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Abstract
This paper presents an extended particle filter to increase the accuracy and decrease the
computation load of vehicle tracking. Particle filter has been the subject of extensive interest
in video-based tracking which is capable of solving nonlinear and non-Gaussian problems.
However, there still exist problems such as preventing unnecessary particle consumption,
reducing the computational burden, and increasing the accuracy. We aim to increase the
accuracy without an increase in computation load. In proposed method, we calculate the
direction angle of the target vehicle. The angular difference between the direction of the target
vehicle and each particle of the particle filter is observed. Particles are filtered and weighted,
based on their angular difference. Particles with angular difference greater than a threshold is
eliminated and the remaining are stored with greater weights in order to increase their
probability for state estimation. Threshold value is very critical for performance. Thus, instead
of having a constant threshold value, proposed algorithm updates it online. The first advantage
of our algorithm is that it prevents the system from failures caused by insufficient amount of
particles. Second advantage is to reduce the risk of using unnecessary number of particles in
tracking which causes computation load. Proposed algorithm is compared against camshift,
direction-based particle filter and condensation algorithms. Results show that the proposed
algorithm outperforms the other methods in terms of accuracy, tracking duration and particle
consumption.

Keywords: Automatic thresholding, adaptive weighting, computer vision systems,
direction-based particle filter, particle reduction, surveillance system, vehicle tracking, video
object tracking
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1. Introduction

Intelligent transportation systems (ITS) attract interest of researchers more and more every
day. Under the title of ITS, there are various types of technologies and applications; such as
visual vehicle tracking [1], vehicular sensor networks [2], routing [3], vehicle-to-vehicle (V2V)
communication [4], in-car entertainment [5]. Physical aspects of the medium, hardware
quality, speed of the vehicle may have direct effect on these services [6, 7].
Among these technologies, tracking has become a primary research area of surveillance
systems with the recent innovations in object detection techniques, high definition cameras,
signal processing and networks [8]. In addition to its role in ITS, it has appeared also various
applications such as human-computer interfaces [9-11]; surveillance systems [8, 12, 13], radar
detection [14, 15]; behavioral analysis [16], image processing [17] and robotics [18-20].
The primary objective of tracking is to estimate the location of a target object in real world
coordinates. Robustness and accuracy of vehicle detection have a great significance in
tracking and higher level processing. Although several vehicle tracking algorithms have been
proposed [11, 21-23], it still remains as a burdensome problem due to illumination, collision,
background clutters, deformation and speed of the vehicle in the recorded video [24]. Shape,
size, pose, and color restricts of the vehicle restrict the recognition and tracking performance
[25].
Particle filter, also known as sequential Monte Carlo is a sampling-based object tracking
method. It is an acknowledged algorithm in filtering and predicting non-linear and
non-Gaussian state space models in a wide range of application areas [26-28]. It is used to
generate an approximation of posterior probability density function for the state variable by
deriving weighted particles with empirical distributions. Generation of new particles,
computation of particle weights and resampling are essential operations of particle filter [29].
However, the main drawback of particle filter algorithm is its particle degeneracy and sample
impoverishment [30]. In order to overcome these drawbacks, large number of particles is
required. With no doubt, large number of particles is going to increase the computational
complexity. Increased computation complexity does not affect the tracking accuracy, but it
can extend the system capacity. Therefore, a tracking algorithm, which can operate rapidly and
accurately with minimum computation complexity, is required.
In literature, there exist several approaches integrating and modifying particle filter
algorithm for vehicle tracking. In [31], authors presented a modified particle filter, which is
able to assemble to the true state of an object as close as possible by sampling the particles
iteratively. Although the accuracy of tracking is increased, the computational load remained
high. Adaptive region-wise linear subspace expression with an iterative particle filter was
presented in [32]. The approach could not perform accurately under full occlusion. In [33], a
layered particle filter architecture is introduced which is embedding continuous adaptive mean
shift, along with the combination of probabilistic and deterministic approaches in order to
overcome well-known obstacles in multiple tracking processes. The accuracy is reduced under
occlusion, although, better posterior probability density representation was displayed. In [11],
authors proposed a top-down visual attention computation model, which depends on
frequency analysis with particle filter integration. They aimed to solve major tracking
problems such as longtime occlusion, and abrupt motion. A multi-feature target representation
with particle filter was presented which is able to increase the accuracy but could not reduce
the computational burden [17]. Authors proposed a mean shift embedded particle filter
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algorithm in order to improve the sampling efficiency but not integrated in vehicle tracking
operations [34]. Additionally, some other modified particle filters were recommended which
could only affect the tracking speed, but not the accuracy [35, 36]. An improved particle filter
based on firefly algorithm was established regarding with the problem of sample
impoverishment and has outperformed the condensation particle filter method in robustness
[37]. In addition, a color histogram based tracking algorithm was established against noise and
occlusion but could not succeed due to illumination changes [38]. Particle filter combining
color histogram and edge-based shape features under a sequential Monte Carlo framework
could not perform accurately in difficult sequences with color changes under occlusion [39].
In [40], authors proposed a modified particle filter for airborne vehicle tracking by focusing
on particle sampling and observation model. They achieved to increase the robustness but their
tracker still fails in case of abrupt changes in appearance. In [41], authors used particle filter
for fusing measurements from multi sensors for vehicle tracking and obtained better results.
Authors in [42] introduced a modified particle filter for multi-vehicle tracking which can
automatically initialise occluded vehicles. They improved the accuracy was computation load
remained as a problem. In [43], authors presented a modified particle filter in which the
importance density function is updated according to the residual in each stage. In [44], authors
made a new approach for multiple target tracking with particle filter. They made observations
on targets to make decision to conduct resampling or not. They improved the tracking
accuracy but did not consider computation load.
As the initial version of our novel algorithm, we implemented an extended particle filter
algorithm that weights and distributes particles depending on their angular difference to the
target vehicle’s motion. Feature weighting is used in different areas other than tracking also
[45]. In [46], experiments proved that this method reduced particle consumption while
increasing the tracking accuracy and operating robust against even in noisy and occluded
mediums. Since both the tracking accuracy and amount of particles highly rely on a predefined
and constant threshold, the decision of threshold gains importance. In each frame, the amount
of particles required for tracking does not have to be same. For a highway surveillance camera,
view might contain both straight and bendy roads. A large amount of particles is required
when the vehicle is changing its direction. However, in case of a translational motion, small
amount of particles is enough. In this sense, threshold must be adaptive during execution.
In this paper, we present a modified particle filter algorithm that distributes the particles
according to an online automatic threshold scheme. As the first step of the proposed scheme,
the direction of the vehicle is calculated. Next, we weight particles according to their angular
similarities with target vehicle. The ones having the same or similar motion direction with the
target increases their probability of likelihood whereas the others are eliminated. The number
of particles used has become decisive in valuing the online threshold. Usage of excessive
amount of particle is prevented in this model. We tested our algorithm on three videos, which
contain different physical and visual aspects. According to results, proposed model
outperformed camshift, direction-based particle filter and condensation algorithms in terms of
tracking duration and precision.
The rest of the paper is organized as follows; section 2 explains background and core
concept of particle filter, section 3 describes the direction-based particle filter. Section 4 and 5,
give proposed algorithm and experimental results, respectively. At last, conclusion is given in
section 6.
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2. Particle Filter
2.1 Recursive Bayesian Inference
The purpose of bayesian inference is to provide a mathematical machinery that can be used to
model systems, where uncertainties of the system are taken into account and decisions are
made according to a rational principle [10-26]. A dynamic model represents the change in
state parameters with time.With state sequence {𝑥𝑥𝑡𝑡 , 𝑡𝑡 ∈ ℕ} of a target, dynamic model is given
as;
𝑥𝑥𝑡𝑡 = 𝑓𝑓𝑡𝑡 (𝑥𝑥𝑡𝑡−1 , 𝑢𝑢𝑡𝑡 )
𝑦𝑦𝑡𝑡 = 𝑔𝑔𝑡𝑡 (𝑥𝑥𝑡𝑡 , 𝑣𝑣𝑡𝑡 )

(1)

where 𝑓𝑓𝑡𝑡 and 𝑔𝑔𝑡𝑡 are state transition and measurement model functions and 𝑦𝑦𝑡𝑡 is the
measurement model. 𝑢𝑢𝑡𝑡 and 𝑣𝑣𝑡𝑡 are white noises which are more usually called the process
noise and measurement error. These two noise sequences consist of mutually independent
random variables of previously known distributions. First expression in (1) is a Markov
process and can be written as 𝑝𝑝(𝑥𝑥𝑡𝑡 |𝑥𝑥𝑡𝑡−1 ). The second expression of (1), can be written as
𝑝𝑝(𝑦𝑦𝑡𝑡 |𝑥𝑥𝑡𝑡 ). The rule for propagation of state density over time is given in (2).
𝑝𝑝(𝑥𝑥𝑡𝑡 |𝑦𝑦𝑡𝑡 ) = 𝛼𝛼 𝑝𝑝(𝑦𝑦𝑡𝑡 |𝑥𝑥𝑡𝑡 ) 𝑝𝑝(𝑥𝑥𝑡𝑡 |𝑦𝑦𝑡𝑡−1 )

(2)

where 𝛼𝛼 is a normalisation constant that does not depend on 𝑥𝑥𝑡𝑡 . In (2), bayesian inference
estimates the posterior density depending on prior density and measurement in that time step.
2.2 Particle Filter
At this point, particle filter offers to make this recursive process by using particles. The key
idea is to represent the required posterior density function given in (2) by a set of random
particles with associated weights and to compute estimates based on these particles [4-20].
Each sample 𝒛𝒛𝒊𝒊𝒕𝒕 in the set {𝒛𝒛𝒊𝒊𝒕𝒕 , 𝒘𝒘𝒊𝒊𝒕𝒕 ; 𝒊𝒊 = 𝟏𝟏, … , 𝑵𝑵} represents a hypothetical state of the object
being tracked and has a corresponding discrete sampling probability w, where ∑𝒊𝒊 𝒘𝒘𝒊𝒊𝒕𝒕 = 𝟏𝟏, at
time t and N ∈ ℕ is number of particles. The evolution of the sample set is described by
propagating each sample according to a system model. Next step is to weight each particle
with its corresponding observation and draw a new set of N particles with probability𝒘𝒘𝒊𝒊𝒕𝒕 =
𝒑𝒑(𝒚𝒚𝒕𝒕 |𝒙𝒙𝒕𝒕 = 𝒛𝒛𝒊𝒊𝒕𝒕 ). In the final stage, the mean state of the tracked object is estimated at each time
step as in (3).
𝑖𝑖 𝑖𝑖
𝐸𝐸[𝑧𝑧𝑡𝑡 ] = ∑𝑁𝑁
𝑖𝑖=1 𝑧𝑧𝑡𝑡 𝑤𝑤𝑡𝑡

(3)

Target vehicle and particles can be represented by various types of geometric models such
as rectangle, circle or ellipse. In this study, ellipse is used. Elliptic dynamic state model has
four dimensions as {𝑥𝑥, 𝑦𝑦, 𝐻𝐻𝑥𝑥 , 𝐻𝐻𝑦𝑦 }, where x and y refer to the coordinates of the center location of
the ellipse, and Hx and Hy refer to the lengths of the major and minor axes of the ellipse,
respectively [46].
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3. Direction-based Particle Filter
In case of occlusion of the target by another vehicle or pole, it can be difficult to obtain new
observations. Therefore, in such cases, the likelihood function cannot be utilized and tracking
might fail. In [46], we have presented a novel approach to vehicle tracking problem with a
modified particle filter. The main idea was to use the direction of the target motion as a
dynamic feature and change the particle distribution in a more efficient way for tracking.
This dynamic feature supports the tracker when scalar features cannot be extracted.
At first, we calculate the direction of the target. This direction can be denoted in terms of
a displacement vector, by using the center point of the target vehicle in the current frame
(𝑥𝑥𝑡𝑡 , 𝑦𝑦𝑡𝑡 ) and center point from the previous frame(𝑥𝑥𝑡𝑡−1 , 𝑦𝑦𝑡𝑡−1 ), as is shown in (4).
𝜃𝜃𝑡𝑡−1 = tan−1 �

∆𝑦𝑦
∆𝑥𝑥

� = tan−1 �

𝑦𝑦𝑡𝑡 − 𝑦𝑦𝑡𝑡−1
𝑥𝑥𝑡𝑡 − 𝑥𝑥𝑡𝑡−1

�

(4)

In real world conditions, vehicles do not always move linearly. A vehicle’s relative direction
to the camera may change when it changes its lane or goes into bendy road. Thus, we update 𝜃𝜃
periodically by using approximate median method [47], not to lose dynamic information, as
follows;
𝐻𝐻𝑡𝑡 + 1
𝐻𝐻𝑡𝑡+1 = �𝐻𝐻𝑡𝑡 − 1
𝐻𝐻𝑡𝑡

𝑖𝑖𝑖𝑖
𝑖𝑖𝑖𝑖
𝑖𝑖𝑖𝑖

𝑀𝑀𝑡𝑡 > 𝐻𝐻𝑡𝑡
𝑀𝑀𝑡𝑡 < 𝐻𝐻𝑡𝑡 �
𝑀𝑀𝑡𝑡 = 𝐻𝐻𝑡𝑡

(5)

where H represents a parameter to be updated at time steps t and t + 1, respectively. The new
measurement at each time step is denoted by M.
In conventional particle filter, particles are evenly distributed around the target. Unlike a
conventional filter, direction-based filter does not use the entire particle set. As second step,
the angle between the target vehicle and each particle is calculated. The aim is to obtain the
angular distance of each particle to the direction of the vehicle. Angular distance is used to
weight the particles and update their distribution around the vehicle. The calculation for
angular distance is performed by using the vehicle’s estimated location in the previous time
step and particle locations in the current time step as shown in (6).
𝑖𝑖
𝜑𝜑𝑡𝑡−1
= tan−1 �

∆𝑦𝑦
∆𝑥𝑥

� = tan−1 �

𝑦𝑦𝑡𝑡−1 −𝑦𝑦𝑡𝑡𝑖𝑖

𝑥𝑥𝑡𝑡−1 −𝑥𝑥𝑡𝑡𝑖𝑖

� , ∀ 𝑖𝑖 ≤ 𝑁𝑁

(6)

After this calculation, the difference between the direction of vehicle and each value of
is obtained by subtracting the results of (6) and (4).

𝑖𝑖
𝜑𝜑𝑡𝑡−1

𝑖𝑖
𝑖𝑖
𝜎𝜎𝑡𝑡−1
= �𝜃𝜃𝑡𝑡−1 − 𝜑𝜑𝑡𝑡−1
�, ∀ 𝑖𝑖 ≤ 𝑁𝑁

(7)

𝑖𝑖
refers to the angular distance of the ith particle with respect to direction angle of
In (7), 𝜎𝜎𝑡𝑡−1
the vehicle. The minimum and maximum values that angular distance can take are 0° and 180°,
respectively.
In next step, we filter the particles by applying a threshold control to the results of (7).
Filtering process is as given in (8).
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𝑤𝑤𝑡𝑡𝑖𝑖

=�

0

𝑖𝑖
𝜎𝜎𝑡𝑡−1

𝑤𝑤𝑡𝑡𝑖𝑖 × �1 − �

𝑇𝑇

��

𝑖𝑖
if 𝜎𝜎𝑡𝑡−1
≥ 𝑇𝑇

𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒

�
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(8)

In (8), T is a predefined angle threshold measured in degrees. According to (8), if the
angular distance of a particle to the direction of the target is more than distance T, it will be
multiplied by 0 and will not be used. Otherwise, the likelihood probability of that particle will
be re-weighted. This weight is inversely proportional to the distance and calculated by (8). The
above expression reveals that, as the angle difference between target vehicle and particle
decreases, the weight of that particle increases. If the difference is equal to “0”, then the weight
will be equal to “1”. After the decision on each particle is made, re-weighted values are
normalized. In this way, the likelihood probabilities of those particles that are moving in the
same or similar direction to the target are increased.
Fig. 1 shows the change in the particle probability distribution function for T = π/8. In
conventional particle filter algorithm, probability distribution of particles is independent from
angle information as shown with the black dotted line on Fig. 1. Red dotted line shows the
probability distribution function after applying direction-based weighting to particles. Since
some particles are eliminated, remained particles will share the total probability. This leads a
significant increase in their probabilities. The initial probabilities in conventional algorithm
were around approximately 0.004 to 0.007 for 100 particles. In direction-based filter, new
probability values of the selected particles increased up to 0.045.
In Fig. 1, the x-axis range is [0, 180°] because the result of (7) is always non-negative.
According to the algorithm, the maximum difference can be 180°, when the target and particle
are moving in opposite directions. The red dotted line starts from 45°, which is double of given
threshold T= π/8. The reason is that, we check the distances on both left and right sides of the
motion angle.
0.06
Before Filtering

Probability

0.05

After Filtering

0.04
0.03
0.02
0.01
0.00
0

50
100
150
200
Absolute difference of motion angle and particle angle (degree)

Fig. 1. Probability density function of particles before and after filtering
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4. Proposed Approach
As explained in Section 3, the value of T directly affects the performance of tracking. Thus, an
inaccurately assigned threshold is most likely considered as a system drawback. Several
recent studies have proven that tracking accuracy of particle filter highly depends on number
of particles consumed [48]. If T has a small value such as π/8, particle consumption is
minimized but the accuracy is relatively lower. Therefore, it is not unexpected that a failure
can occur. In contrast, when T has a large value like π/2, highest accuracy is obtained with
highest computation load.
In this content, our study introduces a new approach, which reduces the tracking failures
while avoiding the use of excessive number of particles. We developed a novel thresholding
system that updates itself automatically during tracking. By adapting itself to the medium,
tracker will be able to continue tracking and keep the particle consumption under control. In
this study, the initial value of N is 100.
Table 1. Conditions of threshold adaptation
Number of Particles (N)
Threshold (T)
[25, 40] || [80, 100]

π/8

(0, 25) || [70, 80)

π/2

(40, 70)

π/4

Table 1 shows the updating conditions of the proposed algorithm. At this phase of the
research, we tested the condensation algorithm on different videos with various visual and
physical aspects in order to decide the particle range. In each video, condensation algorithm
was tested five times for each different value of N {25, 40, 60, 80, 100}.
Test results showed that the risk of failure is relatively higher when N is less than and equal
to 25. Therefore, algorithm is set to increase the T to π/2. Thus, the amount of particles left
inside the threshold region is raised. In addition, tracker performs well without any risk of
failure when the number of particles is between 25 and 40. Thus, T is assigned kept as π/8.
According to the given conditions, when the number of particles is excessive, T will be
decreased to π/8. In this way, we prevent unnecessary computation load. Computation load
was significantly lower with 70 to 80 particles, compared to the load with 80 to 100 particles,
while achieving similar accuracy.
In the remaining particle range, T is assigned as π/4. Fig. 2 shows an illustration of
distribution of T values on particle spectrum.
π/2

π/8

π/4

π/2

π/8

Fig. 2. Threshold assignment of particles

This update process is repeated periodically in every three frames. Updating frequency is a
heuristically obtained value. Updating it very frequently causes computation load. Whereas,
rare update will cause information loss and decrease the effect of the algorithm on tracking.
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5. Experimental Results
5.1 Qualitative Results
Experiments were conducted on three different videos, which were recorded by standard
quality cameras. For benchmarking study, proposed algorithm was compared with
condensation, direction-based particle filter and camshift algorithms. First video is taken from
a camera located on a sideway pole of a bridge in Busan, Rep. of Korea. It differs from the
others in terms of the stability of the camera. The camera vibrates at certain times of the video.
The other two videos are from a public dataset [49]. In each video, horizontal and vertical
distances between camera and road are different. All videos contain view angle difference,
illumination and scale variations, occlusions, motion blur, in-plane rotation and background
clutter.
In our experiments, color histograms for measuring the similarity are calculated in hue
saturation value (HSV) space. In order to make the proposed method less sensitive to
illumination conditions, we used a HSV color space of 8 × 8 × 4 bins (where value (V) is
represented by four bins). This section contains captured images showing four trackers for the
test videos. All the experiments were conducted in an Intel (R)-Core (TM) i5-4570 CPU at
3.20 GHz and 8 GB of RAM computer.

(a)
(b)
(c)
(d)
Fig. 3. Tracking captures of (a) proposed particle filter, (b) condensation particle filter, (c) camshift and
(d) direction-based particle filter with T= π/8 in Video_1
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Fig. 3 shows the image stills from the first video. The quality of the video is poor. In
addition to the listed visual difficulties, another handicap in this video is that the color of the
target vehicle is very similar with the road. As expected, our algorithm keeps tracking for the
longest duration. Direction-based tracker with T=π/8 outperforms condensation and camshift
algorithms. However, when the target starts to change its direction and is occluded by poles,
tracker requires more particles for tracking. At this point, direction-based tracker fails due to
insufficient number of particles but the proposed algorithm increases the T value and removes
this failure risk. In Fig. 3, Fig. 4 and Fig. 5, frames in the first row show the first location of
tracking and the frames in the bottom row show the end of tracking.

(a)
(b)
(c)
(d)
Fig. 4. Tracking captures of (a) proposed particle filter, (b) condensation particle filter, (c) camshift and
(d) direction-based particle filter with T= π/8 in Video_2

Fig. 4 shows the captured frames of the second video [49]. Vertical distance between the road
and camera is very short. In this video, target is blue car and it is not occluded but its size and
rotation changes by time. Proposed algorithm continues tracking until the car looks like a
small ball where as the other trackers fail at some points.
Fig. 5 presents captured frames of the third video. Unlike the first and second videos, in this
video vertical distance between the road and camera is very high.
There is a strong correlation between the results of all videos. In all cases, proposed
algorithm gives the highest performance in terms of tracking duration and it is followed by
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direction-based tracker. Direction-based weighting of particles results in a higher tracking
accuracy and duration compared to two other trackers. However, in cases of not having
enough number of particles for tracking, it may lose the target. As we can see in above
examples, the proposed algorithm eliminates this problem.

(a)
(b)
(c)
(d)
Fig. 5. Tracking captures of (a) proposed particle filter, (b) condensation particle filter, (c) camshift and
(d) direction-based particle filter with T= π/8 in Video_3

5.2 Quantitative Results
This section presents the benchmarking analysis of quantitative results. Comparisons were
conducted in terms of tracking precision and particle consumption. For comparison of particle
consumption, camshift is not included since it does not use particles. In case of tracking
precision, Euclidean distance between center coordinates of the estimated and ground truth
locations gives the center location error.
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1

Precision

0.8
0.6
0.4

Proposed PF [0.98]
Condensation PF [0.83]
CamShift [0.8]
Direction-based PF(π/8) [0.95]

0.2
0
0

10

20
30
Location Error Threshold (pixel)
Fig. 6. Precision plot for video_1

40

50

A drawback of this measure occurs when a tracker loses the target and moves to a random
location on the frame. This will cause an abrupt increase in error. Thus, this will not reflect the
real performance of the tracker [50]. That is why, we use precision plot, which shows the
percentage of frames in which the center location error is less than a threshold. The values near
each tracker on the plots are their precision scores. A precision score of a tracker presents its
score at a threshold of 20 pixels [50].
Fig. 6 shows the precision plot of first video with one-pass evaluation (OPE). It is used for
precision [51]. It is a common way to evaluate the performance of a tracker throughout a
sequence by initializing the target in the first frame it appears.
In addition to highest performance in tracking duration, the proposed tracker also
outperforms the compared algorithms in terms of accuracy. For the proposed tracker,
Euclidean distance between the centers is less than 20 pixels for 98% of all frames, whereas it
is 83%, 80% and 95% for condensation, camshift, and direction-based particle filter
respectively.
1
Proposed PF [0.99]
Condensation PF [0.101]
CamShift [0.96]
Direction-based PF(π/8) [0.93]

Precision

0.8
0.6
0.4
0.2
0
0

10

20
30
Location Error Threshold (pixel)
Fig. 7. Precision plot for video_2

40

50
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Fig. 7 and Fig. 8 show the precision plots for the second and third videos respectively.
Proposed tracker has the highest precision score for all videos. As shown in both figures,
proposed tracker is the more robust compared to others. In Fig. 7, condensation particle filter
has the lowest accuracy compared to other trackers.
1

Precision

0.8
0.6
0.4
Proposed PF [0.983]
Condensation PF [0.84]
CamShift [0.980]
Direction-based PF(π/8) [0.962]

0.2
0
0

10

20
30
Location Error Threshold (pixel)
Fig. 8. Precision plot for video_3

40

50

Center location errors of all algorithms in all videos are shown in Table 2. The values are
calculated for the time duration that the target exists on the scene. In all videos, the proposed
tracker continues tracking, whereas other trackers already fail. Although the other trackers
show sufficient performance for a duration, their failure results in a sudden increase in average
center location.

Video

Table 2. Average for Center Location Error (pixel)
Proposed
Condensation
Camshift
Direction-based
PF
PF
PF

Video_1

4

82

96

36

Video_2

9

200

220

145

Video_3

5

174

153

54

Another contribution of the proposed algorithm is to decrease the particle number
consumption while increasing the accuracy. Table 3 shows the average number of particles
used in proposed, condensation and direction-based particle filters. The number of particles
used in proposed particle filter is roughly between 50-60% of the condensation filter. On the
other hand, it uses more particles than the direction-based particle filter with threshold, T= π/8.
Although, this may seem as a drawback, it actually leads the proposed tracker to decrease the
failure risk.
As a result, the proposed method is feasible in mediums in which the direction of the target
vehicle can be extracted. In case of two similar vehicles moving together on the frame, usage
of direction prevents tracker to jump to the wrong vehicle. With a combination of proper
detection algorithm, this method can be used for both online and offline tracking.
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Table 3. Average Particle Number
Video

Proposed
PF

Condensation
PF

Direction-based
PF

Video_1

63

100

29

Video_2

52

100

32

Video_3

59

100

27

6. Conclusion
An extended particle filter with adaptive angle thresholding scheme for single vehicle tracking
is presented. Particles are filtered and redistributed with respect to an angle threshold. We
propose a scheme which updates this angle threshold according to the number of particles that
is used in the previous iteration. The system counts the number of particles in every 3 frames
and updates the threshold according to a set of predefined conditions. Excessive use of
particles and also risk of failure is prevented as well as an increase in accuracy is obtained.
Experiments are conducted on three videos with different physical and visual conditions.
Comparison results show that the proposed algorithm outperforms condensation, camshift,
and direction-based particle filter in terms of tracking duration and accuracy.
However, despite the improvements made in this study, some issues still remain. One of
them is the decision of updating frequency. The need of an update may vary among roads
depending on their physical characteristics such as curves. Another issue is to modify this
algorithm for multi-vehicle tracking. Our further studies will focus on these problems.
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