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Abstract: In this paper, a new video tracking method based on multi-feature fusion and H.. filtering is
proposed. We extract color spatial distribution feature, target contour feature and edge gradient histogram
of video targets, and calculate the matching degree between the candidate feature and target feature. The
color spatial distribution feature includes not only the color statistics but also the pixels position
information, which can avoid the misjudgment caused by only using color statistics matching, and hence
improve the color matching accuracy. An efficient contour extraction method based on wavelet transform
combined with three consecutive frames difference and dynamic background updating is introduced as well.
The normalized divisional contour mean value vector is employed to calculate the contour matching degree.
Moreover, target edge gradient histogram is calculated to further improve the matching accuracy. We fuse
these three features and calculate the final matching degree by using linear weighted fusion method. To
boost the efficiency of features extraction and fusion, thread pool and multi-thread synchronization are
adopted. A robust video target motion state estimation method based on H. filtering is presented to
recursively estimate and predict the target state which can narrow the scope of features searching and then
greatly improve the efficiency and accuracy of features extraction. Compared with the Kalman filter, the He,
filter makes no assumptions in process and measurement noise but has the similar efficient recursive
equations. Therefore when the noises are non-Gaussian distributed, the H. filter-based visual tracking
systems have better performance in robustness.

Key words: Video tracking, multi-feature fusion, color spatial distribution feature, contour extraction, edge
gradient histogram, Ho, filtering.

1. Introduction

Video tracking refers to the process of measuring the real-time locations of moving targets over time.
Video sequence consists of consecutive frames which can be separated into foreground and background.
The moving targets belong to the foreground and the rest of image belongs to the background. So in other
words, video target tracking is to detect, associate and locate the foreground targets in real time. Video
targets detection refers to utilizing image processing technology, combining with intra-frame and
inter-frame analysis methods to discover the moving targets in video sequence. A high-performance video
detection algorithm is beneficial to the robust and accurate video tracking. Likewise, video tracking
calculates the real-time locations of moving targets, which helps to narrow the search range and boost the
search speed for video detection. Therefore, detection and tracking can complement and promote each
other [1]. Since the frame-rate of video sequence can reach up to 25 per second and the image signal is
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susceptible to all kinds of ambient factors, hence the video tracking systems have high requirements in
accuracy, robustness and real-time performance. Current researches for video tracking mainly focus on the
following aspects [2]: video tracking based on regional correlation; video tracking based on feature
matching; optical flow calculation; motion estimation and prediction.

The principal idea of regional correlation is to search current frame to find out the regions which have the
maximum correlation with the regions of interest in reference frame [3]. The specific approach is to move
the target region of reference frame along the current frame and calculate the regional correlation; the
position with maximum correlation is the offset of target relative to the reference frame. Regional
correlation-based tracking method is insensitive to the slight change of illumination, but susceptible to the
deformation and scaling. Optical flow is the pattern of apparent motion of objects, surfaces, and edges in a
visual scene caused by the relative motion between an observer (an eye or a camera) and the scene [4].
Optical flow reflects the relationship between gray scale change and target motion. To represent gray scale
instantaneous gradient of target edge, optical flow vector is employed. All optical flow vectors constitute the
optical flow field. ]. L. Barron et al. summarized current optical flow researches and divided them into four
categories [5]: differential method, region-based block matching method, energy-based method and
phase-based method. Usually, video tracking methods based on optical flow calculation outperform other
methods in target detection accuracy, but fall behind in real time performance.

Features matching based tracking methods extract target features which can describe video target
robustly, accurately and discriminatively, and then calculate the matching degree between the candidate
target and reference target by using the efficient matching algorithms. Video target features can be
classified as visual features, statistical features, transform coefficient features, geometric features, algebraic
features and dynamic features, among which visual features such as the color histogram are the most
frequently used features. Actually, feature matching-based tracking experiences a complex process of
feature extraction, target modeling, target matching and model updating. The moving targets may be
deformable and scaled, as well as, inevitably affected by ambient noises and interferences. Therefore, the
target features can hardly remain unchanged. Single feature is insufficient to describe video target. It is
preferred to select a group of features which are relatively stable and easily extracted to describe the
moving targets efficiently and accurately. For rigid targets, the corner, scaling and normalized color
histogram can be considered as stable features. The extracted feature group should be processed by an
efficient fusion algorithm to realize real time matching and tracking. Multi-feature fusion strategy is more
robust and preferred to describe moving targets, especially the detection and tracking for non-rigid targets.

Motion estimation and prediction methods can be divided into two types: intra-frame estimation and
inter-frame motion estimation. Intra-frame estimation and prediction is based on the estimation of motion
blocks, which helps to reduce the code rate [6]. However in practical applications, intra-frame estimation
and prediction can lead to a large amount of calculation due to the intra-frame block matching and
compensation operation. Inter-frame estimation mainly employs state filters to estimate and predict the
motion state of moving targets. The objective of state filtering is to remove the noise from the
measurements and produce more accurate estimation. The filter can predict the motion state of targets in
the next frame via combining current measurements with the estimated value at previous frame.

Video tracking systems face lots of challenges such as target occlusion, deformation, scaling, and
illumination variation. In this paper, we propose a robust video tracking algorithm based on multi-feature
fusion and H filtering. In Section 2, the color spatial distribution feature, contour feature and edge gradient
feature are efficiently extracted. In Section 3, the multi-feature fusion method is proposed and optimized to
calculate the matching degree and update the target feature. The video target motion state estimation based
on Ho filtering is discussed in Section 4. The performance evaluation of the video tracking algorithm is
presented in Section 5 and the conclusion is given in Section 6.
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2. Fast Extraction of Multiple Features for Video Targets

2.1. Color Spatial Distribution Feature Extraction and Matching

Usually, different moving targets have different color distributions and the color histogram statistics can
be used to represent the color distribution. The color space is divided into several color ranges or called
‘bins’, each of which indicates the number of pixels with a particular color. The whole process is referred to
as color quantization. Compared with RGB color histogram, HSV color histogram is more practical and can
directly describe the color distribution. The conversion from RGB space to HSV space [7] can be given by

60" x (5 =2 mode),Cc. =R
AC
H=1:60 B -R 2),C. =G’ H <[0,360°
- X( AC + )’ max ~— E[l ) (1)
60°><(R —G +4),C . =B
AC

R'=R/255 (C,, =Max(R,G"B"
G'=G/255 , {C_. =Min(R,G'B"
B'=B/255 |[AC=C, -C_.

where

The Hue histograms of moving target at different time step are shown in Fig. 1(a)-Fig. 1(e).

1] H-S Histogram

(d)

Fig. 1. Hue histogram of the green car at different time steps.

Traditional color histogram does not consider the mapping relationship between the pixel color and pixel
position, in other words, it can only represent the global color distribution. Therefore, the regions with
different color distributions may have the similar color histogram. The color distribution in Fig. 2 and Fig. 3
are different, but their color histograms are the same, that is, only color histogram cannot differentiate two
regions. Stanley proposed video tracking method based on spatial histogram [8], but the computational
effort of the algorithm is large, especially the calculation of covariance matrices for the pixels at each bin of
the histogram is time-consuming.

81 Volume 5, Number 2, March 2016



International Journal of Computer and Communication Engineering

+

()
by
298¢
000¢
000
)000¢
$444
A

X
o
e + +

A

+4+4
+44
+4
it

A

090090,
9000000

A
o
+

+ 4

+

0
A

+

A
.
esd
50800
+4444

istribution of target region. Fig. 3. Color distribution o

[P
)

Fig. 2. Color candidate region.

In this paper, we propose an efficient and accurate color spatial distribution feature matching algorithm
based on hue histogram and density centroid vector combined with pixel mean value vectors. The
schematic of feature matching based on spatial color distribution histogram is shown in Fig. 4.
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Fig. 4. Schematic of feature matching based on spatial color distribution histogram.

The color density image is also called back-project image which reapplies the modified histogram to the
original image [9]. In other words, the pixels locate in the same bin are replaced by the relative histogram
bin values which represent the probability that the pixels belong to the video target. In video tracking
systems, the probability density centroid (mass center) can be calculated by the zero moment and first
moment of the probability density image. Let D(x, y) represents the probability density image, h(x, y)
represents the hue value of pixel (x, y), and Hist (h(x, y) represents the histogram of hue. Suppose the width
and height of the searching window is ‘W’ and ‘H’ respectively, then the zero moment can be given by

Moo =2 2 DO, y) =3 > Hist(h(x, y)) (2)
The first moment

Moy =22 yD(x,Y) = 3 yHist(h(x, y)) (3)

M,, = ZZ xD(X, ) =ZZxHist(h(x, y)) (4)

Suppose the probability density centroid coordinate of the searching window is O(Xy., Vo), the

geometrical center coordinate is O(Xg., Y4 ), then
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Xoc = Mg/ Mgy, Yoo =My I M (5)
Xee =W /2, yse =H/2 (6)
The probability density centroid vector Pep can be calculated by

Pop :"ﬁeonz arccos((My, / Mg, —W /2)/ ”ﬁGD ") )

[Peo|=(Myo / Moy =W 7 2)? + (Mg, / Mgy —H /2)? (8)

Assume the hue histogram is divided into N equal bins, that is, the pixels in the searching window are
divided into N groups.
Let Q(i) denote the pixel mean value vectors of the N group pixels, B(i) represents the hue value of the

ith bin, then

Q) = ||(j(i)||4arccosx||_QL(i)/”2 9)

where Hy = %%: H, ()

The commonly used methods for histogram matching include Chi-squared distance, intersection distance
and Bhattacharya distance [9]. Assume the target histogram and candidate histogram is H, (i)|\', and
H. (), respectively, N is the number of histogram bins. The matching degree M (Hr, HC) can be calculated

as follows:
Bhattacharyya distance:

Mo (Hy, He) = Jl—%i\/wwc(i) (10)
H, HN? =

o N
where Hi :%ZHk(i)
i-1

Chi-Squared distance:

_ 3 (H, () =He ()
Mes (Hy He) = 2 5o (1

Intersection distance:

M (Hr,Hc) =ZN:min(HT(i), H. (1)) (12)

Intersection distance-based histogram matching is the most efficient method; Bhattacharyya distance
matching has the best accuracy and the efficiency is close to that of intersection distance method. Therefore,
the Bhattacharyya distance is a preferred method to measure the similarity between the target hue
histogram and candidate hue histogram. The value of Mpp ranges from zero to one and the smaller the value,
the better matching the two histograms. In other words, if Mgp equals to zero, the two histograms are
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completely matched.

As mentioned above, two well matched color histograms can hardly reach the conclusion that the target
region and candidate region are similar. We need to further compare the pixel mean value vector and
probability density centroid vector with the corresponding vectors derived from the target region at
previous time step. The Bhattacharyya coefficient [10] is employed to measure the overlapping degree

between two vectors. LetV, =(p,, p,,... p,)" and V, =(q,,q,,....q,)" represent two n-dimensional vectors

respectively, the Bhattacharyya coefficient of these two vectors can be computed as following:

V', Zl PG
IP/ IV

F=cospg=

(13)

Actually, £ is the angle between vectors V, and V, ; the greater the Bhattacharyya coefficient, the closer

the two vectors. Suppose the normalized probability density centroid vector and pixel mean value vectors

at previous frame is R, and W(i) respectively. The Bhattacharyya coefficient between PcpandR,,, and
the coefficient between Q(i) and W (i) can be calculated as

— T =

Peo ‘R
Fop = == (14)

[Poo]|-[Re
()= W) -QG) i (15)
PM
ool
The matching degree for color spatial distribution can be computed as

MSpatiaI Color — ﬂl(l M BD) + 22 FGD +— z FPM (I) (16)

where 4 =0.2,4, =1, =04 are the weighted coefficients. The color feature of video target is vulnerable to

the variation of illumination, so it should be updated over time. When the color spatial distribution

histogram matching degree M >0.9, the target color spatial feature can be normalized and updated

Spatial Color

by

» Peo i Q(i)

Roo > ==
,/||ﬁGD|2 +e? .ﬂ|Q(i)|2 +e° (17)

HT (') |iN:1= HC (') ||N:1
where e isasmall constant.

2.2. Contour Extraction and Matching

Geometrical features of video target mainly include target contour, minimum bounding rectangle, area
and key points. Actually, video target contour is a curved line connecting the pixels whose gray value
significantly change in a digital image. Target contour feature is quite important for video target detection
and tracking. If the contour is obtained, the minimum bounding rectangle and centroid can be determined
as well. Video tracking systems have high requirement in real-time performance; therefore, the contour
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extraction algorithm should guarantee both the accuracy and efficiency. M. Kass proposed
energy-minimizing spline based active contour models which can lock onto video target nearby edges and
localize them accurately [10]. However, the spline has to be guided by the external user-imposed constraint
forces, in other words, the algorithm cannot locate the target contour automatically. Since the edge pixels of
video target have the maximum orientation gradient, hence the edge detection can be viewed as the process
of calculating the local maximum values and direction of orientation gradient. Traditional edge detection
algorithms are mainly based on the first-order and second-order differential operators among which the
Robert, Sobel and Prewitt operators are the first-order operators; the Laplacian, Wallis and Log operators
are the second-order operators. To simplify the calculation, convolution operation is executed between the
image and corresponding odd dimension template matrices which are used to replace complex differential
operations. Literature [11] introduced the target contour extraction method based on Canny edge detection
and adaptive background updating. However in some cases, the Gaussian smoothing filtering in Canny
operator can result in the loss of slight edge. In addition, differential operators are sensitive to noises and
easy to treat the noises as edge.

In this paper, we introduce an efficient and accurate contour extraction algorithm based on multi-scale
wavelet transform combined with three consecutive frames difference and background dynamic updating.
The schematic of target contour extraction is shown in Fig. 5.
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Fig. 5. Schematic of contour feature extraction for video target.

Wavelet transform has the intrinsic advantage in multi-scale analysis; it can decompose the signal into a
series of wavelet functions which are derived from the scaled and shifted mother wavelet [12]. Actually,
wavelet transform can be viewed as the linear combination of operators which represent the difference
scales and extract edge information with different levels. Wavelet transform based edge detection has good

performance in detection accuracy and noise immunity. Given a time domain signal f (t) € L*(R), the wavelet

transform of f(t) can be given by

Fan) =] 1or (o (18)

where y(t)is the wavelet basis (mother wavelet), " (t)is the corresponding complex conjugate form,

w(t) holds the following conditions:

y(t)e LZZ(R)
[ d=1 (19)
jf:t|y/(t)|2dt -0
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Parameters ‘a’ and ‘b’ represent the scaling factor and time translation respectively. To simplify computer
programming, we employ discrete wavelet transform which is based on scaling factor ‘a’ and translation
parameter ‘D', instead of time variable. To simplify the calculation and boost the efficiency of wavelet

transform, the scaling factor and time translation are both set as a multiple of 2°|}_,, that is, the wavelet

basis is shifted and scaled by powers of two. The discrete wavelet function is given by

W<p,q)=%w<2ip—q> (20)

The discrete wavelet transform coefficient

C(p.o)= % [ 10w G- (21)

In the case of image edge detection, discrete wavelet transform is implemented by filter banks .The digital
image is simultaneously decomposed into high-frequency and low-frequency coefficients by using
high-pass and low-pass filters [13] which should be quadrature mirror filters. High-frequency parts appear
sharp gray variation in small areas and represent the edge information. Conversely, low-frequency parts
have gradual transition in gray value and represent the main frame of video targets. The core idea of
multi-scale (multi-resolution) image edge detection is to use edge operators with different scales to detect
the pixels which have the maximum modulus. Let f(x,y) represent a digital image, the image can be

decomposed via wavelet transform into four parts : horizontal low frequency and vertical low frequency

fl(x,y), horizontal low frequency and vertical high frequency f? (x,y), horizontal high frequency and
vertical low frequency f. (x,y), horizontal high frequency and vertical high frequency f}, (x,y). The

schematic of multi-scale decompose for digital image is shown in Fig. 6. To boost the decomposition
efficiency and facilitate programming, we adopt fast wavelet multi-scale decompose method which is shown

in Fig. 7.
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Fig. 6. Schematic of wavelet multi-scale Fig. 7. Flow chart of fast wavelet multi-scale
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where P is the predefined decomposition scale, T is the binary threshold, Mrow._max f(x%, ¥) and Mcormaxf(X, V) is
the maximum modulus in the horizontal and vertical directions respectively; W and H are the width and
height of image. The time complexity of traditional wavelet transform is O(NlogN), while in the fast wavelet
transform, it can be reduced to O(N). The determination of scaling and basis function for wavelet transform
directly impacts the detection efficiency.

Consecutive frames difference method which calculates the difference value between two or more
consecutive frames is a highly efficient video targets detection method. The commonly used consecutive
frames difference method involves two consecutive frames difference and three consecutive frame
difference. Two consecutive frames difference is equivalent to perform the ‘OR’ operation of two adjacent
frames; it has a certain degree of robustness to the illumination variation. But meanwhile, two consecutive
frames difference can expand the detection region, and produce holes in the overlapping regions due to the
similar color distribution of two frames, as shown in Fig. 8(b)-Fig. 8(c).

Background Background Background Background

Foreground

Overlap region

k-1 [‘ A 1, 1 1, I,

(a) (b) ) (d)

Fig. 8. Consecutive frames difference.

Three consecutive frames difference is insensitive to the illuminance variation and scene change and can
avoid the expansion of detection region, but likewise, the detection result still contains holes which come
from the two consecutive frames difference. With the help of image morphological processing, most holes
can be removed. Suppose the three consecutive frames are k.2, Ir.1 and I, the two difference values are
computed as

BW, =im2bw(l, —I,.y) (22)
BW, =im2bw(|l,_, — 1, ,|) (23)

The final detection region BW, is the AND’ operation of BW, and BW,, thatis,
BW, = BW, NBW, (24)

The notation im2bm (-) denotes the image binarization processing. The detection result is shown in Fig.
9(d) As a supplement, background difference method based on background dynamic updating can quickly
detect and locate the video targets.

The background is susceptible to the ambient factors such as illumination variation and random noise;
therefore it should be updated dynamically. Let Bk represent the background frame at time k; P, (i),
represent the minimum bounding rectangles of the detected targets at time k-1.The dynamically updated
background can be given by

B, =B, +(-a)(1,s - YRl B =38 (25)

where « is the updating factor which ranges from 0.90 to 0.99; i1 is the video frame at time k; the initial
background frame can be obtained by calculating the average of the first twenty frames.
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¥

D

(d) Three frames difference; (e) Wavelet transform edge detection; (f) Target contour;
Fig. 9. Contour extraction based on wavelet transform and three consecutive frames difference.

Let f(x,y) represent the binary image which only contains video targets, W and H denote the width and

height of the minimum bounding rectangle of target contour. The horizontal coordinate of target contour
ranges from xo to xo+W, the vertical coordinate ranges from yo to yo+H. The centroid of the contour can be

given by
WX H+y, W%y H+Yo
35 xf(xy) > > yfxy)
_ X=Xy Y=Y _ X=X Y=Y
X, = W+ H+Yp Yo = WXy H+Yp (26)
> > ) 2 2 fxy)
X=X Y=Y X=X ¥=Yo

The centroid moment of target contour

W+xy H+y,
2 2 =X )y =y f(xy)
Cm = L y:yow-v-xo H+y, (27)
2 2 fxy)
X=X ¥Y=Yo

Let (X[i],Y[i])|iN:51 represent the coordinates of target contour which have been obtained through

aforementioned algorithm, where N is the number of contour pixels. The normalized contour mean value
vector can be computed as

Sk Sy,

V — i=0 i (28)

(x| [ Svin-v.

Let C,(k—1)andV, (k-1) be the centroid moment and normalized contour mean value vector at time

k-1 respectively, then the target contour matching degree

C,(k-)-C,(K)

M =411
contour ﬂl[ Cm (k _1)

YARY
- ) (29)
j Vo - V|

88 Volume 5, Number 2, March 2016



International Journal of Computer and Communication Engineering

2.3. Edge Gradient Feature Extraction

Mathematically, the derivative can be used to measure the change of function value with respect to the
change of variable. Likewise, the image edge gradient can be used to represent the gray change of pixels.
The gradient G(x, y) for each pixel (x, y) in image f{x, y) can be computed as

L ERGy) | [of(xy)/ox
G(X'y)_{fy(X,Y)}_[af(x,y)/ay} (30)

Actually, the differential operation in image processing can be replaced by difference operation [14]. The
aforementioned first-order derivative can be transformed by

f(xy)=fxy)-f(x=1y)

f,(xy)=f(xy)-f(xy-1) (31)

The norm of gradient at pixel(x, y)

N, y) = (F (6 y) = F (=L ) + F(xy) = (6 y-1)° (32)

Apparently, the edge pixels have larger gradient than neighboring pixels. In this paper, we employ
divisional edge gradient histogram (EGH) to compare the candidate contour with target contour. The EGH
can be defined as:

He =[h, 1y, 1, ] (33)

The whole orientation is preferred to be divided into nine equal parts, so the angle for each part is 22.5

degrees, h |, represent the weight for each direction.

We have obtained the contour of candidate target via wavelet transform combined with multi-frame
difference and background difference in part B. To boost the matching degree, the full contour is divided
into four parts which separately locate in four quadrants as shown in Fig. 10(c); the EGH for each contour
segment are calculated and shown in Fig. 10(d)-Fig. 10(g). The origin of coordinate is the centroid of video
target.

(a) Original image (b) Edge extraction (c) Four quadrants contour

R Weight(%) . Weight(%)
Weight(%) Weight(%)
2] Quadrant | 30 quadrant n o Quadrant 111 a0 Q:ladrant v
s h =1 S h=1
;h‘ =1 21: zllh =1 .Z‘
20| 20 204 20
h h, h,
A h h, hy
hy hy : ty n L
10 h, h " h 10 i h b fe h 10-] " hop e h, 104 h N i h h
Mlalaldn. (RAQAA&NAN Tifadniddn. (adRAeddad
Orientation (0 ~ 77) Orientation (Q ~ ,; Orientation (0 ~ ) Orientation (O ~;)
(@) (e) ® (g)

Fig. 10. Divisional edge gradient histogram.
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Let H¢ ,H¢ ,,Hc ,, and H. ,, represent the EGHs of the candidate contour in four quadrants.

Suppose the corresponding reference EGHs are R. ,R. , R , andR. ,,, the Bhattacharyya distance

between H. , and R;, can be calculated by

BERJ :\/l_ZQ:JHE| (i)HR|(i)/9\/H E_I 'ﬁE_I (34)

where H :%iH(i), H(i)=h,

Similarly, we can calculate B, ,,Bg; , and B, ,, . The target contour matching degree based on EGH can

be given by

MEGH = (4_(BER_I + BER_II + BER_III + BER_IV))/4 (35)

3. Multi-feature Fusion and Algorithm Optimization

The color spatial feature, contour feature and edge gradient histogram should be extracted
simultaneously in a certain local region which is predicted by motion state estimator. As well as, the
matching degree of the three features are computed. We adopt linear weighted fusion method [15]-[17] to
calculate the final matching degree which is given by the following equation:

My =M

m +a,M + Mgy (36)

SpatialColor Contour

where «,,a,,a, are the corresponding weighted coefficients which in general are equal each other
However, when the illumination changes frequently, a; should be assigned smaller value than other two
coefficients. Likewise, if the moving target is non-rigid object, o, and «, should be smaller thane,.

The video tracking systems have high requirement in real-time performance. However, the extraction and
fusion for multiple features would definitely cost a large amount of computational effort. Therefore, parallel
computation would be particularly important. In this paper, an efficient thread-pool model is introduced to
simultaneously extract multiple features. On a single processor platform, multi-thread is performed by
time-division multiplexing, while for a truly multi-core system, multi-thread can be concurrently
implemented. In this thread-pool model, we create twelve threads which are responsible for respective
functions.

‘Thread_TFD'’ is to perform three consecutive frames difference and detect video targets; ‘Thread_BD’ is in
charge of background difference; ‘Thread WT’ takes charge of discrete wavelet transform; ‘Thread_Contour’
is the thread in charge of integrating the result from aforementioned three threads and calculating the final
target contour. ‘Thread_PDCV’ is responsible for calculating the probability density centroid vector of image;
‘Thread_EGH’ takes charge of the extraction of EGH feature. ‘Thread_PMV’ is for the calculation of pixels
mean value vectors; ‘Thread_NCH’ is used to calculate the normalized color histogram and its matching
degree. ‘Thread_Fusion’ is used to fuse different video features and calculate target matching degree and
then send the result to the main thread. The schematic of thread-pool model for multi-feature fusion is
shown in Fig. 11.

Multi-thread synchronization technology plays an important role in guaranteeing the efficient operation
of thread-pool. On the windows platform, we can employ event notification and synchronization functions,
as shown in Fig. 12, to realize multi-thread synchronization.
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Multi-thread synchronization based on event notifi-

cation in contowr extraction
void InitialEvent()
{
for(int =0 < 3:i+=)
{
hContourE vent[i] = CreateEvent (NULL. TRUE FALSE,"1"):
ResetEvent(hContouEvent[i]):

¥
DWORD WINAPI Wavele:Trars form(LPVOID lpParam)/* Thread WT*/
{

DiscreteWT ()

Cl'hread_TF[D (Thread_BD) Crhread_WT) ) SetEvent(hContourEvent[0]):
DWORD WINAPI ThresFramssDiff (LPVOID IpParam)/ *Thread_TFD* /
AdfacentFramesDIfF ().
\ SetEvent(hContowrEvent1]);
» Targets 3 : . .
Thread_Contour ot ?WORD WINAPI BackgroundDgf (LPVOID lpParam)/ *Thread BD*/
BackgroundFrameDiff ();
SetEvent(hContourEvent[2]):
¥
Y DWORD WINAPI ContourExtraction(LPVOID lpParam)/ *Thread_Contour® /
‘ Thread_EGH ‘ Thread_FusioDH Thread_Main ! s,
{
int IResult = WaitForMultipleObjects (3. hContourEvent, TRUE . 50):
if{(IResult — (WATT_OBJECT_0+2J)
Thread_ColorSpace I ¢ B
Thread_Predict ;fnﬁ_w‘g%%no;
B
6’ hread_PDC\b Thread_PMV ) (Thread NCH 3 ¥
Fig. 11. Multi-feature fusion and algorithm. Fig. 12. Multi-thread synchronization.

4. Motion State Estimation Based on H Filtering

Multi-feature extraction methods based on global image searching tend to be time-consuming and
impractical. Actually, there is no need to search the entire image to extract target features. Video targets
such as vehicles and pedestrians move according to a certain motion law. We can utilize an efficient filter to
estimate and predict the motion state of video targets [17]. The velocity and location are the two motion
states of video targets. The top left corner of the image is the origin of coordinate in Fig. 13.

Fig. 13. Motion state representation of moving targets.

Suppose vy (k) and vy, (k) are respectively the horizontal speed and vertical speed of the moving target at
time step k; xc (k) and y. (k) represent the target centroid coordinate. The dynamic characteristics of video
target can be given by

v, (K) =V, (k-1) +v, (k-1)T
v, (K) =V, (k-1 +v, (k-T

X (K)=x (K-D+v, (k-)T +T?, (k-1)/2 (37)
Y. (K) =y (k-D)+v, (k-DT +T?, (k-1)/2
where T is the sampling time interval. The system state can be represented as:
X =[x %00 vk v,
(38)

v 4 = % ® _TXC(k SRR ACEACE)

T

91 Volume 5, Number 2, March 2016



International Journal of Computer and Communication Engineering

The motion state model and observation model of video target can be built as follows:

T2
1 0T O 7
01 0T T?

Xy = 100 T Xea + 7 Uy (39)
01 0 O T
T

Y =[1 1 0 0]X,

In practical applications, the motion state of moving target is easy to be affected by some uncertain
factors such as movement resistance and ambient variation [18]. As well as, the measurements of motion
state are impacted by unpredictable noises. Therefore, we need to modify the system model and
observation model as follows:

= =)
o oo -

T2
0 2
i X+ g Uy + W, (40)
0 T

T

Yo=[1 1 0 0]X,+v,

The Kalman filter, known as the optimal linear quadratic estimator, is widely used in tracking systems. It
utilizes present measurement and previous updated estimate, combining with recursive equations to
predict and update the state at the current time step. Therefore, the Kalman filter is one kind of highly
efficient recursive filter which can estimate the state of linear dynamic system from a series of incomplete
measurements and noise. Usually, the probability density function (PDF) of noise in Kalman filtering is
assumed to be known. More specifically, the Kalman filter requires prior knowledge of the process and
measurement noises, so the optimal state estimator based on the given PDF of noise can be designed.
However in the real world, it is difficult to obtain the noise distribution model. Moreover, the Kalman filter
only minimizes the expected value of the variance of estimation error [19].

In the process of Ho filtering, the noises are assumed to be the worst case and the filter desires to
minimize the worst-case estimation error [20]. So compared with the Kalman filter, the Ho, filter has better
performance in robustness and accuracy when having no knowledge about system model and disturbance
model. In addition, the Ho filter has the similar recursive equations with the Kalman filter, which makes it
highly efficient in practical applications. Hence the Hw filter can also be seen as the robust version of the
Kalman filter [21], [22].

To solve the H. filtering problem, G. Zames proposed frequency domain method [23], U. Shaked
presented transfer function method [24], Z. D. Wang introduced an algebraic matrix inequality [25] method
to solve the H. problem and designed a variance constrained state estimator for linear discrete
time-invariant systems with parametric uncertainties in both the system model and measurement model. Y.
S. Hung proposed a unilaterally coupled Riccati difference equations approach to analyze the performance
of robust Ho, filtering over a finite horizon discrete time variant system with unmeasured but admissible
perturbations, and derived the sufficient conditions satisfying state estimation error variance constraints
for the state estimator [26], R. Banavar discussed a game theory approach to Ho filtering [27]. Consider the
discrete-time dynamic system shown as follows:

X = AKX+ W,
Y, =C. X, +v, ,ke(ON-1] (41)
Z, =L X,
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where w, and v, are the noises which could be random or deterministic, but not must be zero mean.
X, eR" is the state vector; Y, e R* is the measured output vector; w, e R*. Matrices Aj, Ck have

corresponding dimensions. The system matrix Ak is non-singular, which means the dynamic system should
be controllable. Likewise, the eigenvalues of measurement matrix Cx are none-zero, that is, the system is
observable. Z; is the output to be estimated, it represents a linear combination of system state X, via

user-defined full rank matrix Lr. Suppose the estimate of Z, is Z,, estimation error Z, =z, -Z,, the
initial value of state estimation is X,, the initial estimation error X, =X, -X,. The He filter aims to
compute Z, based on the measurements up to and including previous time step, and minimize the
estimation error Z,. While the process and measurement noises tend to maximize the estimation errorZ,

that is ,both sides desire to realize profit maximization. The cost function in game theory [28] is suitable for
equilibrate the estimation error and natural noises, it is designed as follows:

=z

-1

=

2

My

Il
o

J= (42)

k
N
+

k=l

2 1
Al Il

%,

where M,,PR,,Q,,R, are symmetric positive definite weighting matrices and generally user-specified based

Rt

on real world applications. Py denotes the role of the initial estimation error X,, Q, and R, respectively
represent the influence of process noise and measurement noise to the filter. M, represents the different
treatment on the elements in Z,; N is the current time step. The weighted 2-norm of an nx1 vector is

computed as
X[ = X"PX, X[, =¥XTPX (43)

The designer of the H. filter and the disturbances are the two game players. The H filter desires to

obtain the minimum estimation error Z,, however, the disturbances such as wk and vk would definitely

maximize the estimation error. Actually, it is difficult to directly calculate the minimum value of the cost
function J. In the Ho filter, the cost function has a user-defined performance bound which makes the He
filter more robust than the Kalman filter. In the extreme case, when the performance bound goes to infinite,
the Ho filter turns into the Kalman filter. Suppose the performance bound is 1/, then

NS ~ N-1
w=2 ], 1%l - 2w, o M) <0 (44)
According to the dynamic system equation (41), we have

Zk =L (X, - )zk) (45)

For a linear discrete-time system, the measurement noise can be denoted by measurements and state
value:

Vi =Y, —C X (46)
The Ho filter is to minimize the cost function J; via seeking the optimal state X, when the noises wi and vk
are in the worst case. So the Ho filtering problem can be converted to solving minimax problem [29], that is

J, =min max (J,) (47)

X XoiW, Y

The minimax problem can be interpreted as two steps: calculate the maximum value of / with respect to
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Xo, wi, Yi; calculate the minimum value of / with respect to X, . The inequality (44) can be transformed into

o Il i) <0 (48)

The updated covariance of estimate error can be computed by the following discrete-time Riccati
equation [30]:

Py = AR —aLM, LR +CRICRITA +Q, (49)
The updated state estimate
X1 = (A —GCHX, +GY, (50)
The Ho, filter gain is given by
G, =Rl -aLM LR +C/R'CRI'CR’ (51)

In this paper, color spatial distribution feature, contour feature and edge gradient feature are extracted,
and the corresponding target matching degrees are calculated. We utilize weighted linear fusion method to
obtain the final matching degree between the candidate region and target region, if the matching degree is
more than user-specified threshold, that means the video target is found; the features will be updated.
Otherwise, the new searching and matching in the same frame will be performed. The location
measurements are chosen as the input of the H. filter which has been initialized the parameters such as
initial state Xo, covariance Py and the weighting matrices M, Qx,Rx .The updated motion state calculated by
the Ho filter is fed back to the features extraction to avoid global searching, and speed up the searching and
matching. If the moving target is partially occluded, the matching degree based on multi-feature fusion
would definitely reduce. We can calculate the threshold range when partial occlusion occurs. If the moving
target is totally occluded, the matching degree will be a small value goes to zero. The schematic of video
tracking based on multi-feature fusion and Hw filtering is shown in Fig. 14.

,/ Searching
| Position Updating

‘/ Color Spatial

Feature No
("~ Video (- A (- Multi-feature /Matching
| Sequence | Grab a Frame | Contour Feature el — Degree M
T = Yes
‘/Edge Gradient
4 Update Feature Filter ‘/ Features
\ Searchmg Scope Initialization Updating
A
Target Location
‘ k|k k‘k ‘_{ XkIk L7 Tkk-1 H(MeasurementY)
A

‘/Vldeo Target I
Association

Fig. 14. Schematic of VldeO tracking based on multi-feature fusions and Hw filter.

5. Experiment

To evaluate the video tracking method based on multi-feature fusion and Ho filtering, we mainly focus on
the tracking accuracy and robustness. A standard test video sequence ‘PEST2001’ with resolution of
768x576. We can calculate the matching degrees as shown in Fig. 15.

The blue car is totally blocked by the tree from the 380t frame to 400t frame; in the meantime, the
measured data are missing. Since we are interested in the position and velocity of video target, the linear

combination L is assigned as identity matrix. The weighting matrices of the H_ filter can be initialized as

follows:
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12 0 0 2 1 000 03 0 0 O
0 510 0100 0 03 0 O
Fo= 0 15 O'Mkfo 01 O'ka 0 0 01 O
2 001 0 001 0 0 0 02

The initial motion state of the blue car
X,=[0 288 10 10]
The performance bound of the H_ filter
/A= % =>A=2

By contrast, the Kalman filter is employed to track the same video target. The process noise w, and
measurement noise v, are assumed to be uncorrelated at each time step. Let Q and R, respectively

denote the covariances of w, andv,, then

w, ~N(@©0,Q), v, ~N(O,R,)

02 0 0 O 01 0 0 O
0 02 0 © 0 01 0 O
Q= 0 0 02 O Re= 0 0 01 O

(C) 381st frame (M=0) (d) 420th frame (M=0.75) (e) 420t frame (M=0.92)
Fig. 15. Matching degree calculated by multi-feature fusion.

If there is no other disturbance when the video target moves, the actual target trajectory can be
calculated by Kalman filter based method; difference value method and our method are shown in Fig.16(a).
When the moving target is occluded from the 380t frame to 420t frame, the difference method cannot
track the video target, however the Hs filter and Kalman filter can still estimate the motion states, and the
Ho filter based method proposed in this paper has a similar performance in accuracy with the Kalman filter,
and both have good fitting degree with the actual trajectory. However, the process noise and measurement
noise sometimes cannot always be Gaussian. When the impulse noise was introduced into the video
sequence from the 200t frame to 250t frame, the blue scatterplot in Fig.16(b) has better fitting degree
than the Kalman filter.

It can be seen from Fig. 17, the blue curve has the smaller RMSE in both the X and Y directions, especially
the frame range that the non-Gaussian noises may affect. The experiment shows that when the
measurements are missing in short time, the Ho filter can still track the video target. When the video target
is occluded, difference method cannot detect and track the target. When the non-Gaussian noises are
imposed to the tracking, the Kalman filter cannot realize optimal motion state estimation, however, the He,

95 Volume 5, Number 2, March 2016



International Journal of Computer and Communication Engineering

filter can still work well.
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Fig. 16. Trajectories comparison between different methods.
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Fig. 17. Root mean square error (RMSE) comparison.

6. Conclusion

This paper includes two main contributions. Firstly, we proposed a multi-feature fusion method to
describe video target. Color spatial distribution feature includes not only the color statistics but also the
color spatial position information, which can provide better accuracy in color feature matching. Wavelet
transform combined with three consecutive frame difference and dynamic background updating is adapted
to accurately and efficiently extract target contour and centroid information. Moreover, the normalized
contour mean value vector and edge gradient histogram can further boost the accuracy of matching degree.
Single feature cannot be viewed as the discriminative feature for video tracking, multi-feature fusion and
matching have a better immunity to the variation of ambient. We fuse these three features and optimize the
fusion algorithm via thread pool and multi-thread synchronization. Secondly, we introduce Ho. filtering to
estimate and predict the motion state for video target. The Hs filter does not have to know the prior
knowledge of the noise. When the process and measurement noises are non-Gaussian distributed, the
Kalman filter cannot be an optimal linear filter; however the Hw filter can still estimate the motion state in
the case of worst noise. In addition, the He filter updates the state by using efficient recursive equations
which are similar to those of the Kalman filter, therefore, the Ho, filter based video tracking can guarantee
both robustness and efficiency.
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