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Abstract— In the scope of the EU funded TRACKSS project
on cooperative advanced sensors for road traffic applications, we
investigate the potential of pre-existing road traffic sensors for
pedestrian crossing detection. Two road traffic video-sensors provide
spatial occupancy rates on areas along a crosswalk. We propose
to correct pedestrian under-detection with a double fusion process
composed of inter-sensor and intra-sensor fusion. Both are framed
in the Transferable Belief Model. The intra-sensor fusion uses
the spatiotemporal characteristics of the occupancy rates with
two steps: past beliefs update according to an estimation of on-
going spatiotemporal evolution, and temporal data fusion. The
results obtained on real data collected on an urban intersection
show that both fusion processes - and especially the intra-sensor
fusion - contribute to significant improvements in occupancy state
estimation, and enable to reach high crossing detection rates in
operational conditions.
Keywords: Spatiotemporal data, Transferable Belief Model,
Multi-sensor fusion, Traffic sensors, Pedestrian crossing de-
tection.

I. INTRODUCTION

Urban traffic management systems are evolving in con-
nection with strong issues like the impact of road traffic on
climate, and in connection with the deployment of techno-
logical progress. Many R&D projects aim to improve the
efficiency of traffic management systems thanks to advanced
sensors with increasing communication potential. Sensor im-
provements enable to adapt traffic management tasks for
categories of actors like trucks, two-wheeled or pedestrians.
The detection of pedestrians crossing arteries enable to take
them into account within traffic management strategies: long
term pedestrian observation can lead to infrastructure design
improvements, real time pedestrian detection enables online
traffic light command reactivity.

Within the Information Society policies of the European
commission the on-going TRACKSS project - Technologies
for Road Advanced Cooperative Knowledge Sharing Sensors
- develops new systems for cooperative sensing and predictive
flow, infrastructure and environmental conditions surrounding
traffic, with a view to improving the safety and efficiency of
road transport operations. As part of the TRACKSS project
we investigate the potential of using existing non-dedicated
sensors for real-time detection of pedestrian crossings. In

operational contexts, it is worth using video-sensors for traffic
management at complex junction; several fixed cameras are
then needed for the analysis of the incoming and outgoing
road traffic flows. Traffic video-sensors provide traffic mea-
surements like flow, queue length, or spatial occupancy rates.
Although positioned optimally for road traffic measurement,
these cameras observe pedestrian pathways as well, and the
same video processing tools can be applied to get spatial oc-
cupancy states on pedestrian pathways. In addition, crosswalks
may be covered by two or more cameras. Our idea is twofold:
exploiting when possible these existing sensors to enrich
traffic management systems with pedestrian crossing detection
ability, and using a data fusion model to address the potential
weaknesses of the pedestrian detection due to non-optimal
camera positions. The proposed data fusion model concerns
both inter-sensor and intra-sensor fusion. Inter-sensor fusion
takes advantage of two sensors observing one crosswalk from
different angles. Intra-sensor fusion takes advantage of the
spatiotemporal characteristic of spatial occupancy. Both data
fusion processes are defined with the transferable belief model
(TBM) framework [1] that deals with uncertainty, reliability
and conflicting sources and data.

II. OVERALL ARCHITECTURE

Over the last few years INRETS-GRETIA has equipped
a real intersection with a multi-camera system for traffic
management projects [2], [3]. This experimental site has been
used to collect data from one crosswalk that goes over a
double-lane outbound leg and that is observed by two cameras.
TRACKSS partner Citilog [4] has provided us traffic-oriented
video-sensors based on their product MediaCity adapted to
pedestrians by internal parameters tuning. For each sensor
observing a crosswalk, several regions of interest (ROI) are
manually defined which cover the pedestrian pathway from
one sidewalk to the other (see Figure 1). Each sensor then
provides spatial occupancy rates (OR) each second for each
ROI; these rates represent spatial occupancy percentages and
are based on movement detection [5]. We define one ROI per
lane on the pavement and one ROI for each sidewalk.

We aim to detect pedestrian crossings on the basis of
these second-by-second measures, especially single pedestrian
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(a) Sensor 1: lateral view (b) Sensor 2: horizontal view

Fig. 1. An example of the two views with the underlined regions of interest
on the same crosswalk

crossings which are the most numerous on the experimental
site.

We define a pedestrian crossing event (PCE) as an event
lasting several seconds characterized by the presence of at least
one pedestrian on the pavement. Occupancy state sequences
induced by PCEs appear distinctive and reflect pedestrian
movement from one side of the road to the other (see Figure
2). However, PCEs must be distinguished from other events
that induce occupancy rate variations, mainly vehicle flows.
Vehicles clear the crosswalk perpendicularly whereas pedes-
trians follow the crosswalk direction.

The area is in the state "Occupied" during that second

t
ROI 1

ROI 2

ROI 3

ROI 4

Pedestrian crossing pattern Vehicle flow pattern

Fig. 2. An example of patterns to be detected

PCEs and vehicle flow events (VFE) are discriminated using
a sequence classification module on the basis of the occupancy
state spatiotemporal patterns. Thus, the second-by-second OR
must reflect the underlying spatiotemporal phenomena when a
pedestrian crosses, namely a gradual occupancy transmission
between adjacent ROI. Yet OR measures given as inputs show
some limitations, especially an important under-detection of
single pedestrian crossings. That is why we introduce a data
fusion process before the sequence classification process that
rectifies the gaps in the spatiotemporal OR patterns. The
overall architecture is depicted in Figure 3.

III. FROM OR MEASUREMENTS TO BASIC BELIEF MASSES

A. Data processing with the TBM framework

Each sensor measurement is considered as a piece of
evidence about the occupancy state of an ROI. This evidence
is formalized within the TBM: the OR is converted into
basic belief masses (bbm). Then, it is combined via a TBM
combination rule with other pieces of evidence coming from
multi-source and spatiotemporal information.

movement detection

video stream

spatial occupancy rates

occupancy states

data fusion process

movement detection

video stream

spatial occupancy rates

pedestrian crossing event

sequence classificationlevel III 

level II

level I 

Fig. 3. System architecture with two video-sensors

An occupancy state (OS) is described by the two exclusive
hypotheses empty (E) and occupied (O) gathered in the frame
of discernment Ω = {E,O}. Let us note ORt,k the sensor
measurement on the ROI k at time t. A basic belief assignment
(bba) is defined on 2Ω = { /0,E,O,Ω} by a mapping mt,k :
2Ω → [0,1] that verifies ∑X⊆Ω mt,k(X) = 1. The bbm mt,k(X)
expresses the degree of confidence put on the proposition X ⊆
Ω and on nothing more specific. The bbm mt,k(Ω) expresses
the explicit doubt between the two hypotheses, that is the
degree of ignorance.

Finally, the pignistic probabilities [6] are computed by
distributing the bbm on Ω equally to each single hypothesis;
the most likely hypothesis is chosen as occupancy state.

B. Definition of the basic belief assignment

The choice of the basic belief assignment based on sensor
measurement is a key point in the TBM framework. The bba
m̃t,k is defined as follow:

m̃t,k =




0
ρt,kαt,k

(1−ρt,k)αt,k

1−αt,k


 (1)

using the vector notation :

m =
[

m( /0) m(E) m(O) m(Ω)
]T

(2)

where

• ρt,k converts a measurement ORt,k into the degree of
belief that the ROI k is empty at time t, and

• αt,k expresses the confidence put on the measurement.

The definitions of ρt,k and αt,k are chosen according to a
priori knowledge. The function ρt,k is chosen as an exponential
function:

ρt,k : [0,100] → [0,1] (3)

ORt,k → exp

(
−(ORt,k)

2

σ2

)
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where σ tunes the sensitivity of the sensor to movement
detection. Since the OR may be rather low when a single
pedestrian crosses the street, the parameter σ is fixed to a
very low value (σ = 4). An example of sensor measurement
is shown in the Figure 7.

The reliability coefficient αt,k introduces a discount process:
it is an important tool in the TBM that enables to weight the
influence of a sensor that does not work in optimal conditions.
The coefficient is defined by:

αt,k =
{αk, for ORt,k > σ

αk − γ, for ORt,k ≤ σ
(4)

where αk is fixed according to the sensor performance on the
ROI k, and γ is an additional penalty term that enables to minor
the influence of a sensor that does not detect movement.

IV. SPATIOTEMPORAL DATA FUSION MODEL

A. Problem position

The proposed data fusion model is based on the assumptions
that (i) the occupancy states last several seconds for each
ROI and (ii) there is a spatial propagation of the occupancy
between adjacent regions of the crosswalk when a pedestrian
crosses the street. Thus, the proposed data fusion model uses
(i) temporal information in order to extend the current OS and
(ii) spatial information in order to model spatial propagation
of occupancy.

Temporal information is widely used in temporal filtering
methods, such as Kalman filters. Even if filters have already
been studied in the context of the TBM [7], [8], this approach
has not been kept in this work because measurement frequency
(each second) is rather low compared to the duration of the
events: information integration about state transition would be
delayed for several seconds, which does not comply with real-
time constraints.

B. Model

The idea is to identify situation changes by using available
information and to anticipate temporal conflict. The model is
able (i) to integrate spatiotemporal information that increases
the degree of belief in the current state and (ii) to adapt the
reaction time to a situation change thanks to an evolution
model. As we are interested in favoring occupancy detection,
the evolution models are chosen in order (i) to increase
significantly the degree of belief in the state O when there
is an evidence of the state transition from E to O, and (ii)
to decrease slightly the degree of belief in the state O when
there is an evidence of the reverse transition.

The data fusion model (Figure 4) is composed of three main
steps:

1) The context is analyzed according to the last bbms
obtained on the occupancy state (mt−1,.) and the new
observation ORt,k. Depending on this context, an evo-
lution model is selected and provides a bba mevol

t,k . In
the case of spatial occupancy propagation context, the

evolution bba integrates spatial information (see below
next subsection).

2) The past bbms mt−1,k are updated by fusing them with
the evolution bba: it gives updated bbms m′

t−1,k.
3) The temporal fusion is performed between the instanta-

neous bbms m̃t,k and the updated bbms: it provides the
new bbms mt,k.

Update fusion

Evolution
model selection

Temporal fusion

ORt,k

mt−1,k

mt−1,k−1

mt−1,k+1

m̃t,k

mt,km′
t−1,k

mevol
t,k

Fig. 4. Schema of the spatiotemporal data fusion model

The choice of the combination rule is the second key point
in data fusion modelling using the theory of evidence: the rules
differ in the way they deal with conflict. The rule of Dubois
and Prade [9] has been chosen because it transfers the conflict
to the set of conflicting hypotheses. The bba m12 that results
from the combination of the two bbas m1 and m2 is given for
all C in 2Ω \ /0:

m12(C) = ∑
A∩B=C

m1(A)m2(B)+ ∑
A∪B=C,A∩B= /0

m1(A)m2(B) (5)

In case of two exclusive hypotheses, this rule is also the
conjunctive combination rule of Yager [10] that transfers the
conflict to the ignorance Ω. These rules assume that, in case
of a high level of conflict, the current belief on a state should
be reconsidered according to a new piece of evidence. Dubois
and Prade’s rule is applied in both fusion steps: it enables state
change since it is applied twice.

C. Evolution models according to the context

The context is determined by evaluating the concordance
between a new observation and the bbms obtained at time
t−1. The context can be ”this area is occupied” (context CO)
or ”this area may be empty” (context CE), with two subcases.

The context CO ”this area is occupied” is selected when
the sensor measurement is higher than the threshold σ which
tunes the sensor sensitivity to movement detection. The first
context subcase (CO.a) considered is the ”spatial propagation
of occupancy” from a neighboring region k′ ∈ {k−1,k+1} of
the region k. It is selected if there exists a region k′ such as
mt−1,k′(O) > max(mt−1,k(O),τsp) with the corresponding bba
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on the evolution state:

mevol
t,k =




0
0

mt−1,k′(O)
1−mt−1,k′(O)


 (6)

where τsp is a threshold high enough1 to ensure that the
region k′ was occupied at time t − 1. Otherwise, the second
context subcase (CO.b) ”simple occupancy” is selected with
the corresponding bba on the evolution state:

mevol
t,k =

[
0 0 0.7 0.3

]T
(7)

In the context CO, a state change from E to O is performed
when the bba at time t −1 supported more hypothesis E than
hypothesis O for the region k. In this case, the model trusts
the new sensor measurement and forgets the past knowledge.
Indeed, the two fusion steps with the Dubois and Prade’s
rule make this state change possible. The fusion of the bbms
at time t − 1 with one of these evolution models creates a
high level of conflict during the update fusion step, which is
then transferred to Ω. Since the measurement is high enough,
the former level of conflict can be reallocated to O at the
temporal fusion step.

The context CE ”this area may be empty” is selected when
the sensor measurement is lower than the threshold σ. The
area is considered occupied until the support of hypothesis
O is higher than a threshold τend fixed to an intermediate
value2. The context subcase (CE.a) ”preserving occupancy”
is selected with the following evolution bba:

mevol
t,k =

[
0 0.1 0.7 0.2

]T
(8)

that decreases softly the belief in O. This evolution model
keeps occupancy a few seconds in case of under-detection of
movement by a sensor. Otherwise, it can be considered that
the previous event really ends. The context subcase (CE.b)
”not occupied” is selected with the following evolution bba:

mevol
t,k =

[
0 0.3 0.2 0.5

]T
(9)

that decreases significantly the degree of belief on O if
necessary.

V. DATA FUSION PROCESS: THE MONO-SOURCE AND

MULTI-SOURCE CASES

The data fusion process is shown in the Figure 5 when
there is only one sensor available and in the Figure 6 when
there are two sensors available. The measurements ORi

t,k of
the sensor i ∈ {1,2} are transformed into basic belief masses
m̃i

t,k. These bbms are introduced into the spatiotemporal data
fusion processes that provide the new bbms mi

t,k. When two
sensors are available, a multi-source fusion step is added in
order to fuse the information coming from them: it provides
the new bbms m12

t,k. Finally, a pignistic decision is taken for

1we use τsp = 0.8
2we use τend = 0.6

each region k by considering the bbms obtained after the fusion
steps. Note that these bbms are also used in the spatiotemporal
fusion step.

basic belief assignment

pignistic decision

spatio-temporal data fusion
 

ORi
t,k

m̃i
t,k

mi
t,k

OSt,k

Fig. 5. Data fusion process: the mono-source case

basic belief assignment

pignistic decision

spatio-temporal data fusion
 

basic belief assignment

spatio-temporal data fusion
 

multi-source fusion

OR1
t,k

OR2
t,k

m̃1
t,k

m̃2
t,k

m1
t,k m2

t,k

m12
t,k

OSt,k

Fig. 6. Data fusion process : the multi-source case

The multi-source fusion step requires to chose a combina-
tion rule. A multi-source conflict appears when the two sensors
do not detect the same thing. It occurs when one sensor has
failed to detect movement or when the two sensors do not
observe the same scene due to effects of perspective. As the
under-detection of pedestrian movement by sensors appeared
to be the first problem to be addressed, we have chosen to
cope with multi-source conflict by weakening the influence of
a failing sensor: the combination rule of Dubois and Prade [9]
has been used with a discount process.

VI. EXPERIMENTS

A. Experimental data

Two cameras fixed on two different poles of the infrastruc-
ture have been used in this experiment. The views are shown
in Figure 1: the crosswalk is seen from two different angles.
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Sensor 2 is optimally positioned for detecting pedestrian
movement: the sensor providers recommend that the crosswalk
is seen horizontally on the view. However, the crosswalk is
occluded when a high vehicle moves in front of the crosswalk.
A complementary sensor (sensor 1) is used that always sees
what is happening on the crosswalk. However, this sensor
works in non-optimal conditions with high under-detection
rate since the crosswalk is seen in perspective on its view.
Besides, let us remind that these sensors are used primarily
for motorized traffic analysis.

Figure 7 shows a sequence of sensor measurement on the
four ROI that cover the crosswalk. The corresponding events
are added below. There are two pedestrian crossings: they
have been detected by sensor 2, but very badly by sensor 1.
Nevertheless, the pedestrian patterns show a typical occupancy
propagation from one sidewalk to the other one. There is also
a vehicle flow event detected on the pavement (the two inner
ROI) that lasts a few seconds.
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Fig. 7. An example of sensor measurements with the corresponding events:
pedestrian crossing event (PCE) and vehicle flow event (VFE); the time scale
is in seconds

The two ROI on the pavement have been used to label the
events: a PCE begins when the first pedestrian steps onto
the pavement and ends when the last pedestrian steps onto
the second sidewalk. Two events are distinct when there is a
break longer than 2 seconds between them. Events of different
classes are not exclusive, for instance a PCE is in conjunction
with a VFE when a pedestrian is on the pavement while a
vehicle is still on the other lane. A third class of event occurs
on this site: an occluding lateral flow event (OLFE) occurs
when a high vehicle (a bus or a truck) drives in front of the
crosswalk and occludes it from the second sensor position.
Two 40-minute sequences have been recorded: experimental
data are composed of 87 PCEs (9’37”), 260 VFEs (21’03”)
and 17 OLFEs (1’18).

B. Illustration of the fusion process

Figure 83 shows the bbms obtained (m12
t,k) on the states E

and O when the data fusion process is applied on the sensor
measurements shown in Figure 7. At the beginning of a new
occupancy in an ROI, the bbm on O increases gradually if
only one sensor measurement is higher than σ ([7s-10s] on
ROI 3 and [9s-10s] on ROI 2 for instance), and increases
very quickly once both sensor measurements are higher than
σ ([34s-37s] on ROI 2 and [11s-12s] on ROI 2 for instance).
Note the benefit of using spatial occupancy propagation in
case of mono-source movement detection: the bbm on O is
higher when the context CO.a is used at least once ([25s-27s]
of the ROI 3) than when the context CO.b is used ([17s-
19s] of the ROI 4). The bbm on Ω is high (> 0.5) mainly at
state transitions: either at the beginning of a new occupancy
in the case of mono-source movement detection or at the end
of successive positive measurements. The bbm on O decreases
to a low value after two seconds without movement detection.

0 5 10 15 20 25 30 35 40 45
0

0.5

1

R
O

I 1

0 5 10 15 20 25 30 35 40 45
0

0.5

1
R

O
I 2

0 5 10 15 20 25 30 35 40 45
0

0.5

1

R
O

I 3

0 5 10 15 20 25 30 35 40 45
0

0.5

1

R
O

I 4

OR1
t,k/100

OR2
t,k/100

m12
t,k(E)

m12
t,k(O)

Fig. 8. Results of the data fusion process with two sensors

C. Protocol for system evaluation

Since the data fusion model has been developed to improve
the pedestrian detection ability, we present the global system
results with and without fusion processes.

The sequence classification module (level III in Figure
3) uses a PCE detector that detects spatial transmission of
occupancy between adjacent ROI consistent with a pedestrian
crossing. It is based on Bayes’ inference applied on the OS
sequences. Each second, the event in progress is classified
either as a PCE or not a PCE (PCE). It has been developed
to detect as many PCE pattern types as possible with an
acceptable false alarm rate. The OS sequences obtained and
the PCE detections are shown in Figure 9.

A real PCE is considered detected if it is during at least
one second. A detected PCE is a false alarm if no real PCEs
overlap. The evaluation criteria are PCE detection rate (DR)

3the reliability coefficient (4) is defined with αk = 0.9, ∀k and γ = 0.2 for
both sensors
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Fig. 9. Pignistic decision on occupancy state and PCE detection results

and PCE false alarm rate (FAR) defined by DR = ‖D
⋂

T ‖
‖T ‖ and

FAR = 1− ‖D
⋂

T ‖
‖D‖ where T is the set of real PCEs and D is

the set of detected PCEs. The evaluation criteria are compared
for different test configurations: with or without intra-sensor
fusion, with or without inter-sensor fusion. Details of the six
test configurations are given in Table I with the measurement
used.

TABLE I

TEST CONFIGURATION DETAILS

measurement
used

intra-sensor
fusion

inter-sensor
fusion

S1 OR1
t,k - -

F1 OR1
t,k � -

S2 OR2
t,k - -

F2 OR2
t,k � -

F12 OR1
t,k; OR2

t,k - �
F∗

12 OR1
t,k;OR2

t,k � �

D. System evaluation

System evaluation results are given in Table II according
to the test configuration. The results obtained in the mono-
source cases are very different: DR is quite low when sensor
1 is used whereas it is high when sensor 2 is used. This
performance difference is explained by their different position
in the scene: one sensor is working in optimal conditions for
detecting pedestrian movement contrary to the other. The false
alarm rates obtained are quite satisfactory because the PCEs
represent only one fourth of real events in the test data. The
application of the intra-sensor fusion process enables a benefit
in the DR (4.6% for F1) and especially a drop in the FAR (10%
for F2).

Evaluation criteria are better when the two sensors are used
together: the DRs are higher than in the best mono-source
case with a lower FAR. It shows that a secondary non-optimal
sensor is a good complement to a first optimal sensor and
improves its performance. The DR is almost the same for F12

and F∗
12 but the FAR is far lower with the double fusion process

(F∗
12).
PCEs isolated from other events are very well detected if

they last long enough. However, pedestrian crossing patterns
may not be recognized when another event occurs at the same
time or just before. Furthermore, some VFEs are detected as
PCEs when two side-by-side vehicles are slightly shifted when
they clear the crosswalk or when a pedestrian comes into a
waiting area of the crosswalk while a VFE is on-going.

TABLE II

PCE DETECTION RESULTS ACCORDING TO TEST CONFIGURATIONS

Test config. S1 F1 S2 F2 F12 F∗
12

DR 48.3% 52.9% 81.6% 81.6% 88.5% 87.4%
FAR 32.4% 33% 38.4% 28.4% 34.7% 21.6%

DR is given in Table III according to the number of
pedestrians: either a single pedestrian (60 crossings) or a group
(2 or 3) of pedestrians (27 crossings). The poor performance
of sensor 1 (S1) is explained by its difficulties to detect
pedestrian movement in case of single pedestrians: only one
third of PCEs are detected in that case. Note that the intra-
sensor fusion improves the detection of single pedestrians
for all configurations. DR on pedestrian groups is very high,
even if more data of this type should be collected for having
significant results.

The intra-sensor fusion extends the occupancy a few sec-
onds and fills the gaps between very close occupancy se-
quences. On the one hand, PCE detection is improved in case
of single pedestrians. On the other hand, the false alarm rate is
reduced because fewer patterns are consistent with pedestrian
crossing patterns.

TABLE III

PCE DETECTION RATE OBTAINED ACCORDING TO THE NUMBER OF

PEDESTRIANS AND THE TEST CONFIGURATION

Test config. S1 F1 S2 F2 F12 F∗
12

DR on single
33.3% 36.7% 76.7% 78.3% 86.7% 86.7%

pedestrian
DR on

81.5% 88.9% 92.6% 88.9% 92.6% 88.9%
ped. group

VII. CONCLUSION

We have detailed the data fusion component of a pedestrian
crossing detection system supplied with video-sensors that
provide spatial occupancy rates on areas along crosswalks.
This data fusion module improves sensors measurement thanks
to a double fusion process. A spatiotemporal data fusion model
has been proposed that is based on the spatial occupancy
dynamics of pedestrian crossings. Under-detection correction
is thus achieved, and then strengthened by a multi-sensor
fusion process available when two video-sensors can be used.

The results obtained with real operational data show that
both fusion processes lead to significant improvements in
terms of detection and false alarm rates. We have shown
that the use of a complementary video-sensor that does not
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operate in regular scope conditions enhances detection once
an efficient fusion process is provided.

The next step of the data fusion module development will
deal with inter sensor conflict treatment in order to solve
pedestrian detection issues in case of occluding lateral flow
event. Some additional traffic scenes collected as part of
the TRACKSS project will enrich our data base for further
development and assessment processing. The pedestrian cross-
ing detection system is planned to be used on the INRETS
experimental site for traffic management studies aiming at
improving pedestrian mobility and safety.
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