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Abstract—This work is oriented toward video tracking of
vehicles in a typical traffic environment, based on particle
filters. The proposed tracking algorithm is based on
simultaneous usage of three different image features – color,
edge orientation, and texture. All three features are related to
the contents of a rectangular window that includes both the
vehicle that is tracked and local background and they are
represented in the form of appropriate histograms. Based on
individual estimates produced by every single feature, the
resultant estimate is made by their weighted averaged.
Weighting factors are adaptively changing depending on the
quality of a particular feature, estimated by calculations of
average similarities between the reference window and the set
of windows on particles’ positions. The tracking accuracies of
single-feature and three-features-based filters have been
verified using the set of traffic sequences illustrating the
presence of typical disturbances (shadows, partial and full
occlusions, maneuvering etc.).
Index Terms—image color analysis, image edge detection,
image sequence analysis, image texture analysis, particle filters.

I. INTRODUCTION
Tracking of moving objects is the subject of many
applications such as surveillance systems, traffic
monitoring, security, etc. For most of these tasks, automatic
visual tracking based on the processing of video sequences
is used [1]. We have focused our attention on the tracking of
vehicles on the road/street environment. A vehicle tracking
in this context is the basis for higher-level tasks such as
traffic control, event detection, extraction of information
from the traffic flow, etc. [2-4]. Typical problems for
reliable vehicle tracking in these circumstances are variable
background and shadows, variable existence of other close
objects (moving or stationary), partial or even full
occlusions by elements of the scene, variable size of an
object during the sequence, etc. [5-7]. Moreover, visual
tracking is usually affected by the problems caused by
camera vibration due to the wind, large lighting transitions,
etc.
From a mathematical point of view, most of the
encountered problems can be addressed to the modeling of
non-linear, non-Gaussian, multi-modal systems, or some
combination of these. Regarding the choice of tracking
algorithm concept, we have been motivated by the fact that a
Particle Filter (PF) is very robust for non-linear and nonGaussian dynamic state estimation and works well where
the clutter and occlusions are present. The work presented in
[8] is usually referenced as an origin in this particular area.
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Particle Filters are sequential Monte Carlo methods that are
dependent on point mass representations of probability
densities that are implemented to any state model [7]. In the
case of tracking a moving target, the state model includes
the object location (coordinates in the image) and the rate of
their change (velocity), while the size of the object also
could be added as an additional part of the model. In the
context of the processing of a series of images, probability
density functions consist of histograms representing the
distributions of particular image features.
Tracking methods are usually categorized as generative
and discriminative ones [9]. Generative tracking methods
typically are used to search for the image region with
minimal reconstruction error, while discriminative tracking
is based on a separation of the object from the background.
We have adopted here one generative method approach,
assuming that the window (sub-image) of interest consists of
a tracked vehicle and surrounding local background.
Features characterizing this window make the mathematical
representation of it.
The very first image feature used for these purposes was
the histogram of colors (in RGB or HSV space). While
color-based trackers are robust to object deformations, the
practice has shown that PF based on this feature only, was
not effective in many cases where the content of the tracked
window was the subject of rapid changes (partial occlusion,
strong shadows, etc.). There were several approaches based
on other features: gradients and texture. All of these features
have shown their own sensitivities and none could be
suggested as the universal candidate. Gradient-based cues
are sensitive to the existence of other “non-target” objects in
the window, while their calculations might require a huge
computational effort. The texture-based cues have relatively
low sensitivity to the illumination variations, while they are
highly sensitive to cluttered backgrounds [10].
The reasonable next step was the fusion of multiple cues
in order to compensate for their individual sensitivities. This
type of approach is increasingly present in many of
applications derived from "Fuzzy systems and theory",
evolving toward artificial intelligence applications,
especially in the context of data fusion [11-12]. This was
followed by some further research and developments,
basically via specification of concept of application of
signatures to "Expert system modeling" [13-14] as well as
by specification of multi-relational classifiers based on
correlation analysis, [15]. Moreover, this fundamental multimodel approach is evolved even toward civil engineering
applications, [16].
There are many approaches of this type in the context of
image processing, where the most frequent case consists in
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combining the color feature with some representation of the
object’s edge [5], [17-18] or, color and texture [1], [19].
Since the PF has generally been a time-consuming
algorithm, one should make the proper parameterization of
the integrated algorithm, finding the compromise between
the number of calculations (increasing by the adoption of
new features), and the achieved tracking accuracy. In the
algorithm shown here the fusion is made by weighted
averaging of estimates based on the usage of three features
(color, texture, and edge descriptors). Using a relatively
small number of particles, the results obtained by this
“Multi-Feature Particle Filter” (MFPF) have shown
advantages relative to all separate “Single-Feature Particle
Filter” (SFPF) algorithms and were still acceptable from the
overall computing time aspect of view.
The very basic novel idea standing behind the approach
suggested in this paper is based on the following
assumptions:
1. The proper fusion of results obtained via usage of more
than one feature will be more robust in comparison to the
case of usage on one feature only, because of their
different sensitivities to typical disturbances;
2. In comparison to the existing approaches based on
combination of two image features, we extended the
number of used features to three;
3. In order to save computational time, we assume
relatively small number of particles to be used;
4. In comparison to more complex approaches based on
application of Artificial Intelligence, our tracking
algorithm has no need to “learn anything in advance”. Its
success in object’s tracking and adaptability in this
process, are based on the “on-line” measurements and
the variable way of their combining.
A short overview of related work in this area is given in
Section 2. Basic principles of object tracking based on PF as
well as the choice of particular image features, their
formalization, and individual efficiency are exposed in
Section 3. In Section 4, the new algorithm that is consisting
of a fusion of three individual SFPF is explained. Typical
traffic situations are used as the verification cases in Section
5, where the set of obtained results, followed by appropriate
discussion is given. Concluding remarks are given in
Section 6. A list of the references is given in the last part of
the paper.
II. RELATED WORK
There are a huge number of references in the literature
related to the moving object tracking in video sequences.
Our research work was focused onto traffic applications and
the matters of primary interest have been regarding to the
general tracking strategy, appearance model of the tracked
object, its motion model, overcoming the problems induced
by typical disturbances as image clutter, shadows, and
occlusions, as well as onto the ideas of fusion of information
obtained by different ways.
A. Tracking Strategies
According to the existing computer vision literature, there
are four main approaches used for object video tracking [6]:
1) Model-based, which relies on the appearance and shape
of tracked objects [20]. This strategy is basically threatened

4

Volume 21, Number 2, 2021
by a lack of detailed geometric model information; 2)
Region-based [21], where a sub-region of the image is
created as the bounded box around the initially known
position of a moving object. This area as the object of
tracking is encompassing both road vehicle and a
surrounded portion of a background, and generally provides
higher robustness; 3) Contour-based strategy, which is
relying on the extraction of an object’s contour [6], [22]. It
is belonging to a discriminative method because, as a
prerequisite, some kind of image segmentation is used for
distinguishing the object as a part of an image. When the
bounded border of the object is specified, its representation
becomes the information of interest in consecutive frames.
While the computational complexity here could be
acceptable, partial occlusion highly deteriorates contour
representation and this is considered as the main problem;
and 4) Feature-based approach consists in calculation of
particular image features characterizing the object of interest
and their following in consecutive frames [6], [23]. The
simplest example is that the region of interest is represented
as the set of pixels of different colors/light intensities, and
that the same pixel pattern is searched in consecutive
frames. This leads to time-consuming correlation-based
methods. The region of interest is more frequently
characterized by derived features like color distribution,
orientations of edge-points, corners’ locations, or texture.
We have found that the region-feature-based strategy is the
most appropriate for our purposes.
B. Appearance Model
The appearance model might be related to the way how
the tracked object itself is represented as well as to the way
which features have been extracted as the description of a
region of interest, and the way how they are formally
represented. In characterizing the region, historically the
very first approach used was the one based on color
distribution [10]. These trackers are very robust relative to
object deformations, while they are highly sensitive to the
variations in illumination that could be compensated by
some kind of model adaptation [24]. Several papers in this
area are related to some representation of object/region
based on the image contrast, leading toward the extraction
of contour points/corners. A fundamental step in this
characterization is consisting of the calculation of image
gradients. Many approaches based on Harris Corner
Detector – HCD [25], Scale Invariant Feature Transform –
SIFT [26], Speeded-Up Robust Features – SURF [27] are
used for detection and tracking purposes. Histograms of
oriented gradients (HOG) have been used even for human
detection [28], while this approach is also well applied to
region contents description. An additional image feature
applicable for region contents description is a texture (Local
Binary Pattern – LBP, Grey Level Co-occurrence Matrix –
GLCM, Harralic texture features, etc.). This feature has not
been used too frequently in tracking applications, but still
there are some examples for it [29].
C. Motion Model
The vehicular motion along the road is assumed as the
planar and translational one. The additional assumption that
the magnitude and direction of a velocity vector
characterizing the motion are constant is valid under the
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assumption that the interval between measurements is short.
If these intervals are prolonged due to the occlusion of an
object, the prediction capabilities of the particular filter
which is used are becoming important. Traditionally,
Kalman filtering concepts in vehicle tracking was used as
the first approach [30] The need for explicit measurements
of model states (ex. position of object's centroid, etc.) as
well as the assumption about the Gaussian nature of
measurement errors and state uncertainty, made this
approach to be less attractive, in spite of the fact that this is
still actual [31]. The Particle filtering (PF) does not assume
precisely known dynamic behavior or type of uncertainty of
a motion model. That is the reason why PF prevails in actual
tracking applications [32-34]. This is an inherent advantage,
allowing the PF to have good performances in the cases of
typical image disturbances.
D. Disturbances
The typical disturbances in video tracking of road
vehicles are related to the existence of variable shadows and
reflections, as well as the occurrence of occasional partial or
even complete occlusion of the tracked object. There are a
few fundamental steps in these cases: 1) the existence of
these irregular working conditions should be recognized,
based on the model of shadow [35], or some indications that
are characterizing the occlusion; 2) the action appropriate
for this working regime should be made, as it is made via
modification of the distribution of motion parameters [33],
by analyzing the probability of object existence in a
particular image region [36], by trying to find sub-regions
that are not occluded [23], etc.; 3) tracking algorithm should
be able to recognize when the irregular situation exists no
more, usually based on some hypotheses about the object’s
behavior during the occlusion [37].
E. Fusion of Multiple Cues
An effective way to overcome the particular
disadvantages of using some of the techniques mentioned
before consists of a fusion of multiple cues. The relevant
information may be produced by different sensors
combining color and infrared [36], as well as by different
color channels [9], or by combining color and segmentation
cues [39]. The texture of the region could be combined with
depth cues [40]. The adaptation abilities which are
especially important in the presence of disturbances are
mostly based on the multi-feature approach [18], [41] and it
is adopted here as well.
As a kind of conclusion of this section where we have
given the analysis of the literature in the field of “Visual
Tracking”, we can summarize our basic decisions as
follows:
1. From the “Strategic” point of view we have adopted one
mixture of strategies – our approach is based on the
extraction of features, which are describing not the
tracked object, but the rectangular sub-region around it,
while one of the adopted features is implicitly oriented to
the object’s contour;
2. From the “Appearance model” point of view, our choice
was to hold on usage of color, gradients, and texture, in
parallel, while in all three cases, their interpretation
should be equivalent – all of them are treated in uniform
way – via particular histograms;
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3. “Motion model” is adopted according to our preference to
use Particle filter as the most appropriate approach in the
presence of typical disturbances affecting the moving
road vehicles;
4. The effects of “Disturbances” are not identified via
attempts to recognize some particular type, but by
indirect detection via decreasing of the overall similarity
measures;
5. Triple-feature-based “Fusion” of results is dynamically
based on variable relative importance of each of them.
III. PARTICLE FILTER APPLIED IN VIDEO TRACKING
The problem of tracking of moving objects is present in
many tasks related to military applications (surveillance,
sighting, homing toward targets, etc.), security applications
(registering of presence of moving persons and/or vehicles
in protected area), traffic control (observation of traffic
situation – counting of the moving vehicles, detection of
their presence in some restricted zones, estimating their
velocities, etc.) and in many applications in the fields of
robotics and autonomous vehicle guidance (detection and
tracking of stationary and/or moving obstacles).
Any task of this type starts by detection of an object
which should be tracked. This phase can be automated or
made by human operator. From this point on, the process
should be completely automatic. Based on the assumed
model of motion (2D – 3D, continuous – with stops,
maneuverable – non-maneuverable, etc.), tracking algorithm
predicts the next position of object. After the new set of
measurements is made, the estimated position of object is
corrected and the procedure is continued. The way how the
set of previous measurements and estimates are used in the
next prediction, varies between different filters/estimators
(data block processing, iterative ones – based on balancing
between state and measurement uncertainties, based on
maximal likelihood, etc.)
Our choice from tracking algorithm point of view is given
in this section.
A. Fundamentals of Particle Filtering
In general, PF recursively builds the posterior probability
density function (PDF) of the state space using the Monte
Carlo method [1], [22], [42-43]. The main concept of PF is
to represent the posterior PDF across a group of randomly
chosen weighted samples known as particles. Each particle
expresses a hypothesis of the state, and it is randomly
scattered from the preceding density and diffused based on
the transition model. Each spread particle is weighted using
the likelihood model – the weight describes the quality of a
particle [5]. The posterior probability density function is
approximated recursively by a group of weighted particles
sampled randomly. The state of the tracked object at time
instant, t is denoted by xt and is represented through a set of
samples in the motion space, while the observation of the
system is denoted by zt . At each time instant, the PF makes
two repeated steps: prediction and update [5], [44]:
• Prediction: For each frame k, each particle is distributed
independently by propagating the samples according to the
system model. The step gives an approximation of the prior
PDF:
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(1)

i 1

where N is the total number of particles, i=1, 2,…,N is the
particle index, and  ( xt  xti ) is the Dirac delta function.
• Update: The updating step is achieved by calculating the
weight of each particle based on the observation model
(likelihood model). A discrete approximation of the
posterior PDF at time instant t can be written as follows:
1
N

N

 wti ( xt  xti )

(2)

p( zt / xti )  p( xti / xti1 )

(3)

p ( xt / zt:1 ) 

i 1

with:
wti  wti1

q( xti / x0:i t 1 , z1:t )

where: p ( zt / xti ) is the likelihood function, p ( xti / xti1 ) is
the state transition density distribution, q ( xti / x0:i t 1 , z1:t ) is a
proposed distribution (importance distribution/ function) in
which the particles are samples and wti are normalized
weights, so that

N

 wti  1 .
i1

PF tracking algorithm in video tracking context consists
of the following steps:
 State transition – prediction, using the adopted motion
model;
 A computing of selected image features;
 Measurements – computation of particle weights
(likelihood estimation), based on selected image
feature(s);
 Estimation of state, based on maximal likelihood, and
 Resampling – a selection of the new set of particles for
the next iteration [5].
B. State Transition
Due to an assumption that the vehicular movement along
the road is planar and translational one and that the
magnitude and direction of a velocity vector are constant in
the short interval between measurements, the general state
model defined as follows:

x
x
y
y
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(4)

k 1

This model reduces to:

x
 x
 x 

(5)
X k           k
y
y
y

  k   k 1   k 1
where the state vector consists of a position and velocity

components in Image Coordinate Frame (ICF), while v , is
a white Gaussian process noise, Δx and Δy are the position
increments determined in the previous step.
The validity of the previously stated assumptions is
compromised if the sampling intervals are relatively long,
simultaneously followed by the fact that the vehicle is
accelerating/braking, or makes the angular maneuvers
(especially in the intervals when it is occluded).
C. Selection of Image Features
1) Color feature
A variety of color spaces can be used in tracking
applications: RGB (red, green, blue), HSV (hue, saturation,
value), and YCbCr (luminance and chrominance). The RGB
color space is most frequently used. The color representation
can be made via local-global color histograms, partitioning
of color spaces and use of a clustering algorithm, etc. [45].
The color histogram is most frequently used for this purpose
due to its invariance to rotation variations and acceptable
robustness to scaling variations [45-46]. In turn, it has poor
performance when the illumination changes and when the
background has a similar color as the target object [47]. The
color histogram used in our approach consists of three
consecutive histograms (R, G, B), with 21 bins each,
producing the compound histogram of 63 bins. Typical color
histograms for candidate windows in few different frames
from a real sequence are shown in the second column of
Fig.1.

Figure 1. Histograms of Color, Edge, and Texture features for the candidate windows in real video sequence (frames: #310 - initial, #320 – with shadow,
#340 – partial occlusion, and #360 – full occlusion)
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2) Edge (border) feature
The object's edge is the set of pixels with high intensities
of a gradient. The edge feature gives shape information
which has proven to be relatively effective in visual contour
tracking. The sensitivity of the edge feature to illumination
changes is less in comparison to color features [48]. On the
other hand, this representation of the object’s contour is
usually sensitive to the existence of some other pixels in the
image that don’t belong to the object but are satisfying the
high gradient intensity criterion. In our work, the edge
feature is specified as a histogram representing a distribution
of gradient directions for the edge points.
Many gradient-based operators are used for distinguishing
the edges of the object (Sobel, Canny, Roberts, and Prewitt).
The edges are extracted in our approach by estimating Sobel
operators Kx and Ky applied on the grey-scale image. The
horizontal gradient Gx and the vertical gradient Gy have
magnitudes given by:
G x ( x, y )  K x  I ( x, y )
(6)
G y ( x, y )  K y  I ( x, y )
 1 0 1 

 1 2 1
0 0  and I(x,y) is the
 1 2 1 

where, K x   2 0 2 , K y   0



 1 0 1 

candidate window.
The magnitude (G) and phase (θ) of the gradients along
edges are determined as follows:
G ( x, y )  G x ( x, y ) 2  G y ( x, y ) 2 



G
(
x
,
y
)


y
1

 ( x, y )  tan 


 Gx ( x, y ) 

(7)

Histogram of gradient phase angles is the distribution
characterizing the object’s contour. The overall span of
phase angles is from -180o to +180o for the unsigned
gradient, and it is divided into 64 equal bins. The steps for
finding the histogram of contour points’ phases of gradients
are:
 Find the pixels (positions) where the magnitude (G) is
determined to be above some specified threshold (e.g., 80%
of maximal magnitude in this window);
 Obtain the phases (θ) of the gradients corresponding to
the extracted pixels;
 Calculate the histogram of these phase angles;
The histograms of gradient phase angles for selected
windows are shown in the third column of Fig.1.
D. Texture feature
The texture is a scale of the intensity change of a surface
that defines properties like regularity, linearity, uniformity,
density, directionality, smoothness, and coarseness [49].
Texture demonstrates the spatial arrangements of intensity
values or color in an image, which may be periodic,
stochastic, or both [17]. There are different approaches used
for describing the texture by structural, statistical or spectral
approaches [50]. We have chosen the statistical approach,
while we tested three of them:
 Local Binary Patterns (LBP) - a grey-level scale used
to describe texture characteristics of the surface, computed
by comparing eight neighbors for each pixel ‘p’ in the
image. The neighbor pixel becomes 1 if its value is greater

or equal to the central pixel ‘p’ value; otherwise, its value
becomes 0. Neighbors are labeled using binary code {0, 1}.
A histogram is built to represent the frequency of
occurrences of particular binary patterns over the image
[44].
 Grey Level Co-occurrence Matrix (GLCM) – illustrates
the number of occurrences of different combinations of gray
levels for every pixel image and its specified neighbor.
Several statistic parameters can be extracted from GLCM,
like maximum probability, contrast, homogeneity,
uniformity (also called Energy), and entropy. These statistic
parameters (Harralic descriptors) expressed as a vector
provides information about the texture of an image.
 GLCM elements converted to a vector (histogram)
which has appeared to be the most successful in our case
and adopted here. The selected size of the GLCM matrix
was 8x8 (eight classes of grey level). We used a 1-pixel
offset, and the orientation was towards the east (from left to
right). Elements of GLCM (number of occurrences) become
probabilities after normalization. The probabilities of
occurrence being the elements of GLCM are converted to a
vector of size 64, forming the histogram type descriptor with
64 bins. The fourth column in Fig.1 shows the GLCM based
histograms.
The illustration is done for the set of tracking windows in
a selected sequence of frames, typical for traffic scenarios. It
is obvious that three features are not equally sensitive to the
disturbances acting during this sequence. Edge feature
histograms are pretty stable in the cases of existing shadow
and partial occlusion (appropriate histograms are of
recognizable bipolar nature). Color histograms are more
sensitive to these influences, while histograms generated by
GLCM are somewhere in between. In the case of full
occlusion (last row), none of histograms is informative at
all.
E. State estimation
Measurements made in each new frame consist of the
calculation of the chosen image feature for each particle.
Whichever single feature is used, the appropriate histogram
is representing the contents of the considered particle
(window). The weight of the particle is proportional to the
similarity measure. In our approach, we have adopted
Bhattacharyya distance (BD) between the actual particle
(window) histogram and reference one, as the information
about local similarity at a particular position. Bhattacharyya
distance is calculated as follows:
m

BDi (k)  1  histui (k)  histuref (k 1)

(8)

u1

where: u – bin index, i – particle index, k – frame index, m number of bins, histui and histuref stand for the histograms of
a considered particle and the reference one.
Reference histogram is obtained using the initial
one hist (0) , which is characterizing the initial window
around the object and the previous one hist ( k  1) , which is
characterizing the window around the last estimated position
of the object.

hist ref (k )    hist (0)  (1  )  hist (k 1)

(9)
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1

wi (k ) 

( BD i )2

2 2

e
2
The weights are then normalized:
wi (k )
wi (k )  N
 w j (k )

(10)

(11)

j 1

i
wmax
(k )

i

 max(w (k ))

(12)
for i  1,2,... N

or as a weighted sum:
N

( xk , yk )   wi (k ).( xi , yi )

(13)

i 1

F. Resampling
When a few particles, due to their high similarity
measures, become dominant, an effective number of
particles are highly reduced. This is known in PF literature
as a “particle degeneracy problem” and it is affecting the
tracker’s ability to respond properly to possible stochastic
changes in the object’s motion. It is usual to check whether
the effective number of particles (Neff) which is determined
using equation (14), becomes less than some threshold
value. If that's the case, a resampling process is started.
1
(14)
N eff  N
i 2
 (w )
i 1

Among the number of existing resampling procedures
[51], our choice was the algorithm that follows:
(i) Generate a standard uniform random number,
u j  U [0,1)

(ii) Calculate the Cumulative Density Function (CDF) of
normalized particles’ weights:

wc i

i

 w

s

Prob.

wc4

CDF

uj
wc3
wc2
wc1

A new estimation of state (position of the tracked object)
can be adopted as the position of the particle which is the
most similar to the reference template (with the highest
value of w i ( k ) ),
i
i
( xk , yk )  ( xmax
, ymax
),

wc5=1

Probability

  [0,1] - weighting coefficient.
The weight of the particle is calculated using an
exponential function as given in equation (10), where the
deviation was selected as σ = 1.5.

(15)

s 1

(iii) FOR j=1: N, choose the particle xi for replication
from the original set of particles, based on the condition:
If u j [ w c i 1 , wc i ) , then x j  x i
END FOR j
Fig.2 shows the generation of events ( I j ) , using CDF
graphically.
As a result of resampling, some particles with lower
weights will be omitted, and some higher weight particles
will be multiplied.

wc0

i2

i1

i3
Event

i5

Figure 2. Probabilities of the events (brown), the CDF (solid) and a
transformation from standard uniform number to the event (dashed) [51]

IV. MULTI-FEATURE-BASED TRACKING ALGORITHM
Single-Feature-based Particle Filter (SFPF) used for
vehicle video tracking suffers from different individual
disadvantages depending on actual visibility conditions and
existence of typical disturbances. All image features
mentioned in Section 3 are legitimate candidates to be
applied for SFPF. The main idea behind this Multi-Featurebased Particle Filter (MFPF) was that, by fusion of the
particular SFPF results, one is able to overcome particular
drawbacks of each SFPF. Based on the estimated quality of
all SFPF outputs, the relative importance of these outputs
will be adaptively changed in order to give preference to
image features that are less affected by the existing
disturbance condition.
In comparison to the basic SFPF algorithm described in
Section 3, there are some additional algorithm steps and
parameters that should be specified in the building of MFPF:
 Initial distribution of particles – made as the same one
used for all three single features (SF). Initial dispersion
radius, DR, used in the first step has got a doubled value of
radius DR0, used for subsequent steps, due to the high initial
uncertainty of the object’s motion.
 Average similarity, ASn for any SFn, is calculated
based on an average value of Bhattacharyya distances, BDi,
for all N particles. This is a basic parameter specifying the
relative importance of a particular feature.
 Particular similarity measure is defined as:
simi (k )  1  BD i ( k )

(16)

 Level of confidence, LCn for any SFn, is specified as
the ratio of actual ASn and initial ASn (1) existing in the first
frame after initialization. Generally, this level of confidence
could be greater than 1 (if some consecutive average
similarity ASn is greater than ASn (1).
 Relative importance (weighting factor, WFn) for each
SFn is obtained after the normalization of all three values of
LCn .
LC (k )
(17)
WFn (k )  3 n
 LC j (k )
j 1

Weighting factors are used in final state estimation:
3

n
n
( xobj , yobj )  WFn .( xmax
, ymax
)
n1

8

I j = i4

(18)
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k =0, Select manually the tracked vehicle,
Initialize: object state (x0, y0), N, α, DR0, IFocc =0
Compute: histn0 of initial window, histrefn and spread
N particles of radius DR =2DR0 around (x0, y0).

Initialization

Frame #0

 If the particular ASn is less than the specified threshold
value, AS nthr its LCn goes to zero and particular SFn is not
used in final state estimation.
 If all SFn are less than their threshold values (which is
typical for full occlusion), PF works in “prediction mode”,
based on previous predictions, without valid new
measurements.
 Radius of particle dispersion in this mode is gradually
increased during the occlusion phase, while it is doubled in
comparison to the nominal value DR, used in “estimation
mode”.
 Reference model (reference histograms) during
“prediction mode” stay equal as in case of the window
content on the last estimated position in “estimation mode”.
 Resampling in MFPF algorithm environment has a
slightly different meaning than in the case of SFPF. After
resampling procedure is done for all three features, final step
is the extraction of particles that belong to all three sets of
resampled particles simultaneously.
The overall MFPF flow chart algorithm is shown in Fig.3,
where:

k=k+1, Compute: BDni ,
n
n
, ASn
wni , ( xmax
, yma
x)
k=1

(∆x,∆y), ASnthr , DR =DR0,
last
AS nref = ASn(1), hist n

hist nref    hist n0  (1   )  hist nlast
Predict ( xˆ , yˆ ) and ( xˆ t , yˆ i )
obj
obj
yes

AS n  AS nthr

n
I occ
= False

No

As it is shown in the flowchart on Fig. 3, the modeling
steps are:
1. Initialization: Select manually the tracked object
bounded by a rectangular window at its position (x0, y0).
Compute the initial histograms for the selected window
which are set as reference ones. Generate the set of N
particles with radius DR0 around (x0, y0);
2. Measurements: Starting from the first frame, calculate
Bhattacharyya distances (equation 8). Calculate the
similarity measures for all N particles (equation 16).
Calculate the particle’s weight (equation 10). Normalize
the weight (equation 11), and modify reference
histograms (equation 9);
3. Prediction: Predict the moving vehicle’s state ( xˆobj , yˆobj )

I

IFocc =0

kocc = k
IFocc =1

DR =DR0,
IFocc= 0

No
Compute: LCn , WFn
,(xobj, yobj), (∆x,∆y),
and hist nlast

No

DR≤ 2DR0

yes

DR=1.1DR0

( xobj , yobj )  ( xˆobj , yˆ obj )
(∆x,∆y) =(∆x(kocc),∆y(kocc)),

hist nlast  hist nlast ( k acc )
Resample

Figure 3. MFPF flow chart algorithm

V. EXPERIMENTAL RESULTS

Yes (Full Occlusion)

1,2,3
occ

yes

Next Frame

- ( xˆ i , yˆ i ) predictet particle’positions.

n
I occ
= True, ASn =0

Updating

No

Prediction

Using transition model

I ocn c are the flags for appearance of occlusion in SFPF n;
kocc is the starting time of the occlusion;
IFocc is a flag for full occlusion;
n
n
( x max
, y max
) positions with largest weights for SFPF n;
0
hist n are initial reference histograms of SFPF n;
hist nref are updated reference histograms of SFPF n;
hist nlast are the last updated histograms;
(xobj, yobj) resultant estimate of object‘s position;
( xˆobj , yˆ obj ) predictet object‘s position;

and positions of particles based on state transition model
(equation 5);
4. Updating: If there is no full occlusion, calculate the
level of confidence parameter LCn , and weight factors
WFn (equation 17). Calculate updated increments and
estimated vehicle’s position (equation 18). Calculate
histograms on updated position. In the case of full
occlusion at kth frame, set the last valid histogram (one at
the moment before occlusion) and use the last position
increment for the whole period of occlusion;
5. Resampling: Resample the particles in all three features
by omitting and replacing all particles that meet the
elimination criterion, according to section E

Measurement

No

yes

-

Different sequences of images illustrating realistic traffic
scenarios are analyzed here. In all these cases the overall
scene is shown as a first, followed by the set of frames
during the tracking process. Average similarities for three
image features are shown graphically with specified
threshold levels, which determine when a particular feature
is becoming invalid and is excluded from the estimation
process. The other type of graphical illustration is used to
show how the tracking error is changing (distance between
estimated vehicle position and ground through data, in
pixels). These data have been used to calculate the Root
Mean Square (RMS) tracking error specified in equation
(19).
RMS 

1

imax

imax

i 1

 [(xes  xtr )2  ( yes  ytr )2 ]

(19)

where:
- imax is a number of validation points;

9
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- xes , yes – are the estimated object coordinates in pixels,
and
- xtr , ytr – are the true object coordinates in pixels.
RMS errors are shown finally in Table I, and it is used as
the condensed way of comparison of tracking accuracies of
individual three SFPFs and proposed MFPF.

feature is the most sensitive having in minds that the contour
orientations of vehicle which is tracked are also
characterizing the vehicle which is being overtaken. Second
column in Table I shows that all three SFPFs are producing
pretty similar accuracies, while MFPF is slightly better of
them.

A. Case-1: Influence of Small Partial Occlusion
This simple example represents the tracking of a car,
which is from time to time partially occluded by
surrounding trees as it is shown on Fig. 4.

Figure 6. Illustration of Case 2

Figure 4. Illustration of Case 1

Average similarities for “Edge” and “Texture” features
are generally above their threshold values all the time, as it
is shown in Fig. 5 (a), while the “RGB” feature is maximally
affected and in the final phase of sequence, it is even
excluded from the estimation process. From Fig. 5 (a) one
can conclude that the “Integrated” filter is not superior in
any isolated particular frame in comparison to particular
SFPFs. However, one can see in the first column of Table I
that the RMS tracking error on the whole interval is the least
in the case of MFPF.
1
RGB
Edge
Texture

0.95
0.9

C. Case-3: Influence of Shadows
This is the case where the background is variable due to
the existence of shadows produced by trees as it is shown in
Fig. 8.

Threshold

0.85
0.8

(a) 0.75
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Figure 7. Case-2: (a) Individual average similarities, (b) Individual SFPF
errors Vs. MFPF error

70
RGB
Edge
Texture
Integrated

60
50
40
30
20
10

(b)

0
10

20

30

40

50

Frame No.

Figure 5. Case-1: (a) Individual average similarities, (b) Individual SFPF
errors Vs. MFPF error

B. Case-2: Influence of Longer partial Occlusion
In this example the incoming car is partially occluded
during the set of frames while it is overtaking another
vehicle as it is shown in Fig. 6.
Due to the fact that initial average similarities of all three
features was not high, the appropriate threshold values are
relatively low, practically always keeping all of SFPFs as
components in the estimation process (see Fig. 7). Edge

10

Figure 8. Illustration of Case 3

The fact that some amount of shadowed road is always
present, makes that all three average similarities on Fig. 9
(a) are always above their threshold values. Fig. 9 (b) shows
that “Edge” feature-based SFPF is the most sensitive one
because of dependence on the actual amount of shadows, the
tracking error oscillates between minimal and maximal one
for the whole sequence. MFPF tracking error behaves as the
most stable. The third column of Table I shows that RMS
tracking error is superior in the case of MFPF.
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E. Case-5: Combined Effect of Shadows and Full
Occlusion
The following example combines the effects of variable
shadows and partial occlusions, including some short
intervals of full occlusion (Fig. 12). According to Fig. 13
(a), the “Edge” feature is the least sensitive to these
disturbances. However, it is evident that in interval #350 #380, MFPF works in “Prediction mode” due to full
occlusion of the tracked vehicle. Immediately before and
after this interval, MFPF was guided by “Edge” feature
SFPF only. Outside this, there is an almost equal influence
of the other two features.

Figure 9. Case-3: (a) Individual average similarities, (b) Individual SFPF
errors Vs. MFPF error

D. Case-4: Influence of Full Occlusion
This is an example where the tracked vehicle is occluded
by the other vehicle moving along the neighboring road. In
one relatively long interval of time (about 70 frames), the
tracked vehicle is not visible at all (Fig. 10).

Figure 12. Illustration of Case 5

Figure 10. Illustration of Case 4

Figure 13. Case-5: (a) Individual average similarities, (b) Individual SFPF
errors Vs. MFPF error

F. Case-6: Influence of full occlusion accompanied by
maneuvering
This is the case where the tracked vehicle is subject to
partial and full occlusion, while it makes a maneuvering
motion (turning to the left) during the interval of full
occlusion. In the interval of full occlusion (Fig. 14), there is
a very short interval when all three features are producing
invalid estimates (due to the fact that average similarities are
less than appropriate thresholds).

Position Error [pix]

Average Similarity

Fig.11(a) shows that in the interval of full occlusion, all
three average similarities are below threshold values, and
MFPF works in “Prediction” mode. Starting from frame
#150, the “Edge” feature produces meaningful results, and
MFPF practically works as SFPF based on the “Edge”
feature. The fourth column in Table I is evidencing that
MFPF guaranties the best tracking accuracy in the RMS
sense on the whole interval.

Figure 11. Case-4: (a) Individual average similarities, (b) Individual SFPF
errors Vs. MFPF error

Figure 14. Illustration of Case 6
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When the occlusion has vanished, both “RGB” and
“Texture” features are becoming acceptable sources of
information (Fig. 15). Results in the sixth column of Table I
clearly show the superiority of the MFPF approach.

the image resolution, we have adopted this threshold value
as relevant one. One can conclude that MFPF is superior
from this aspect also.

Average Similarity

TABLE II. PROBABILITY THAT THE AVERAGE SIMILARITY IS ABOVE ITS
THRESHOLD
Case 1 Case 2 Case 3 Case 4 Case 5 Case 6

SFPF

RGB

88.0 %

100 %

100 %

19.2 % 57.1 % 79.7 %

Edge

97.6 %

100 %

100 %

69.2 % 76.2 % 89.1 %

Texture 95.2 %

100 %

100 %

15.4 % 61.9 % 71.9 %

100 %

100 %

73.1 % 85.7 %

MFPF

100 %

Position Error [pix]

TABLE III. PROBABILITY THAT THE TRACKING ERROR IS LESS THAN 15
PIXELS

SFPF

Case1

Case2

Case5

Case6

RGB

6.9 %

63.4 % 58.6 % 96.3 % 18.1 %

70.7 %

Edge

67.4 % 78.0 % 34.4 % 70.3 % 31.8 %

76.9 %

Texture 23.2 % 78.0 % 62.0 % 66.6 % 59.0 %

72.3 %

MFPF
Figure 15. Case-6: (a) Individual average similarities, (b) Individual SFPF
errors Vs. MFPF error

The RMS errors illustrating SFPF and MFPF accuracy
performances, obtained for six scenarios, are finally
presented in Table I. It is obvious that the MFPF has
produced the least RMS tracking error in all six cases.
Comparing the results obtained for individual SFPF, one can
conclude that there is no particular SFPF that could be
declared as the best in all cases. There are the cases where
each one of them might be the best candidate, and at the
same time, this SFPF could be the worst in some other
scenarios. Three-feature-based filter that uses all three
image features produces RMS tracking errors that are
always for 10% – 25% less than the least one among SFPF
RMS tracking errors.
TABLE I. RMS TRACKING ERRORS (PIXELS)
Case1 Case2 Case3 Case4 Case5 Case6
RGB

36.40

13.50

18.51

11.23

17.81

14.52

Edge

17.61

10.89

24.01

12.54

21.02

15.77

Texture

26.35

11.95

16.69

13.66

16.04

13.50

MFPF

15.21

8.38

16.16

9.97

15.11 11.93

MFPF Relative to
the best SFPF [%]

86.37

76.95

96.82

88.78

94.20

SFPF

88.37

There are two additional statistical measures of quality
added in order to point out comparative advantages of
MFPF algorithm. Table II illustrates probabilities that any of
particular SFPF have had the average similarities above its
particular threshold that was set as 80% of initial one. In the
case of MFPF, final row in Table II illustrates the
probabilities that MFPF is not in prediction mode. It is
obvious that while particular SFPF in some cases loose the
tracked object, MFPF has to go in prediction mode only
when all SFPF are unacceptable and it is less frequently in
comparison to any SFPF.
Finally, Table III illustrates the probabilities that the
tracking error is less than threshold value of 15 pixels.
According to the set of cases analyzed before, average
distances from the tracked objects, and their sizes, as well as

12

100 %

62.7 %

100 %

Case3

Case4

62.0 % 96.3 % 72.7 %

84.6 %

VI. CONCLUSION
This paper introduces the algorithm of video tracking of
vehicles based on a particle filter that uses a fusion of three
individual filters based on three single image features. All
three features (the color, the orientation of gradients, and
gray-level-co-occurrence-matrix) are represented in the
standard form of histograms. Bhattacharyya distance
measure is used to specify the particle position of maximal
similarity of the appropriate histogram with the reference
one, in order to estimate three candidates for the estimated
position of tracked object. The final estimate is obtained via
weighted averaging of three candidates using adaptive
weighting factors based on average similarities on the set of
particles. Individual particle filters based on single feature
have different sensitivities relative to typical disturbances
affecting the tracking process like variable shadows and
reflections, partial and full occlusions, variable background,
etc.
A number of typical traffic scenarios were analyzed in
order to verify the performance of the proposed multifeature-particle-filter. While in some sub-intervals of
tracking sequence this MFPF was inferior relative to the best
SFPF, it has appeared as superior in the sense of RMS
tracking error through the whole sequence. RMS errors on
the whole interval have been from 10 % to 25 % less than
the least RMS errors of any SFPF. As it was shown in
Tables II and III, MFPF algorithm is also superior relative to
any of SFPF because of less frequent need to go to
prediction mode, as well as because of higher probability
that the tracking error is inside the specifies tolerance zone.
The computational burden due to the tripling of particle
filter calculation times was reduced by adopting of a
relatively low number of particles (200). By appropriate
specification of minimal acceptable average similarities, the
algorithm excludes some of SFPF results if their average
similarity regarding a particular feature is below the
threshold. If all three features produce unacceptable results
(full occlusion) the algorithm continues the work in
prediction mode, reinitializing the distribution of particles
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and gradually increasing the area where they are distributed.
Weighting factors that characterize individual influences of
image features are adapted automatically, according to their
average similarities in the set of particles. Parameters of
MFPF algorithm have been constant here for all illustrative
cases. Wherever exists some higher level of a prior
knowledge about traffic scenario on the particular part of
road, there is a possibility for re-parameterization of MFPF
(thresholds, window size, number of particles, forgetting
factor, etc.) in order to adjust to this situation, and to
improve the tracking accuracy.
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