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Abstract: Video target tracking is an important research direction in the field of computer
vision, and plays an important role in artificial intelligence and big data applications. This
paper mainly studies the comparison between generative model and discriminant model
based on support vector machine (SVM) algorithm. This paper constructs MSA model and
Structured SVM algorithm model according to the generation model and discriminant
model classical target tracking algorithm respectively. This paper mainly uses OTB and
TC-128 data sets as test data sets to conduct performance comparison experiments on
target tracking algorithms of generative model and discriminant model. It can be seen from
the experimental results that the Structured SVM model is superior to the MSA model in
all aspects.

1. Introduction

The essence of target tracking is to process the continuous video frame images. By tracking and
positioning the targets in each frame image, the change information of the targets in the continuous
video frames can be obtained [1-2]. Feature extraction is a mathematical description process of the
object of interest in the video image from the image to the number, and then build the object
description model according to the obtained object features. Target feature extraction and
observation model establishment are two important steps of target tracking technology. According
to the different methods used between them, tracking methods are generally divided into two
categories: generation method and discrimination method [3-4]. The description of the target
appearance and the establishment of the target model are important steps in the generation method,
which will affect the efficiency and accuracy of the tracker. The model description methods are
different according to the difficulty of the target [5]. Discriminant method tries to distinguish the
target and background in the image, and directly studies the prediction model without considering
the sample generation model. In computer vision, the main idea of these methods is to use
appropriate feature extraction methods to represent the objects in video images, and then select
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appropriate machine learning methods to classify the extracted features and select the final target
location according to the classification results. Because the learning process is not only about the
object appearance, but also introduces the background information of the video, the algorithm
performance is more robust than the generative method [6]. Its advantage is that their speed,
accuracy and robustness are completely superior to the generation method.

The target tracking algorithm based on the generation model method focuses on how the data is
generated. First, a target generation model that can represent the target is learned from the target
samples given in the initial frame; Then, the target is searched globally in each subsequent video
image frame, and the searched signal is classified; Finally, the classification signal and the target
generation model are matched for similarity, and the signal with the highest matching degree is used
as the target position in the current frame. For example, in the current frame, it is learned that the
appearance of the target is 90% red and 10% blue. In the subsequent frames, when the tracking
algorithm searches the whole image, it will use the image block area that best matches this
proportion as the predicted target position. Common tracking algorithms include normalized
cross-correlation matching target tracking algorithm, KLT optical flow method, Kalman filter, mean
shift method, etc. [7-8]. The discriminant tracking box considers tracking as a frame by frame
detection problem. Select the target frame manually from the first frame, and then model the target.
During tracking, train a classifier to distinguish the target in the foreground from the background
information in the video sequence. If the classifier considers the foreground target information of
the sample, it will continue the following tracking steps, that is, give the target location and update
the model. If the classifier considers the samples as background information, it will resample and
update the samples and adjust the weights. With the development of correlation technology, the
discrimination algorithm has gradually formed two branches. One is the regression discrimination
method under the framework of correlation filtering. After feature extraction, the method regresses
the target to the Gaussian distribution form of the target model, and determines the target location
according to the response map of the two-dimensional Gaussian distribution. One is the
classification discrimination method under the depth learning method, which sends the extracted
image features to the trained classifier and tracks the target according to the confidence level of the
classifier output [9-10].

Although the video target tracking technology based on discriminant model has become the
mainstream algorithm at present, the tracking algorithms under different frameworks have the
challenges of tracking accuracy under different attributes, and tracking speed under actual scene
applications. Therefore, the comparative study of video target tracking technology based on
generative and discriminant models in this paper has important theoretical significance and practical
application value.

2. Generative and Discriminant Target Tracking Algorithms
2.1. Generative Target Tracking Algorithm

Mean Shift algorithm (MSA) is a nonparametric kernel density estimation method. It does not
need to rely on any prior information, but only uses the sampling points in the feature space to
calculate the density function of the target area. Its essence is an iterative process. It can find the
local extreme value in the density distribution of a group of data, and then iterate to the densest data.
The final effect of the iteration process of MSA s that starting from the starting point, the local
extreme value obtained through each iteration reaches the point with the densest feature points step
by step, which is related to the set threshold [11-12]. When the MSA is applied to target tracking,
the kernel function and weight coefficient need to be referenced to improve the accuracy and
tracking ability of the algorithm. The specific tracking process mainly includes two steps: first,
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calculate the eigenvalue probabilities of all pixels in the target image block and candidate target
image block to obtain the descriptions of the two models. Then, the similarity measurement method
is used to calculate the similarity of the two models. According to the calculation results, the
candidate region with the highest similarity to the target model is selected and used as the Mean
Shift vector of the current frame target region. This vector points from the initial position of the
target to the position of the current frame target, so the algorithm will eventually point to the actual
position of the current frame target, thus realizing target tracking [13].

The specific tracking steps of MSA are as follows: manually select the target to be tracked, and
record the coordinates, length and width of the rectangular box; Calculate the probability density of
the target model, the estimated position of the target and the size of the kernel window; Use the
target information obtained from the previous frame to estimate the position of the target in the
current frame, and calculate the candidate target model; Calculate the position of the target
according to the kernel function and weight coefficient and output [14].

The advantage of MSA is that it is simple to calculate and can achieve more accurate tracking
when the target has been selected; In addition, because MSA uses color histogram model, it has
good tracking effect even if the edge of the target is occluded to a certain extent. However, MSA
also has some defects, such as: it cannot update the template in real time during the tracking process,
it cannot solve the problem of tracking failure caused by the change of target scale, and the tracking
accuracy will decrease when the target moves rapidly [15].

2.2. Discriminant Target Tracking Algorithm

The SVM method uses the structured SVM (SVM) to directly predict the best candidate as the
target, and does not classify the target and background. This method simplifies the process that
standard SVM needs to label samples to train classifiers, and shows good performance in tracking
[16-17]. Based on the analysis of its tracking mechanism, y is defined as a tracking box in this paper,
so the target tracking problem can be expressed as predicting an optimal tracking box y by using
SVM F (x, y, w) from a given inputimagex € X ~ & Y, the formula is expressed as:

y =arg max F(X, y,w)
- M

Since the offset b in the standard SVM can be constant in practice, the SVM model can
represent:

FOuymw =wo(y) )

Where w is the model parameter of SVM, @ (x, y) is the characteristic mapping function.

Unlike standard SVM, which assigns sample xi a tag value of 1 or - 1 (where i=1,2,..., n),
structured SVM directly takes the box yi corresponding to sample xi as a tag, that is, a structured
tag. Therefore, for the training sample set {(x1, y1,..., (xn, yn))}, the model parameter w in equation
(2) can be obtained by solving the following quadratic programming problem.

.1 ) n
min > wi +C§§i
StVl,vy;é yi :WT\Pi(y)ZA(yil y)_é/i
Vi:g, 20 3)

Among them, ¥ i(y)= @ (xi,yi)- @ (xi, y) represents the difference between the eigenvectors of
samples (xu, yi) and (xi, y). A (yi, y) is the loss function, defined as:
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A(Y;,Y) :1_Opi(yi’ y) (4)

Wherein, Opi (i, y) represents the overlap rate between frames yi and y, and pi represents the
center position of the current frame target.

The key of the target tracking algorithm based on SVM is to optimize the solution model
expressed in equation (3). According to the analysis of the kernel method, when the nonlinear
kernel is used, the support vector opportunity will map the original sample data to a higher
dimensional space, which will inevitably bring a huge amount of computation. Although the kernel
technique can be used for explicit calculation, there are still problems such as complex optimization,
which makes SVM not suitable for large-scale data training. To solve this problem, scholars use
linear kernel instead of nonlinear kernel, and use a binary representation method to expand the
dimensions of the original features to obtain equivalent nonlinear classification effect. However,
since the original features cannot fully represent the information of the target image, the feature
points that can be used to distinguish the target from the background are not obvious, resulting in
limited improvement in tracking performance [18].

In addition, the method based on SVM adopts the method of directly updating the SVM model
after the result prediction is completed, which makes the model vulnerable to occlusion and fails to
track. The main reason is that when occlusion occurs, the continuous updating method will
incorrectly update the occluded object as the target. Short term occlusion has little impact on the
algorithm, but long term accumulation will lead to model drift, which will lead to tracking failure.
Therefore, if we can quickly detect whether the target is occluded before updating, and stop
updating the model when occlusion is detected, we can effectively avoid tracking failure.

3. Comparison Experiment of Generating and Discriminant Target Tracking Algorithms
3.1. Experimental Data Set

This paper mainly selects OTB and TC-128 datasets as test datasets, and compares and analyzes
different algorithms on this basis.

OTB can be divided into three versions: OTB-2013, OTB-2015 and OTB-50. OTB-50 and
OTB-2013 both contain tracking sequences of 50 specific objects. OTB-2015 is a combination of
OTB-2013 and OTB-50, including 100 specific target tracking sequences. OTB divides target
tracking into 11 types of visual challenge attributes, and labels the challenge attributes for each
video sequence. Each video sequence has more than one attribute tag corresponding to it, which can
analyze the tracking ability of the algorithm in different challenge attributes.

The TC-128 includes 128 video sequences that are manually labeled without repetition. This
dataset mainly analyzes and compares the impact of color information on target tracking, so all
video sequences are color images. Like OTB, each video sequence contains multiple visual
challenge attributes. Among them, 50 video sequences overlap with the OTB. In addition, 78
manually labeled video sequences are added, which increases the diversity and complexity of the
target tracking algorithm evaluation dataset on the basis of the OTB dataset.

3.2. Evaluating Indicator

This paper mainly conducts experiments based on OTB and TC-128 datasets, and mainly
compares and analyzes the algorithms with distance accuracy and overlapping success rate
evaluation indicators.

Distance accuracy. First, calculate the Euclidean distance between the predicted position and the
real position of all video frames. The ratio of the number of video frames that meet the threshold
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condition to the total number of frames is the distance accuracy. The calculation proportion varies

with the threshold value.
Overlapping success rate refers to the proportion of video frames whose overlap rate is greater

than a given threshold in the total number of frames. The calculated proportion varies with the
threshold value. Generally, the threshold value is set as 0.5.

4. Analysis of Experimental Results

4.1. Overlapping Success Rate And Distance Accuracy Rate

Mean Shift Structured SVM
Algorithm

u DFE m OSR

Figure 1. Comparison of distance accuracy and overlapping success rate of algorithms on

OTB2015 dataset
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Figure 2. Algorithm comparison on TC-128 dataset

As shown in Figure 1 and Figure 2, the overlapping success rate of Structured SVM is
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significantly higher than that of Mean Shift. The reason is that the algorithm improves the success
rate of the algorithm in terms of filter model optimization from the use of generative model to the
use of discriminant model; In the aspect of object appearance representation, from the use of
traditional manual features to the use of hierarchical depth features, the discrimination ability of the
algorithm in different scenes is improved. The distance accuracy obtained by the algorithm on
different data sets shows a trend of increasing chapter by chapter. The TC-128 dataset is more
challenging than some video sequences in the OTB2015 dataset, and the tracking effect of the
algorithm in the TC-128 dataset is slightly worse. Compared with Mean Shift, Structured SVM has
been greatly improved, highlighting the advantages of discriminant correlation filter.

Table 1. Distance accuracy and overlap success rate of the algorithm

0TB2015 TC-128
Algorithm DPR OSR DPR OSR
Mean Shift 0.631 0.557 0.543 0.438
Structured SVM 0.814 0.675 0.817 0.624

As shown in Table 1, under the test data set, the distance accuracy and overlapping success rate
of algorithm 1 are the lowest, but in practical applications, when the number of samples is large, it
can converge to the target more quickly, and it can solve the target tracking problem in scenarios
with hidden variables.

4.2. Tracking Speed

Table 2. Tracking performance of the algorithm

Success rate Tracking speed
Mean Shift 0.517 32
Structured SVM 0.689 35
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Figure 3. Comparison of algorithm tracking speed and success rate

As shown in Table 2 and Figure 3, Structured SVM is faster than Mean Shift because it uses the
principle of correlation filter for tracking, generates a large number of training samples using the
cyclic matrix, and improves the processing speed by using the fast Fourier transform in the
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frequency domain. Structured SVM has a higher success rate than Mean Shift.
5. Conclusion

Video target tracking is one of the important research topics in the field of computer vision and
pattern recognition. In practical application scenes, targets are often interfered by such factors as
illumination changes, rapid movement, occlusion, low resolution, rotation, deformation, low
illumination and motion blur. It is difficult to design tracking algorithms that can maintain high
robustness and certain real-time performance in various complex scenes. Based on the generative
model and discriminant model, this paper discusses and designs the target tracking algorithm from
the mathematical modeling method of the model, modeling the appearance of the target using
manual features and depth features, relocating and re tracking strategy, and updating the target
model, aiming to enable the algorithm to achieve the balance between accuracy, robustness and
real-time in complex scenes.
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