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Abstract: To track the vehicles under occlusion, a vehicle
tracking algorithm based on blocks is proposed. The target
vehicle is divided into several blocks of uniform size, in which
the edge block can overlap its neighboring blocks. All the
blocks’ motion vectors are estimated, and the noise motion
vectors are detected and adjusted to decrease the error of
motion vector estimation. Then, by moving the blocks based
on the adjusted motion vectors, the vehicle is tracked. Aiming
at the occlusion between vehicles, a Markov random field is
established to describe the relationship between the blocks in
the blocked regions. The neighborhood of blocks is defined
using the Euclidean distance. An energy function is defined
based on the blocks’
simulated annealing algorithm to segment the occlusion

histograms and optimized by the

region. Experimental results demonstrate that the proposed
algorithm can track vehicles under occlusion accurately.
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ith the development of the economy, more cameras

have been installed on roads to monitor the traffic.

How to make the most out of videos to gather traffic infor-
mation is a problem. In theory, video-based vehicle track-
ing technology can automatically collect traffic information
such as traffic volume, speed, density and traffic inci-
dents", so it has received much attention in recent years.
The main challenge of video-based vehicle tracking is
to track vehicles effectively in complicated environments
such as the occlusion phenomenon between vehicles, dur-
ing changing illumination and so on'>™. There are sever-
al object tracking algorithms considering the occlusion.
Harguess et al. "™ tracked objects under occlusion using
binocular video, but these binocular vision methods are
unsuitable for practical applications. In the field of mo-
nocular vision, Zhang et al.'” segmented the occlusion
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region in a geometrical way and when the outline of vehi-
cles is unbroken, it works well. In addition, the weighted
histogram is integrated with a mean shift'®™""!
filter'*™ to track objects under occlusion. In general,
they can effectively track the objects whose size changes
little, but in the traffic scene, the vehicle’s scale may un-
dergo a large change. It is difficult for these algorithms to
update the size of the tracking window adaptively. In
Ref. [14], Kamijo et al. presented a block-based vehicle
tracking method and used the Markov random field to
segment the occlusion region. This method can process

or a particle

occlusion and adapt to the change of vehicle’s size simul-
taneously. However, it also has limitations. First, when
a vehicle is close to but not occluded by another vehicle,
it may be considered to be mistakenly occluded by the lat-
ter in tracking. Secondly, it fails to segment the vehicles
whose motion vectors are similar. Furthermore, the two
negative factors may appear simultaneously to make the
tracking unsuccessful.

To deal with the above problems,
tracking algorithm is proposed. First, the target vehicle is
divided in a different way to reduce the influence of its
neighboring vehicle. Then, the block’s histogram is used
to define the Markov random field’s energy function and
make the occlusion

a novel vehicle

segmentation insensitive to the
Experimental results demon-

strate the effectiveness of the proposed method.

1 Regular Block-Based Vehicle Tracking Method

vehicles’ motion vectors.

In Kamijo’s vehicle tracking method, the image is di-
vided into regular blocks, each of which consists of 8 x 8
pixels and has a single label. All of the blocks’ labels
constitute a label map, and vehicle tracking is equivalent
to updating the label map continually.

L, is the label map of the n-th image. When the (n +
1)-th image comes, the motion vectors of the vehicle’s
blocks are estimated. In them, the most frequent one is
considered as the vehicle’s motion vector, and based on
it, the vehicle’s blocks in L, are moved to new places.
Then, the moved blocks are expanded as candidate blocks
If the difference be-
tween intensities at a candidate block and those at the

whose labels will be checked next.

background image is greater than the threshold value, the
block’s label is set to be the vehicle’s label, or else to be
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0. After checking the candidate blocks, a new label map
L,,, can be obtained.

In general, the aforementioned algorithm works well.
An exception is that when the moved blocks of a vehicle

and that of its neighboring vehicle are less than 16,2 pix-
els, the candidate blocks of one vehicle may overlap with
that of another vehicle and a redundant occlusion may be
created (As shown in Fig. 1(c), the gray blocks consti-
tute an occlusion region). It is the first shortcoming of
the algorithm in Ref. [ 14]. The second one will be ana-
lyzed as below.

[TT 1]

(a)

(b)

[T T 11

(¢
Fig.1 The redundant occlusion. (a)The blocks in L;; (b) The
moved blocks; (c¢) The candidate blocks

When a vehicle occludes another vehicle, the labels of
the blocks in the occlusion region needs to be optimized.
Each block’s label is a discrete random variable and the
combination of all block’s labels is assumed to be a Mark-
ov random field. To block y, in the occlusion region, its
label is optimized by minimizing the energy function
U(y,) defined in Ref. [14]. If U(O,) <U(O0,), then
block y, is considered to belong to vehicle O, or else be-
longs to vehicle O,.

V,w V,, V, are the motion vectors of the block y,, ve-
hicle O, and vehicle O,, respectively. D= |V, -V, | is
the distance between V|, and V,. We can assume that the
block y, is part of vehicle O,, so V| locates in the range
of the left circle in Figs.2(a) and (b). If D is relatively

large (D=R, +R,, as shown in Fig.2(a)), \ vV, -V, \
<|V,-V, | and U(O,) <U(O,), the block y, is la-
beled as O,. Butif D is small (D <R, +R,, as shown in
Fig.2(b)), |V, -V, | > |V,-V, | and U(O)) >
U(0O,), the block y, may be labeled mistakenly as O,. In
other words, when two vehicles’ motion vectors are simi-
lar, the occlusion region may be segmented incorrectly.
This is the second shortcoming of the method in Ref.
[14]. To deal with the aforementioned problems, a novel
vehicle tracking method is proposed in the next section.

(b)
Fig.2 The relationship between V,, V, and V, . (a) With large

D; (b) With small D

2 Novel Block-Based Vehicle Tracking Method
2.1 Vehicle division

The method in Ref. [14] divides the whole image and
the vehicle simultaneously into several blocks, whereas
the proposed method only divides the vehicle into blocks,
each of which consists of N x N pixels. N is chosen ac-
cording to the vehicles’ resolutions. When the vehicles
contain more pixels, N is set to be larger and vice versa.
Because the vehicle’s length and width are not always the
integral multiples of N pixels, the blocks on the vehicle’s
edge may overlap with its adjacent blocks. The two ways
of division are compared in Fig. 3.

(b)

Fig.3 Two ways of division. (a) The division in Ref. [14]; (b)
The proposed division (N =11)

2.2 Detection and adjustment of noise motion vectors

After division, all the blocks’ motion vectors are esti-
mated as shown in Fig. 4(a). To avoid the expansion of
blocks described in Section 1, the proposed method
moves each block based on its own motion vector, but
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some motion vectors may be incorrect. So, it is necessary
to detect and adjust noise motion vectors before moving

the blocks.
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Fig.4 The adjustment of the motion vectors. (a) The original
motion vectors; (b) The adjusted motion vectors

It is observed that the differences between the noise
motion vector and its surrounding motion vectors are rela-
tively large while the difference between the normal mo-
tion vector and its surrounding motion vectors are rela-
tively small. Based on the smoothness of the motion
vectors’ spatial distribution, the noise motion vectors are
detected and adjusted as below.

V. is the motion vector of block B;, and the neighbor-
hood of B, is defined as

N, ={B, | dis(B,, B)) <T, and i#j} (1)

where dis(B,, B;) is the distance between B, and B,.

S, =1V, \ B, € N, } is the set of motion vectors of
blocks in N,, and the distance between motion vector V,
and motion vectors in S, is calculated by

D, ={llV.-V, [ |V, eS,)} (2)

M, is the mid-value of D,. If M, is smaller than a
specific threshold value 7,, V, is considered as a correct
motion vector; otherwise, it is considered as a noise mo-
tion vector and will be replaced by the motion vector V7,
which corresponds to M, . Fig. 4(b) shows the adjusted
motion vectors. Compared Fig.4(b) with Fig.4(a), we
can find that the noise motion vectors have adjusted well.

2.3 Blocks moving

After the adjustment of motion vectors, each block is

moved using its own motion vector. If two moved blocks
have the same coordinates, one of them is deleted from
the set of blocks to reduce computational time. Finally,
the rest of blocks constitute the vehicle’s new location in
the current frame.

Since we only divide the vehicle into a group of blocks
and the moved blocks can be located at any position in
the image, it is unnecessary to expand the moved blocks
as described in Section 1. It means that the vehicle will
be influenced little by its neighboring vehicle in tracking.
The first shortcoming of the method in Ref. [ 14] has been
avoided until now.

2.4 Occlusion segmentation

In the proposed algorithm, each vehicle’s position is
represented by the minimum rectangle which contains all
the blocks belonging to the vehicle. If a rectangle over-
laps another rectangle, one vehicle is considered to oc-
clude another. The overlapping region is defined as the
occlusion region, and occlusion segmentation is
equivalent to determining the labels of the blocks in the
occlusion region. It is assumed that each block’s label is a
discrete random variable whose distribution relies only on
the distribution of its neighborhood, and all the blocks’
labels compose a Markov random field. The neighbor-

hood is defined as
N ={i"eS| |i-i'| <riz#i'} (3)

where |i-i'| is the Euclidean distance between block i
and block i’. For example, in Fig.5, block ¢, f and g
constitute the neighborhood of block i.

Fig.5 The neighborhood of block i

Based on the above assumption, the occlusion segmen-
tation is equivalent to maximizing the probability P(Z/
Q), where Z is the combination of labels and Q is the
current image. According to the Bayes rule, the optimal
combination of labels Z" is

Z" =argmax(P(Q/Z)P(Z)) (4)

The Hammersley-Clifford theorem proves that a Mark-
ov random filed can be expressed by a Gibbs distribution.
So, we can obtain

P(0/2) =Mie‘“<9”) (5)

1
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1w
P(Z) = M (6)
where M, and M, are the normalization constants.
Eq. (4) is equivalent to Z° = argmin( U(Q/Z) +
U(Z)), and the energy function U(Z) is defined as

U(Z) = Y F(z,2) (7)
0 =7
Fz.2) = {1 o (8)

where ¢ = {z,, z;} is a clique and C is the set of cliques.

We assume that the distance between the histogram of
block i and that of the non-occlusion region has the same
label which follows that Gaussian distribution. So the en-
ergy function U(Q/Z) can be defined as

. h'_ho _i2
U(Q/Z):Z(‘ o ho | —u)

2
= 20

i

(9)

where h;, h, are the color histograms of block i and the
non-occlusion region of vehicle O,( The number of each
histogram’s bins is 64(4°)). If the label of block i is O,,
0, =0,; otherwise, O,=0,. u, =0, and ¢, is estimated
empirically.

The minimization of the energy function is a combina-
torial optimization problem. We use the simulated annea-
ling algorithm'"' to minimize it. Finally, the labels Z*
are given to the corresponding blocks and the occlusion
region is segmented.

Fig. 6 shows an example of occlusion segmentation. In
Fig. 6 (a), the black blocks constitute the occlusion re-
gion, and in Fig. 6(b) they are segmented accurately by
minimizing the energy function.

Fig.6 Occlusion segmentation. (a) Before segmentation; (b) Af-
ter segmentation

It can be seen from Eqgs. (7) to (9) that using the spa-
tial color information instead of the motion vector to seg-
ment the occlusion region, the proposed method is insen-
sitive to the motion vectors of vehicles in occlusion.

3 Experiments

To demonstrate the effectiveness of the proposed meth-
od, we apply it and the method in Ref. [ 14] to two traffic
videos and define the tracking error of two adjacent vehi-
cles as

E=|C -C/|+]|C,-C} | (10)

where C, and C, are the two vehicles’ true center coordi-
nates which are determined manually; C| and C; are cen-
ter coordinates which are obtained by tracking.

In the first video, no occlusion occurred but a couple
of vehicles were close to each other. The tracking results
are shown in Fig. 7. Due to the closeness, they were con-
nected together and a false occlusion was created by the
method in Ref. [14]. By contrast, they were still separa-
ted and tracked well by the proposed method.

(b)
Fig.7 Experimental results of the first couple of vehicles. (a)
The tracking results of the method in Ref. [ 14]; (b) The tracking results
of the proposed method

In the second video, there are 19 pairs of vehicles in
occlusion. If the tracking error exceeds 20 pixels, we
consider it a failed tracking. As a result, the method in
Ref. [14] and the proposed method can respectively track
14 and 17 pairs of vehicles. Three pairs of vehicles can-
not be tracked well by the method in Ref. [ 14] because of
their similar motion vectors; and two pairs of vehicles
cannot be tracked by both methods because the occlusions
occur at the beginning of tracking and the vehicles’ initial
locations are difficult to obtain. Fig.8 shows the tracking
results of a pair of vehicles which have similar motion
vectors. V, and V, are motion vectors of the upper vehicle

(b)
Fig.8 Experimental results of the second couple of vehicles.
(a) The tracking results of the method in Ref. [14]; (b) The tracking
results of the proposed method
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and the lower vehicle, respectively, and in the tracking,
the distance between them is less than 4 pixels. In the left
images, V, ={ -2, -4} and V, = { -3, -6}. In the
middle images, V, ={ -2, -4} and V,={ -3, -5}. In
the right images, V, ={ -1, -3} and V, ={ -2, -4}.

The tracking errors of two pairs of vehicles are shown
in Fig. 9 and Fig. 10, respectively. The above experi-
ments demonstrated that the proposed method can track
vehicles under occlusion more accurately than the method
in Ref. [14].
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Fig.9 Tracking errors of the first couple of vehicles
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Fig.10 Tracking errors of the second couple of vehicles

4 Conclusion

In this paper, a novel vehicle tracking algorithm based
on blocks is proposed. The vehicle is divided into a group
of blocks, in which the edge block can overlap its neigh-
boring block. The advantage of this division method is
that the target vehicle is influenced little by its neighbor-
ing vehicle in tracking. Then the noise motion vectors of
blocks are detected and adjusted. Based on the adjusted
motion vectors, the blocks are moved to update the
vehicle’s location. When a vehicle is occluded by another
vehicle, we establish a Markov random field to segment
the occlusion region. In the Markov random field, the
neighborhood system is defined using the Euclidean dis-
tance and the energy function is built based on the block’s
histogram rather than the vehicle’s motion vector. This
allows vehicles under occlusion which have similar mo-

tion vectors to also be segmented accurately. Experimen-
tal results demonstrate the effectiveness of the proposed
method.
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