example, in Figure449

12, the rules of the 1st generation do not satisfy the system since they are rules with stable450

animal state. In the 2nd iteration, an improvement in the rules is noticed because the sick451

state appears in the consequent. Finally, in the 4th iteration, the stop condition is reached,452

and its best individual (set of rules) represents the final solution (new diagnosis system).453

Figure 12: Evolution of the rules that are activated

Output : The system diagnose that the problem is due to animal health since it was the454
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only animal in the herd that did not gain the weight considered normal for its age. There-455

fore, a decision is made regarding the animal’s health so that it can return to rotational456

grazing.457

5.3 Scenario of a paddock with low yield458

Input : A herd of 10 animals with an average age of 1.6 years of Angus (AN) breed.459

Figure 13: Scenario of a paddock with a low yield

ACODAT analysis: Task 2 with the anomaly detection model detects that 7 animals460

from a herd with 10 animals with an average age of 1.6 years did not gain the appropriate461

weight for their age (see Table 11).462

Table 11: Detection of anomalous data in a scenario of a paddock with low yield

Days Actual Weight Breed Gender Ideal Weights State

600 328 AN M [332-387] abnormal

605 330 AN M [336-391] abnormal

600 310 AN M [332-387] abnormal

600 334 AN M [332-387] normal

600 333 AN M [332-387] normal

600 337 AN M [332-387] normal

600 321 AN M [332-387] abnormal

605 327 AN M [336-391] abnormal

600 329 AN M [332-387] abnormal

603 328 AN M [333-389] abnormal

It makes the diagnostic request to Task 3, which is invoked with the existing fuzzy463

rules. The fuzzy classifier system infers that several animals are sick for that given input,464

and that the problem is with paddock performance. Again, once several iterations of the465

fuzzy system have been performed, the adaptive rule system is invoked.466
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Output : It diagnoses that the problem is with paddock performance since on average,467

most of the animals in the herd did not gain the weight considered normal for their age.468

Therefore, a decision is made regarding paddocks.469

6 Comparison with other works470

In this section, we propose criteria to compare our approach with similar works. In this471

section, we have focused on determining whether the works comply with some of these472

aspects, and not on how they do so methodologically. To compare this work with other473

similar works, we proceeded to define four criteria, which are:474

• Criterion 1: The work jointly analyzes grazing and animal welfare.475

• Criterion 2: The beef production process is supervised by an autonomous system.476

• Criterion 3: ML techniques are used to detect anomalies in animals.477

• Criterion 4: ML techniques are used to diagnose anomalies in a beef production478

process.479

In Table 12, a qualitative comparison with related studies is made, based on previous480

criteria.481

Table 12: Comparison with previous works.

Criterion 1 Criterion 2 Criterion 3 Criterion 4

[11] % % ! %

[12] % % ! %

[13] % % % !

[14] % % ! %

[15] % % % !

[16] ! % % %

[17] ! % % %

[18] ! % % %

[19] % % ! %

This work ! ! ! !

As shown in Table 12, the related works do not meet all criteria. Specifically, in criterion482

1, our work considers the diagnosis of animal health status, which contributes to animal483
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welfare, and diagnosis of paddocks, which contributes to pasture improvement. In both484

cases, the farmer can intervene to improve these conditions. Palomino et al. [16] determined485

the ideal number of paddocks and the optimal stocking rate. In addition, [17,18] consider486

the effects of climate change on the soil-plant-animal relationship and propose an intensive487

grazing system that guarantees low-emission livestock farming.488

Regarding criterion 2, none of the related works use autonomous systems for fatten-489

ing monitoring in livestock production. Our proposal is based on ACODAT principles.490

This research allows, through ACODAT, self-monitoring of the detection and diagnosis of491

anomalies in the meat production process by rotational grazing.492

In relation to criterion 3, Sai et al. [11] performed the detection of anomalies in cattle493

health. Haladjian et al. [12] detected abnormalities in a cow’s movement pattern as a494

possible indicator of lameness. Chung et al. [14] proposed a data mining solution for heat495

detection using sound data from native Korean cows. Finally, Garcia et al. [19] proposed496

an approach to detect anomalies in the cattle fattening process using historical records of497

animal weights. Our approach uses anomaly detection as input to the diagnostic model,498

identifying whether animals have gained the appropriate weight over time.499

With respect to criterion 4, Wagner et al. [13] diagnosed the status of cows (disease,500

stress, no problems) using a ruminal sensor. In addition, Kramer et al. [15] developed a501

fuzzy logic model for classification and monitoring of lameness and mastitis in cows using502

data. Finally, our proposal focuses on the diagnosis of the detected anomaly, with the aim503

of achieving intelligent self-monitoring of animal fattening in rotational grazing.504

Thus, the only work that meets all four criteria is ours, which is suitable for PLF en-505

vironments, allowing self-adaptive, reconfigurable, scalable, high-precision systems. Also,506

an interesting aspect is how to extend them to multi-agent approaches, for natural mod-507

eling of the problem [33]. In general, our approach can easily accommodate a multi-agent508

environment, defining animals, grass, etc., as agents of the system.509

7 Conclusions510

This paper proposes a novel self-supervision system for the detection and diagnosis of511

anomalies present in animal weights in a fattening system based on rotational grazing.512

The work is based on the ACODAT concept and applies it to PLF. The ACODAT concept513

has been successfully tested in different areas [34–36], but has not yet been used in PLF [37].514

Our ACODAT-based self-supervision system is capable of detecting anomalies and carrying515
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out the diagnosis of what is happening on a beef farm. The ACODAT tasks are based on516

several ML techniques working together with specific objectives such as anomaly detection517

and diagnosis in rotational grazing.518

Our ACODAT is composed of 4 tasks that allow real-time monitoring of the animal519

fattening process, detecting and diagnosing anomalies, and notifying the farmer so that he520

can make informed decisions. The data preparation task ensures the quality and relevance521

of the information used in the analysis, while the identification and diagnostic tasks use522

modeling techniques to identify and understand anomalies. Finally, the reporting task523

provides clear and timely communication to the farmer, providing crucial information for524

proper decision making in the management of the rotational grazing system. Together,525

these tasks strengthen the autonomous monitoring process and improve efficiency and526

productivity in farming practice.527

The proposed autonomous cycle was tested with real data from the "El Rosario Cattle"528

farm located in Monteria-Colombia. The rotational grazing system is one of the most529

used in the tropics for cattle fattening [9], which makes the scenario very appropriate to530

extend the results to other farms. The results with real data demonstrate the ability of531

the proposed supervision system to detect and diagnose anomalies in various conditions532

(normal, animal health problems, and forage problems in the paddock), and the possible533

causes of abnormal values in the weight variable. This scheme using ACODAT provides a534

novel approach to anomaly detection and diagnosis in PLF. In addition to the flexibility535

to select techniques and model configurations, the ACODAT supervisory scheme can be536

retrained in real-time, increasingly adapting to the supervised system and improving its537

prediction accuracy.538

Future work will extend this ACODAT-based self-supervision system to other types539

of production such as dairy cows. Other future work is to extend the current data with540

information on more anomalies in order to expand the capability of our system to diagnose541

a larger number of anomalies. In addition, other future work will incorporate meta-learning542

approaches to autonomously update cycle knowledge models, or to transfer them to other543

farms, among other things. Finally, future work should carry out further testing of our544

approach in different geographic locations and climatic conditions, to show the extensibility545

of the approach, preliminary results show that this idea should work.546
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Abstract—Cattle breeding has been one of the most important
industrial sectors in the world since it is related to food security
and the survival of the human race. Management of the cattle
fattening process is a fundamental procedure for cattle breeders
because it allows them to make strategic decisions, such as timely
treatment in case of any abnormality (e.g., weight gain in herds,
in their paddocks). This article aims to present a management
system for the cattle fattening process under a rotational grazing
scheme, considering the health status of the animal and the
pasture, which should diagnose weight loss or gain in bovines
and recommend actions when is required. The diagnostic process
is based on a fuzzy system that defines rules that characterize
the diagnostic process to determine the current situation given
an input. Furthermore, the fuzzy classifier optimizes its rules
by means of genetic algorithms by modifying its membership
functions, providing a more accurate system for diagnosis. On
the other hand, the recommendation system is based on a
classification model of pasture crops, in which the best pasture
is recommended given the soil variables. We tested our proposal
with experimental cases, with promising results. For the fuzzy
classifier, the accuracy metrics are very good, with values of
accuracy close to 100% and of Area Under the Curve close
to 1. For the classification model were used several machine
learning techniques, resulting in the best classifier the random
forest technique, with an accuracy of 98.61%.

Index Terms—Precision Livestock Farming, Rotational Graz-
ing, Diagnostic System, Recommendation System

I. INTRODUCTION

The livestock activity in the nations located in the tropics
is becoming more and more demanding due to demographic
growth, so this activity must constantly assume dynamics
of transformation and adaptation. On the other hand, the
intertropical climatic seasons are characterized by winter and
summer, which condition the livestock activity in terms of
animal feeding, so it is necessary to improve the feeding pro-
cesses considering these aspects so that this activity generates
greater volumes of profit. At the same time, the livestock
industry presents a series of difficulties to detect failures in
its production systems, which directly affects the ideal growth

of livestock and the optimum production of paddocks. The
problem lies in the inability to make decisions in real time,
using data, of what may be happening in the cattle fattening
process. Therefore, it is necessary to develop a management
system for the cattle fattening process, with the objective
of helping farmers make decisions to increase production
efficiency.

Some works related to our proposal are the following.
Palomino and Loza [1] designed a rotational grazing system
for a high Andean dairy herd. The purpose of this project was
to improve traditional grazing systems for dual-purpose high
Andean dairy cattle. SAS Planet software was used for the
design, and plans of the farm and areas for agriculture and
housing purposes were plotted to determine the ideal number
of paddocks and the optimal stocking rate.

Several authors [2], [3] outline the essential aspects for
developing low-carbon livestock farming. They considered a
set of effects related to climate change, and their impact on
the soil-plant-animal relationship. They propose an intensive
grazing system that guarantees low-emission livestock farm-
ing, which represents an option in the face of climate change.
Garcia et al [4]. propose an approach to detect anomalies
in the cattle fattening process. This approach uses the actual
historical record of animal weight to identify whether animals
have gained the appropriate weight over time. They compare
several machine learning techniques (Decision Tree, Gradient
Boosting, regression based on K-Nearest Neighbors and Ran-
dom Forest) in the task of anomalous weight detection, using
Mean Absolute Error as quality metrics.

On the other hand, regarding fuzzy classifier systems,
Ramirez et al [5]. designed a fuzzy classifier system for the
establishment of the functional states of a medical production
system. For the design and tuning of the fuzzy classifier, the
process data history was used to identify all functional states
useful for process monitoring. The establishment of functional
states from the fuzzy classification allows the programming of
corrective actions in the process from the diagnosis performed.
Finally, in [6] they applied fuzzy logic and genetic algorithms



for the determination of treatments in malignant neoplastic
diseases. The paper proposes an optimized fuzzy classifier
using a hybrid genetic algorithm with a fuzzy clustering
technique. They implement a prototype and evaluate it on
synthetic treatment data against malignant neoplastic diseases.
Finally, previous work has determined that machine learning
is essential to provide self-management capability in a beef
production farm [7].

This work aims to propose a management system for the
cattle fattening process, which contains a system to diagnose
the individual fattening progress, and the causes of cattle
weight loss or gain, in rotational grazing, but in addition, it has
a system to recommend the best pasture given the soil variables
for each paddock of the farm. The diagnostic system is based
on fuzzy theory, and uses rules to analyze the current cattle
weight situation. In addition, the system optimizes the rules
to fit the actual data of the cattle under supervision. On the
other hand, the recommendation system is based on a classifier
model built with machine learning techniques. Particularly, 3
algorithms were used: nearest neighbors, decision tree and
random forest, resulting the last one with higher accuracy.

The organization of this work is as follows. Section 2
presents the theoretical framework used in this work. Section
3 shows the design of our cattle fattening process management
system. Then, Section 4 describes the experiments conducted
with the system to evaluate its quality. Next, Section 5 com-
pares this work with previous work. Finally, Section 5 presents
the conclusions.

II. THEORETICAL FRAMEWORK

A. Fuzzy Classifier System

In general, fuzzy systems have proven to be very useful
for representing the behavior or dynamics of systems by
means of fuzzy rules. Traditionally, these systems are based
on information provided by experts; however, in complex
systems, the rules thus constructed did not allow an accurate
simulation of the system [8]. The search for fuzzy systems
that adapt to the dynamics of complex systems has led to the
development of research on techniques for extracting fuzzy
rules from input and output data [9]–[11]. Fuzzy classification
algorithms represent one of the techniques for the development
of adaptive fuzzy systems [12], [13].

A Fuzzy Classifier System is composed of two major
components. A rules subsystem that allows classifying the
input information. This subsystem defines the rules of type
If-Then using fuzzy variables, and uses a fuzzy reasoner to
infer a conclusion. The second component of a fuzzy classifier
system is the adaptive subsystem. Traditionally, this subsystem
is based on genetic algorithms (GA), which are inspired by
biological evolution as a strategy for solving optimization
problems [14]. In particular, the fuzzy classifier uses it to
optimize the rules, and thus, its performance.

B. Classifier system

Our recommendation system is based on a classification
model, which is previously trained with the information to

be recommended, such that for a given input, it knows which
recommendation to give.

The classification model is built using supervised machine
learning techniques. Specifically, these models are built from a
training process using a set of labeled data. Then, that trained
model is used to predict/determine the class to which a new
unknown input belongs. Thus, once trained, it is used to assign
a label or class to a new data entry [15].

The three machine learning algorithms used in this work
are as follows:

• Near neighbors: This algorithm is based on the idea that
an entry is more similar to entries that are close to it in
the feature space. [16].

• Decision Tree: This algorithm builds a tree that represents
the decisions that must be made to arrive at a classifica-
tion [17].

• Random Forest: This algorithm combines several decision
trees to improve overall accuracy and reduce model
variability [18].

C. Precision livestock farming

Precision livestock farming is one of the sectors that has
incorporated the most innovations in recent years, thanks to the
development of technologies aimed at improving the efficiency
of livestock farms and the quality of animal products. These
technologies make it possible to optimize resources, increase
yields, control environmental impact and improve animal
welfare. This requires monitoring animal health and produc-
tion, measuring physiological and morphological biometric
indicators, among other things [19].

In the case of diagnostic processes, the use of precision
livestock farming allows the development of a friendly, non-
intrusive monitoring technology, allowing interaction between
experts and producers. In particular, diagnostic systems in
precision livestock farming seek to reduce losses and improve
productivity in the long term, through dynamic follow-up and
monitoring of livestock. For example, a diagnostic system
could evaluate quantitative information to characterize animals
quickly and adequately, by studying individual and/or batches
of animals. The system would interpret animal health and
determine paddock performance to identify patterns in the
production process, and from there, be able to diagnose
possible causes of low or high fattening of cattle [4].

III. DESIGN OF THE CATTLE FATTENING PROCESS
MANAGEMENT SYSTEM

This section will discuss the design and operation of the
fuzzy classifier-based diagnostic system and the classification
model-based recommender system.

A. Diagnostic System Specification

The architecture of the diagnostic system is based on a fuzzy
classifier, which can be seen in Figure 1. In this scheme, 2
blocks are observed, the first block, called fuzzy rule design
and optimization system, and the second one is called the



Fig. 1: Fuzzy classifier architecture.

fuzzy system. In Figures 2 and 3, respectively, both systems
are detailed.

Figure 2 shows the fuzzy rule design system and optimiza-
tion system. The rules are designed and created using a fuzzy
clustering algorithm. The present work uses the fuzzy-c-means
(FCM) algorithm, which allows fuzzy data clustering (each
cluster determines a fuzzy set for the linguistic/fuzzy variable
of interest) [1], [20]–[23]. On the other hand, a GA is used
for optimization, whose task is to improve the definition of the
fuzzy sets (it adapts the membership function of each fuzzy
set).

Fig. 2: Fuzzy Rule Design System and Optimization System

Fig. 3: Fuzzy system

Figure 3 shows the fuzzy system. Its components are the
fuzzified input, the inference engine (fuzzy reasoner), the
output generator (defuzzifier), and the knowledge base (the
fuzzy rules), which is updated from time to time by the fuzzy
rule optimization system shown in Figure 2.

B. Specification of the fuzzy system

1) Fuzzy system: The engine of this system is centered
on the definition of linguistic variables that make up the

diagnostic model. This model is constituted by a set of fuzzy
rules that use linguistic variables. Thus, the fuzzy system
represents the diagnostic model proposed in this work.

The first step in designing the fuzzy system consists of cre-
ating the labels (fuzzy sets) needed for each linguistic variable.
The FCM algorithm allows defining the fuzzy sets from the
membership matrix that it generates for each linguistic variable
[1], [24]. For this purpose, FCM determines the fuzzy groups
present in a linguistic variable (these will be the fuzzy sets),
with the degree of membership of the values of the variable
in each of them. The degrees of membership are in the range
[0, 100], and represent the partial membership in each fuzzy set
(class) of each value of each linguistic variable. The linguistic
variables, and their fuzzy sets, of our fuzzy diagnostic system,
are described below.

The linguistic variables used are those linked to the fatten-
ing process. The input variables are the age, the paddock, and
the differential of the final weight with the initial weight, and
the output variable is the state of the animal.

Fig. 4: Variable Age

• Age: its universe of discourse is [0, 30], and represents
months of life. Its fuzzy sets are [calf, steer, adult].
Figure 4 shows each fuzzy set.

Fig. 5: Variable Diferencial

• Differential: its universe of discourse is [0, 100],
and represents the percentage of difference between
the initial and current weight. Its fuzzy sets are
[low,medium, high]. Figure 5 shows each fuzzy set.

• Paddock: its universe of discourse is [0, 10], and repre-
sents the paddock yield score, characterized by forage
quality and forage tolerance to the climatic situation. Its



Fig. 6: Variable Paddock

fuzzy sets are [bad, fair, good]. Each fuzzy set is shown
in Figure 6.

Fig. 7: Variable Animal Status

• Animal Status: its universe of discourse is [0, 100], rep-
resented by a percentage to indicate how well the animal
is doing. Its fuzzy sets are [stable, sick]. Figure 7 shows
each fuzzy set.

2) Definition of diagnostic rules: The rules that model the
system are of the form.

IF < . . . > THEN < . . . >, In the following tables, we
define the set of rules.

There are two different types of fuzzy rules, depending
on whether information on paddock performance is available.
Thus, we have a group of rules with two antecedents (see Table
I) or with three antecedents (see Table II). Particularly, in Table
I the two antecedents are the variables differential and age; and
in Table II the same, but now also the paddock variable (the
values of it that directly influence animal fattening, such as
fair/bad). An example of a rule for the latter case is:

If the age is calf and the differential is low, and the paddock
is bad, then the animal’s condition is sick.

These rules will be fitted/optimized to the input dataset
using GAs. Specifically, the membership functions of the fuzzy
sets will be those fitted to the input data.

TABLE I: Rule Base with 2 antecedents

Diferencial

low medium high
Calf Sick Sick/Stable Stable

Steer Sick Sick/Stable StableA
ge

Adult Sick/Stable Sick/Stable Stable

TABLE II: Rule Base with 3 antecedents

Diferencial

low medium high
Calf Sick Sick/Stable Stable

Steer Sick Sick/Stable Stable

A
ge

Adult Sick/Stable Sick/Stable Stable
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C. Characteristics of the Genetic Algorithm

1) Specification and evolution of individuals: Structure of
individuals: A factor of special interest in the design of the
evolutionary process to optimize the fuzzy classifier is the
representation scheme used to encode each of the possible
solutions. For this research, the individual is defined as fol-
lows:

Chromosome = limits of the membership function of the
fuzzy sets of each linguistic variable.

In this approach, each individual represents by itself a
complete solution by encoding the fuzzy sets of input and
output variables. Specifically, each gene represents a vertex of
the membership function of the sets of each linguistic variable,
assuming a trapezoidal shape for the definition of them.

The representation of each linguistic variable would be as
follows (vertices of the membership functions of their fuzzy
sets):

Age = [10, 15, 20, 25] = [e1, e2, e3, e4]
Differential = [20, 40, 60, 80] = [d1, d2, d3, d4]
Paddock = [1, 5, 7, 8] = [p1, p2, p3, p4]
Status = [40, 60] = [c1, c2]

The coding of the chromosome would be the concatenation
of the description of the membership function of the fuzzy
sets of each variable. On the other hand, since there are rules
that do not contain the fuzzy variable paddock, there are 2
cases for chromosome coding, the first one does not contain
the fuzzy sets of the fuzzy variable paddock, and the second
case does. Thus, in the first case, considering the order of
the genes, such that the antecedents (age and differential) are
placed first and then the consequent (state), the individuals are
as follows (see Figure 8):

In the second case of fuzzy rules, in which paddock perfor-
mance is considered in the analysis, the antecedents would be
age, differential and paddock, and the consequent state (see
Figure 9).



Fig. 8: Chromosome for GA in case 1

Fig. 9: Chromosome for GA in case 2

2) Evolution of individuals: For the optimization of fuzzy
rules with GA, an initial population of individuals must be
randomly generated. The objective of the GA is to modify the
fuzzy sets (their membership functions) in order to adapt the
rules to the data. The evolutionary process is as follows.

• Individuals are selected for breeding using the following
scheme: individuals are ordered from highest to lowest
aptitude, and those with aptitude lower than 0.7 are
discarded. The aptitude function is defined in the next
section.

• Subsequently, genetic operators are used to generate new
individuals. In particular, the crossover and mutation
operators are used, which were implemented as follows:

1) Crossing: two chromosomes and the cut point are
chosen randomly, to perform the cross between the
two.

2) Mutation: a chromosome is chosen and one of its
genes, chosen at random, is modified.

• In each iteration, a number of offspring equal to the initial
population size is generated, and the worst individuals
in the population are replaced by the best new ones,
according to the aptitude function.

At the end of this, if the optimum is reached or the stop
condition is met, the individual with the best value in the
aptitude function is selected to update the vertices of the fuzzy
sets of the fuzzy variables.

3) Aptitude Function: Aptitude function based on the cal-
culation of the following measures was used:

Score: Measures the accuracy of an individual. In this case,
as it is based on labeled data on diagnosis, the score establishes
whether the consequent is true (the rule is triggered) when it
should. It is calculated by the following equation:

Score =
pv

(pv + pf)
(1)

Where pv is the number of true positives, and pf is the
number of false positives. In particular, the score for each rule
is calculated for the input dataset, and averaged.

Certainty or trigger degree of each rule: which is the
activation level of a rule, calculated as the product of the
membership functions of the antecedents. If the value is high,
it means that the activation level of the rule is high.

Finally, the aptitude function of each individual is the
average of the score of each rule multiplied by its degree of
certainty. Thus, the evolutionary process, using this hybrid fit-
ness function (score and degree of certainty), allows adjusting
the fuzzy sets to fit the context data.

D. Specification of the Recommender System

In general, the recommendation system is based on a
classifier model of livestock pasture crops. Particularly, the
classification model is trained so that for a given input of
soil variables it indicates the best pasture to consider. The
following steps were considered for the construction of the
model:

1) Dataset acquisition: Several datasets were used from the
Kaggle Crop Dataset and the Pasto certo page www.pastocerto.
com/ on pasture information. However, since information
about soil physicochemical characteristics in relation to grass
is very scarce, it was decided to take data from other crops
similar to the different types of pastures, with the objective
of having a robust dataset to train and evaluate the model. In
addition to the pasture dataset, cattle were also required. Thus,
the data sets used were:

• Soil nutrient content and environmental data set: This data
set contains information on the main soil physicochemical
variables (soil nutrients) and some environmental charac-
teristics (maximum and minimum rainfall, maximum and
minimum temperature) for 22 types of crops.

• Cattle weight gain dataset: This dataset contains informa-
tion on cattle weight gain (kg) for 18 pasture types, in
dry and rainy seasons.

The specific variables used from the data sets were as
follows:

• Temperature: Monthly temperature (in °C).
• Moisture: relative amount of water contained in a satu-

rated soil after 48 hours of drainage.
• Weight gain—water: gain in grams of cattle weight per

day in the rainy season.
• Weight gain—dry: gain in grams of cattle weight per day

in the dry season.
• Potassium: helps the plant to make more efficient use of

water, it is absorbed in ionic form (K+).
• Nitrogen: It is found in two different forms: organic and

chemical.
• pH: A measure of the acidity (low pH = acidic) or

alkalinity (high pH = basic or alkaline) of the medium.
• Rainfall: potential capacity of rainfall to erode soils.
• Phosphorus: An essential nutrient for crops, and its lack

can significantly limit crop growth and yield.
2) Data preprocessing: Since several datasets are taken for

the construction of the model, the data were unified in one
dataset. Thus the new dataset contains information on the
physicochemical characteristics of the soil in various crops,
with the weight gains of cattle in pastures. To build the dataset,
modifications were made to the soil nutrient dataset, changing
the crop names to pasture types in order to combine them with
the cattle weight gain dataset.

On the other hand, data preprocessing also involved substi-
tuting null values so as not to affect the overall prediction, as
well as treating missing values or outliers to eliminate them.

3) Construction of the Classification Model: In this phase,
supervised learning techniques were used to build the classi-



fication model. Three techniques were used to build the clas-
sifier model: K-nearest neighbors, Decision Tree and Random
Forest.

The techniques that were used are because they are widely
used and known in machine learning to solve classification
problems. Each of them has different strengths and weak-
nesses, so it is common to evaluate them beforehand to
determine which one is the best fit for a specific classification
task.

The results were analyzed and compared in relation to cross-
validated pasture classification accuracy, as shown in Table III.
Taking as the evaluation metric the accuracy of the models, it
is obtained that random forest is the best model, with a sub-
stantially high accuracy, generating an efficient classification
of the categories created, with an average of 98.61% accuracy
for the classes generated. The other techniques are relatively
close, but the recommendation system will be defined using
the classification model built with the random forest.

TABLE III: Comparison between models

Algorithms Accuracy

Nearby neighbors 98.05%

Decision tree 96.66%

Random forest 98.61%

IV. EXPERIMENTATION

In this section, the behavior of our system is analyzed. For
this purpose, an experimental protocol is developed describing
the context where the management system is tested, and its
performance is evaluated by means of quality metrics.

A. Experimental Context

Simulator For the experiments, a livestock simulator is
used (see https://github.com/devraxielh/Simulador Ganadero),
which emulates all the climatic and soil conditions of a farm,
as well as the fattening behavior of the cattle. In particular, the
simulator generates the values of the variables that describe
the land to which rotational grazing is applied, and of the
cattle population being fattened. In this way, the simulator
randomly generates the data that feed the fuzzy classifier
system. The data of interest provided by the simulator are
the following: number of animals, age of each animal, the
initial weight of each animal, the evolution of the weight of
each animal, number of paddocks, forage of each paddock,
the climatic season of each paddock, and forage tolerance to
hot climates.

1) Quality Metrics: The metrics for assessing the quality of
the diagnostic and recommendation systems aim to estimate
the accuracy of the models on test datasets (different from
those used in the adaptive process of the rules, or training for
the classification model). These are:

• Accuracy (score): It is the percentage of correct hits given
by the adaptive system.

• Certainty degree: This is the value obtained by multi-
plying the membership functions of the antecedents to
determine the degree of triggering of each rule and to
deduce which rule is triggered more than another.

• ROC (Receiver Operating Characteristic) curve: This is
a graph that shows the sensitivity and specificity of a
model:

– Sensitivity: The probability that the model predicts
a positive outcome for an observation, when in fact
the outcome is positive.

– Specificity: The probability that the model predicts
a negative outcome for an observation, when in fact
the outcome is negative.

• Area Under the Curve (AUC): It is a numerical value
given by the area of the curve generated by the ROC plot.
The larger the area covered, the better the machine learn-
ing models will be at distinguishing the given classes.
The ideal value for AUC is 1.

B. Diagnostic System Test Scenarios

This section presents the case studies that will be analyzed
by the diagnostic system. Each case study represents situations
where climatic situations that may or may not affect the
paddock are prevalent, and animal health situations are also
considered. The following is a description of the case studies
considered.

1) Case study 1:
a) Objective: The first case of study is the optimal case,

where all animals are stable, and the paddock is suitable for
use. The rules that will be activated are those of the group of
2 antecedents, since the case is ideal, then the performance
of the paddock will be good and will not negatively affect
the animal fattening.

b) System input: Table IV presents a partial view of the
historical cattle fattening data (the first 4 columns). It shows
the input variables (age, initial weight and final weight), but
also has an identifier for each animal. On the other hand,
the initial weight indicates the weight at which they enter
the paddock, and the final weight represents the weight at
which they leave the paddock. Considering that daily animal
gain varies on average from 300 to 500 grams per day, it can
be said that fattening is normal if after 30 days (time spent
in each paddock) they gain approximately 8 to 15 kilos. This
determines that the weight differential is within the range, and
therefore it is an ideal case.

Table IV shows in the column degree of membership of each
data to the stable label group; hence, the prediction column
shows the binary label 1 (as stable). These two columns
represent the current prediction made by the classification
system for the input data set. Table V shows the paddock
input data. It shows the occupied paddock, the name of the
forage used in the paddock and the weather situation. Table
V shows the forage column, which represents the score the
paddock has on a range of [0,10], with 10 being the highest
score. This data is obtained depending on the tolerance of the



forage to the climatic situation in which it is found. The status
column represents the performance of the paddock according
to the fuzzy interpretation to categorize paddock performance.

TABLE IV: Representation of livestock data and classification
of animal status in experiment 1

Age
(months)

Weight
initial(kg)

Weight
end(kg)

ID
animal

Prediction
Grades
membership

19 373.0205 384.4683 V1 1 0.9171

29 389.0205 400.4683 V2 1 0.9171

23 368.0205 379.4683 V3 1 0.9171

18 402.0205 413.4683 V4 1 0.9171

22 385.0205 396.4683 V5 1 0.9171

19 404.0205 415.4683 V6 1 0.9171

22 369.0205 380.4683 V7 1 0.9171

22 407.0205 418.4683 V8 1 0.9171

19 400.0205 411.4683 V9 1 0.9171

26 418.0203 427.1916 V10 1 0.9171

TABLE V: Paddock performance in experiment 1

Name Climate Pasture Forage Status

Humidicola comum

Tuly o Quicuio da Amazönia
Rain 6 7 Good

c) Analysis of results: As could be seen, with the existing
fuzzy rules, the fuzzy classifier system infers that all animals
are stable for those input data. Once several iterations of the
fuzzy system have been performed, the adaptive system of
the rules is invoked (see the following figures showing the
adaptation of the rules to the data).

Fig. 10: Adaptation of membership functions

It can be seen in Figure 10 how the fuzzy sets of each fuzzy
variable are fitted using the dataset in table IV. Each represents
the best individual for the first 3 iterations of the GA. For
example, we see in Figure 11.1 the fuzzy sets of the antecedent
and consequent of the best individual for the first iteration.
The fuzzy variable of the paddock is not activated, since the
performance of the paddock is good. The fuzzy rules that are
activated by these settings, using the dataset from table ??, are

shown in Figure 11.1. Figure 11. 2 shows the best individual
of the next iteration, and its rule base, in Figure 11.2. Finally,
Figure 11.3 shows the best individual when the GA is stopped,
either because the stopping condition is satisfied or because it
found the optimum. The final rule base shown in Figure 11.3
are the necessary system rules for the dataset in Table IV. The
individual in Figure 11.3 represents the potential solution, and
by comparing the final activated rules (Figure 11.3) with the
dataset shown in the IV box labeling all stable animals, we
see that consistently the activated rules have in the consequent
only the label stable.

Fig. 11: Evolution of the activated rules in case 1

TABLE VI: Case 1 metrics.

Metrics Values

Accuracy 100%

Certainty of rules R1:0.85, R2: 0.88,R3: 0.89

AUC 1

Finally, with the final fuzzy rules (see Figure 11) we proceed
to diagnose using the test dataset. With the result of the
inference process for each individual, we proceed to calculate
the averages of the system quality metrics (see Table VI and
Figure 12).

The ROC curve determines the performance of the model,
and allows us to calculate the AUC, which would be the area
under the curve. We note in table VI that AUC is 1 and the
precision is 100%. Recall that the certainty of each rule (Ri) is
determined by its degree of triggering, which varies between
0 and 1. We see that all 3 rules have a high level of triggering
(greater than or equal to 0.85). The above results tell us that
the model is robust and performs a perfect classification.

Fig. 12: ROC curve case 1

Case study 2



d) Objective: The second case study presents a variation,
where at least one animal is labeled sick, and paddock per-
formance is good, despite the weather season. The rules that
will be activated are those of 2 antecedents, since the paddock
performance will be good and will not negatively affect animal
fattening.

e) System input: The input data are as follows:

TABLE VII: Representation of livestock data and classification
of animal status in experiment 2

Age
(months)

Age
initial(kg)

Age
end(kg)

ID
animal

Prediction
Grade
membership

19 332.0 334.5431 V1 0 0.2543

29 348.0 356.5431 V2 1 0.8543

23 327.0 335.5431 V3 1 0.8543

18 361.0 369.5431 V4 1 0.8543

22 344.0 352.5431 V5 1 0.8543

19 363.0 371.5431 V6 1 0.8543

22 328.0 336.5431 V7 1 0.8543

22 366.0 374.5431 V8 1 0.8543

19 359.0 367.5431 V9 1 0.8543

26 380.0 388.1348 V10 1 0.8134

Table VIII contains the data used for paddock entry. It shows
the occupied paddock, the name of the forage used in the
paddock, and the weather condition.

TABLE VIII: Paddock performance in experiment 2.

Name Climate Pasture Forage Status

Humidicola comum

Tuly o Quicuio da Amazönia
Seco 1 7 Bueno

The same table VIII shows the forage column, which repre-
sents paddock quality. The status column shows the paddock
yield.

f) Analysis of results: With the existing fuzzy rules,
we saw that the fuzzy classifier system infers that only one
animal is sick for that given input (see table VII). Once
several iterations of the fuzzy system have been performed,
the adaptive system of rules is invoked.

The evolution of the best individual through the generations
of the GA is observed in Figure 14. The rules activated using
the best individual of the 1st generation (see Figure 14.1) and
the training dataset, are shown in Figure 13.1, but these rules
do not satisfy the system, since it only has rules with stable
consequent. In the 2nd iteration, in Figure 14.2, its activated
rules with the training dataset can be seen in Figure 13.2.
Already in that iteration, an improvement in the rules is noticed
because the sick state appears in the consequent.

Finally, in the 4th iteration, the stop condition is reached,
and its best individual represents the final solution (see Figure
14.4). In this case, the final rules (see Figure 13.4) are the

ones needed for the diagnostic system for the dataset shown
in table VII.

Fig. 13: Evolution of the activated rules in experiment 2.

Fig. 14: Adaptation of membership functions.

Finally, with the final fuzzy rules (see Figure 13.4), the
diagnostic system is tested using the test data. With the result
of the inference process, the quality metrics of the system are
calculated (see table IX and Figure 15).

Fig. 15: ROC curve of case 2.

TABLE IX: Case 2 metrics.

Metrics Values

Accuracy 97%

Rule certainty R1:0.85, R2:0.88,R3:0.90,R4:0.85,R5:0.85

AUC 1

We note in table IX that AUC is 0.98, and the precision
97%. On the other hand, the certainty of each final fuzzy rule



is equal or greater than 0.85. All of the above tells us that the
model is robust, performs a good diagnosis, and its rules are
adequate for the input data.

2) Case study 3:
a) Objective: The third case study presents a variation,

which consists in analyzing the animal fattening, taking into
account the paddock performance when being regular. The
rules that will be activated are those of 3 antecedents, in this
case, the paddock variable is activated because it has a negative
effect on animal fattening.

b) Input data is as follows:

TABLE X: Representation of livestock data and classification
of Animal status in experiment 3.

Age
(months)

Weight
initial(kg)

Weight
end(kg)

ID
animal

Prediction
Grade
membership

21 434.8377 438.0388 V1 0 0.5201

29 450.8377 456.0388 V2 1 0.5201

23 429.8377 435.0388 V3 1 0.5201

22 463.8377 469.0388 V4 1 0.5201

22 446.8377 452.0388 V5 1 0.5201

22 465.8377 471.0388 V6 1 0.5201

22 430.8377 436.0388 V7 1 0.5201

27 443.8223 448.0238 V11 0 0.4201

23 451.8223 456.0238 V12 0 0.4201

27 448.8223 453.0238 V13 0 0.4201

Table X presents a partial view of the historical cattle
fattening data. Based on what was said for the previous
scenarios, we note that there are several animals that are
outside the ideal range (see first 4 columns). We look for the
fuzzy classifier system to identify them, now also, using the
paddock variable.

Using our classifier system, we see in table X, in the column
degree of membership, to the stable label in low in some cases
(it determines that value). This means that they belong very
little to the stable label (that is why we see in the prediction
column their label with the value 0).

TABLE XI: Experiment 3 paddock data .

Name Climate Paddock

BRS Zuri Seca 1

Table XI contains the data used for paddock entry. It shows
the occupied paddock, the name of the forage used in the
paddock, and the weather condition.

Figure 16 shows the 4 fuzzy variables (now with the
paddock), and how their fuzzy sets are being adjusted. Figure
16.1 shows the best individual of the first iteration and the rules
activated with the training dataset in Figure 17.2, and so on
through the iterations. Figure 16.3 shows the final solution of
the GA when it converges (individual with the highest value in

Fig. 16: Adaptation of membership functions.

Fig. 17: Evolution of the rules that are activated in case 3.

the fitness function), and Figure 17.3 shows the rules activated
with the training dataset. This will be the final fuzzy rule base.
There are a larger number of rules, as more rules are needed
to control the system.

Fig. 18: ROC curve in case 3.

TABLE XII: Metrics of case 3.

Metrics Values

Accuracy 95%

Certainty of rules R1:0.88, R2:0.75, R3:0.89, R4:0.85, R5:0.85, R6:0.75

AUC 1

Finally, with the final fuzzy rules, the system is tested using
the test data, and the quality metrics are calculated (see Table
XII and Figure 18).

C. Recommendation System Test Scenario

This system is activated once situations such as case 3 are
detected, where the weight loss is caused by the grass in the



paddock. Case 3 indicates that it is important to take action,
as the grass in the paddock is not performing. This situation
has a direct impact on cattle fattening and, ultimately, on the
profitability and success of the cattle business. A pasture that
is not performing adequately will not provide the right amount
of feed for the cattle, resulting in reduced beef production.

In particular, the recommendation system is able to recom-
mend, with the environmental parameters and soil characteris-
tics of the pasture, the best type of grass to use. Specifically,
in case 3, paddock 1 is planted with BRS Zuri grass and the
climate is dry. Immediately, a soil survey is done to establish
all the input variables to the classifier model (see Table XIII).

TABLE XIII: Input to the classifier model.

Variable Value

Nitrogen 95

Phosphorus 42

Potassium 43

Temperature 20.87974371

Humidity 82.00274423

pH 6.502985292000001

Rainfall 202.9355362

Water weight gain 600 a 640 gr/day

Dry weight gain 420 gr/day

These data are fed to the classifier model trained with
random forests, and the recommendation given by our system
is that the best pasture for paddock 1 should be BRS Paiaguás
(see Table XIV). Thus, the recommendation system indicates
the best type of grass to use in that paddock to improve animal
fattening.

TABLE XIV: Recommendation for paddock 1 in case 3.

Name Climate Paddock

BRS Paiaguás Seca 1

V. COMPARISON WITH OTHER STUDIES

To compare this work with other similar works, we pro-
ceeded to define four criteria, which are:

• Cri1: The work uses non-intrusive schemes for the
supervision of the animal fattening process.

• Cri2: The work uses intelligent techniques.
• Cri3: The work uses machine learning to improve the

monitoring process.
• Cri4: The work jointly analyzes grazing and animal

welfare.
These criteria are relevant in precision livestock farming

because they fulfill 2 important aspects, which are the use of
automatic technologies of industry 4.0, and strive for animal
welfare to improve livestock production. Comparison with
previous work is shown below in Table ??.

TABLE XV: Comparison with other works.

Cri1 Cri2 Cri3 Cri4

[2] ! % ! %

[3] ! % ! %

[8] % ! ! %

[5] % ! ! %

This work ! ! ! !

The first criterion is met by [2] and [3], since both use
computerized methods and models for the supervision process,
specifically for diagnosis. The second criterion is met by [8]
and [5], since they use fuzzy logic in their architecture, in
one case to find malignant diseases, and in the other for
the generation of a medicinal production system. The third
criterion is met by all of them, since they use machine
learning for different things, for example, to process acoustic
information from animal chewing [2], study the environment
of livestock [3], detect diseases [8], or establish the best
medicinal production system [5]. The fourth characteristic
is only fulfilled by our work since it is aimed at precision
livestock farming in a rotational grazing environment that
seeks animal welfare.

This work meets all the criteria that point to a management
model of an animal fattening process, it even goes much
further because, in addition to diagnosing, it recommends
concrete actions. Thus, it ensures animal welfare through
an adaptive fuzzy diagnostic system based on evolutionary
learning (using GAs), and a recommendation system based
on a classifier model to estimate the best pasture for a given
paddock, all essential in precision livestock farming to ensure
animal health, and make the best use of livestock in rotational
grazing.

VI. CONCLUSIONS

This research presented the development of a system that
manages the animal fattening process in rotational paddocks.
The system is composed of a fuzzy diagnostic system designed
by integrating FCM, a fuzzy reasoner and GAs, in order
to obtain a diagnostic model adaptive to the environment
data. In addition, the management system is composed of a
recommendation system based on a classifier model designed
to estimate the best grass given the soil characteristics.

The proposed diagnostic system allows adapting a set of
rules to diagnose the fattening process of a batch of cattle using
a fuzzy inference process. This fuzzy system is characterized
by its flexibility and its tolerance to inaccuracy [25], since it
can perform approximate reasoning using information from the
environment (the input data to the fuzzy system). On the other
hand, the recommendation system uses a grass classifier model
that learns from the environmental and physical-chemical
variables of the soil to determine what kind of grass to use in
each case.

The effectiveness of the proposed method has been demon-
strated by several experimental cases, with results that are



promising. The accuracy metrics have a high value, indicating
that the diagnostic system manages to train quite well using the
process data, with a low error rate in terms of false positives.
On the other hand, certainty metrics are above 0.75, indicating
that the activation levels of the updated rules are high, as
they are adapted to the data (they define the usefulness of
those rules). Finally, AUC is close to 1, which says that the
classifier has a very low margin of error, and its level of error is
almost zero. All these values confirm a high credibility in the
diagnosis of the system. Likewise, the classification model has
very high accuracy values (98.61%) that speak of its quality
to determine the best grass for a given environmental context.

This proposal is an effective alternative to be applied in
precision livestock farming, specifically in rotational grazing
to diagnose cattle diseases, either by disease or by paddock
performance. However, among the limitations of this work are
that the system is only applicable to rotational grazing, the
cattle population must be from the tropics, and only 2 climatic
seasons (summer and winter) are evaluated. Thus, this system
can only be used in contexts with the following characteristics:
on farms that use rotational grazing, regardless of the size
of the cattle herds, and that the climatic seasons are summer
and winter, understanding that in the tropics, winter is a rainy
season and summer is a dry season.

One of the future works is to test this management system
as an autonomous cycle of data analysis tasks [26] to automate
the monitoring of the animal fattening process in the frame-
work of precision livestock farming. Another future work is to
extend the process of rule adaptation (which is currently only
based on fitting to trapezoidal type membership functions).
For example, allowing the adaptation of fuzzy sets with other
membership functions (e.g., Gaussian), or even the possibility
of making changes in the variables used in the rule antecedent.
Along the same lines, other possible extensions are to use
more context variables (e.g., explicitly the weather), to allow
the number of fuzzy sets in the fuzzy variables to vary (e.g.,
more or fewer states to characterize the fattening process),
among other improvements. Other future work on the pasture
classifier model is to use real data on the soil physico-chemical
variables associated with the pasture crop for each paddock.
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Abstract4

Weighing management in cattle farming is important for farmers, as it al-5

lows them to accurately monitor the growth and development of their animals.6

It is also a valuable tool that allows farmers to maximize the production and7

welfare of their animals. However, it is difficult for the farmer to detect if the8

herd of animals being weighed is gaining the ideal weight for a given breed9

and age. In addition, normally, when a new breed of cattle is introduced to a10

farm, there is very little data. This article proposes a meta-learning framework11

(MTL) for identification models used in the fattening process of animals to12

detect anomalies in cattle weight. The proposed MTL framework has a knowl-13

edge base of Meta-Models on Identification models based on machine learning14

techniques, which is used to select the identification model to use when a new15

breed of cattle arrives on the farm. This knowledge base is updated, either16

because a previous identification model has been successfully adapted to the17

new breed, or a new identification model has had to be generated, allowing the18

framework to continuously improve its performance over time. Particularly,19

this article presents in detail the process of adaptation of the previous identi-20

fication models to new breeds carried out by our MTL framework. Besides, to21

test our approach, a case study is presented, using records of animals raised22

and fattened at the “El Rosario” farm, located in the municipality of Mon-23

teria (Córdoba-Colombia). The results are very encouraging in terms of the24

ability of our framework to adapt the identification models to different possi-25

ble scenarios in the process of detecting anomalous weights. In general, the26

identification models generated with our proposal had an R2 of 90.8%, which27

suggests that the models can explain the variability observed in the data.28

keywords: Meta-Learning, Identification Models, Artificial Intelligence, Precision Live-29

stock Farming, Rotational Grazing, Beef Production, Anomaly detection30

1 Introduction31

A bovine’s weight can be an indicator of its health and well-being. Cattle that are abnor-32

mally underweight may have health problems, such as disease or nutritional deficiencies [1].33
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On the other hand, cattle that are abnormally overweight may have health problems re-34

lated to obesity, which can cause problems in the joints or the cardiovascular system [2].35

Thus, detecting abnormalities in cattle weight is a major issue in the cattle industry [3].36

Besides, good cattle weight management can improve efficiency in Beef Production (BP),37

which can translate into increased profitability for cattle producers.38

Precision livestock farming (PLF) offers farmers a real-time monitoring and manage-39

ment system. PLF can provide a real-time warning when something goes wrong so that40

the farmer can take immediate action to solve the problem [4]. For this, it requires systems41

that allow it to carry out the identification process of abnormal situations. Particularly,42

identification techniques propose approximate models of a real system, based on linguistic43

or mathematical expressions or an algorithm [5]. System identification has had an impor-44

tant development [6], but many problems remain. One of these problems is the definition45

of models for control and yield adjustment in real-time [6].46

On the other hand, Machine learning (ML) is a very useful tool for cattle farming [7].47

It can be used to improve herd selection, and herd rotation management, among other48

things. Also, ML models can provide information about the health and performance of49

cattle, as well as the quality and quantity of food and water that must be supplied. ML50

can too help identify diseases early, allowing for faster treatment and better monitoring of51

a BP [8]. All these possible applications help livestock producers to make better decisions52

in the management of their BP [9]. Finally, it is important to emphasize that within the53

identification techniques there are those based on ML, which have produced very interesting54

results in different contexts [3].55

Although ML can be a valuable tool in cattle ranching, it also presents some challenges56

[7]. One of the main challenges is the availability of high-quality data, as ML requires a large57

amount of data to operate efficiently. In this regard, MTL, also known as “learning about58

learning”, is an ML paradigm that is used to improve the ability of an ML-based model to59

adapt to the context (new datasets, etc.) [10]. For example, MTL allows an ML model to60

“learn how to learn” from new datasets, which may even be very small [11]. In general, MTL61

allows an Automated-Machine-Learning (AutoML) process for the automatic selection,62

composition, and parameterization of ML models, to achieve optimal performance on a63

given task [12–14].64

Specifically, in the context of cattle weight anomaly detection, MTL can be an impor-65

tant tool for the definition of detecting anomalies models with a limited amount of data. In66

this paper, we present a novel MTL framework, with the aim of automating the selection67

and/or parameterization of ML-based models of cattle weight identification. Our approach68

proposed in our work is a novel approach to meta-learning in the context of livestock weight69

anomaly detection. Our proposal is innovative in that it is based on the construction and70

continuous adaptation of metamodels based on the results and prediction quality of indi-71

vidual models (in this case, detection of anomalies). These metamodels are not predefined72

but are generated in real-time based on the ML models to be adapted and their quality73

metrics. Thus, our metamodels are built according to the context in where will be used the74

MTL framework. In particular, the proposed solution seeks to improve anomaly detection75

when little data exists for a specific cattle breed. The main contributions of this work are:76

• The proposition of the first MTL architecture for livestock weight anomaly detection77

in the livestock industry, which can be successfully adapted to different scenarios in78

livestock production.79

• The definition of an MTL framework that uses a meta-model knowledge base of iden-80

tification models based on machine learning techniques, which allows the selection81

of the appropriate identification model for each breed of cattle on the farm.82
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• The characterization of an MTL approach for precision livestock farming, which can83

be adapted to different contexts of production for anomaly detection, among other84

applications.85

The remainder of this paper is structured as follows: Section 2 introduces the related86

work to this work. Section 3 describes our MTL framework and Section 4 its instantiation87

in a case study. Furthermore, Section 5 shows an analysis and discussion of the results,88

and Section 6, a comparison with other works. Finally, Section 7 presents the conclusions89

and future works.90

2 Related Work91

Regarding ML for anomaly detection, considerable progress has been made in the use of92

tools for routine monitoring and collection of animal information in BP [15]. However,93

although there are many applications of ML in livestock, the use of meta-learning in this94

industry is new, and there are no works about the utilization of MTL specifically to improve95

detection of cattle weight anomalies during rotational grazing. For this reason, in this96

section, we present some works on anomaly detection using MTL in other contexts, and97

on anomaly detection in PLF.98

2.1 Anomaly detection using MTL99

In this section, we will show studies on the use of MTL approaches in the field of anomaly100

detection, with the aim of improving the supervised processes.101

Moon et al. [16] proposed a method for unsupervised anomaly detection in time-series102

sensor data of smart buildings. They used a model-agnostic MTL and the variational auto-103

encoder technique to adapt the model to a new target task with few unlabeled anomaly104

data. Entezami et al. [17] defined an unsupervised MTL method for health monitoring105

of civil structures for challenges such as large data with missing values and severe envi-106

ronmental changes. The MTL method is based on locally robust Mahalanobis-squared107

distances for online anomaly detection108

Peng et al. [18] used an approach to spectrum anomaly detection in cognitive radio109

using MTL. The proposed method addresses the problem of the inability of existing deep110

learning-based spectral anomaly detection algorithms when are used directly across differ-111

ent frequency bands. The method involves using pre-training to analyze the differences112

between frequency bands, constructing an MTL dataset to find optimal model parameters,113

and fine-tuning the model using a small amount of target band data to detect anomalies.114

Tan et al. [19] proposed a self-supervised anomaly detection method that uses MTL to115

increase adaptability. The proposed method aims to improve sensitivity to subtle irregu-116

larities while maintaining robustness. The method is relevant for screening applications,117

and its effectiveness is demonstrated through experimental results.118

Tavares et al. [20] proposed a method to extract meta-features from the event log119

and to recommend the most suitable encoding technique to improve anomaly detection120

performance. Their results showed that event log characteristics have different impacts121

on the representational capabilities. Dogo et al. [21] proposed a method for detecting122

anomalies in water quality, which is formulated as a classification problem in the presence of123

class imbalance. Sixteen single and static ensemble classification methods embedded with124

resampling strategies are optimized and compared, and six dynamic selection techniques125

are proposed and evaluated using an MTL approach.126

With respect to the previous works, the objective of our work is to detect anomalies in127

the weight gained during cattle fattening, using an identification model based on an MTL128
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architecture. MTL techniques were used to evaluate and select different ML algorithms to129

find the most suitable model.130

2.2 Detection of anomalies in PLF131

This section analyzes relevant research on the detection of abnormalities in the BP pro-132

cess, which are presented according to the object of study. The studies include the use133

of environmental and body temperature data, motion sensors, sound data, and activity134

monitoring, to detect anomalies in the health of cattle.135

Animal behavior: Cai et al. [22] proposed a monitoring system for analyzing daily hog136

activity and abnormal behaviors in hog farms. The system uses a passive infrared detector137

and a high-accuracy acquisition system to collect data on daily hog activity, and uses an138

improved K-means clustering method to detect abnormal behavior during the night. The139

developed system provides data for the analysis and evaluation of the health, diseases, and140

environmental conditions of hog farms, which can affect fertility and productivity rates.141

Animal welfare: Perrin et al. [23] evaluated an anomaly detection algorithm used in142

an automated surveillance system of cattle mortality. The method combined temporal143

regression and spatial cluster detection to identify clusters of spatial units showing an144

excess of deaths compared to their own historical fluctuations. The study simulated 1,000145

outbreaks of a disease causing extra deaths in the French cattle population and applied146

the algorithm to identify clusters of spatial units showing an excess of deaths. The results147

indicated that the algorithm was able to identify unusual mortality clusters caused by an148

outbreak in certain conditions.149

Kramer et al. [24] developed a fuzzy-logic model for the classification and control of150

lameness and mastitis, in cows, using data from the Futterkamp dairy-research farm of151

the Schleswig-Holstein Chamber of Agriculture. The fuzzy-logic model generated disease152

alerts using milk yield as the output variable, and as input data, dry-matter intake, dry-153

matter intake behavior (number of visits at the feeding trough, time spent at the feeding154

troughs), water intake, activity, and information about preliminary diseases. Sai et al. [25]155

developed an artificial intelligence module to estimate in a non-contact manner the body156

temperature of cattle, allowing for efficient individual monitoring of the health status of157

cattle. The module collected data on environment temperature, humidity, illuminance,158

and infrared images of cattle in a real-life environment.159

Haladjian et al. [26] presented an approach to automatically detect cow lameness by160

monitoring changes in their gait, using a wearable motion sensor attached to their hind left161

leg. For that, the approach builds a model of a cow’s usual walking pattern and detects162

deviations from this model. Results from a controlled experiment show that the approach163

can detect deviations in cows’ gait with an accuracy of 91.1%. Wagner et al. [27] conducted164

a study on dairy cows, in which their activities were captured as time series by an indoor165

tracking system. The state of cows (diseases, stress, no problem) was manually labeled by166

animal caretakers, or by a sensor for ruminal pH (acidosis). Then their approach used a167

Fourier-based method to detect anomalies in time series.168

Chung et al. [28] proposed a data-mining solution for the detection of oestrus, us-169

ing sound data from Korean native cows (Bos taurus coreanea). They extracted the mel170

frequency cepstrum coefficients from sound data, with a feature-dimension reduction tech-171

nique, and used a support vector machine for anomaly detection. The results indicated172

that this method can be used to detect estrus both economically (even with a cheap micro-173

phone) with an accuracy greater than 94%. Finally, García et al. [3] proposed an approach174

to detect anomalies in the cattle fattening processes. This approach used the historical175
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record of animal weight to identify whether animals have gained the appropriate weight176

over time. They compared several ML techniques (Decision Tree, Gradient Boosting, K-177

Nearest Neighbors-based regression and Random Forest) in the task of anomalous weight178

detection, using Mean Absolute Error as quality metrics.179

Pastures: Calera et al. [29] presented two approaches to monitor pasture quality based180

on multi-source info, being DEIMOS-1 the major satellite contributor. The first approach181

is based on in-depth monitoring of the crop phenology, characterized by means of the weekly182

Normalized Difference Vegetation Index. The second approach is focused on drought and183

other anomaly detection in crops and pastures. For pastures, a specific module has been de-184

signed to detect drought occurrence, by comparing current Normalized Difference Vegeta-185

tion Index values with historical ones. Besides, they detected maximum livestock stocking186

rate, need of supplementary feeding, and overstocking risk.187

Farm equipment: Park et al. [30] defined a mechanism to detect anomalies in pig188

house equipment using a recurrent neural network learning model, with data from sensors189

and environmental controllers. They predict malfunctions of each equipment, and when190

something goes wrong with the sensor, they use the difference between the predicted value191

and the measured value.192

193

Early detection of abnormalities in animal husbandry is important for several reasons.194

First, it can improve production efficiency by allowing farmers to intervene quickly in195

situations that affect animal growth and health. Second, it can improve animal welfare196

by detecting and treating diseases and injuries before they become serious problems. In197

addition, early detection of abnormalities can help prevent the spread of disease to other198

animals on the farm, and in the wider community. Therefore, early detection of abnor-199

malities is significant both for the health and welfare of the animals and for the economic200

sustainability of the livestock industry.201

3 MTL Framework202

MTL paradigm can be used to predict the performance of an ML algorithm on a specific203

task [31]. Thus, one goal of the MTL paradigm is to find the correlation between the204

characteristics of a dataset and the performance of different learning algorithms. With205

this information, a predictive meta-model can be defined to estimate the performance of206

different ML approaches on a dataset.207

3.1 Conceptual architecture208

The general architecture of the proposed framework is depicted in Figure 1. The associ-209

ation engine selects the best algorithm and parameterization by using a knowledge base.210

The knowledge base is a collection of meta-features describing datasets, models, and hy-211

perparameters. Each time a new dataset is presented to the system, the association engine212

provides a suggestion of the most appropriate model (predictors, with their hyperparame-213

ters configuration). Immediately, the quality of the prediction is evaluated, and in case it214

is acceptable, then it is added to the knowledge base which is located in the Meta-Model.215

In this way, the identification system for anomaly detection is able to adapt to new data216

(few or many), using the MTL paradigm together with the metadata that is stored in217

the form of a meta-model base. In general, this identification system has been developed218

on the concept of MTL, so it consists of three main modules: learning, association, and219

adaptation.220
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Figure 1: Meta Architecture for PLF

3.2 Learning module221

It defines a knowledge base using metadata about previous learning tasks and learned mod-222

els. It contains the characteristics of the datasets, e.g., mean, median, variance, and stan-223

dard deviation of the variables, performance measures of each machine learning algorithm224

on those particular datasets, among others. Each metamodel represents the correspon-225

dence between the meta-characteristics describing the dataset, the predictive performance226

obtained by the group of learning algorithms when applied to these datasets, and the best227

ML model for that dataset. Thus, this module keeps mainly the results of different pre-228

diction algorithms on datasets, and meta-features of these datasets. In this context, the229

appropriate ML model for a new dataset can be selected using these metamodels.230

Particularly, these metamodels are defined at the beginning based on the ML models to231

be adapted (predictive, diagnostic of prescriptive models) in the context where will be used232

the MTL framework. For the definition are considered the parameters of the techniques233

used, and the metrics to assess the quality of ML models. With this information, our234

MTL framework can evolve and improve its performance over time as more information is235

gathered.236

3.3 Association module237

The association module starts when a new dataset arrives for analysis (with little or a lot238

of information). At that moment, a set of meta-features describing the new dataset are239

extracted. Then, this module compares the features of the new dataset with the previous240

ones, using K-Nearest Neighbors (KNN) to place the new dataset in the closest cluster241

(for this, it is assumed that each metamodel in the knowledge base is a cluster). Now, it242

suggests the best model with its respective hyperparameters.243
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3.4 Adaptation module244

In the adaptation module, the selected model is tested using the new data and its per-245

formance is evaluated. If the performance is not satisfactory (it does not pass a quality246

threshold), then the system evaluates whether the new dataset has enough data for a nor-247

mal training. If it has too little data, then it proceeds to generate synthetic data and248

train. For both cases (enough data or synthetic data), then it ends up in normal training.249

Next, this module updates the meta-model (if any were selected), or builds and adds a new250

meta-model to the knowledge base (if it creates a new ML model). In general, this module251

acts when there is a new dataset (in this particular case, a new breed or crossbreed) or an252

old dataset that has time without being used. Then, it updates the meta-features and per-253

formance measures of current metamodels, or creates a new metamodel. In conclusion, this254

module creates/selects the best model and the best hyperparameters for a given dataset.255

In addition, the meta-model´s knowledge base is updated each time, allowing the system256

to continuously improve its performance over time.257

4 Case Study258

This section presents the experimental context of the case study and the instantiation of259

the MTL architecture for PLF in it.260

4.1 Context261

In cattle ranching, a system widely used by beef producers in the tropics is rotational262

grazing. Rotational grazing consists of dividing the entire surface area of a farm into more263

than two paddocks, while some remain occupied, the others are at rest [32]. This reduces264

the total grazing area, and forces cattle to consume forage uniformly, assigning batches of265

cattle to different paddocks [33] (see Figure 2).266

Figure 2: Rotational grazing system

Weighing cattle on rotational grazing is crucial for effective herd management because267

it is an important indicator of performance, and provides valuable information on grazing268
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quality and other factors that can affect cattle growth and health. By monitoring cattle269

weight, producers can make informed decisions about grazing and feeding management,270

which can improve their farm’s productivity and profitability.271

In addition, cattle weights can also help detect health problems in cattle early, allowing272

producers to take preventative measures before they become serious problems. Regular273

monitoring of cattle weight can also help producers optimize grazing management, which274

can reduce the risk of overgrazing and improve long-term pasture and soil quality. In275

summary, weighing cattle on rotational grazing is an important practice that can improve276

cattle management and farm productivity.277

In summary, it is important to weigh cattle on rotational grazing for several reasons:278

• Monitoring cattle performance: Cattle weight is an important indicator of the perfor-279

mance of the BP, which can help producers make decisions about herd management,280

including the timing of the sale.281

• Evaluating grazing success: Cattle weight can also provide information on grazing282

quality, feed availability, and other factors that may be affecting cattle growth.283

• Early detection of health problems: Fluctuations in weight can be an early sign284

of health problems in cattle, allowing producers to act before they become major285

problems.286

• Improve grazing: Weight information can also help producers make decisions about287

grazing management, including pasture rotation and the number of cattle in each288

section, which can improve cattle growth and health, as well as farm productivity.289

In particular, we use real datasets in our case study, which are the records of animals290

raised and fattened at the "El Rosario" ranch, located in the municipality of Montería291

(Córdoba-Colombia).292

4.2 Instantiation of the MTL architecture for PLF293

This section describes the use of our MTL architecture in a monitoring system of the294

animal fattening process at the Rosario ranch for the detection of anomalies. In general,295

the system starts with the learning module where we have different animal breed datasets296

containing the variables gender, age, and weight. These breeds are crosses of the genetic297

groups Angus x Cebu (AC); Bon x Cebu (BC); Cebu x Angus x Cebu (CAC); Cebu x Cebu298

(CC); Holstein x Cebu (HC); Bon x Angus x Cebu (BAC), typical in Colombian farms.299

The data information for different animal breeds is described in Table 1, in which we see300

that their statistical metrics are quite close.301

Table 1: Breed information

Weight

Breed Count Mean Min Max

AC 398 427.850369 165.219753 574.046996
BAC 398 410.001041 173.788039 541.459499
CAC 398 442.683480 181.033801 581.983351
BC 398 459.947979 156.834548 619.393828

The relationship between cattle weight and age data is crucial in detecting abnormal-302

ities and building effective models for livestock management, as can be seen in Figure 3.303
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Figure 3: Correlation between age and weight

These data are highly correlated, and analyzing them together provides valuable informa-304

tion on the health status and performance of cattle. Therefore, cattle age is a key factor305

influencing their weight because as animals age, it is natural to expect their weight to306

increase. Thus, understanding how this relationship evolves at different stages of growth307

is essential.308

The learning module refers to the process of acquiring knowledge and skills that make309

it possible to learn to learn. The goal of this module is to understand the patterns and310

strategies used to learn, and apply that knowledge to future learning situations. That311

involves selecting and preparing the data to learn, which includes, among other things,312

choosing and tuning the appropriate ML model for the specific problem being addressed.313

For our particular case, for each breed, a set of knowledge models is trained using314

different ML techniques with the dataset features. From the set of models, the one with315

the best quality metrics is selected. With this model, the metamodel of this dataset is316

created, which will be stored in the knowledge base (see Table 2).317

Three ML techniques were used in this first module: K-Neighbors Regressor (KNN),318

Gradient Boosting Regressor (GB), and Random Forest Regressor (RF). GridSearchCV is319

used as a hyperparameter optimization tool. This tool exhaustively searches for the optimal320

combination of hyperparameters of a model, to improve its performance and accuracy.321

Moreover, the features of the variables of the dataset are calculated. Finally, a meta-322

model is assembled for each dataset, which is composed of the best ML model and their323

meta-features (see Table 2).324

Table 2: Meta-Model
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knowledge Meta-features

Breed Model
Best

params
R2 Median Mean Std Var Kurtosis Entropy Variation

AC GB

learningrate:0.1

maxdepth:5

minsamplessp:5

nestimators:40

92 451.6 427.8 64.6 4175.25 1.20 10.62 0.15

BAC RF

maxdepth:20

maxfeatures:3

maxleafnodes:25

nestimators:40

89 430.24 410.0 57.1 3262.80 1.49 10.62 0.13

CAC GB

learningrate:0.1

maxdepth:5

minsamplessp:5

nestimators:40

93 470.04 442.6 72.5 5265.85 0.86 10.62 0.16

BC GB

learningrate:0.1

maxdepth:5

minsamplessp:5

nestimators:40

95 492.2 459.9 87.5 7658.87 0.33 10.62 0.19

The following sections will explain the operation of the other modules of our architec-325

ture.326

5 Experiments327

Our architecture is divided into 3 modules, the first one was already instantiated in the328

previous section, and the next two are explained below. In this section, we will describe the329

behavior of the previously trained ML models in the MTL architecture, using data from330

the farm “Ganadería El Rosario”. The duration of the experiments is a complete cycle of331

animal fattening on the farm before their sales.332

Figure 4: Schematic diagram of system behavior

The weighing process in rotational grazing involves the use of an animal weighing333

system (weigh scale) that is installed in a walkway or access corridor between the different334

grazing sections. The animals are guided to this weighing scale. During the process,335

the animals are weighed, and the data is recorded in a livestock management software.336
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This data is input to our architecture that will select the best model to build an ideal337

weight identification system. Subsequently, it will detect anomalies using outlier detection338

techniques (see Fig 4).339

MTL tells ML how to learn, in order to learn from previous learning experiences rather340

than starting from scratch for each task. To show the versatility of our MTL architecture,341

we pose different scenarios that show how our proposal adapts to new and old datasets.342

Thus, there are two main scenarios, the first is when the breed is known (old dataset) in343

the knowledge base and the second scenario is when it is an unknown breed (new dataset).344

For both scenarios, 2 sub-scenarios can be presented, the first would be when the model345

selected in the knowledge base has a good quality metric when using that dataset (it is346

not necessary to retrain), and the second when the metric quality is not good.347

5.1 Scenario 1: Breed known by the knowledge base348

5.1.1 Good quality of the model349

If the breed is known (e.g., AC breed), then our MTL architecture searches in its knowledge350

base (Meta-model) the corresponding information. Subsequently, it selects the best model351

for that breed and makes the prediction. For this case, the best model is GB (see Table352

3). Finally, it compares the ideal weight growth curve described by the AC breed cattle353

identification model with the current weights to detect anomalies (point cloud in Fig 5).354

In this scenario, the decision to use the GB model was based on its performance in quality355

metrics (see Table 4).356

Table 3: Meta-model in the case of a breed known by the knowledge model

Breed Model
Best

params
R2 Median Mean Std Var Kurtosis Entropy Variation

AC GB

learningrate:0.1

maxdepth:5

minsamplessp:5

nestimators:40

92 451.6 427.8 64.6 4175.25 1.20 10.62 0.15

Figure 5: Ideal weight-curve versus current weight in AC breed

Since the curve represents the ideal temporal behavior of weight, points that deviate357

from it are potentially anomalous, but it is necessary to define the magnitude of the distance358

that separates an anomalous weight from one considered normal. To define this, multiple359

predictions of ideal weight are obtained for each combination of day, breed, and sex. Ideal360

weight intervals (not outliers) are then constructed to detect outliers using an isolation361
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forest. This is an ML algorithm for anomaly detection that uses randomized decision trees362

to isolate anomalies in a dataset [34]. This allows for rapid detection of anomalous increases363

and decreases in animal weights at any desired time for decision-making.364

Table 4: Decision metrics with good values

Breed Model R2

AC GB 92.5

5.1.2 Bad quality of the model365

In the event that the quality of the metric is bad (see Table 5), a new training will be366

performed using new data (synthetic or this data) to adapt the selected model to these367

new situations described by the data. This means that the models can improve their368

predictive capability over time.369

Table 5: Decision metrics with bad values

Breed Model R2

AC GB 57.2

Thus, the quality of the predictions is improved thanks to the meta-adaptation module.370

In this particular case, the new performance of the selected model after retraining is shown371

in Table 6.372

Table 6: Improved decision metrics

Breed Model R2

AC GB 87.5

5.2 Scenario 2: Breed unknown by the knowledge base373

In the case that a new breed arrives at the farm, or a new cross is created, the system374

will activate the second module (association) to select the best learned knowledge model375

for this specific dataset. This module extracts a set of meta-features from the dataset of376

the new breed to associate the model that best fits the specific features of the new data.377

Thus, this module automatically selects the best model based on the specific features of378

the dataset and its similarity with the features of the datasets with which previous models379

were trained.380

In order to test the level of adaptation of our proposal, we removed the CAC, BAC and381

CC breeds from the knowledge base. Subsequently, the adaptation module is activated.382

Thus, first the quality of the model and the amount of data are evaluated. For this383

particular case, the model was not trained on the current BAC, CAC and CC breed, so384

the meta-model does not know these breeds. The association module is activated to search385

for the most similar group. Table 7 shows the input of the association module, and Table386

8 shows to which group each breed is assigned.387
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Table 7: Feature inputs for the association module

Breed Median Mean Std Var Kurtosis Entropy Variation

BAC 430.24 410.0 57.1 3262.80 1.49 10.62 0.13
CAC 470.04 442.6 72.5 5265.85 0.86 10.62 0.16
CC 471.631 455.190 45.666 2085.421 0.900 5.241 0.100

Table 8: Meta-Association

Breed Median Mean Std Var Kurtosis Entropy Variation Cluster

AC 451.6 427.8 64.6 4175.25 1.20 10.62 0.15 0
BAC 430.24 410.0 57.1 3262.80 1.49 10.62 0.13 0
CAC 470.04 442.6 72.5 5265.85 0.86 10.62 0.16 0
BC 492.2 459.9 87.5 7658.87 0.33 10.62 0.19 1
CC 471.6 455.1 45.6 2085.42 0.90 5.24 0.10 0

If the performance of the selected knowledge model is of bad quality for the new dataset,388

then this can have a negative impact on the decisions and results based on it. For this389

case, the MTL framework invoked by the fattening monitoring system will consider the390

following cases.391

5.2.1 Good quality of the model392

If the selected model has a quality higher than the quality threshold using the new dataset,393

then a new meta-model is created that contains this model as the best model and the meta-394

features of this new dataset. Subsequently, the knowledge base is updated to be aware of395

this new breed (see Table 9).396

Table 9: New meta-model

Breed Model R2 Median Mean Std Var Kurtosis Entropy Variation

AC GB 92 451.6 427.8 64.6 4175.25 1.20 10.62 0.15

BC GB 95 492.2 459.9 87.5 7658.87 0.33 10.62 0.19

BAC GB 87 430.24 410.0 57.1 3262.80 1.49 10.62 0.13

CAC GB 90 470.04 442.6 72.5 5265.85 0.86 10.62 0.16

CC GB 90 471.6 455.1 45 2085.42 0.90 5.24 0.10

5.2.2 Bad quality of the model397

For this case, if the performance of the selected model is of poor quality with the new data398

set, then two situations can occur:399

• In the first situation, the amount of data is sufficient to train a model (see Table400

10). Previously, we have removed the CC race from the knowledge dataset to test401

this situation). In this case, the system tests different ML techniques using a cross-402

validation process. Finally, a list of models with their quality metrics is obtained.403

The next step is to select the one with the highest performance (see Table 11) to404

update the meta-model with this new breed (see Table 12).405
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Table 10: Description of breed data CC

Breed Median Mean Std Var Amount of data

CC 471.6 455.1 45.6 2085.42 976320

Table 11: List of models for the CC breed

Model R2 Select

RF 91.6 True
GB 89.2 False
DT 86.3 False
KNN 82.5 False

Table 12: New meta-model

Breed Model R2 Median Mean Std Var Kurtosis Entropy Variation

AC GB 92 451.6 427.8 64.6 4175.25 1.20 10.62 0.15

BC GB 95 492.2 459.9 87.5 7658.87 0.33 10.62 0.19

BAC GB 87 430.24 410.0 57.1 3262.80 1.49 10.62 0.13

CAC GB 90 470.04 442.6 72.5 5265.85 0.86 10.62 0.16

CC RF 91.6 471.6 455.1 45 2085.42 0.90 5.24 0.10

• In the second situation, the amount of data is not sufficient to train a model. There-406

fore, we proceed to generate synthetic data to be able to perform the training.407

Synthetic data has already been used in different areas [35]. Once the amount of408

data necessary for the traditional training is completed, then the steps described for409

the first situation are executed.410

5.3 General Analysis411

Some features of the MTL framework are the following. It can start from a set of models412

built with available historical cattle weight data, allowing the system to learn patterns413

and relationships between the data. On the other hand, it has the ability to adapt to face414

unforeseen situations (for example, new breeds) or the emergence of new variables, which415

gives it great flexibility and the ability to respond to different scenarios. This is especially416

important in the cattle industry, where changes in the environment and conditions can417

affect the weight of cattle and therefore their health.418

In general, our approach can consider different scenarios in the adaptation process419

of ML models. When models fit the new data well, simply update your metamodels to420

that context, and when it doesn’t, retrain the model with that new data (even if it’s421

not enough to retrain, eventually generate synthetic data). As can be seen, all possible422

adaptation scenarios of ML models are considered. It can also be seen that our approach423

does not depend on specific ML techniques (random forest, regression, etc.). New models424

based on other techniques can be added. The same is true for ML model types. In this425

study, identification models were considered, but future work could consider diagnostic and426

optimization models, among others.427

Finally, our proposal had a general average of R2 of 90.8% for the different scenarios428

proposed. MTL enhances learning capabilities according to new data presented to it. In429
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other words, our MLT framework is capable of learning to learn. In this context, our430

proposal has the capacity to continuously improve its anomaly detection capacity, even if431

the characteristics of the cattle or the environment in which they are found change over432

time.433

6 Comparison with Other Works434

In this section, we propose several criteria to compare our approach with similar works.435

Particularly, we define three criteria, which are:436

• Criterion 1: The work includes adaptive modeling processes.437

• Criterion 2: The work includes the transferability of the model to different domains438

or tasks.439

• Criterion 3: The work includes incremental learning capabilities.440

In Table 13, a qualitative comparison with related studies is made, based on previous441

criteria.442

Table 13: Comparison with previous works.

Criterion 1 Criterion 2 Criterion 3

[16] % ! %

[17] % % %

[18] % % %

[19] % % %

[20] % ! %

[21] % % %

This work ! ! !

For criterion 1, our work is the only one that meets. This criterion is important since443

the inclusion of adaptive ML-based modeling processes is a valuable feature in any work444

that involves machine learning. Adaptive modeling processes allow the model to change445

and improve over time by taking into account new data or changes in the underlying system446

being modeled. Otherwise, it would be static, that is, it is designed to remain fixed and447

unchanged once it is trained.448

For criterion 2, the work [16] can be used in real-time facility management systems449

in smart buildings for several applications, including early detection of equipment fail-450

ure, automated monitoring, and energy conservation. In addition, [20] proposes detecting451

anomalous instances in business processes to avoid resource waste and mitigate security452

issues. Finally, in our work, the transferability of the model is observed in the model’s453

ability to adapt and generalize to new tasks. In our approach, the models can be retrained454

in new datasets (can represent specific tasks), to include the knowledge and experience455

inside of them to the original model. For criterion 3, our framework possesses incremental456

learning capability because our architecture can continuously learn when new datasets or457

information is received.458

On the other hand, we have made a more specific comparison of works on the detection459

of anomalies in cattle weight. The paper of Segerkvist et al. [36] evaluated a method460

for monitoring the health of grazing cattle based on an unmanned, automatic precision461

weighing system that can be used on pasture. This system can generate alarms when462

animals show abnormal weight gain curves. The paper focused mainly on the detection of463
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pasture-borne nematode parasite infections, which affect the weight gain of calves. Wagner464

et al. [37] used ML techniques to detect abnormal behaviour in cows with the Sub-Acute465

Ruminal Acidosis (SARA) disease, which is known to induce changes in behaviour. They466

used a positioning system to infer an animal’s activity based on its position in relation467

to specific elements in the barn (alleys, feeder, and resting area), and defined ML models468

to predict activity on a given day. The work of Wagner et al. [27] detects the state of469

cows (diseases, estrus, no problem), which was trained using a dataset manually labeled by470

animal caretakers or by a sensor for ruminal pH (acidosis). They proposed a Fourier-based471

method to detect anomalies in this time series, which was compared with ML methods472

for time series classifications. As can be seen, the works are for specific diseases, or to473

determine behaviors, and do not propose a self-adaptive scheme of ML models, as is the474

basis of our proposal.475

This work is relevant because it incorporates adaptive ML modeling processes, which476

allows the model to evolve and improve over time by including new data or changes in477

the underlying system. In addition, the model has the ability to transfer its knowledge478

to new tasks and can learn incrementally. These features make it useful for a variety of479

applications, including the detection of anomalies in cattle weights, which could have a480

significant impact on the cattle industry.481

7 Conclusion and future work482

While there are many applications of ML in livestock, the use of MTL in this industry483

is new and limited. In this paper, we have proposed an MTL architecture that can be484

used for PLF. Our architecture can use different ML models. The main advantage of our485

proposal is the ability to learn continuously as new data or information is received. In486

addition, it can update the existent models in its knowledge base, and its parameters, as487

new data is received. As well, our proposal can consider new datasets, maybe the reuse488

of trained models (it selects the most favorable one). Thus, one of the most outstanding489

qualities of our MTL architecture is its ability to adapt to new and old data over time.490

Notably, our MTL architecture is the first to be used for cattle weight anomaly detection491

in the cattle industry. The metamodel knowledge base is continually updated to improve492

the identification/prediction models based on ML techniques over time. Our approach is493

effective in detecting livestock weight anomalies but can be adapted to different tasks.494

However, our architecture also has some limitations that need to be addressed. First,495

it requires a large amount of data to train the initial models for the knowledge base, which496

may be difficult to obtain in some contexts. Second, it relies on the assumption that the497

ideal weight growth curve for a specific breed of cattle is similar in different contexts, which498

may not always be the case. Although the architecture we propose has some limitations,499

we believe that it can be used successfully in other scenarios of livestock management and500

animal productivity.501

Future work is oriented to the development of specific autonomic cycles that allow self-502

monitoring and autonomous self-management processes in the context of PLF. In addition,503

another future work will be to test different synthetic data generation algorithms and504

evaluate their performance and behavior in our architecture.505
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