ISSN 2007-9737

Improving the Automatic Counting in a Region of Interest in Videos
of Urban Traffic Taken by Drones Using Video Stabilization

Guillermo A. Jiménez-Frias!, Francisco J. Hernandez-Lopez?, Thomas Batard'*,
Victor Mufiz-Sanchez!, Jean-Bernard Hayet!, Silvana Forti-Sosa®, Eduardo Pérez-Pech?

1 Centro de Investigacion en Matematicas A.C.,
Mexico

2 SECIHTI - Centro de Investigacion en Matematicas A.C.,
Mexico

3 Universidad Modelo,
Mexico

{guillermo.jimenez, fcoj23, thomas.batard, victor_m, jpohayet}@cimat.mx,
{silvana.forti, eduardo.perez.pech}@gmail.com

Abstract. Due to the rapid progress of video analytics,
traffic monitoring has emerged as a vital method for
collecting information about traffic conditions.  This
paper presents an improved, automated system for
counting vehicles and pedestrians from drone footage.
The system allows a user to define any counting line
within the video scene. Our four-module pipeline
consists of: (1) a robust video stabilization module that
compensates possible movements of the drone, (2) a
deep learning-based object detection model trained on
a custom dataset recorded in Yucatan, Mexico to identify
eight distinct classes (car, truck, bus, van, motorcycle,
bike, moto-taxi, and pedestrian), (3) an object tracking
algorithm that analyzes detection bounding boxes, and
(4) a counting module that tallies objects crossing the
user-defined segment. The proposed counting system
extends our previous work that did not use a stabilization
module [6]. On experiments with the YucaMex-MOCS
dataset, the proposed counting system reaches average
precisions of 72.52% and 75.38% without and with
the stabilization module, respectively, which shows the
relevance of adding a stabilization module.

Keywords. Automatic counting, video stabilization,
object detection, object tracking, deep learning

1 Introduction

Recent advances in video analysis and deep
learning have positioned drones as powerful

tools for ftraffic monitoring and surveillance.
Compared to traditional surveillance cameras,
drones provide clearer views and cover a wider
range of areas with reduced occurrences of
object occlusions and shadow interferences, while
also providing flexibility in complex environments
without requiring costly infrastructure. Combined
with state-of-the-art deep learning object detection
and tracking models, drone-based systems enable
accurate, robust, real-time traffic analysis [2, 7].

1.1 Related work

Several approaches have been proposed for
vehicle detection and counting in traffic monitoring
systems. In [11], a system based on optical
flow and block matching estimates movement
patterns; however, it requires user intervention
to manually define the entry and exit zones for
vehicles at intersections. Accuracy ranges from
14.29% to 100%. Similarly, the method in [14]
relies on background subtraction and shadow
removal, combined with a region of interest (ROI)
defined by the user. This approach tracks moving
objects within the ROI; however, it does not
differentiate between different types of vehicles.
In [16], the ViBe background subtraction method is
combined with Kernelized Correlation Filters (KCF)
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for object detection and tracking, respectively.
This system requires defining a virtual line across
the scene, where objects are counted once they
cross it. It achieves 90% accuracy in vehicle
counting on static-background videos and 85% on
moving-background videos.

More advanced approaches have leveraged
deep learning techniques: for instance, [17]
proposes an automatic vehicle counting algorithm
using R-CNN for detecting and classifying cars,
vans, trucks, and buses. They apply Intersection
over Union (loU) with the Hungarian algorithm
for robust tracking across frames. The model
reaches 34.66%, 27.72%, 19.27%, and 28.10%
in average precisions (APs) for cars, vans, trucks,
and buses, respectively, while the counting method
yields a mean absolute error between 2.47 and
13.86. Expanding the scope, [15] introduces an
automatic counting system tailored for motorcycle-
dominated intersections in Vietham, with 15 vehicle
categories. While effective in many scenarios, the
approach struggles to detect small vehicles at a
distance and partially occluded motorcycles, due
to the camera placement. The counting model
achieves over 90% accuracy compared to manual
counting. Similarly, [9] proposes a drone-based
object detection framework using YOLOv4 with
a convolutional block attention module, focused
on five vehicle categories (motorcycles, personal
cars, taxis, trucks, and buses) from a nadir
(straight-down) camera view in Irag. This system
achieves a mean AP (mAP) of 88.25%.

In [10], the authors propose a system based
on YOLOv4 and DeepSORT that incorporates
a trajectory association module to mitigate ID
switches caused by camera inclination and the
resulting vehicle occlusions in Vietnam cities.
The counting module treats all bounding boxes
sharing the same tracking ID as a single trajectory.
Their detection approach achieves a mAP of
97.8% for motorcycles, cars, buses, and trucks.
In [1], a vehicle counting framework based on
automatic ROl selection, YOLOv8, and DeepSORT
is proposed, enabling bidirectional counting of
people and vehicles at park entrances along virtual
lines. In [18], a counting system based on YOLOv5
and OCSORT is proposed, in which both traffic
motion directions are considered. This method
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Fig. 1. Sample of objects from our dataset of interest,
grouped by class. (A) Motorcycle, (B) Pedestrian, (C)
Bike, (D) Truck, (E) Bus, (F) Car, (G) Van, (H) Moto-taxi.

reaches a mAP of 69.5% in the detection task, and
a counting accuracy of 94.4%. In the context of
drone-based traffic monitoring in Mexico, [12] have
developed a dataset and an automatic counting
system using videos of urban traffic captured by
drones in the region of Yucatan, Mexico. The
counting system comprises sequential modules
for detecting, tracking, and counting eight object
categories: car, truck, bus, van, motorcycle, bike,
moto-taxi, and pedestrian (see Fig. 1). Using
the dataset created in [12], and considering the
same objects classes, [6] describes an automatic
counting system designed to count vehicles and
pedestrians crossing a segment specified by the
user (see Fig. 2). The counting system reports
a weighted average accuracy of 80.38%. The
experiments have showed very promising results
but have also revealed some limitations of the
method. Among them, the instability of the video
due to the drone motion can lower the accuracy of
the counting, as described in the sect. 1.2.

1.2 Contribution of this work

Open-air video capture is subject to weather con-
ditions, which can affect subsequent processing
and analysis tasks. For instance, the presence of
clouds can create variations in the lighting of the
video frames, which can affect object detection and
tracking. Moreover, wind currents can compromise
the stability of the drone, resulting in variations in
the scale, rotation, and translation of the captured
video frames, altogether with motion blur.
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Fig. 2. First frame of the different videos of the
dataset used in this paper, with some regions of interest,
represented by colored segments

Fig. 3. The proposed counting system modules: Stabi-
lization, Object Detection, Object Tracking, Counting

In particular, areas of interest may not be
captured for significant periods of time. While many
drones incorporate a mechanical stabilizer (e.g.,
a Gimbal) or flight modes that return them to a
preset position, there is still a moment during which
the drone may not have captured some areas of
interest. Drone instability, and consequently video
frame instability, can drastically affect the results of
any counting system.

Video stabilization is the process of registering
video frames to eliminate undesirable camera
movements such as shakes, tremors, and yaws,
ensuring that the video appears stable. In this
paper, we improve the results obtained in [6]
by inserting a video stabilization module in the
counting system, at the beginning of the pipeline
(see Fig. 3). Video stabilization is obtained

by estimating homographies that approximate the
transformations between video frames.

We test different approaches based on the works
reported in [5, 3]. The method developed in [5]
detects characteristic points (CP) in each frame of
the video and estimates a homography matching
the characteristic points between consecutive
frames using the RANSAC method [4]. In [3],
the estimation of the homography relies on a
new similarity measure between two frames called
Enhanced Correlation Coefficient (ECC).

Experiments show that the approach in [5]
achieves better results in terms of execution time
and quality of the stabilization, from which we
include the method [5] in our counting system.

Then, we compare the performance of the
proposed counting system with that in [6] (i.e.,
without video stabilization), using precision and
weighted precision metrics. For these experiments,
we have used the same dataset’ as the one used in
[6], and described in sect. 4.2.1. The results show
an average improvement of 2.86% in precision
and 0.9% in weighted precision, confirming the
importance of including a stabilization module in
the counting system.

The outline of the paper is the following. In
sect. 2, we review the modules forming the
counting system [6]. In sect. 3, we give details
about the two aforementioned video stabilization
methods. Experiments are described in sect. 4 and
sect. 5 presents conclusions and future works.

2 Previous Work

In this section, we describe the counting system
from [6], to which we refer for more details. The
counting system contains three of the four modules
of the proposed system: Object Detection, Object
Tracking, and Counting (see Fig. 3).
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Fig. 4. Objection detection with YOLOv4 at two different
frames of the video

Fig. 5. Object tracking based on the loU metric. The red
segment indicates the region of interest provided by the
user where crossing objects are counted. The tracked
object is depicted with a yellow ellipse. From top to
bottom: different steps towards the counting of an object

Fig. 6. Automatic counting system at a given frame of
the video 0362

2.1 Object Detection

The object detection module of the counting
system is based on the work in [12], where different
deep learning-based models have been tested on

"https://github.com/MemoJnz/YucaMex-MOCS
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a similar dataset and with the same classes of
objects considered in this work. Among all the
methods tested, namely Faster-RCNN, and several
versions of YOLO (YOLOv3, YOLOv4, YOLOvS5,
YOLOv7, and YOLOVS), the authors have shown
that the best results are obtained with YOLOv4.

Hence, the model used in the object detection
module in [6] is also YOLOv4. The output of
the object detection module are bounding boxes
delimiting the detected objects in each video frame
(see Fig. 4), where the classes are distinguished
according to the color of the bounding boxes.

2.2 Object Tracking

Once the objects have been detected in each
frame of the input video, the corresponding
detections have to be associated into consistent
tracks with unique IDs. These IDs allow to
distinguish the different objects of the scene and
to reconstruct their trajectories. In particular, any
time one of these trajectories crosses a segment of
interest implies a counter increment. Note that, for
this tracking task, performing the video acquisition
with UAVs reduces significantly the risk of target
occlusion, which is frequent with more traditional
monitoring setups. This has also motivated us in
basing the tracking algorithm on the intersection
over union (loU) metric between bounding boxes.

Fig. 5 illustrates the object tracking module of the
counting system. First, the object is detected (top
image), then, if its movement exceeds a certain
threshold, it is assigned an ID. Finally, it possibly
crosses the region of interest (bottom image).

2.3 Counting

The automatic counting system increases the
number of occurrences of an object class each
time the bounding box of a detected moving object
in this class intersects the region of interest. Fig. 6
shows the result of the automatic counting at
a given frame of the video, where the counter
located in the top-left corner indicates the number
of objects per class that have crossed the region of
interest up to the current frame.
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Fig. 7. Instability of the video capture due to the
drone motion. The positions of the objects can vary
significantly among the different frames of the video

3 Video Stabilization Module

3.1 On the Instability of the Videos

As mentioned in the Introduction, weather con-
ditions can strongly affect the drone hovering
flight and the video capture. To illustrate this
phenomenon, we consider the video 0362, which
is the one providing the greatest instability among
all the videos of the dataset. We select four static
objects of the scene: a tree, a car, a building, and
a sidewalk delimited by green, yellow, blue, and
red bounding boxes, respectively. Fig. 7 depicts
six different frames of the video and the bounding
boxes delimiting the four objects in each frame.
We can observe that the positions of the
bounding boxes vary significantly between the
frames, and even disappear in some of them.

3.2 Stabilization based on Characteristic
Points

This method was originally designed for the
purpose of video augmentation, in the context of
videos taken from unstable cameras [5]. Denoting
the first frame of the video by f°, this method
stabilizes the subsequent frames f{,¢t > 0,
with respect to f°, considered as the reference
frame. More precisely, this is a six-stage iterative
procedure that stabilizes the different frames

according to their order of appearance in the video,
that is, fi=! is stabilized before f*. We detail the
different stages of the method in what follows.

1. Detection of corner points in the reference
frame. The corner points in f° are determined by
the Shi-Tomasi method [13]. From the set of corner
points, a subset of M points is extracted, denoted
by PY. As in [5], we consider M = 1000 points.

2. Tracking of the corner points of the
reference frame. Tracking the corner points
from the reference frame throughout the video
generates a set P? for each frame f*. Atany ¢ > 0,
we get P! by applying the pyramidal version of
the Lucas-Kanade optical flow method [8] to P¢~1.
Note that P! is refined later in stages 4 and 5.

3. Homography estimation. Assuming that
the transformation between any pair of frames is
well-approximated by a homography (which holds
well in the case of aerial views), the homography
Hy: between f° and f*,t > 0, is determined as
follows. First, the homography H,_;.: between
fi=1 and f! is estimated, then H,, is determined
recursively by:

Hyy=Hi_14Hot—1. (1)

With H,, being the Identity. =~ A two-stage
procedure is applied to determine H,_; ;: (i) A first
estimation of H;_, , is obtained using the RANSAC
method [4] between the elements of the set P!~!
and their corresponding elements in P! (see stage
2); (ii) the estimate H;_,. is refined using the
Levenberg-Marquardt method.

4. Validation of the corner points. To increase
the accuracy of Hy .1 in the next iteration, the set
P? constructed in stage 2 is refined in stages 4 and
5. In stage 4, a subset Q! of P? is constructed,
with the aim of removing the points in P! that are
outliers with respect to the homography H;_; ;. In
other words, the set Q! is defined as

Qt = {33 € P!, min |z —C(Hi—143)|? <dip.
.’,C'EPt_l
(2)

Where C(-) is the operator that transforms a point
from homogeneous coordinates to cartesian coor-
dinates and i’ are the homogeneous coordinates
of the point z’. As in [5], the value of the threshold
d, we take here is 2.
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5. Update of the corner points. Let us consider
a set R of M —#Q? corner points in f* determined
by the Shi-Tomasi method and such that:
()r € Rt =z ¢ P'.
(i) z € R is far enough from any point in Q?, i.e.

€ R' = min |z —2/|*> > da. (3)
z'eQt

We take here d» = 5 and P! is updated using
Pl = Q'UR". (4)

The set P* contains M elements.

6. Iterative step. Apply stages 2,3,4,5 with
t := t + 1 to determine Hy 11, from which the
stabilization of the next frame f!*! is derived.
Repeat until the last frame of the video.

3.3 Stabilization based on Enhanced
Correlation Coefficient (ECC)

3.3.1 The Original Method

Given two images I, and I; of K pixels whose
coordinates are z1,---,zg, the method aims to
construct a homography that maps as much as
possible I; onto I.. The method relies on the
minimization of a pixel-based objective function.

Given a deformation 7T'(.; p) of parameters p, and
yr(p) = T(xp;p),k = 1,---, K, the reference
vector i, and the deformed vector iy are

I (1) La(y1(p))

I.(z2) . Ia(y2(p))
by = ia(p) =

I.(zx) La(yx (p))

Then, from i, and i; we derive the centered
vectors i, and i4, through

— 1
I =i — Z I(x;) (6)
Jj=1
and
_ 1 E
id:idfgzlfd(xj)a (7)
i=

that is we subtract from 4,. and ¢4 their means.
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Algorithm 1 ECC Version 1

Require: fOy f!
Ensure: Hroia
while 7t do

Hiotar = FindTransformECC(f°, ft)

> Initial and current frames
> Global homography

end while

The accuracy of the mapping T'(.; p) is given by

2

: (8)

i g
lerll [l7all

BCC(p) = ]

Note that ECC is invariant to changes of:
- contrast, as the means of 4,., 4,4 is O,
- luminance, as .., 14 have been normalized.

In practice, the minimum of (8) is numerically
approximated by means of an iterative descent
numerical scheme. We use the implementation
of the algorithm available in the OpenCV 3 library
named FindTransformECC [3].

3.3.2 Application to Video Stabilization

We propose two strategies to stabilize a video
based on ECC, which consist of determining the
homography that best maps the current frame onto
the initial frame. On the one hand, ECC (Version
1) directly calculates the homography between
the current and the initial frames (see Algorithm
1). As the CP method described in sect. 3.2,
ECC (Version 2) first estimates the homography
between two consecutive frames, from which the
homography between the current and the initial
frames is derived by recursivity (see Algorithm 2).

4 Experiments

4.1 Video Stabilization Methods

In this section, we compare the video stabilization
methods CP described in sect. 3.2 and ECC
described in sect. 3.3 from both quantitative
and qualitative viewpoints, by comparing their
execution times and visual results.
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Algorithm 2 ECC Version 2

Require: fty fit!
Ensure: Hroia
HTotal «— Id
Hiemp < Id > Homography between fty fi+1
while f*+! do
Htotal = Htemp * Htotal
Hiemp = FindTransformECC(ft, fi1)

> Consecutive frames
> Global homography

end while

Table 1. Statistics of the execution times of the different
stabilization methods tested on the video 0362 to
construct an homography between consecutive frames.
The total number of homographies calculated was 9613.

CP ECC V1 ECC V2

Mean 0.3056 1.7127 2.1237
Std 0.0873 0.5776 0.4205

Min 0.0899 1.3240 1.3802

25% 0.3117 1.3694 1.7944
50% 0.3194 1.4031 1.9112
75% 0.3627 1.9173 2.5071
Max 0.3889 5.4331 3.3213

& = cp
=3 ecc v
3 Ecc v

3
Seconds

Fig. 8. Histograms of the time (in seconds) required by
each stabilization method.

4.1.1 Execution Times

Fig. 8 shows the histograms of the times (in
seconds) required by each method to obtain the
homography between two consecutive frames. The
histogram of CP method is depicted in blue,
whereas the one of ECC method is depicted in
orange (Version 1) and green (Version 2). Note
that, for each method, we have removed the

outliers corresponding to values less than the 5%
quantile and more than the 95% quantile.

We can observe a significant difference among
the histograms of the CP and ECC methods, which
tells us that the execution of CP method is faster
and also has less variability than ECC method
(both versions). These results are validated by the
statistics in Table 1. Note that the total execution
time of each method for the video tested is:

- CP: ~ 41:35 minutes
- ECC Version 1: ~ 3:30:02 hours.
- ECC Version 2: ~ 4:01:32 hours.

4.1.2 Visual Results

Fig. 9 shows a visual comparison between the two
stabilization methods. We observe that both CP
and ECC (Version 1) provide acceptable results,
the result of CP being slightly better. On the other
hand, the method ECC (Version 2) fails in this case.

4.1.3 Interpretation of the Results

From the results obtained in the experiments
described in sect. 4.1.1 and sect. 4.1.2, we can
deduce that the method CP gives the best results.
Indeed, while CP provides slightly better visual
results than ECC (Version 1), its execution time is
much shorter. The latter may be due to:

(i) ECC requires all the points of the image,
whereas CP only requires a subset of them.

(ii) ECC relies on an optimization problem whose
solution is obtained from an iterative scheme.

Hence, we have chosen the CP method as
the stabilization module of our counting system.

4.2 Automatic Counting System

The aim of the experiment described in this section
is to show that the results in [6] can be improved
by adding a stabilization module to the automatic
counting system.
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Fig. 9. Visual result of the two stabilization methods
applied to the video 0362. Counterclockwise from top:
CP, ECC (Version 1), ECC (Version 2)

4.2.1 Description of the Experiment

Our dataset contains 9 videos of traffic situations
on road intersections, in different urban areas
of the state of Yucatan, in México. The drone
captured the videos in a hovering configuration, at
a height ranging from 30 to 70 meters. The videos
have a 3840 x 2160 resolution and their duration
range from 3 to 5.5 minutes; they are split in up to
three segments (called S;,Ss and S3), in function
of the traffic flow. In the following, the evaluation is
done by applying the proposed counting algorithm
on one of these segments (see Fig. 2).

To provide a ground truth, we asked six people
to perform a manual counting. This way, we
have gathered three counting values per segment,
and we use the corresponding average value as
the ground truth. These ground truth values are
presented in Table 2. In the following, we provide
the results of counting experiments where we apply
our counting algorithm to sub-sampled versions of
the video sequences. We vary the sub-sampling
factor through 7 = 1,2,...,5. Note that the tracking
difficulty increases when j gets higher (the motion
amplitude of the objects between one frame and
the next gets larger).

4.2.2 Evaluation Metrics

As an indicator for the performance of the counting
algorithm, we focus on two metrics: precision and
weighted precision.
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For a sub-sampling factor j, a class i and a
number K of test videos, we define the precision
of the automatic counting algorithm as:

_ 1 &
k=1
where the precision for video & is

O — |
Pk = (1 — = | 100, (10)

%

measuring how close is the counting value ij
estimated by the counting algorithm to the ground
truth value p.

Similarly, the weighted precision assigns weights
to the videos in function of the classes prevalence

K
Qij:ZA?PZ";W (11)
k=1

where \¥ gives the ratio of occurrences of class i
over total number of objects in the video k.

For each j, we consider the average precision
and the average weighted precision

_ 1 _

Pi=——— Y Py (12)
#OZCLSSES i€Classes

~ 1 ~

U= fClamses 2 Qo (1

i€Classes

4.2.3 Results and their Analysis

Table 3 shows the precision and average precision
for j = 1,2,3,4,5 of the counting system without
(top) and with (bottom) stabilization. The results
indicate that the best precision is obtained by
the counting system that contains the stabilization
module in 6 of the 8 classes (Car, Truck,
Motorcycle, Bike, Moto-taxi, Pedestrian). In one
class (Van), adding the stabilization module to the
counting system reduces the precision. Note that
the system with stabilization also outperforms the
one without stabilization when comparing their best
average precision. Actually, in both cases, the
best score is obtained for j = 4 (76.76% with
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Table 2. For each segment, the ground truth counting value is the class-wise Average of three Manual Counts

0027 0089 0362 0597 0614 0674 0861 0883 4040
Class St S2 S3 S1 S;1 S22 S3 S; S22 S3 S; S S3 S1 S S Sy S,  Total
Car 36 61 39 5 4 3 7 0 9 15 20 0 16 16 8 O 46 33 318
Truck 4 9 5 4 4 0 5 0 2 3 4 0 9 9 4 0 16 86
Bus 2 1 1 0 0o 0 o0 o0 1 0O 0 0 1 0 0 0 0 3 9
Van 1 2 3 0 1 0o 1 0o o0 2 1 0o 1 0 1 0 7 0 20
Motorcycle 10 7 13 2 9 2 12 0 8 6 15 0 7 22 9 0 35 25 182
Bike 3 1 5 1 5 3 3 0 1 1 0 0 1 0 1 0 2 4 31
Moto-taxi 6 7 6 1 38 21 61 0 0 1 0 0 O 8 15 0 17 2 183
Pedestrian 8 0 O 6 23 24 14 4 0 O O 7 3 6 30 20 1 3 149

Table 3. Precision and average precision of the counting system without (top) and with (bottom) stabilization.

Car Truck Bus Van Motorcycle Bike Moto-taxi Pedestrian P;
j=1 9492 7359 86.11 85.32 85.98 51.48 91.78 19.12 73.54
j=2 9423 7498 86.11 85.32 84.83 30.56 92.11 18.88 70.88
j=3 9254 7039 86.11 85.32 85.91 24.35 92.11 19.61 69.54
j=4 9291 79.34 86.11 85.32 83.59 41.39 92.11 34.18 74.37
j=5 9444 8184 86.11 85.32 74.62 40.28 91.78 39.96 74.29

Car Truck Bus Van Motorcycle Bike Moto-taxi Pedestrian P;
j=1 9427 83.88 86.11 76.98 85.29 51.67 98.28 30.81 75.91
Jj= 95.33 74.31 86.11 77.78 86.73 49.54 92.73 45.14 75.96
j=3 9452 8126 86.11 76.98 89.85 60.74 98.28 20.92 76.08
j=4 9544 76.29 86.11 76.98 90.24 47.04 98.28 43.69 76.76
Jj= 92.08 73.33 86.11 83.33 76.66 36.20 98.28 31.64 72.20

stabilization versus 74.37% without stabilization). stabilization. The results indicate that the best

Finally, by taking the average of P; over j, we
obtain a score of 75.38% for the system with
stabilization and 72.52% for the system without
stabilization, showing that the stabilization makes
the counting system more robust to camera motion.

Table 4 shows the weighted precision and
weighted average precision for ;7 = 1,2,3,4,5 of
the counting system without (top) and with (bottom)

weighed precision is obtained by the counting
system that contains the stabilization module in
4 of the 8 classes (Car, Motorcycle, Moto-taxi,
Pedestrian).

In one class (Truck), adding the stabilization
module to the counting system reduces the
weighted precision. Note that, as in the case
of average precision, the system with stabilization

Computacion y Sistemas, Vol. 30, No. 1, 2026, pp. 131-142

doi: 10.13053/CyS-30-1-6328



ISSN 2007-9737

140 Guillermo A. Jiménez-Frias, Francisco J. Hernandez-Lopez,et al.

Table 4. Weighted precision and average weighted precision of the counting system without (top) and with (bottom)

stabilization.

Car Truck Bus Van Motorcycle Bike Moto-taxi Pedestrian  Q;
j= 92.14 8256 66.67 80.0 88.46 54.84 94.54 84.56 80.47
j=2 9182 8256 66.67 80.0 86.26 58.06 95.08 83.22 80.46
j=3 9151 80.23 66.67 80.0 87.36 41.94 95.08 81.21 78.00
j=4 9182 8256 66.67 80.0 74.73 54.84 95.08 83.89 78.70
j=5 9151 84.88 66.67 80.0 57.69 51.61 94.54 83.22 75.27

Car Truck Bus Van Motorcycle Bike Moto-taxi Pedestrian QJ-
j=1 9119 83.72 66.67 75.0 89.01 51.61 97.27 86.58 80.13
j=2 93.08 8256 66.67 80.0 90.66 48.39 96.72 83.22 80.16
j=3 9245 83.72 66.67 75.0 90.11 58.06 97.27 88.59 81.48
j=4 9277 8256 66.67 75.0 81.87 45.16 97.27 89.26 78.82
j=5 9151 8256 66.67 80.0 59.34 45.16 97.27 91.95 76.81

also outperforms the one without stabilization when
comparing their best average weighted precision
(81.48% with stabilization against 80.47% without
stabilization).

Finally, by taking the average of Q; over j,
we obtain a score of 79.48% for the system with
stabilization and 78.58% for the system without
stabilization, which corroborates the results of
Table 3, i.e. the stabilization module helps the
counting system to be more robust to changes in
the number of consecutive frames processed.

5 Conclusion and Future Work

In this article, we have addressed the problem of
automatic counting of vehicles and pedestrians in
the context of urban traffic. The proposed counting
system is an extension of a previous system of
ours, to which we have added a stabilization
module to reduce the fluctuations between the
frames of the video. We have tested two
stabilization methods that rely on the estimation of
the homography between consecutive frames. We
have showed that the method that estimates the
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homography from the matching of characteristic
points using RANSAC provides better results,
which has led us to consider that method as
the stabilization module of our counting system.
The results of the experiments show that the
counting performance benefits from the presence
of a stabilization module. Further experiments will
consist of validating the robustness of the proposed
counting system to object detection and tracking by
testing the invariance of the counting to segments
located at different places of the same streets. The
scores we have obtained for the average precision
and average weighted precision show that there
is still room for improvement. Future works will
be devoted to address some limitations of our
counting system, such as its lack of robustness
with respect to occlusions.
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