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1In this paper, we describe a hybrid method for detecting and tracking moving objects in image sequences.
Particle filters and color histograms are combined in the proposed method to address issues with occlusions,
lighting variations, and object appearance. The goal of integrating these two techniques is to improve track-
ing robustness. Experiments conducted in the OTB 2013 and OTB 2015 databases show that our method,
called PFHist, outperforms several existing trackers. It achieves success up to 80% in terms of overlap rate
and 94% accuracy in terms of center location error, especially in cases of partial or total occlusions. More-
over, the RGB color space has been shown to be more efficient than the HSV space, and the use of a reduced
number of particles (100) allows for better performance while reducing computational cost. Future work
will focus on the automatic selection of the optimal color space and on extending the method to multi-object
tracking.

Povzetek: Clanek predstavi PFHist, hibridni sledilnik, ki zdruZi delCne filtre in barvne histograme za ro-

bustno zaznavanje in sledenje premikajocih se objektov ob zakrivanju in spremembah osvetlitve.

1 Introduction

Object tracking is a difficult problem that arises in a large
number of computer vision and image processing applica-
tions. This difficulty is accentuated in environments with-
out constraints where the tracking system must adapt to the
significant variability of objects, variations in brightness,
partial or total occlusion, noise caused by the acquisition
system, and motion detection issues.

Object tracking relies on the invariance properties of ob-
jects of interest. Invariance can concern the geometry of
the scene or objects, the appearance of objects (i.e., pho-
tometry or color), or even kinematics (e.g., spatio-temporal
constraints). The method used to track an object is strongly
linked to the representation of that object and the features
used to track it. Thus, the choice of the representation of
the object and the characteristics depends on the context,
the nature of the object, and the information that we want
to obtain from the tracking.

The first object tracking algorithms were applied in the mil-
itary field as soon as radar appeared. Since then, it has
become at the heart of many applications such as video
surveillance, gesture recognition, definition of visual inter-
faces, virtual reality, image compression, analysis of human
or animal movement, robotics, etc. This requires increas-
ingly efficient algorithms.

However, given the complexities that can be encountered,
the performance of algorithms developed for object track-
ing remains limited. It should be noted that the majority of
these algorithms are based on the Bayesian formalism; the

latter was used to remedy the different complexities linked
to the problem considered, such as errors or noise in mea-
surements and the occlusion of objects compared to the po-
sitioning of the sensors.

In this domain, particle filtering tracking methods [1] [2]
also called the sequential Monte Carlo method, have proven
their validity. Particle filtering is a Bayesian approach in
which the probability of the configuration of an object (its
position, its scale), taking into account observations, is rep-
resented by a set of weighted samples called particles. This
representation makes it possible to maintain several track-
ing hypotheses simultaneously, unlike algorithms based on
a single representation, seeking to maximize a criterion us-
ing iterative optimization methods, and which are therefore
more sensitive to specific errors due to the presence of am-
biguities or rapid or erratic movements.

In the literature, several classifications of object tracking
methods have appeared. The most adopted is that proposed
by Yilmaz et al. in [3] the authors classified the tracking
methods into three categories, namely point tracking, ker-
nel tracking, and silhouette tracking (see table 1). Subse-
quently, other researchers [4][5] [6] chose this classification
in their studies.

Methods based on particle filters have proven, in the liter-
ature, their validity in different applications, while meth-
ods based on histogram comparison have given acceptable
results. The objective of this work is to propose a hybrid
method for detecting and tracking moving objects in a se-
quence of images. The proposed method is inspired by the
principle of particle filters; moreover, it is based on color
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Table 1: Classification of object tracking methods
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Category Method Principle Advantages Disad:
Kalman Filter [7][8] — Based on the optimal recursive data processing algorithm — Manipulation of noises. - Single object tracking.
191 [10] — Composed of two phases, prediction and correction ~ The solutions are optimal. - The state variables follow the Gaussian
distribution.
Point — . . . . . . . . .
Tracking: Particle Filter [11] [12] — Generalization of Kalman filtering in which the state vari- ~ Tracking multiple objects. - High computational complexity
Moving * [13] able is no longer described by a Gaussian. - Well suited to complex object trajecto-
obiects are - Implementation of a recursive Bayesian filter using ries and occlusions.
repjresénle d Monte-Carlo simulations.
by points Multiple Hypothesis — Several frames are observed for better tracking. - Tracking multiple objects. — Very expensive in memory and calcula-
Tracking (MHT) [14] - Management of occlusion. tion time.
115] - Calculation of optimal solutions.
Simple Template — The Initial Template is the content of the image within the ~ Treatment of partial occlusion. - Single object tracking.
Matching [16] [17] [18] bounding box in the first frame. - Sensitive to changes in illumination.
[19] [20] - Find the part of the image most similar to the initial Tem- - Slowness due to exhaustive search on all
plate. or part of the image.
Mean Shift Method ~ Representation of the object by a histogram. ~ Management of partial occlusion. - Single object tracking
[21] [22] [23] [24] - Non parametric method that iteratively maximizes the - Considerably reduced object location es- - Confusion if there are regions with sim-
- similarity in appearance between the weighted color his- timation time. ilar colors
togram representing the object and the corresponding his-
togram representing the hypothetical position.
Kernel Support Vector — Find the best hyperplane that separates two classes. — Management of partial occlusion. - Single object tracking.
Tracking : Machine (SVM) [25] — Positive examples are images of the object to follow, and - Requires physical initialization.
X N negative examples are made up of all the things that are - Requires a learning phase
Objects are left
represented et
by a basic Layering Based — Modeling of the image by layers, one for the background - Tracking multiple objects.
geometric Tracking [26] and one layer for each object. - Management of complete occlusion.
shape
(rectangle - Each layer consists of the shape (ellipse), movement pat-
or ellipse, tern (translation and rotation), and appearance of the layer.
etc.). The
estimated R R . - R
movement Principal component — Construct a subspace representing the appearance of the — Able to manage occlusion and illumina- - Sensitive to noise.
is generally analysis (PCA) [27] object using PCA tion variations
parametric 12811291 [30] ~ Transform the image to the eigenspace by minimizing the
(translation, - equation which evaluates the difference between the image
rotation, reconstructed by the eigenvectors and the input image.
affine, etc.). — Monitoring is carried out by iteratively estimating the
transformation parameters
Color histogram [23] — The object is represented by a histogram of colors. - Robust to geometric variations. - The choice of distance for histogram
13111321 3] — The use of the Bhattacharyya coefficient makes it possible — The method is quick comparison depends on the frame con-
T to detect the object of interest. tent
Silhouette . . . . . . . .
Tracking : Shape Matching [34] — Calculation of the similarity between the object and the ~ Management of occlusion (Hough trans- - Single object tracking
Used fog[ : P 135] [36] J model generated from the previous image having the form formation techniques).
complex of a “edge map”.
sha el; ob- - At each image the object is updated so that it takes into
jectspestimate account the change in appearance.
the Contour Matching — Make an initial contour evolve towards the object of inter- - Flexible for handling a variety of object — Ineffective if the images are noisy, or
silhouette of 137] [38] [39] [40] est by calculating a speed of evolution. shapes. when the contour is not entirely inside
objects of - The direction of evolution is given by the normal to the - Segmentation of non-homogeneous re- or outside the region to be segmented.
interest for contour. gions. — Only able to segment regions that have
each ffflme — Determine a characteristic that allows you to differentiate sharp edges.
of the video the object from the background.

histograms. The goal was to take the benefit of the ad-
vantages of both methods in order to resolve the difficulties
linked to false detection, especially in the case of partial or
total occlusion, of objects having several colors, in the case
of a resemblance between the object and background, and
in the case of rapid movement or variation in illumination.
In this paper, Section 2 presents the tracking methodology,
where we detailed the two main stages of tracking, which
are detection (Section 2.1) and object tracking (Section 2.2).
Section 3 illustrates the experimental results, in which the
quantitative results (Section 3.1) and the qualitative results
(Section 3.2) are discussed. In Section 4 we close the study
and discuss perspectives.

2 Tracking methodology
The tracking is carried out using a hybrid method, based

on particle filter and color histogram. The idea realized in
this work is inspired by the principle of particle filtering, in

which we generate, at the beginning, randomly N particles;
a particle in our method is a window of size (M * L) pixels.
In each frame, we compare the histogram of each particle
with that of the area selected at the beginning of the target
object. If the distance between the two histograms is mini-
mal, the object is detected. At this level, the particles hav-
ing detected the object are kept, while the other particles are
deleted. Our contribution is in the resampling step (Section
2.2.2), because it was necessary to generate new particles so
that the object will be detected in the next frames, especially
in the case of total occlusion. The hybridization of these two
methods allowed us to benefit from their advantages. The
proposed resampling method allowed us to detect objects
after partial or total occlusion; in addition the use of color
histograms allowed us to detect objects with multiple colors
or objects with a color similar to the background color. In
the following, the two main stages of the tracking process,
namely detection and tracking itself, will be detailed.
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2.1 The first step: detection

Detection is an important step because it allows finding the
object of interest in each frame of the video sequence. At
first, a region of the object of interest must be selected in the
first frame, and the color histogram of this region is calcu-
lated. The proposed method consists of detecting moving
objects, so in each frame and for each particle a compar-
ison between the color histogram of this particle and the
color histogram of the selected area is done, if the distance
between the two histograms is minimal then the particle is
marked otherwise it will be deleted. Finally the marked par-
ticles can indicate that the object is detected.

2.1.1 Histogram comparison

To compare two histograms (H1 and H2), you must choose
a metric (distance d(H1,H2)) to express to what extent the
two histograms correspond. There are different metrics, in
this work two metrics are chosen to see which is the most
suitable.

— The intersection distance: it is a simple but widely
used measure which counts the number of bins where
histograms overlap. This metric gives a value between
0 and the minimum number of samples in both his-
tograms, with 0 indicating no overlap and the maxi-
mum value indicating perfect overlap [41]. The inter-
section distance is calculated by equation ((1)).

d (Hy, Hp) = > min (Hi (1), Ho(1)) (D)
1

— Bhattacharyya distance: It is a measure of similar-
ity between two histograms. It is based on the Bhat-
tacharyya coeflicient, which measures the similarity of
two probability distributions [41]. Equation (2) shows
the bhattacharyya distance.

VH (1) - Hy(I)
@)

1
d(H,Hy) = |1 - ——
v \/ VHleNZZ

Where |
Hi = ZJ: Hi(J) A3)

N: is the total number of histogram bins.

For the intersection method, the higher the metric,
the more accurate the match. However, for Bhat-
tacharyya’s method, the less the result, the better the
match.

2.2 The second step: object tracking

Tracking object is to locate its position in each frame of the
video sequence. The detection process must be repeated for
each frame. Asindicated in the previous paragraph, marked
particles determine the target object;at this level, the elim-
inated particles must be regenerated in order to predict the
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position of the target in the next frame. Two sets of particles
are generated:

— Particles close to the remaining particles (for the great-
est weight particle we generate more particles), This
allows tracking to continue when moving nearby.

— Random particles make it possible to detect the object
if it is occluded in previous frames or if it is moved at
high speed.

In the following, the main algorithm and the proposed
method of resampling are detailed.

2.2.1 Main tracking algorithm based on particle filter

and color histogram

The main algorithm describes the tracking process, whose
principle is to read the video sequence frame by frame, for
each frame detect the target object (section 2.1), in this case
the object is marked. In order to detect the target object in
the next frame a resampling method (section 2.2.2) is pro-
posed to generate new particles.

Algorithm 1 summarizes this process:

N .
Pex= S Lix @)
- N
i=1
N .
Pi.y
Pc.y = _— 5
cy=) = 5)

where :
Pi: The particle i in the previous frame.
N: Number of particles in the previous frame.

2.2.2 Resampling strategy in the proposed method

According to the principle of particle filter, new particles
must be generated at each frame, not only to replace the par-
ticles already deleted in the previous frame, but also, above
all, to be able to detect the object in the following frames.
The algorithm 2 summarizes our proposed method for re-
sampling. The method proposed for regenerating deleted
particles consists of treating three cases:

1. First case: some particles have been deleted, in this sit-
uation you have to look for the particle of the greatest
weight to calculate the number of particles to generate
around this particle. For the rest of the particles it is
necessary to generate only 4 particles around each of
them. At this level, if there are particles left to gen-
erate, they must be generated randomly to be able to
detect the object if it is moved with a large distance.

2. Second case: no particle has been deleted, so the old
particle positions must be modified to continue detec-
tion. In this case the new position of each particle will
be calculated by adding a small random value to the
old position, since it is assumed that the object will
not be moved too far.
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Algorithm 1 Main algorithm

Al

gorithm 2 Resampling Algorithm

1: Read the video sequence 1: Calculate the number S of deleted particles
2: while Not End of video do 2: S=N-NE //N: total number of particles // NE: num-
3: Read an image ber of existing particles
4: NBParticle =0 3. if ((S > 0)and(S < N)) then
5: if first image then 4: Find the particle with the greatest weight
6: Generate N random particles 5: Calculate the number NB of particle to generate
7: Select an area of interest around this particle, NB=(S* 25)/100
8: Calculate the histogram of the selected area 6: Generate NB particles around the particle with the
(Hist 1) greatest weight //Generate 25% of particle around this
9: end if particle
10: for each particle do 7 for i=0 to NE do
11: Calculate the histogram of the current particle 8: Generate 4 particles around particle i
(Hist2) 9: end for
12: Calculate the distance between Histl and Hist2  10: R= N — number of existing particles //R: number
13: if distance <= threshold then //The current of particles remaining to be generated;
particle is close to the selected area, it must be kept 11: if (R >=1) then
14: Calculate the weight of the particle; 12: Generate R particles randomly
15: NBParticle= NBParticle +1 13: end if
16: else//The current particle is far from the se-  14: else
lected area, it must be deleted 15: if (S= 0) then // No particle has been deleted
17: Delete current particle 16: Change particles positions // add a small ran-
18: end if dom value to the old position, since it is assumed that
19: end for the object will not be moved too far.
20: Display the current image 17: else// (S=N) all particles have been deleted (the ob-
21: if NBParticle >= 1 then// At least one particle ject is occluded)
has detected the target 18: Calculate the predicted area around the center
22: calculate the particle center// equation (4) and particle of the previous frame // we suppose that the
5) target is occluded by another object
23: mark the target in the current frame 19: Generate half of the particles in this area
24: end if 20: Generate the other half of the particles ran-
25: Resampling; domly
26: Go to next image 21: end if
27: end while 22: end if
3. Third case: all the particles have been deleted, that is to sisting of measuring the average distance between the

say, the object is completely occluded. Normally there
is another object which has hidden the target object,
and the latter will appear in the following frames, so we
propose to calculate the predicted area in which we as-
sume that the object will be moved. This area is a win-
dow calculated around the center particle Pc (Equa-
tions (4) and (5)) of the previous frame, and then we
generate half of the particles in this area, and the other
half of the particles randomly. in This way, the prob-
ability of finding the object in the following frames is
increased.

2.2.3 Performance metrics

In the literature [42] [43][44], many performance metrics
for object tracking algorithms are proposed. In this work,
we have chosen the two metrics most used in related work.

— Center location error (CLE) The oldest way to mea-

sure performance is center location error (CLE). It is
a common measurement [44] [45] [46][47][48] con-

centers of the predicted boxes {x,P }Zl and the ground

truth boxes {x,G }t]\il , given by equation (6) .

N
R e N ey )
t=1

Where : AY: ground truth annotation,

AP the predicted annotation of the tracker,

N : the number of frames in the sequence.

This distance does not always give a precise measure
of performance, since a tracker can lose the target ob-
ject in a few frames, whether in the case of occlusion
or in the case of a bad prediction, in this situation the
average distance (CLE) becomes very big. Generally
the threshold used to compare the precision between
different trackers is 20 pixels [49].

We proposed as a performance measure a success rate
calculated according to the number of frames having
a distance, between the centers of the predicted boxes
and the ground truth, less than or equal to 20 pixels
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and the total number of frames (equation (7))

(@22 < 201 |
N

Success rate =

(N

— Opverlap ratio (VOR): The overlap ratio (VOR) [44],
between the predicted box A” and the ground truth
box A is considered an important measure. It is
defined as the ratio of the intersection and union areas
of the boxes, given by equation (8):

_APNAL

=—L4—L 8
ASuAf ®

0 (A% A7) = (03X, o,
To measure the performance of a tracker we divide
the number of successful frames whose overlap ratio
0, is greater than the given threshold 7 (The threshold
often used for evaluating tracking performance is 0.5
[20]) by the total number of frames (equation (9))

fero >

N ©))

P, (AG, AP )
Where:
7: denotes the recovery threshold.
N: denotes the number of frames.
P+ : denotes the average overlap ratio. This rate takes
into account the size of the bounding box, which makes
it more precise than the center location error.

3 Experimental results

In this section we present the results obtained by apply-
ing our object tracking. We tested our method on the OTB
2013 and OTB 2015 databases. the sequences of images of
this databases contain several difficulties such as Occlusion
(OCCQC), Illumination variation(IV), Scale Variation (SV),
Deformation (DEF), Motion Blur (MB), Fast Motion (FM),
In-Plane Rotation(IPR), Out-of-Plane Rotation (OPR), the
Out-of-View (OV), Background Clutters (BC), low resolu-
tion (LR). The proposed tracker in this work is based on
a particle filter and a color histogram (PFHist). Initially,
we randomly launch 100 particles, each particle is repre-
sented by a window of 100*100 pixels, and during process-
ing, each particle takes the height and width of the window
selected in the target object. This will allow us to com-
pare the color histograms between this window and those of
the particle correctly. For histogram comparison; we chose
the intersection and Bhattacharyya methods, as they are the
most widely used in most studies. In our experience, we
noticed that the Bhattacharyya method yielded satisfactory
results in most sequences chosen with a comparison thresh-
old between 0.4 and 0.8, while in some sequences we were
forced to choose the intersection method with a comparison
threshold between 0.6 and 0.8 to obtain acceptable results.
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3.1 Quantitative results

At first we tried to make a comparison between the Camshift
tracker (which is used in different research works in this
field) and the proposed tracker (PFHist). Since the color
space influences the quality of the result, we have tested
our tracker with the two color spaces HSV (Hue, Saturation,
Value) and RGB (Red, Green and Blue) which are most used
in computer vision.

Figure 1 shows the results obtained for tracking a person in
a David3 sequence with difficulties (OCC, DEF, OPR, BC),
this sequence contains 253 frames of 640¥480 pixels.

The test of these three trackers allowed us to notice that:

— The Camshift tracker, at first, was able to track the tar-
get even in the case of partial occlusion, but we noticed
that after almost complete occlusion it lost the target
(frame 193).

— The PFHist tracker with the HSV color space was also
able to follow the target but when it was occluded it
lost it for a certain moment and then it was able to de-
tect it, since the proposed particle resampling method
allowed to generate particles everywhere.

— By implementing the same tracker (PFHist) with the
RBG color space we noticed that it can detect the tar-
get object quickly after occlusion, the overlap ratio jus-
tifies this result.

Table 2 presents a comparison of our PFHist tracker with
the results presented in [50] of the Meanshift and KaMS
(Kalman Meanshift) trackers using the VOR (overlap ratio)
metric. The maximum VOR in the tested sequences shows
that PFHist has the best average performance (0.6677). We

Table 2: Comparison of the overlap ratio obtained by the
Meanshift, KAMS trackers (KALMAN and MeanShift)
[50] and that of our PFHist tracker

Sequence | Meanshift KaMS PFHist
David3 0.6721 0.6851 0.7549
Jogging 0.1589 0.5097 0.4593
Girl2 0.5338 0.6517 0.7889
Average 0.4549 0.6155 0.6677

also experimented with various video sequences with dif-
ferent resolutions and different challenges. The number of
frames differs from one sequence to another; we tried to do
the tests with two color spaces (HSV and RGB) and two
numbers of particles (100 and 200). To measure perfor-
mance we used the averages of the overlap ratio VOR and
the success rate. The obtained results of this experience are
summarized in table 3. Figure 2 and 3 shows, respectively,
a comparison of the overlap ratio and success rate obtained
with the two color spaces (HSV and RGB).

From the results obtained, we can notice that:
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Figure 1: Comparison between CamShift, PFHist/HSV and PFHist/RGB trackers. The green rectangle represents the
bounding box of the target (the ground truth) and the red rectangle represents the predicted box of the target.
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Figure 2: Comparison of the overlap ratio obtained with the
two color spaces (HSV and RGB) tested on some sequences
from the OTB database

— Performance varies from sequence to sequence be-
cause challenges are different.

— The RGB color space gave us more satisfactory re-
sults; the best result was with the Girl2 sequence with
an overlap ratio equal to 0.8079 (Figure 2 and table 3)
and the David3 sequence with a success rate equal to
0.9368 (Figure 3 and table 3).

— Increasing the number of particles did not affect the
results too much. The best results are obtained, in most
cases, with 100 particles.

In another experiment, we wanted to test our tracker with

succes rate

Figure 3: Comparison of the success rate obtained with the
two color spaces (HSV and RGB) tested on some sequences
from the OTB database

other trackers implemented in the OTB database. The re-
sults presented in the precision and success plots (Figure 4),
together with the measured values for the three sequences
David3, Girl2, and Jogging, provide a clear evaluation of
the robustness of the considered trackers: CT [51], CSK
[52], TM [53] and PFHist.

The CT (Compressive Tracking) tracker, although compu-
tationally efficient, exhibits high sensitivity to appearance
variations and occlusions. Although it achieves 20.52% of
precision on Jogging, the poor results on the David3 se-
quence (precision close to 0%) and on the Girl2 sequence
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Table 3: Overlap ratio and success rate in some sequences with different conditions (the best result is indicated in red, and

the second-best result in green)

Sequence with Number | Resolution Space Number of Average Success
difficulties of frame color particles VOR rate

100 0,5700 0,7906
Woman (IV, SV, OCC, 597 3524288 HSV 200 0,6834 0,7990
DEF, MB, FM, OPR) 100 0,4372 0,6013
RGB 200 0,5276 0,8208
100 0,6443 0,6759
David3 (OCC, DEF, . HSV 200 0,5375 0,5257
253 640%430 100 0,7668 0,9368

OPR, BC)
RGB 200 0,5336 0,6166
100 0,7698 0,5206
Girl2 (SV, OCC, DEF, . HSV 200 0,7492 0,5000
MB, OPR) 630 640*480 100 0,8079 0,7444
RGB 200 0,7698 0,7460
100 0,4593 0,5244
Jogging (1st person) HSV 200 0,6124 0,6352
(OCC, DEF, OPR) 100 0,4528 0,6026
RGB 200 0,4886 0,6026
. 307 352+288 100 0,5570 0,4886
Jogging (2nd HSV 200 0,6059 0,5472
person)(OCC, DEF, 100 0.6254 0.8502
OPR) RGB 300 0,608 0,8925

(precision of 2.54%) show that it quickly loses the target af-
ter a few frames. Its compressed feature model is not suffi-
ciently discriminating in complex contexts. The CSK (Cir-
culant Structure Kernel) tracker, relying on correlations in
the Fourier domain, achieves moderate performance with
good stability on David3 (65.87% precision, 62.70% suc-
cess), but fails in Girl2(precision 16.98% ) and Jogging
(precision 22.80% ) where rapid appearance changes dis-
turb the correlation model. The TM (Template Matching)
tracker shows limited performance. Although it reaches
22.62% precision on David3, it is ineffective in sequences
with significant deformation or occlusion (7.78% accuracy
on Girl2 and 18.24% on Jogging). Due to its reliance on
a fixed template. Our Tracker PFHist, demonstrates re-
markable stability across all three sequences. For David3,
it achieves a precision of 69.44% and a success rate of
62.70%, showing its ability to maintain accurate tracking
despite partial occlusions and illumination changes. For
Girl2, PFHist achieves 60.79% precision and 70.95% suc-
cess, still maintaining good performance despite rapid mo-
tion and shadow effects. Similar results are observed for
Jogging (74.59% precision and 65.15% success), confirm-
ing its robustness against body movements and appearance
variations. Across all sequences, the PFHist is clearly the
best-performing tracker, combining stability, precision, and
adaptability. The CT, CSK, and TM trackers remain com-
petitive for rigid and slightly deformable targets, but their
low resilience to variations in scale, lighting, and motion
limits their use in dynamic contexts.

3.2 Qualitative result

The figure 5 illustrates the variation in the overlap ratio dur-
ing the sequence of David3 images.

The curve shows that in most frames the overlap ratio is
higher than the set threshold (0.5). Frames with an overlap
ratio equal to zero or almost zero are those whose object is
partially or totally occluded. The figure 6 presents a set of
frames during the tracking process with our PFHist tracker,
the results obtained show that the tracker was able to follow
the target in the majority of frames and was able to detect it
quickly after occlusion, for example from the occlusion in
frames 86-87 he recovered the target in frame 89 and from
the occlusion in frame 188 he recovered it in frame 193.

To ensure that the PFHist tracker can detect and track the
target after occlusion, we have tested it with other video se-
quences. Figure 7 shows the results obtained. We notice
that in the majority of cases the target object is detected af-
ter a few frames of occlusion.

By applying the PFHist tracker to other video sequences,
we have noticed that the tracker does not always give satis-
factory results. However, by choosing the intersection dis-
tance as the metric for comparison histograms, we were able
to obtain acceptable results. Figure 8 columns 1 and 2 il-
lustrate the result obtained with the Woman video sequence
having difficulties (IV, SV, OCC, DEF, MB, FM, OPR).

The tracker is also tested with sequences containing blurry
images BlurCarl (MB, FM) or objects having the same col-
ors as the target object Basketball (IV, OCC, DEF, OPR,
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Figure 4: Comparative evaluation of tracking performance on David3, Girl2, and Jogging sequences
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Figure 5: The overlap ratio during the sequence David3

BC). The results obtained (Figure 8 columns 3 and 4)
showed that the object can be followed in these cases, since
the particles distributed in each frame make it possible to
detect the object even if it is lost in the previous frames.
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Figure 6: Object detection and tracking during the sequence David3
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Sequence

with Before occlusion During occlusion After occlusion
difficnlties

David3
(OCC, DEF,
OPR, BC)

Jogging
(OCC, DEF,
OPR)

Girl2

(SV. OCC,

DEF, MB,
OPR)

Lemming
(IV, sV,
OCC, FM,
OPR. OV)

Figure 7: Object detection and tracking after an occlusion in some sequence of the OTB database

Woman (HSV color space, Woman (RGB color space, Blurcar (RGB color space, Basketball (RGB color space,
intersection method) intersection method) Bathacharya method) Bathacharya method)

Figure 8: Object tracking in some sequence of the OTB database with different conditions
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4 Conclusion

In this paper, we present a hybrid method for detecting and
tracking objects; the method is based on the principle of
particle filters and color histograms. The hybridization of
these two methods allowed us to benefit from their advan-
tages. The proposed method allowed us to obtain results
with a reduced number of particles. In addition, the fact of
considering each particle as an area or window allowed us
to use the color histograms, which makes the calculation of
the likelihood function that measures the compatibility be-
tween the state of the particle and the real observation easier
and more precise. Moreover, the proposal of a prediction
region in which a large part of particles will be regenerated
in the next frame allowed us to detect the target easily even
after an occlusion.

In a future study, the proposed PFHist tracker can be im-
proved by the addition of components such as the develop-
ment of methods allowing automatic selection of the most
appropriate color space for each sequence of images with
the aim of improving the tracking quality and the choice
of other characteristics of the target objects in order to ex-
ploit them in the detection of the object in each frame. The
method can also be improved so that it can track multiple
objects.
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