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Estimation of fundamental diagrams in large-scale traffic networks with
scarce sensor measurements
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Abstract— The macroscopic fundamental diagram (MFD)
relates space-mean flow density and the speed of an entire net-
work. We present a method for the estimation of a ‘“normalized”
MFD with the goal to compute specific Fundamental Diagram in
places where loop sensors data is no available. The methodology
allows using some data from different points in the city and
possibly combining several kinds of information. To this aim,
we tackle at least three major concerns: the data dispersion, the
sparsity of the data, and the role of the link (with data) within
the network. To preserve the information we decided to treat it
as two-dimensional signals (images), so we based our estimation
algorithm on image analysis, preserving data veracity until the
last steps (instead of first matching curves that induce a first
approximation). Then we use image classification and filtering
tools for merging of main features and scaling. Finally, just the
Floating Car Data (FCD) is used to map back the general form
to the specific road where sensors are missing. We obtained
a representation of the street by means of its likelihood with
other links within the same network.

I. INTRODUCTION

Estimation problems in large-scale networks with scarce
sensors sets have been studied during the last decade in
order to obtain accurate models of the urban traffic networks
for simulation and control purposes. At the link level, fun-
damental diagrams (FDs) describe the relationship between
flow, density, and speed. The FD relating flow and density
is a key element of the traffic models. Although FD can
be easily estimated in simple linear roads by collecting
flow and velocity in a single probe station, there is no
available theory, in how to estimate the FD in a large traffic
network when the numbers of sensor stations is scarce (much
less than the number of roads where the FD needs to be
reconstructed). Alternatives are: to interpolate the FD from
measures to roads where sensors are not present or to average
the density/flow relation in a some network area. The latter
leads to the so called macroscopic fundamental diagram
(MFD) which relates the space-mean flow, the density, and
the speed of an entire network see [1], [2], [3]. In some
cases, it is also possible to fuse data from different sources
to make such approaches feasible and numerically efficient.

There is not much theoretical support other than experi-
mental evidences that the Fundamental Diagram (FD) also
holds in 2D spaces. A particular difficulty is how to include
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traffic lights and turns ratios together with the geometry of
the network in the construction of the MFD. Even experi-
mentally, there are still many open issues involved when it
comes to define and to measure the MFD [3].

The Aggregated Traffic Relationship (ATR) is a relation-
ship between average traffic variables (like speed, density,
occupancy or flow) for a specific network that do not neces-
sarily have a well defined shape that can be called an MFD.
In particular, networks with an uneven and inconsistent dis-
tribution of congestion may exhibit traffic states that are well
below the upper bound of an ATR and much too scattered to
lie along an MFD. The connection between network structure
and a network’s MFD for urban neighborhoods is strongly
influenced at least in part by traffic signals. The problem
then can be associated to the scarcity of data and the natural
non-ideal situations in non-ideal networks. Consequently, the
lack of simplicity [4] represents a challenge for the proper
understanding and generalization of a model.

Recent findings show that the MFD shape of a hetero-
geneous network includes many scatter points when the
transportation system becomes congested, which brings un-
certainties and inaccuracies to the traffic state estimation
[5]. Experimental results reported in the literature mostly
used data from fixed sensors, such as inductive loops to
estimate the MFD, which can cause biased estimation in
urban networks. To overcome this limitation, recent literature
reported on the use of trajectory data obtained from probe
vehicles. However, these studies were conducted with sim-
ulated data sets; few works have discussed the limitations
of real data sets and their impact on MFD estimation. In
[6], the authors compare two methods for estimating traffic
state variables of signalized arterial sections: a method based
on cumulative vehicle counts (CUPRITE) and one based on
vehicle trajectory from taxi GPS logs. The current trajectory
data have limitations in quantity (i.e., the penetration rate),
because of which the traffic state variables tend to be under-
estimated. Another issues is when data come from different
kinds of source. For instance, in [7] the authors proposed
methods to estimate and calibrate the FD by using inductive
loops, Floating Car Data (FCD), wireless manetometers,
and average velocity from FCD sources. Experiments were
reported by the implementation of the proposed solution
using real fixed sensor measurements from the Grenoble
Traffic Lab [8]. A methodology for estimating the MFD
based on both data sources simultaneously is the Data fusion
algorithm for macroscopic fundamental diagram estimation
[9]. To that end, authors defined a fusion algorithm that
separates the urban network into two sub- networks, one
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with loop detectors (LDD) and one without loops with
FCD. The LDD and the FCD are then fused taking into
account the accuracy and network coverage of each data
type. Related to the use of floating car data for estimation
purposes, the work of [10] introduced a novel framework
to estimate travel times, traversed paths, and missing values
over a large-scale road network using sparse GPS traces. No
MFD aproximation to the problem was performed. In [5]
a partitioning algorithm is proposed as a way to solve the
problem of missing or low quality traffic data for MFD
construction with control purposes. Some authors have been
working on the discretized partial differential equation of the
macroscopic model, solved numerically with low computa-
tional effort. From that perspective the spatial and temporal
resolution of the discretization are tuning parameters to
balance computational effort with model accuracy [4].

The ultimate goal is a universal recipe to estimate FD that
can be used for all type of networks. However, recognizing
that networks are complex structures described by many
variables [11], we shall be satisfied with an approximation
that uses as few of these variables as possible; a proper
parameterization and description of heterogeneity that would
yield good estimates for most practical applications.

Such a consideration leads to the core idea pursued here,
which is to seek for a general methodology to build first a
”Normalized Macroscopic Fundamental Diagram” (NMFD)
representative of the whole network using data from several
collection points. Then, the NFD will be used as a nor-
malized structure to retrieve the Fundamental Diagram of
all other links within the network using a limited amount
of information collected from the network geometry and
available physical information (speed limits, number of lines,
etc.).

The proposed strategy is based on the determination of the
similarity between some links within the network from their
measured data; later on the understanding of this similarity
is used to build a representation of a general behavior. In that
sense, the NMFD arises by using the reconstructed relevant
information from measured data, via clustering. Our method
is based on mapping the original data into two-dimensional
signals. Image classifications preserve data veracity until the
last steps instead of first matching curves that induce a first
approximation. By means of data treated as images, their
classification and processing allows then to use just FCD to
map back the cluster family towards the links/roads that have
missing sensors. This paper is organized as follows: section II
addresses the problem formulation, introduces the proposed
method and the selected case study; section III explains the
data transformation to image domain and the processing
strategies. Section IV introduces the clustering by image
similarity concepts, section V presents the merging strategy,
the «-scaling and Normalized Macroscopic Fundamental
Diagram and finally section VI the reconstruction of the
Fundamental Diagram of the street from floating car and
validation results. Concluding remarks will be presented in
section VII.

IT. PROBLEM FORMULATION, PROPOSED METHOD AND
SELECTED STUDY-CASE

A. Problem formulation MFD and FD

From any given traffic network we assume that there is
a number of roads (links) with available measurements, and
there exist an important number of other links without sens-
ing capabilities. Besides, as a direct measurement of density
is not always available, so the relationship between densities
and flows must be in some cases obtained indirectly from
occupancy. Similar issues arise concerning the velocities in
each link because the lack of instrumentation of main large
scale networks, nevertheless there are FCD from which an
average of speeds for streets can be obtained. It is well known
that flow ® can be expressed as:

®(v,w, p) = {vp,Yp < pc} (D

and (I)(l_}v w7p) = {w(p - Pmax)7VP > pc} 2
where ¥ and w are averages of free-flow speed and backward
(congestion) wave speed of the MFD, respectively and p is
the density of traffic. The maximal density iS P4, The
above equation describes the simplest triangular form of the
Fundamental Diagram characterized by the three parameters:
U, W, and pq.. The value of critical density p,. at ®,,,4, can
be assumed to be estimated from:

Vpe = 7I](pz: - pmaz)7v’5aw >0 (3)

It is straightforward to obtain
o '[meaz

e = ———— 4
P v+ w @
and consequently, __
rw max
(Dmam = erc = ,pi, (5)
U+ w

Since the maximal density, p,,q; can be propertly estimated
from the geometry of the roads, the estimation of the
FD boils down to the identification of the two remaining
parameters v, w. When road sensor are available (as magnetic
loops), such parameters can be easily estimated by the collec-
tion of flow and speed (eventually also using the occupancy).
The question under study here is how to reconstruct the FD in
places where loop detectors are not available, but eventually
average speed can be sensed via FCD.

B. 4-steps method

What we propose is to identify patterns from raw data
by means of the similarity between links on the network
and characterize them in order to obtain a representative
behavior. Later, a normalized representation can lead to a
general space in which the network topology properties can
be represented; we called this “Normalized Macroscopic
Fundamental Diagram” (NMFD). A NMFD is proposed as
general explanation of the entire network. Our method is
based on the transformation of data into a two dimensional
signal and then will be treated as an image. Image analysis
will preserve data veracity until the last steps instead of first
matching curves that induce a first approximation. The main
steps are summarized as follows:
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1) Data processing through an image based procedure:
transformation of raw data to a rounded matrix, image
construction, image resizing and image filtering for
outliers removal.

Strategy of information retrieval via spatial distribution
of similarity within the network links based on their
attributes (capacity of the street, name, number of
lines) and Groups merging.

Normalized Macroscopic Fundamental Diagram
NMFD construction: Alpha scaling to density, flows
space (p, ®) and normalization procedure that allows
for the formulation of new functions useful to be
mapped to an specific link.

Street Fundamental Diagram SFD definition from
Floating Car Data Velocity under NMFD conditions

2)

3)

4)

C. Study-case

Our experimental setting is the Grenoble Traffic Lab
(GTL) [8], [12], a network of sensors deployed for monitor-
ing and research purposes along the “Rocade Sud”, a 12 km
long freeway encircling the town of Grenoble, France. The
network consists of 135 magnetometers buried in the asphalt
on both lanes of the main line and on each onramp and
offramp, totalling 68 sensing locations. On each sensing lo-
cation and every 15 seconds, the system provides flow, occu-
pancy and speed measurements. For further details see [13].
We selected three sets of sensors specially located from
the highway A31 (north-west) to A480 (south) in Grenoble
France. The criteria for selection of the measurement points
was to analyze the behavior of MFD for fast, slow and third
lanes and the effect of exits and entrances (on ramp and off
ramp) in between them. In Figure 1 it can be seen the kind
of real data retrieved from sensors without processing stages,
illustrating the type of available data which looks more like
an ATR than a MFD. In the left graph, it can be seen that the
approximation of density vs. measured flows (p, ®) is not
suitable to characterize the entire network; illustrating the
different profiles obtained for estimating density. Figure in
the right side depicts the relationship obtained from plotting
raw data of occupancy and flows (occ, ®) which looks
promising for our analysis.

flvehih]
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o 20

60 80

40
occupancy[%]

40
f/viveh/kmi

Fig. 1. Real raw data visualization. From the left, it can be seen that
not necesarily preserves the idealized MFD type for the approximation
of density (p, ®). The right figure depicts the relationship obtained from
plotting raw data of occupancy and flows (occ, ®)

We extracted a heterogeneous calibration set for the
development of our proposal. Also the so called slow lanes
are not necesarily fully overlapped. On the other hand, the

test dataset is used to see if our proposed NMFD can
sucessfully represent the network. A simple inspection of the
data can lead to several questions about the scarcity of the
measurements, also regarding the spread flows for the fast
line a on the calibration dataset. This illustrates real case
data and allows the reader to understand the complexity of
the network. It is obvious that the construction of the MFD
is not a straightforward task. The next section will introduce
the detailed methodology for the proper treatment of this
type of data.

III. IMAGE TRANSFORMATION, FILTERING AND RESIZING
A. Raw data transformation into images

Raw data for a link i usually has the form of the
pairs occupancy and flows (occ, ®); for each sample time,
D; = [(oce;, @;)1, (0cci, ®;)a, .. ., (0cci, P;)pm], being m the
number of measurements. The transformation allows to map
from D to a new three dimensional signal in (x,y) being x
integer values of occupancy and y integer values of flows,
with values z proportional to the number of data points
repetition. To this aim, we processed the raw sensors data
by rounding the sensor values for their posterior matrix
localization. Each pixel represents directly the posicion of
the data point from the p, ® space and its intensity provides
a data-frequency based construction of a new space. Here
the effects of sample time over the MFD shape dissapear.
As example, we can compare Figure 1 with Figure 2; the
calibration dataset can be seen as an image. The benefit of
using image based solution over statistical models relies on
the indirect incorporation of the measure frequency in image
construction instead of first matching curves that induce a
first approximation.

B. Image segmentation for outliers cancellation

Images analysis will preserve data veracity until the last
steps. Image segmentation is the process of partitioning
an image into parts or regions. This division into parts
is often based on the characteristics of the pixels in the
image. For example, one way to find regions in an image
is to look for abrupt discontinuities in pixel values, which
typically indicate edges. These edges can define regions.
Another method is to divide the image into regions based
on color values. We remove outliers by means of simple
segmentation of the image. The segmentation of the images
can be performed with No threshold and Multithreshold
application based on the Otsu method [14].

In Figure 3 we show a comparison between the calibra-
tion datasets processed without threshold and multithreshold
method. Comparing with the figure 1 and 2 several new
features appear. Outliers removal rate is proportional to
parameters in Otsu Method. The template window used was
the default by Matlab implementation. The location of central
points as main characteristics of the datasets will allow for
the identification of the clusters where the average speeds
fequirégadresINIBD can be found.

The goal of image resizing is to build a comparable set
of images. It is a typical procedure in image processing
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Raw data in to Image

Fig. 2. Example of raw data transformed into image, intensity of the image
allows to reach the sense of the measurement repeteability that leads to the
representability of the undelying information

Fig. 3. Calibration matrix data from Figure 2 without threshold (left) and
multithreshold (right)

and provides a good framework for pattern recognition. The
dimensions of the reference image matrix and the dimensions
of the degraded image matrix must be identical. An implicit
procedure is also the grayscale transformation of the matrix.
Square matrixes of 100x100 pixels are obtained even if
the raw data showed differences in maximum values for
occupancy.

IV. MERGING BY IMAGE SIMILARITY
A. Similarity measures

For Similarity measurement between images we selected
the IMage Euclidean Distance (IMED) [15]. Unlike the
traditional Euclidean distance, IMED takes into account the
spatial relationships of pixels. Therefore, it is robust to small
perturbation of images. We argue that IMED is the only
intuitively reasonable Euclidean distance for images. IMED
is then applied to image recognition. The embedding is rather
efficient by involving a transformation referred to as the
Standardizing Transform (ST) [15] demonstrated that ST is a
domain-smoothing transform. Generally, we call a Euclidean
distance IMage Euclidean Distance (IMED) if the metric
satisfies three conditions which leads to appealing properties.
A Euclidean distance d(z,y) = [(z —y)TG(z — y)]l/Q,
G = (9ij) MNzMmn 1s said to be an IMED if three conditions
are satisfied [15]. The results of the IMED calculated be-
tween the calibration datasets (fast and slow lanes) in order to
establish the similarity extracted from sensors are presented
in Figures 4 and ?? for no threshold and multithreshold
applications respectively. It can be seen that the use of
the thresholding method has consequences on the IMED
obtained. It will be expected that the IMED will be lower for
similar road networks. A merging process is carried out on
the images with high similarity indicating they “presumably”
belong to the same type of road within the network and can

be characterized by the same Representative Macroscopic
Fundamental Diagram. From Figure 4 can be seen that within
the Fast subset there is less IMED distance between the
sets a and b than the a and ¢ or b and c. Similarly, for
the subset of slow lanes the d and e datasets exhibit to be
more close to each other. So the merging process must be
carried out between the closest datasets to build a common
representation obtaining as many representations as natural
merged datasets appear. The processes carried out on the
raw data allows for the determination of clusters that seems
to be relevant for the dynamic identification of the roads.
Multi-Threshold will provide slightly different results.

Distance Matrix for Fast Distance Matrix for Slow

0.5 1
1 1

1.5

2 2|
0.4 0.4
25 2.5
3 0.2 3 0.2
35 1 2 3 ° 3.5 1 2 3 °

Fig. 4. Distances from development dataset measured without thresholding
in section III-B axis indicates the dataset a, b and ¢ for fast lines

V. CLUSTERING, a-SCALING AND NORMALIZATION
A. Clustering process

The purpose of clustering is to identify natural groupings
of data from a large data set to produce a concise representa-
tion of a system’s behavior. Simple procedure allows to the
use of the representative data, in the sense of repeatability,
to build a Normalized Macroscopic Fundamental Diagram
NMFD. As an example, simple k-means clustering will
retrieve the point for the location of the velocities in free
flow v and backward wave speed w of the merged sets in the
classic MFD triangular approach. The decision to choose an
appropriate point to calculate the main features of the MFD
is now based on the data itself and not from the designer a
priori selection. We can expect to have two clusters, one for
each regime (free flow and congested). As clustering is an
exploratory analysis tool, it is convenient to perform several
replications. Five replications allowed us to reach our results.
k-means++ algorithm was used for initialize the seeds. k-
means++ algorithm uses an heuristic to find centroid seeds
for k-means clustering [16]. distance function used in the
cluster was the euclidean distance. IMED as cluster metric
will be explored in future works.

B. Transformation from (occupancy, ®) to (p, ®) via «-
scaling

The procedure in section V-A allows for the location of
the main features to be drawn in the percentage of occupancy
oce(%) vs flow @ space. We need to establish a scaling «
parameter to map the real data obtained from sensors to the
density p vs ® space. So assuming the free flow speed vy
as the average speed vy before reaching the maximum flux
D4z at 10 % of the occupancy rate, we will map the max-
imum occupancy percentage to the maximum density p.,qq
to build the Normalized Macroscopic Fundamental Diagram
NMEFD. Our density mapping starts with the relationship:
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® = v xocc (6)

After a few calculations, it willq?e obvious that

= — 7

d * oce M

We propose to find a scaling factor « that relates both speeds
[

a=— = Pxoce (8)
vff vrs

in terms of flows ® and occupancy occ, and if we consider
a simple relationship as p = « * occ, we can express the
density as, |®]|

p= Dxoce % oce (9)
vff

C. Macroscopic Fundamental Diagram Normalization

Once the data is scaled to the density p vs ® space, we
can normalize the Representative Macroscopic Fundamental
Diagram to finally obtain the desired relationship. Our MFD
is considered well defined if the free flow speed vy, the
backward wave speed w and the maximum for ® are clear.
We want to have a spatial distribution of vehicle density and
derive an analytical description of the spatial distribution of
congestion. Now, normalization of the entire MFD must be
performed under p,,., as follows: First we define,

(10)

) (bnorm =
maz

Pnorm =
(bmaa:

Then pnorm € [0,1] and @0 € [0, 1]. Normalization of ©
and w take us to the following expressions:

_ UPma: _ _
Unorm = (Ifmar = Av, VPnorm <= Penorm (11)
max
with A = %, and analogously for Wy, oppm:
_ U+ w o _
Wnorm = p = ﬁ(vv w)avpnorm > Penorm (12)

Then our Normalized Macroscopic Fundamental Diagram is
complete.

(I)norm = {A@norm,pnormavpnorm <= p_cnorm} (13)

and

CD'rwa"m = {B(pnorm - (14)

VI. RECONSTRUCTION MAPPING

1)>vpnorm > ﬁcnorm}

A. Using Floating car velocity for FD reconstruction

Once the Normalized Macroscopic Fundamental Diagram
is well defined, one can to use floating car data to obtain the
Fundamental Diagram of the street [17]. This way floating
car data is used to map back the cluster family towards the
links/roads that have missing sensors. Assuming that for the
j — th link there is available the speed v; (or using the
previous notation, 7;), one way can be to obtain the values
for w;. To this aim one can use the equations (13) and (15)
and solve for w;:

wj = v_jwnorm - U_] (15)
and with values for v; and w; obtain:
wj Pmazx

16
v + wj (16)

Pej =

obtaining maximum flow ®,,4,; is then straightforward.

B. Validation of the results

A validation procedure was carried out for the test data.
The natural procedure is to follow the proposed methodology
on the calibration data and then, use the test data as input
to be processed, measured and IMED distances calculated.
Merging process was tested to figure it out if the test data was
likely representative of its group. On the other hand, the FCD
on the test point was used to find the FD of the street from
the NMFD. Test data was collected from sensor located in
positions 25, 26 (Fast and slow lanes) in Saint Martin dHeres,
51 and 52 (slow and fast lanes) in Echirolles respectively. The
difference between them is that the former is located rigth
after an entrance to the Rocade and the latter rigth before an
exit to the city. Even if they can be classified as the same kind
of line, the data exhibits a different behavior. Our procedure
allows to represent the previous presented test dataset by
means of processing the calibration data located in 9, 11,
36, 38, 60 and 62 sensors location Domaine Universitaire
sensors are located before an exit (9 and 11), Eybens exit is
represented by sensor 36 while the fast line is 38 and finally
Liberation exit sensors are 62 and 60 in Fast and exit lines
respectively in [12], [13].

Normalized MFD approach for new street FD approach for new street
0.45 200

ft side

140 -+ Rigth side
@ Critical Value

5

10 20 30
Density (veh/km)

Fig. 5. Fundamental diagram for Street at fast lines from calibration data
in Domaine Universitaire, Eybens and Liberation

Results depicted in Figure 5 allows to see the Normal-
ized Fundamental Diagram obtained from calibration data.
Also the Fundamental Diagram obtained for one line in
test dataset. In Figure 6 a very similar behavior of the
FD obtained from Normalized Macroscopic Fundamental
Diagram and real measurements is exhibited for fast lines i.e
Saint Martin dHeres and Echirolles. It can be noticed that
the Normalized Macroscopic Fundamental Diagram (NMFD)
was obtained from the calibration dataset with diversity of
information. Also the Fundamental Diagram (FD) of the
street was succesfully obtained.

Approached FD for new street

0 10 20 30 0 50 60 70 80
Density (veh/km)

Fig. 6. Real data for test processed in fast lines such as sensor 25 in Saint
Martin dHeres and 52 in Echirolles

Our approach is able to determine critical values in order

3461

Authorized licensed use limited to: Universidad EAFIT. Downloaded on September 09,2022 at 18:07:25 UTC from IEEE Xplore. Restrictions apply.



to characterize and use the information for control purposes.
It can also be used in such cases the information is retrieved
from a network by means of data fusion techniques [9]
but our approach provides structure and generalization. An
analogous result can be obtained for slow lines. It shows a
good understanding of the network behavior and a proper
approximation of the data measured and processed. The use
of Floating car data allows the entire network representation
by means of the NMFD and the easy and understandable cal-
culation of each link FD. Scarcity of data is an unavoidable
feature, but without any interpolation or averaging technique
we figured it out how to perform a general procedure
for description of an entire network without any special
constraints.

It is obvious the dependence of the ATR and MFD
diagrams to sample time and scarcity of data. Our method
proposes to use the main features of the data and provides
a framework of simplification. It means that if you have a
network with around 135 sensors and use only 3 sensors
(around 5%), you will be able to reconstruct the main
dynamics. We suppose that if you use more sensors, the
accuracy of the method will increase. Possible errors to our
algorithm come from the threshold parameter to outliers
cancellation. Patterns obtained from core data allows for
proper identification of entire network features for a-scaling.
Consequently, FCD will allow reconstructing the FD of any
link. The applications of the proposed framework can be to
help to propose MFD and FD based control solutions and
also to help with the purpose of sensors location reduction
taking into account the velocities from FCD for a network
monitoring. This way, estimation of dynamic variables will
come leading to interesting results in densities and flows. Po-
tential applications for pollutants estimation and subsequent
application in a complex network like the city of Medellin
Colombia.

VII. CONCLUSIONS

We developed a method for estimation of a Macroscopic
Fundamental Diagram (MFC) “normalized” and the intro-
duction to a Fundamental Diagram of each traffic intersec-
tion. We considered three major factors: the data dispersion
nature, the sparcity of the data and the role of the link with
data within the network. A four-steps method was proposed
based on images classifications which preserve data veracity
until the last steps instead of first match curves that induce a
first approximation, uses image classifications and filtering,
floating car data to map back the cluster family towards
the links/roads that have missing sensors. Our results are
satisfactorily tested on real data from Grenoble Traffic Lab
(GTL). Our approach is able to determine critical values
in order to characterize and use the information for control
purposes. We developed an approximation that uses as few of
these variables as possible, it can be understood as a proper
parameterization and description of heterogeneity that would
yield good estimates for most practical applications.
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