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ABSTRACT

In this paper, some important algorithms in the field of target detection and tracking are optimized.
Firstly, Gaussian modeling is performed in the color space for the dynamic background, and the
priority is set for ranking. Then introduce adaptive Gaussian component number mixing, adaptively
change the weights, and adaptively change the number of mixed Gaussian components according to
the pixel color change in the scene to improve the convergence speed of the complex scene. Finally,
Kalman filtering and mean drift algorithm are combined to ensure the robustness of target tracking in
complex scenes. The single-frame detection time, accuracy, and average tracking error of the algorithm
designed in this paper are examined on the dataset, and it is found that the time consumed by the
algorithm in this paper in the three scenarios is 242ms, 323ms, and 274ms, respectively, with the
highest accuracy of 96.9% and the average tracking error of only 1.5 pixels. The optimization algorithm
designed in this paper is able to adapt to the slight disturbance of the background scene and overcome
the influence of noise and ambient lighting, which is a target detection and tracking algorithm with
good robustness.

Keywords: image filtering, Gaussian component, Kalman filter, target detection

1. Introduction

With the development of artificial intelligence technology, many scholars are committed to making
computers have a “visual system” similar to humans. Computer vision is a greatly challenging and
important research direction in computer science. With the computer in the military, physical therapy,
security and video surveillance and other fields have more and more extensive role, the computer has
more and more influence on people, get more and more attention and concern, the application of this
technology becomes more and more feasible. The computer through its own camera to the outside
world image information acquisition, and will be converted into digital signals into the computer
system, the computer system simulates the human brain using computer-related technology to obtain
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the outside world information for analysis and processing, to achieve the perception of real-time scene
[1-3].

Motion target detection and tracking technology, as one of the important research directions in the
field of computer vision, is also the basis for a series of advanced semantic analysis and processing,
such as later motion target recognition and analysis as well as anomalous event analysis, and thus has
been widely studied by many scholars [4-7]. The detection and tracking technology of moving targets
integrates the knowledge of image processing, pattern recognition, intelligent computing, machine
vision and automatic control and other fields [8-9]. It is involved in visual navigation, traffic monitoring,
visual coding, military guidance, and security monitoring [10]. At present, the research on motion
target detection and tracking technology has made great achievements, and new techniques and
algorithms are constantly emerging [11-12]. However, in practical applications, the complexity of
natural environmental factors and the maneuverability of targets have interfered with the process of
target detection and tracking, resulting in inefficiency and even incorrectness of detection and tracking
[13-14].

Javed, S. et al. proposed a spatio-temporal structured sparse RPCA algorithm for the problem of
spatio-temporal structure loss of moving objects during target detection and tracking by using the
sparse components of the data as the eigenvectors of the spatial and temporal graph Laplacian and
solving the constructed objective function by using linear alternating directional multiplier method
[15]. Runz, M. et al. utilized the MaskFusion system for real-time recognition and tracking of multiple
moving targets, and its ability to output maps with real-time perceptual and dynamic semantic
features even in the face of complex scenarios, so the system can recognize and track multiple
independently moving objects [16]. Cao, ]. et al. proposed a target tracking algorithm in complex
scenes and applied it to the unmanned driving field, which was evaluated through experimental tests
and found that the algorithm possessed higher tracking accuracy and speed than other algorithms in
various complex scenes and showed strong robustness and anti-jamming ability [17]. Meimetis, D. et
al. showed that detecting the similarity and high density of targets as well as occlusion and viewpoint
changes during target movement are the main challenges in the task of real-time multi-target
detection and tracking, and proposed a real-time multi-target tracking framework based on an
improved depth ranking algorithm, which detects whether a target is successfully tracked or not based
on the previous frame of the image, and achieves a good result in the performance test [18]. Chen, C.
et al. developed a lightweight spatio-temporal network to sense temporal and spatial information in
complex scenes and consider the interaction between temporal and spatial information to significantly
improve the accuracy of target detection as well as the efficiency of real-time recognition [19]. Luo, W.
et al. combined deep neural networks with 3D detection to generate tracking and motion predictions
by performing joint inference on data collected by 3D sensors, which is robust to handling occluded
and sparse data [20].

This paper optimizes the traditional real-time target detection and tracking algorithm and designs
areal-time target detection and tracking algorithm based on adaptive Gaussian mixing with improved
mean drift. Firstly, the image in color space is transformed to space and components are combined to
remove the shadows of the complex scene. Then adaptive Gaussian mixing is used to realize spatio-
temporal features, adaptive learning control, adaptive variable weighting and adaptive model number
selection, so that the K Gaussian components of each pixel can be adaptively adjusted according to the
situation of the complex background and different lighting conditions. Finally, the mean drift algorithm
is combined with Kalman filtering to eliminate the effect of structural perturbations on the system and
realize the tracking of occluded targets. The algorithm is tested on a public dataset and compared with
traditional target detection algorithms to check its optimization effect.
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2. Method

2.1. Image Filtering and Gaussian Background Modeling

2.1.1. Color space conversion and image filtering:
1) Color space conversion. The color model consisting of the three elements of hue, saturation, and
luminance is referred to as the HSV model or HSI model.

Hue H represents the color information, i.e., the position of the spectral color in which it is located;
saturation S is a proportional value ranging from 0 to 1, which is expressed as the ratio between the
purity of the selected color and the maximum purity of that color. When S=0, there is only grayscale; V
represents the brightness of the color, ranging from 0 to 1, and there is no direct connection between
it and the light intensity. There are two important features of the HSV model: firstly, the luminance
component is separate from the chromaticity component, and the V component is independent of the
color information of the image. Second, the H and S components are closely related to the way people
perceive color. These features make the HSV model very suitable for image algorithms based on the
processing and analysis of color perception characteristics by the human visual system.

The conversion formula between RGB space and HSV space is as follows:

1
5((R—G)+(R—B))
H = arccos ifB<G

1

(R-G)’ +(R-B)G-B))*

J(R-G)+(R-B)
H =27 —arccos T ifB>G (1)
(R-G)’ +(R-B)(G~-B))*
5 Max(R,G,B)—-Min(R,G, B)
Max(R,G, B)
_ Max(R,G,B)
- 255

V

2) Image Filtering. Image noise is a random interference signal to which an image is subjected during
shooting or transmission. The suppression of these disturbing signals is called noise suppression of
the image. Almost all images have more or less noise, which will affect the effectiveness of image
processing.

The noise effect in an image system can be represented by adding a noise-free or very noisy image
signal f(x,y) andarandom noise signal 7(x,y) [21]. The observed image signal is:

g(x,y)=f(x,y)+n(x,y) (2)

The basic starting point of the denoising problem is to obtain an estimate of the original image from
g(x,y) thatisas close as possible to f(x,»).0One approach to suppressing additive noise is to linearly
filter the noisy signals in the image, which results in minimizing the mean-square error of averaging
over the image and the interfering system.

The spatial domain image f(x,») is converted to the frequency domain by Fourier transform, and
the original image is converted to £ (u,v). Then, the function H(u,v) processes the frequency
domain image F'(u,v), and transforms it to G(u,v). The result of the processing is then inverted by
the Fourier transform to obtain the spatial domain image g(x,). This process is the filtering process
in the frequency domain, where, H(u,v) is the filtering function. F(u,v) and H(u,v) are the
Fourier transform forms of f(x,») and #%(x,y) respectively, which have the following convolution
relationship:

fGay)*h(x,y) & F(u,v)H (u,v) (3)
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Gaussian filters are a class of linear smoothing filters in which the weights are selected based on the
shape of the Gaussian function.Gaussian smoothing filters are effective in removing noise that obeys a
normal distribution. The one-dimensional zero-mean Gaussian function is:

gy=e?”

(4)

To filter an image with a Gaussian function, the larger the Tuning O parameter, the wider the band
of the Gaussian filter, and the better the smoothing effect of the image.

2.1.2. Mixed Gaussian background modeling. Detection of moving targets in video with background
elimination is accomplished by using the current frame in the video and comparing it to a background
reference model. The most commonly used probability distribution to describe the color distribution
of background points is the Gaussian distribution.

Use 7(x,4,X) to denote the probability density function of a Gaussian distribution with mean #
and covariance matrix X. Since each pixel point is treated completely independently in the background
model, the descriptions of the background model in this paper are all for the same pixel point if not
otherwise specified. The single Gaussian distribution background model is applicable to the unimodal
background situation, which establishes a model for the color distribution of each pixel point
represented by a single Gaussian distribution 7(x,#,.%Z,), where the subscript # denotes time. Let
the current color metric of a pixel point be X . If 7(x,4,%,)< 7;, (here 7;7 is a probability
threshold), the point is determined to be a foreground point, otherwise it is a background point.

When the background model cannot be described by a single Gaussian distribution, traditional

Gaussian modeling methods cannot accurately represent the scene, resulting in false targets in target
detection.
1) Establishment of the background model. Define its distribution model for a pixel (x,,,) ina video
frame, and let the set of values taken by that pixel up to the 7 moment be
{Xl,,Xl} Z{I(xo,yo,l') .1 Siét} where [ is the video frame. If all historical values of this pixel are
approximated bya K Gaussian model, then the probability of observing the current pixel value is

P(Xazx)zza)i,jn(xnu[,j’zi,_/) (5)
i=1

where 7 is the dimension of X, which in the case of a grayscale image is n =1. To determine the
number of components for the model, Raja uses an approach that starts with a low-order Gaussian
model to compute the a priori probability and selects the components by iteratively dividing them and
evaluating the likelihood. In each iteration, the least likely component is found and divided into two
components, and the likelihood is recalculated for the legitimate dataset until the prior probability of
the legitimate datasefeakzs. Considering the reduction of computational complexity, the covariance
matrix is defined as 4 =0 1.
2) Update of backgro{ilnd model. In order to enhance the adaptability of the background model, the
hybrid Gaussian model needs to be updated for each distribution model according to the actual
situation. The update of the background model is to update its model parameters including the
parameters of the Gaussian distribution itself and the weights of each Gaussian distribution.
The weights are updated:
o, =(1-a0)a,;  +aM (6)

1,j-1

Where & isthelearningrate, if & istaken small, the ability to adapt to environmental changes
is low, and can adapt to slow environmental changes, or, given enough time, the model can eventually
adapt to environmental changes; if & is taken large, the ability to adapt to environmental changes is
strong, but it is susceptible to noise and not stable enough.
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Update of mean and variance:
For the unmatched Gaussian distribution, it is not updated, and for the matched i th Gaussian
distribution as follows.

% =(l-p)u,, +pX, (7)
Gz%t = (l_p)o-it—l +p()(t _:ui,t)T(*X; _:ui,t) (8)
where P:a77(Xa| luz,jao-i,j) .

O is the learning rate and 0<a <1, it reflects how fast or slow the background is updated, when
the learning rate & is high, the background changes will be incorporated into the background model
very quickly, when & is low, the background changes will be incorporated into the background
model more slowly. M, is the model matching operator, it only takes two values 0 and 1, it takes 1
when the new pixel value matches the model, otherwise it takes 0,and 7 is the threshold threshold.

{M,zl,if(X,—,u,)>T0'

M,=0,else ©)

More accurate automatic multi-person detection algorithms are needed for complex backgrounds
and changing lighting conditions in crowded scenes. In this paper, we propose an automatic
multiplayer detection method based on hybrid adaptive Gaussian mixture models that can effectively
handle complex backgrounds and illumination variations. The hybrid algorithm proposed in this paper
utilizes spatio-temporal features, adaptive learning control, adaptive variable weighting, and adaptive
model number selection, so that the K Gaussian components of each pixel can be adaptively adjusted
according to the situation of the complex bamboo scene and different lighting bars.

2.2. Multi-target detection algorithm based on adaptive Gaussian mixture modeling

2.2.1. Background Modeling and Motion Target Detection. In this paper, we propose a fusion of
Gaussian Mixture Model (GMM) and Improved Adaptive Gaussian Component Number K Mixture
Model (IAKGMM) algorithms, where observed pixels are modeled and updated by Gaussian
Component Number K adaptive mixture model to deal with complex backgrounds as well as multiple
people detection in crowded videos. The principle of the algorithm is shown in Fig. 1.

| Input video |
|

N 2
| Test phase | | Training phase |
[ romeconcrion |
Frame conversion
T L )
Application of advanced Traditional Current advanced
statistical methods (multi- foreground statistical methods for
Gaussian distribution) extraction method extracting prospects
I
1
GMM output | | IAKGMM output The hybrid method | GMM |
N N2 proposed in this paper |
Extraction Extraction N2 | AGGMM |
segmentation segmentation Extract the precise I
t t segmentation output
outpu outpu g utpu | IAKGMM |
The performance analysis of the method compared with other [
methods is presented in this paper | Mixed GMM |

Fig. 1. Structural block diagram of the proposed algorithm
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First, the historically observed pixels are modeled by K Gaussian distributions, and then the
probabilities of these pixels are estimated. Pixel-level background segmentation involves a binary
classification problem based on P(BG |x), where X is the pixel value at the moment # and BG
denotes the background class. The temporal distribution P (x) of the hybrid model is denoted as:

P(x)=> P(G,)P(x|G,)=Y 7, g(x; 1,;0,) (10)

m=1

The posterior probabilities can be expressed as (G, ) and P(x|G,), with G, being the Mth
Gaussian manifold though. The density estimate of P(BG |x) is shown below:

B i P(x|G,)P(G,)P(BG|G,)
P(BG|x)=> P(BG|G,)P(G, |x)=""1—f (11)
" 2. P(x|G,)P(G,)

Background subtraction determines whether a pixel belongs to the background (BG) or some
foreground object (#G). According to the Bayesian decision rule, whether a pixel belongs to the
background or foreground can be determined by their likelihood or probability ratio. To categorize the
background and foreground pixels, the Bayesian decision coefficient R is shown in Equation (12):

o P(BG|x) _ P(x| BG)P(BG)
" P(FG|x) P(x| FG)P(FG)

(12)

By using the above decision rule, the observed image cord values are categorized as moving or static
pixels.If R in Equation (12)is greater than 1, pixel X is decided as background; conversely pixel X
is decided as foreground. The target detection can be achieved by classifying the background pixels
from the observed values using the pixel value equations in the hybrid method proposed in this paper.

{background ,if (P(FG |x)) < b, .crou (13)
{ foreground ,if (P(FG | x))> by (14)

From equations (13) and (14), if the values of the observed pixels are lower than ..., these
pixels are considered as background pixels, and the pixels in other cases are considered as foreground
pixels. The initial value of the threshold bfherthold is set to 50, and the threshold value is adaptively
changed according to the observed values of the pixels.

A time interval 7 is set, and the sample pixels observed at the / moment are denoted as

X, Z{Xi,. . .,xiiT} and the observed pixels are classified based on the history of previous pixels. For

each new sample, the training dataset X; isupdated and re-estimated P(x|X,BG).However, in the
latest history sample, depending on the weight values of the Gaussian distribution, there may be some
pixels belonging to the foreground objects and the rest of the pixels belonging to the background pixels,
and the estimation should be denoted P(x|X,BG+FG) . The estimation model for the K
components is defined as:

K
Px| X;,BG+FG) =) 7,8(x:11,:0,:1) (15)
m=1
where [ is the unit matrix in the appropriate dimension. 7, denotes the mixing weights whose
values are non-negative and add up to 1. Givena ¢ moment new data sample X, the recursive update
equation is:

n <«r +ao —x) (16)

m m
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M, <1, +0,(al 7,)5, -
O <0 +0. (o) m XSS, —7) )
1 tch
Among them, &, =x" —u 0" = ma c. |
0 otherwise

The Marginal distance is used to determine whether a new sample is close to the Gaussian
component. A sample is defined to be “close” to a Gaussian component if the Marginal Distance of the
sample to the Gaussian component is less than three times the standard deviation. For ease of
calculation, the distance from the sample to the 772nd component is expressed as the square of the

distance, denoted as Dfn(x(t))=5£5m/ofi. If there is no component close to the sample, a new

component is created with the parameter set to 7, =, 4, =x"

»Oy =0y, and o, is the
appropriate initial variance. If the maximum number of components has been reached, the component
with the smallest weighting 7, is discarded.

Sort these M Gaussian distributions in descending order based on the value of 7,. A higher value
means a higher weight, which increases the probability of determining that the pixel is background.

The top B of these Gaussian components are taken out to approximate the background model.
$ 2
p('x|XT’BG)NZ”mg('x;Ium’O_mI) (19)
m=1
If these components are arranged in descending order of weighting 7., Eq. (20) can be obtained:

b
B=argmin, (Zﬂ'm >(1—cf)j (20)
m=1

The matching matrix A is constructed during the parameter selection process. it is a temporary
matrix containing the history of pixel values during the learning process. The dimension of matrix A is
set. The matrix A contains the weight values of the hybrid Gaussian model.

W, M, Win
a=| M M P (21)
WM,N WM,N WM,N
where the number of rows M, the number of columns N, and Wl,l’ Wz,z, """ s WM, n~ denotes the weights

of the mixed Gaussian.
Assume that x is a foreground pixel and for each of the K components of the blended Gaussian,
compute the following parameters;

U ERNTIY &) (22)

2.2.2.  Changing the number of Gaussian distributions in a mixture model. The number of Gaussian
distributions, K, is an extremely important parameter for the hybrid Gaussian model because it directly
affects the performance of the algorithm [22].

Suppose there are ! data samples, each belonging to a component of the GMM. The number of
samples belonging to the #nd Gaussian component is:

n,= o (23)
i=1
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M
The multinomial distribution assumed for 7, -s is given its likelihood function I' = Hﬂ,’:, . The
sum of the mixture weights is constrained to 1, Lagrange multipliers are introduced &' and the
maximum likelihood estimate (ML) is:

a M
—(logI'+A() 7, -1)) =0 (24)
or, p—
After removing A , you can get:
I
m) == ) (25)
i=1

The estimate of # sample is denoted as ﬂ,(nt) , which can be reexpressed in recursive form, and it

can be rewritten in recursive form as a function of the estimate 7 " of ¢—/ the sample and the

ownership d” of the last sample, as follows.

7 =7 +1/1(o? -7V (26)

m

The maximum a posteriori solution with the addition of the Delicacy prior is shown in equation (27):

M
ai(logl“+logP+/1(Z7rm -1)=0 (27)
M m m=1
where P= Hﬁ; , can be obtained:
m=l1
N R
) =—(Q 0\ —c) (28)
K I
/
where K= Z=1M (ZO,(,,O) —c)=t—Mc, Eq. (28) can be rewritten as:
m i=1
I1 —c/t
(1) — m
o 1-Mc/t (29)

t
where II, 2120,(,,0) is the ML estimate and c¢/¢ denotes the bias from the a priori estimate. For
larger data se%s':ﬂarger 1), the bias decreases. To obtain a small bias, a larger 7 can be chosen so
that the bias is fixedat ¢/¢=c¢; = ¢/T This means that the bias is all the same if samples with a data
setof 7 areused.Using ¢, = ¢/T the recursive equation is obtained as:
()

_ 0 . c
70 =g 1 (—2—— ) =1/t —T
1-Mc, 1-Mec,

(30)

Since only a small number of components M and ¢, are usually expected to be small, assume
1-Mc, ~1, As mentioned earlier, set 1/t to & to obtain the final modified adaptive update
equation:

n <7, +a(o”

=T, )—oc; (31)
2.2.3. Adaptive hybrid model parameter update. This method is applied to crowd videos in complex
scenes and is able to obtain accurate multi-person detection results. It shows better results with
crowds, swaying trees (dynamic background) and variable lighting. The realization steps are:

1) Initial K=1 , learning coefficients
a =0.01,bhreshold = 50, mean = u1,,, variance = 6~.,co— variance = ZK,Z , temporary matrix A, and

7, are Gaussian weights with standard deviation from 2 to 2.5.
2) Read in the video of the crowd scene, the number of frames is N and the number of Gaussian
distributionsis XK.
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3) Set the threshold value to start the learning process, XV indicates the number of rows and
columns in each frame. Set the time period as 7 and the observation momentas f.

4) Preprocess the noisy video and construct the temporary matrix A by starting the learning process
of GMM in the given crowd video.

5) Calculate the mean mearu, , variance Varianceofn and then the covariance matrix

co—variancZK .t

_ P
(BG/x")P(BG)

based on the observed pixels and select the larger ?2,,.4.. value to deal with the multinomial

distribution.

7) In the matching process, determine whether the current pixel and the observed pixel match. If the

match is successful, utilize IAKGMM and random update process.

8) For the polymorphic distribution, the threshold, learning rate, weights and the number of Gaussian

components K are dynamically and adaptively updated.

9) The prior weights 7,, mean #,, and standard deviation o, of the Kth Gaussian component are

adaptively adjusted.

10) If the current pixel does not match any of the K distributions, #..o. of the Kth distribution is

kept at its original value, and then, a new Gaussian distribution is added.

11) If the weights 7, are small, then the threshold 2.,...... changes as the weights are normalized.

12) In the hybrid approach, the GMM deals with gradual illumination changes and cluttered

backgrounds. IAKGMM utilizes a stochastic pass-approximation procedure to update the parameters

with the number of optimal hybrid components.

P(FG/x")P(FG), adaptively adjust the threshold value

6) Using decision rule R

2.3. Improved mean drift algorithm based on Kalman filtering

Kalman filtering can make up for the loss of tracking in severe occlusion and the inability to track fast-
moving targets that occurs when the mean-drift algorithm tracks targets.

2.3.1. System modeling. In the field of target tracking, the selection of target features, the
representation model of the target, the similarity measure, and the tracking algorithm, each of which
has an impact on the tracking effectiveness.

The histogram of the kernel function obtained by mean drift algorithm at the convergence point is
referred to as the observation model. The model obtained by Kalman filtering the observed model and
the target model after optimization is called the candidate model. In the kernel function histogram,
since each component is relatively independent, we filter and update each component separately.

For a dynamic system with linear, Gaussian nature, let k denote the sequence number state
equation of the frame as:

X =F % W, (32)

In equation (32), x; denotes the system state vector at moment &, and Em,k denotes the system
state transfer matrix.
w, denotes the state noise, Gaussian white noise with mean and covariance, respectively:

QO n=k

0 n+k (33)

Elw,]=0 Cov[wnw,f] = {

The observation equation for the system is:

Zp1 = Hk+1xk+l + Vi (34)
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In the above equation 2z, denotes the measurement vector of the system and #,. denotes the
system observation matrix. v, denotes the system observation noise, Gaussian white noise, is
independent of the state noise w;.Its mean and covariance are respectively:

R, n=k

0  n#k (35)

Elv,]1=0 CoVv,v/]= {

2.3.2. Updating of observational models. For two consecutive frames & —1,k, for each component
U, a one-step prediction equation and a measurement update equation are given according to Kalman
filter theory.

The one-step prediction equation is as follows:

xk|k—1 — Fk Xk—l\k—l (3 6)

In Eq. (36), ka " is the current result predicted using the previous state, and Xk "1 s the
optimal result ofthe preV1ouS state. This process, i.e., the system is updated. Using Pk | k— 1 to denote
the covariance of Xk k- Pk " to denote the covariance of Xk " then:

pf\k—l _ Fk Puk—uk—l AkT 4 Qk—l (3 7)

The measurement update equation is as follows:

After finding the prediction result of the current state according to the one-step prediction equation,
the measurement result of the current state is collected.

Combining the measurement results and prediction results, we can get the optimized estimate of
the current state X

Where Kg, isthe Kalman gain:

X = X 4 Kg (5 — HE XY (38)
deklek"’
ke = H P HT + R* (39)
Pukk is the covariance of the optimized estimate ka in the current state, then
Blk\k _ f;k\k—l —Kg, HF Puk|k—l (40)

2.3.3.  Kalman Optimal Filtering. Equation (32)(33) models a linear discrete system, since a linear
discrete system can be considered as a linear continuous system when the sampling period tends to
zero infinitely [23]. Therefore, we can realize the conversion of linear discrete system Kalman filter to
linear continuous system Kalman filter by the following method:

X(1) = A@O)x(1) + G(Ow(?) (41)
z(t) = H(t)x(2) +v(?) (42)

The equivalent mathematical description between Eqs. (32)(34) and Eqgs. (41)(42) can be expressed
by the following relationship:

x, = x(t + A1) (43)
By =F(t+AL1) (44)
z, = z(t + At) (45)

H, = H(t+At) (46)
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B =P(t+A,t) (47)
B =Pt+N,t+Ar) (48)
Kg, = Kg(t+Ar) (49)
0,,=0()/ At (50)

R, = R(t+At)/ At (51

Taking into account the Kalman filter formulation for discrete systems, we get

X(t+Af) = F(t+ A, 0)x(t) + Kg(t + Ar) [ z(t + Af)— H(t + A F (1 + At 1)x (1) (52)
X Af) o P(t+At,t)H" (t+At)

glr+ t)_H(t+At)P(t+At,t)HT(t+At)+R(t+At)/At (53)

P(t+At,t+At)=P(t+At,t)—Kg(1+Ar) H(t+At) P(t+ A, 1) (54)

As the discrete system model is transformed into a continuous system model, it can be approximated
by the following:

F(t+As,0)=1+A(t) At (55)
where ]=F(f,t), substituting the above equation into Eq. (44) yields
x(t+Af) =[1+ A1) Ar] x(r)

56
+Kg(t+A8)[ z(t + At)— H(t + A1+ A(6)A]x(1)] (>6)

Further changes as:
%ﬁ_m =A(t)x(t)+ W[z(f +At)— H(t+ A1 + A(t)At]x(2)] (57)

The above equation is obtained by taking the limit when Az —0:
(1) = AOx(0) + Kg(t)] 2() — H(t)x(1)] (58)
Equation (58) is the Kalman optimal filtering equation for a linear continuous system.

2.3.4. Kalman Filtering Combined with Improved Mean Drift Algorithm. In order to solve the
tracking problem in the case where the target is partially or fully occluded, an algorithm that combines
adaptive Kalman filtering with a modified mean drift algorithm is used in this section to realize the
target tracking in the case of occlusion.

Let set {X,iC },,:1,2,,“,,” be the candidate model of the tracking target in frame k. Calculate the
probability density estimate of the u(u =1,...,m) rd feature in the feature space of the target region
centered at this position as:

Yo =X
h

A =cgl{

Set {ka}b:I,Z,...,n is the observation model of the tracked target for frame £, and the probability
density estimate of the u(u =1,...,m) rd feature of the target feature space is computed as:

A Ny, —X
p,(y)= ChZ/{H—y -
i=1

]5[b(xi)—u] (59)

Jé‘[b(xl,)—u] (60)
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The matching process is the process of finding the maximum value of the similarity function, and in

each iteration of mean drift, the center position of the target region moves from yg to a new position
k

N

v 12

y(/; —X
h

ina)ig
i=1
» = ; (61)

n;, k
D08
i=1

k
Yo =X

h

In Equation (61), @, isthe weighting function expressed as follows:

-1

0= 5[b(x)-u] @ (62)

u

After obtaining ylk by computation, the distance between the old and new coordinates yg and

yf is computed Hyf—yé‘” If Hylk — Y, H<8 (€ is avery small threshold), it is read into the next frame,
otherwise it continues to compute the histogram of the kernel function of the candidate model

. k
centered on the new coordinates ).

3. Results and Discussion

3.1. Comparative Experiments on Performance Testing of Target Detection Algorithms

Three video test sets of different scenes from the online public database are selected for simulation
experiments to evaluate the performance of the target detection algorithm through the accuracy and
false detection rate of the motion target detection. This section of the simulation experiment is
completed under the Windows 10 operating system by configuring OpenCV3.3.0 with VS2017
simulation software.

The test videos V1, V2, and V3 are three video sequences selected from the online public dataset.
The traditional hybrid Gaussian algorithm, the traditional three-frame difference method, the classical
ViBe algorithm, the traditional mean drift algorithm, and the algorithm designed in this paper were
used to detect the moving targets in the three scenes, respectively.

The detection results of frame 165 of video V1, frame 82 of video V2 and frame 39 of video V3 are
selected for comparison.

The single-frame detection times of the five algorithms in the three scenes are shown in Table 1.

The time consumption of this paper's algorithm in the three scenarios is 242ms, 323ms and
274ms, respectively, and the time used for single-frame detection is higher compared to that of the
traditional three-frame difference algorithm due to the existence of the establishment of Gaussian
mixture model and the background updating, but the single-frame detection of the improved algorithm
in this paper is much lower than that used by the traditional hybrid Gaussian algorithm, and it is much
faster compared to that of the classical Vi Be algorithm and the traditional mean drift algorithm, the
processing speed is faster, and the algorithm has a complete detection result in three different
experimental scenarios while having a high computational efficiency, which ensures the algorithm's
real-time performance.

Table 1. The single frame detection of five detection algorithms is compared(ms)

Algorithm Scenario 1 Scenario 2 Scenario 3

Traditional hybrid gaussian algorithm 637 697 667
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Traditional three frame difference algorithm 77 83 74
Classic vibe algorithm 385 425 386
Traditional mean drift algorithm 297 368 332

This algorithm 242 323 274

In order to quantitatively analyze the accuracy of the improved algorithms for motion target
detection in this chapter, two commonly used judging criteria: accuracy DR and false detection rate
FAR are used to objectively evaluate the detection performance of different algorithms.

In this paper, the completeness of target detection is measured by the accuracy DR in the judgment
index, and the larger the calculated DR value is, the higher the completeness of target detection by the
detection algorithms used, and vice versa, the lower the completeness is. The accuracy curves of five
different algorithms for detecting moving targets in scene 1 are shown in Fig. 2. The accuracy curves
of the improved algorithms of this paper for target detection in three different experimental scenes
are shown in Fig. 3.

From the accuracy curve, it can be seen that the improved detection algorithm in this paper has the
best overall performance compared with the other four algorithms, which can acquire the motion
target more completely, and the target detection accuracy can be maintained at a high level in different
scenes, with strong adaptive ability.
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In addition, for the interference of the above five algorithms in three different scenarios, the average
accuracy and average false detection rate of all frames are calculated as shown in Tables 2 and 3,

respectively.

From the data in the table, it can be seen that in terms of target detection accuracy, the accuracy rate
of the interframe difference method is the lowest, the accuracy rate of the traditional mean drift
algorithm is relatively improved, and the accuracy rate of this paper's algorithm reaches the highest of
96.9%, which greatly improves the completeness of the target detection; in terms of the target
detection misdetection rate, the misdetection rate of the traditional hybrid Gaussian algorithm is the
highest, the traditional mean drift algorithm is reduced relative to it, and the misdetection rate of this
paper's algorithm is the lowest among the five detection algorithms. The false detection rate of this
paper's algorithm is the lowest among the five detection algorithms, which is 8.4%, 3.5%, and 2.6% in
the three scenarios, respectively, and possesses obvious detection advantages.

Table 2. The accuracy of five detection algorithms is compared

Algorithm Scenario 1 Scenario 2 Scenario 3
Traditional hybrid gaussian algorithm 71.30% 70.70% 88.80%
Traditional three frame difference algorithm 52.50% 59.70% 40.90%
Classic vibe algorithm 74.60% 69.90% 89.70%
Traditional mean drift algorithm 85.50% 84.00% 90.50%
This algorithm 92.20% 94.70% 96.90%
Table 3. The error rate of five detection algorithms is compared
Algorithm Scenario 1 Scenario 2 Scenario 3
Traditional hybrid gaussian algorithm 22.60% 53.40% 48.90%
Traditional three frame difference algorithm 15.10% 4.50% 8.50%
Classic vibe algorithm 15.80% 25.00% 42.60%
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Traditional mean drift algorithm 18.10% 30.00% 24.10%

This algorithm 8.40% 3.50% 2.60%

3.2. Tracking performance comparison experiment

In order to demonstrate the effect of the improved tracking algorithm more intuitively, the video image
sequence Carl on vehicles in Visual Tracker Benchmark platform is selected for experiments. The
tracking error is utilized to quantitatively evaluate the tracking algorithm, and the tracking error of
one frame is obtained every 4 frames, and the results are shown in Fig. 4. Where (a) is the tracking
error curve of the kernel correlation filtering algorithm and (b) is the tracking error curve of the
algorithm designed in this paper.

The tracking effect of the target vehicle is relatively good until frame 730, but after driving into the
shadow area, the tracking error of the kernel correlation filter tracking algorithm increases
significantly, because its tracking window cannot change the size and is affected by the shadow noise.
The tracking algorithm in this paper keeps good tracking effect, the average tracking speed can reach
32 frames per second, and the average tracking error is only 1.5 pixels.
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3.3.  Simulation of multi-motion target detection and tracking in complex scenes

The CCD camera is used to collect image sequences of students' daily life in the school for multi-motion
target detection and tracking experiments, the video sequences of the two students appear and are
walking at nearly constant speed, in the video between 90 frames to 115 frames, the two motion
targets meet basically stationary conversation, 120 frames after the two people cross walk away and
appear to be blocking the phenomenon of a short period of time after the blocking of their respective
walk away until they are out of the video surveillance. The video format is 720*1080.

Figure 5 shows the detection and tracking tests for new moving-in targets, disappearing targets and
brief occlusion between targets. The multi-targets are predicted and the center-of-mass coordinate
information of the detected objects is extracted by Kalman filtering, and a rectangular box is used to
represent the position of the predicted center-of-mass. In Fig. 5(a), the improved algorithm is able to
detect and track the position information of the targets in a timely manner for the right target A, which
is moving at a uniform speed, and the left target B, which is about to enter into the video surveillance.
In Fig. 5(b), when target B is occluded by A for a period of time, the target tracking rectangle box can
still accurately capture the target's motion trajectory. Therefore, for target detection and tracking in
multiple motion situations, the detection algorithm designed in this paper can accurately extract the
foreground motion target, and the Kalman filter can effectively predict the trajectory of the motion
target.
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4. Conclusion

In this paper, a real-time target detection and tracking algorithm based on adaptive Gaussian mixing
with improved mean drift is designed to improve the quality of target detection and tracking in the
case of complex scenes. The proposed method is experimented in a public video test set, and the
accuracy of this paper's algorithm is as high as 96.9%, which is more complete than other algorithms
in detecting moving targets, and has strong adaptability to complex environments while ensuring real-
time performance. The tracking window of the algorithm can change with the size of the target more
accurately, and can realize normal tracking when the target is covered and slightly rotated, and the test
results are basically in line with the actual motion trajectory of the detected object, which verifies the
robustness and real-time performance of this paper's method for target tracking in complex road

scenes.
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