ﬂ SCNSors m\py

Article
Parallel Correlation Filters for Real-Time
Visual Tracking

Yijin Yang, Yihong Zhang *, Demin Li'® and Zhijie Wang

College of Information Science and Technology, Engineering Research Center of Digitized

Textile & Fashion Technology, Ministry of Education, DongHua University, Shanghai 201620, China;
2171318@mail.dhu.edu.cn (Y.Y.); deminli@dhu.edu.cn (D.L.); wangzj@dhu.edu.cn (Z.W.)

* Correspondence: zhangyh@dhu.edu.cn; Tel.: +86-138-1782-6259

check for
Received: 24 April 2019; Accepted: 20 May 2019; Published: 22 May 2019 updates

Abstract: Correlation filter-based methods have recently performed remarkably well in terms of
accuracy and speed in the visual object tracking research field. However, most existing correlation
filter-based methods are not robust to significant appearance changes in the target, especially when
the target undergoes deformation, illumination variation, and rotation. In this paper, a novel parallel
correlation filters (PCF) framework is proposed for real-time visual object tracking. Firstly, the proposed
method constructs two parallel correlation filters, one for tracking the appearance changes in the target,
and the other for tracking the translation of the target. Secondly, through weighted merging the response
maps of these two parallel correlation filters, the proposed method accurately locates the center position
of the target. Finally, in the training stage, a new reasonable distribution of the correlation output is
proposed to replace the original Gaussian distribution to train more accurate correlation filters, which can
prevent the model from drifting to achieve excellent tracking performance. The extensive qualitative
and quantitative experiments on the common object tracking benchmarks OTB-2013 and OTB-2015
have demonstrated that the proposed PCF tracker outperforms most of the state-of-the-art trackers
and achieves a high real-time tracking performance.

Keywords: visual tracking; parallel correlation filters; reasonable distribution of correlation output;
real-time

1. Introduction

Visual tracking plays a core role in computer vision for its wide applications including video
surveillance, robotics, driver-less vehicles, intelligent interaction, and various automatic systems [1].
The goal of visual tracking is to track the trajectory of the target that is initialized only by the bounding
box from the first frame among the video sequences [2]. During tracking, the appearance of the target
changes randomly and unpredictably when the target undergoes deformation, illumination variation,
and rotation. It is one of the core issues determining the tracking accuracy and robustness in visual
tracking. Although significant progress has been achieved in recent decades, visual tracking is still
a challenging problem due to these factors.

In general, visual trackers can be broadly classified into two categories, generative trackers [3-12],
and discriminative trackers [13-25]. Generative trackers describe the target in the real world by the target
representation method in computer vision and establish a target appearance model dynamically to find
a candidate most similar to the target appearance model in the video sequence. Therefore, generative
trackers can reflect the similarity of the same kind of target [3]. However, it tends to produce a significant
number of false positives and the learning process is complicated. Discriminative trackers extract
the discriminative features of the target and utilize the method of classification in machine learning to
search for the region most similar to the target and locate the position of the target [13]. Discriminative
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trackers can find the optimal classification surface between different categories and reflect the difference
between heterogeneous data. The discriminative model is more elegant and efficient than the generative
model. Therefore, the discriminative model-based methods have been widely applied in the visual
tracking field.

Recently, the discriminative correlation filter-based (DCF-based) methods [13-20] ignited
the interest of scholars for visual tracking due to their high accuracy and speed. The standard
DCF methods utilize the only given sample by the initial bounding box and many synthetic samples to
learn a linear classifier or linear regressor online to predict the position of the target [14]. These synthetic
samples can be easily generated by the circular shift windows in the frequency domain. The DCF
technique is a computationally efficient process in the frequency domain transformed by fast Fourier
transform (FFT) [26,27]. Therefore, the DCF methods achieve significant improvement in terms of
accuracy and speed. Despite their success, it is unreasonable that the DCF methods utilize a fixed
learning rate to learn the linear classifier. The smaller learning rate means that the trained DCF cannot
track the changes in the target appearance. The larger learning rate means that the trained DCF may
produce model drifting caused by the significant changes in the target appearance, especially when
the target undergoes deformation, illumination variation, and rotation. Furthermore, the correlation
output of the DCF methods follows a 2-D Gaussian distribution which is smooth at the response peak.
It is can easily cause the model to drift.

This paper proposes a novel parallel correlation filters (PCF) visual tracker to overcome these
issues described above. The proposed method constructs two parallel correlation filters with different
learning rates. The correlation filter with the bigger learning rate is used to track the appearance
changes in the target. The correlation filter with the smaller learning rate is used to track the translation
of the target. Through weighting the response maps of the two parallel correlation filters, the position
and scale of the target can be predicted accurately. In addition, the standard DCF assumes that
the correlation response obeys the Gaussian distribution which has an unreasonable smooth peak.
The triangle distribution is also not suitable for the DCFs which has a small slope at the hillside of
the correlation response. Hence, a new reasonable distribution of correlation response that organically
merges the two distributions is proposed to replace the original Gaussian distribution to prevent
the model from drifting. In this paper, the implementation codes are all open source in the following
Github web: https://github.com/YijYang/PCE.git.

In summary, the main contributions of this paper include:

1. A novel tracking framework named PCF that constructs two parallel correlation filters to
simultaneously track the appearance and positional changes in the target;

2. A new reasonable distribution of correlation output is proposed to replace the original Gaussian
distribution to prevent the model from drifting to achieve higher tracking accuracy and robustness.

3. Extensive qualitative and quantitative experiments on OTB-2013 [28] and OTB-2015 [29]
benchmarks have demonstrated that the proposed PCF tracker performs better than most
of the state-of-the-art trackers and simultaneously achieves a real-time tracking performance.

2. Related Works

Single visual object tracking is a quite common task in the field of computer vision. It has long
been a focus area studied by many researchers. Plenty of visual trackers, including generative trackers,
DCF-based trackers, and deep learning-based trackers, have been proposed in this field. In this section,
the most representative and the most relevant works will be briefly discussed below.

2.1. Generative Trackers

The generative trackers utilize the features of the target extracted from the previous frame to
dynamically learn the target’s appearance model, and then search for the region that best matches
the prior appearance model among the candidate regions as the location of the target in the subsequent
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frame. Hence, the critical part to generative trackers is to search for the most similar candidate when
the target has changed to some extent in a video frame. Up to now, many representative generative
trackers [3-12] have been proposed, e.g., robust scale-adaptive mean-shift for tracking (ASMS) [3],
incremental visual tracking (IVT) [4], fragment-based tracking (Frag) [5], multitask-based tracking
(MTT) [6,7], distribution fields for tracking (DFT) [8] and distractor-aware tracker (DAT) [9]. ASMS is
a real-time tracking algorithm implemented by minimizing the distance between two probability
density histograms and it can track the scale of the target adaptively. However, it is easily distracted
by similar objects in the surroundings. DFT builds a feature descriptor utilizing the distribution
fields that smooth the objective function without breaking the information about the pixel value of
the target. DAT trains the color histograms model of the target, distractors, and the background,
and it uses the Bayesian function to compute the probability of each pixel belonging to the target,
distractor, or background. However, these generative trackers do not take advantage of the background
information and the performance of the generative models are limited by the dimensions of the target’s
features. Therefore, the generative trackers could be easily distracted by background regions with
similar appearances during tracking and show less discriminative power when the background is
more complex.

2.2. DCF-Based Trackers

In contrast with generative trackers, DCF-based trackers effectively take advantage of
the differences between the target and the background, and achieve better discriminative power
and generative ability to separate the target from the background when the background is more
complex. Recently, discriminative correlation filters (DCFs) have been widely applied in the visual
tracking field in computer vision. Heads from signal processing, David S. Bolme and colleagues
firstly introduced the correlation filter to the visual tracking fields [2]. They proposed the minimum
output sum of squared error (MOSSE) tracker in the article ‘Visual Object Tracking using Adaptive
Correlation Filters’. It produced significant performances, with tracking speed up to 700 frame
rates. Thereafter, numerous improved algorithms [13-20] based on DCFs have been proposed with
accurate and robust tracking performance by sacrificing the tracking speed, e.g., discriminative scale
space tracking (DSST) [13], fast discriminative scale space tracking (FDSST) [13], spatially regularized
discriminative correlation filters (SRDCF) [14], and efficient convolution operators with hand-crafted
features (ECO-HC) [15] have demonstrated excellent performance on the popular benchmarks OTB-2013
and OTB-2015. DSST trains the translation and scale correlation filters using the handcrafted features
extracted from an image sequence respectively. The improved FDSST utilized the principal component
analysis (PCA) function to decrease the dimension of the extracted features to speed up the DSST.
SRDCF adopts a spatial regularized component to penalize the correlation filters coefficients to solve
the boundary effects. ECO-HC utilize a factorized convolution operator and a conservative update
strategy to improve the speed and performance of the correlation filter. However, all these methods
generate the training samples online and update the target appearance model with a fixed learning
rate. Utilizing a fixed learning rate to update the model is unreasonable. DCF-based trackers cannot
track the changes in the target appearance when the learning rate is too small. In contrast, trackers may
produce model drifting when the target undergoes deformation, illumination variation, and rotation.

2.3. Deep Learning-Based Trackers

In several popular benchmarks [28,29], the deep convolutional neural networks (CNNs) have
performed significantly well, which encouraged more recent works to either apply deep CNN features
in the DCF algorithm [30-34] or design deep frameworks [35—40] for more accurate and robust visual
tracking, e.g., learning multi-domain convolutional neural networks for visual tracking (MDNet) [33],
multi-cue correlation filters for robust visual tracking (MCCT) [34], and convolutional residual learning
for visual tracking (CREST) [35]. MDNet trains a multi-domain network composed of shared layers
and multiple branches of domain-specific layers to track the target in different image sequences.
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MCCT constructs multiple-cue DCF experts to track the target independently achieving the strength of
the different type of features. CREST reformulates DCFs as a one-layer convolutional neural network
and exploits the residual learning method to achieve the benefit of end-to-end training and tracking.
In contrast to hand-crafted features, learning DCF trackers that utilize deep CNN features remarkably
increase their accuracy and robustness against the different degrees of change in the appearance model
of the target. However, they suffer from high complexity and poor real-time performance. It is quite
computationally expensive to extract deep CNN features with a high dimensionality or to implement
deep architectures, resulting in poor real-time performance.

3. Proposed Approach

This section first provides a concise description of the standard discriminative correlation filter
framework, then shows the implementation of the proposed PCF in detail. Finally, the algorithm
framework of the PCF is described precisely in Algorithm 1.

3.1. Standard Discriminative Correlation Filter

The standard DCF [2] has been widely studied by many researchers due to its superior tracking
accuracy and speed. The framework of the classical DCF is explicitly described in Figure 1.
The DCEF tracker trains a correlation filter model efficiently in the frequency domain by applying
the machine-learning technique to distinguish the target from the background. It then updates the model
online, exploiting the features extracted from the detected result in the current frame.

Desired Qutput

Initial Frame

Correlation Filter

Cosine Window
FFT

FFT

- ) e (Em)

Current Frame Extract Features

Detection

l Response Map

FFT IFFT

= (©) e— (o) = >

Figure 1. Illustration of the standard DCF framework. Firstly, the correlation filter is trained
by the first frame with an initial bounding box and the desired output. Secondly, it extracts
the features from the current frame and multiplies a cosine window to emphasis on the center region.
The features are then transformed into the frequency domain by utilizing the fast Fourier transformation
(FFT). Thirdly, the response map is obtained by multiplying the correlation filter and the extracted
features. The response map is transformed into the time domain by applying the inverse fast Fourier
transformation (IFFT). Finally, the position of the maximum value of the response map is regarded
as the center position of the target in the current frame. The new features are then extracted from
the detected result to train and update the correlation filter.

DCEF learns the correlation filter hi online by exploiting # target samples fll, le, ..., f}, which are
efficiently generated by all cyclic shifts of the training sample. The objective function of the correlation
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filter hi is equal to an L? error function, which can be expressed as Equation (1):

nd 2 d
2
e(h) = YUY He fl— gl +AY I (1)
k=1 I=1 I=1

where * means the convolutional operator. k, I denote the number of training samples and the total
dimension of the extracted features respectively. The expected correlation output gy is a 2-dimensional
Gaussian distribution with the same size of hi. The second term in this Equation is a regularization
term which is utilized to prevent overfitting and A(A > 0) is a regularization parameter.

For computational efficiency, Equation (1) can be transformed into the frequency domain by fast
Fourier transform (FFT). Then the objective function can be transformed as follows:

nod 2 d
. —I 2
min() " I} HeF,— Gl +1) IHI') @)
H) = 13 =1

where the capital letters denote the discrete Fourier transformations. Hf denotes the correlation filter

in the frequency domain and the overbar of Hi represents complex conjugation of Hi The convolution
operation * can be efficiently implemented by element-wise product e in the frequency domain.

Therefore, through deriving Equation (2) and setting the derivative as zero, the final solutions are
computed by Equation (5), which is implemented as follows:

At = GF, €)
d —k
Bi= Y EF +A (4)
k=1
Al
H,{:B—tt,zzl,z,...,d (5)

where t is the current step of the current video frame. In Equation (5), Hf denotes the trained correlation

filter in the frequency domain and !/ is the dimension value of the filter, here the dimension value
is equal to the dimension of the extracted features. For computational efficiency, the solution can

be divided into two part as Equations (3) and (4), Ai represents the numerator of the filter, and B;
represents the denominator of the filter. The overbar of F means the complex conjugation.

In order to adapt to the photometric and geometric variations of the target appearance, Ai, B; of
the correlation filter is updated online by Equations (6) and (7) respectively:

Al = (1-ng)AL_, + noGF. (6)
4y
By = (1-10)Be-1 + TIOZ FyFy @)
k=1

where the scalar 7 is a fixed learning rate.
For detecting the position of the target in the frame t, the features Z' are extracted from the region
of the target pending detection. The responding correlation scores y; can be computed by Equation (8).
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Then the position of the maximum value of y; is regarded as the center position of the target area in
the current frame. .
—I
L A7
1)I1=1

= ]F_ —_—
Yt Bi_1+ A

®)

where F~! denotes the inverse fast Fourier transform (IFFT).

In this paper, the DCF-based tracker ECO-HC [15] was chosen as the baseline tracker due to
its excellent performance in terms of accuracy and robustness. The ECO-HC tracker has made
several improvements on the basis of the standard DCF tracker. Firstly, it factorizes the convolution
operation to reduce the model parameters. Secondly, it simplifies the generation of the training set by
merging similar samples into a component to guarantee the diversity of samples. Thirdly, it employs
the sparse update strategy to avoid the model drift problem where the update interval is set to 6.
However, ECO-HC tracker has its own deficiencies. It is unreasonable to update the correlation model
with a fixed learning rate when the sample appearance changes greatly due to deformation, illumination
variation or rotation. Hence, ECO-HC tracker is difficult to track the target when the target appearance
changes greatly. Furthermore, the Gaussian distribution with a smooth peak is utilized as the desired
output of the correlation filter, which makes the result of the location inaccurate. In contrast to
the ECO-HC, the proposed PCF tracker has been improved on this issue and obtained remarkable
improvements on the benchmarks as shown in Figure 2.

3.2. Parallel Correlation Filters

The fundamental framework of the proposed PCF is explicitly described in Figure 3. In the initial
frame, the PCF tracker trains two parallel correlation filters PCF1 and PCF2 online in a frequency domain
utilizing the shared samples and the sharp correlation output. In the current frame, PCF1 and PCF2
are utilized to track the target respectively. Through weighting the response maps of PCF1 and PCF2,
PCF tracker can detect the position of the target by applying the Newton method. Then it utilizes
the Gaussian mixture model (GMM) [15] to generate a new sample set by adding a new sample or
merging the two closest samples. As with the update strategy in the baseline tracker [15], it utilizes
the new sample set to update the two parallel correlation filters with different learning rates every
six frames.

PCEF learns respectively two parallel correlation filters PCF1 hli and PCF2 h2£ by exploiting m

1
2k”*

The objective function of PCF1 can be expressed as Equation (9) and the objective function of PCF2 can
be expressed as Equation (10):

target samples fllk, o f fn . with different weights wltcp which are determined by the learning rate.

2

n d m d
2
e(my) = Y 1Y MY (@lifl,) = gsdl +1) llohl )
k=1 I=1 p=1 I=1
n d m 2 d )
e(h2) = Y 1Y 2+ Y (w2fl,) = gsill + 1Y lloh2l (10)
k=1 I=1 p=1 I=1

where k,p denote the number of samples in the training set and the circular shift set respectively.
The sharp output gsi is merged by the Gaussian distribution and the triangle distribution which will
be described in detail in Section 3.3. The second term of these two Equations is a regularized term
and w denotes the spatial regularization parameter.
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ECO-HC

Figure 2. The qualitative comparisons of the proposed parallel correlation filters (PCF) tracker with
the baseline tracker efficient convolution operators with hand-crafted features (ECO-HC) on five
challenging sequences of the benchmarks. The results are marked in different colors. On all these five
cases, PCF tracker performs better center position precision and overlap precision than the baseline
tracker. PCF tracker successfully tracks the target when the target undergoes significant rotation,
illumination variation, and deformation.

Equations (9) and (10) can be transformed into the frequency domain efficiently by FFT. Due to
the regularization parameter, w breaks the closed solution of the objective functions, the solutions

of H 1;_1 and HZi_1 are obtained by the conjugation gradient (CG) iterative method [15]. Then for

detecting the position of the target in the frame ¢, the shared features Zi pos AT€ extracted from the region

of the target pending detection. The center position of the region is determined by the previously
detected position. The corresponding correlation scores y;pos can be computed by Equation (11).
Then the position of the target in the current frame is optimized by the Newton iterative method.

d
Ytpos = F~ 1{2 OlHll tpos (1 —a)HZl Zipos)} (11)
I=1

where a denotes the fusion factor. Hli_1 and H2i_1 represent two parallel correlation filters in
the frequency domain.
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Figure 3. The flow chart of the proposed PCF framework. In the initial frame, the PCF tracker trains
two parallel correlation filters PCF1 and PCF2 online in the frequency domain utilizing the shared
samples and the sharp correlation output. In the current frame, PCF1 and PCF?2 are utilized to track
the target respectively. Through weighting the response maps of PCF1 and PCF2, the PCF tracker
accurately detects the position of the target by applying the Newton method (NM). It then utilizes
the Gaussian mixture model (GMM) to generate a new shared sample set by adding a new sample or
merging the two closest samples. It utilizes the new sample set to update the two parallel correlation
filters with different learning rates every six frames.

After detection, the new sample is extracted from the tracking result. Then the GMM is utilized to
compute the similarities between the new sample and the components of the training set. After that,
anew training set is generated by adding the new sample or merging two closest samples. The weights

w]tcp of the trained samples are updated by Equation (12).

wp, = (1-n)w,! (12)

where t denotes the t-th frame and 1) is the learning rate. Different learning rates mean different weights
of samples.

For further detecting the scale of the target [13] in the frame t, the standard DCF is utilized to
extract scale features Zl scale with different scale factors and to compute the scale correlation scores
Yt scale in Equation (13). Then the scale factor of the maximum value of y; 4., is utilized to compute
the scale of the target in the current frame.

A I
lZl At—l,scaleztrsmlg

Bt—l,scule +A

Yt,scale = ]F_l (13)
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—I
where F~! represents IFFT. A4_1 scaler Bi-1,scale denote the numerator and the denominator of the scale
correlation filter in the previous frame receptively.

3.3. Reasonable Distribution of the Correlation Response

The Gaussian distribution, the triangle distribution, and the merged distribution are described
clearly in Figure 4a—c respectively. The desired output of the standard DCF methods follows a 2-D
Gaussian distribution with a smooth peak. Due to the DCF training, the model using the synthetic
samples generated by circular shift windows, the peak of the desired output should be sharp to avoid
model drifting. The 2-D Gaussian probability density g(x, y) is expressed in Equation (14).

(2+y?)
e_ 202 /(—Q
2

glx,y) = <y<y) (14)

N
N s

w
<x< —,—
2mo? 2

where ¢ represents the standard deviation and it is set to 1/16 in this paper. x, y denotes the coordinates

for the figure pixels. w, h denotes the width and height of the figure, and (%, %) is regarded

as the original point.

(a) (b) ()

Figure 4. Different distributions of the desired correlation output: (a) 2-D Gaussian distribution; (b)
2-D triangle distribution; (c) 2-D merged distribution.

Different from the Gaussian distribution, the triangle distribution shown in Figure 4b has a sharp
peak. However, it has a small slope at the hillside of the distribution. Due to the synthetic samples are
generated by circular shift windows, the positions below the hillside of the distribution are regarded
as the label of negative samples. The values of these positions should set nearly to zero. The 2-D
triangle probability density s(x, y) is expressed in Equation (15).

<y<

) (15)

NS
N s

2 2 w w
s(x,y) = (1- ElxD(l - Elyl), (—5 <x< >

where (%, ’%) is regarded as the original point.

Both Gaussian distribution and triangle distribution are not suitable for DCF. Hence, a new
sharp distribution of the desired output is proposed to replace the original Gaussian distribution
to achieve higher tracking accuracy and robustness. The 2-D merged probability density m(x, y)
is expressed in Equation (16). The sharp distribution organically merges Gaussian distribution
and triangle distribution by multiplication operators. It simultaneously combines the merits of these
two distributions, with a sharp peak and a large slope at the hillside. Extensive experiments on
benchmarks have demonstrated the effectiveness of the sharp distribution.

2+

1 2 2 _
mx,y) = 5 1= (A -plyhe 22, (-

<x<

) (16)

~

SRS
N g
|
(YRS
IN
<
IA
N

where (%, %) is regarded as the original point.
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3.4. The Brief Outline of the PCF Tracking Algorithm

The proposed PCF tracking algorithm is briefly described in Algorithm 1. The PCF tracker first
detects the position of the target, and then the scale correlation filter is utilized to refine the scale
of the target. There are some differences between the scale and the position correlation filters.
For the position filters, the PCF tracker extracts the position features from the first frame with
a bounding box. It then uses the extracted features initializes two parallel correlation filters PCF1
H 111 and PCF2 HZZ1 online in the frequency domain with a sharp correlation output. From the second
frame to the end frame of the sequence, PCF1 and PCF2 are utilized to track the target respectively.
Through weighting the response maps of these two parallel correlation filters, the PCF tracker can
detect the center position P; of the target by applying the NM. Then it utilizes the GMM to generate
a new sample set. It also utilizes the features extracted from the new sample set to update the two
parallel correlation filters H1, H2i with different learning rates 11, 112 every six frames. For the scale
filter, the PCF tracker extracts the scale features from the first frame with different scale factors. It then
uses the extracted features initializes the scale correlation filters Aj ¢4, B1 scqle- In the subsequent frame
of the sequence, similar to the position filters, the scale filter utilizes the detected result S; to update

the filter Ay a1, B scate DY the learning rate 19 every frame.

Algorithm 1. PCF Tracking Algorithm

Input:
1: Image I;.
2: Detected target position P;_; and scale S;_; in the previous frame.
Output:
1: Detected target position P; and scale S; in the current frame.
Loop:
1: Initialize the PCF model H 111, H211 and scale model Ay 440,81 scale in the first frame by Equations (9), (10)
and (4), (5).
2: fort e [2, tf] do.
Position detection:

w

4 Extract position features Zt pos from It at Pr_1 and S;_1 by a search region.
5 Compute two parallel correlation scores y1t,pos, Y2t,pos-

6 Merge the two correlation scores to ypos by Equation (11).

7: Set P; to the target position by Newton iterative method.

8 Scale detection:

9 Extract scale feature Z; o4, from I} at P;_1 and S;_1 by a search region.

10: Compute correlation scores y; 44, by Equation (13).

11: Set S; to the target scale that maximizes y; g.,-

12: Model update every six frames:

13: Extract new sample features F; jos and Fy gq1, from I at Py and ;.

14: Generate new training set by the GMM method.
15: Update the PCF model H 1L, Hzlt by the learning rate 1y, 1.

16: Update the scale model A; s, Bt scale DY the learning rate ng.
17: Return Py, S;.
18: end for.

4. Experiments

In this section, the implementation materials and parameter settings are described in detail.
Comprehensive experiments are then performed on two benchmarks OTB-2013 [28] and OTB-2015 [29]
to validate the effectiveness of the PCF tracker. Finally, the tracking failure cases of the proposed PCF
tracker are analyzed briefly, and the future improvement works are further presented on this basis.
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The results of these experiments have demonstrated that the proposed PCF tracker performs better
than most of the state-of-the-art methods.

4.1. Implementation Details

All experiments are performed on the same desktop (equipping with INTEL i5-4590 CPU with 8G
RAM). The PCF tracker presented in this paper is implemented in MATLAB R2016a. The relevant
parameters of the PCF tracker are briefly described in Table 1. For parameter adjusting, the extensive
parameter setting experiments are conducted on OTB-2013 benchmark. Figure 5 shows that the PCF
tracker achieved the best OPE accuracy at the point (0.9, 0.5). Therefore, the learning rate 7y, of
PCF2 is set to 0.5 in Equation (12), and the merging factor a of the two response maps is set to 0.9
in Equation (11). Following the baseline tracker [15], the learning rate 1y of PCF1 is set to 0.009
in Equation (12). For the generative model of the training set mentioned in Section 3.2, the initial
weight wgp of the training sample is set to 1.0 and the number of the target samples m is set to 30.
For the scale filter, the relevant parameters are set to the same values as the baseline tracker proposed

in [19]. In order to make a fair comparison with the state-of-the-art trackers, the same parameters were
used for all experiments on the benchmark data sets.

a8

186

learning rate

0 0.1 0.2 0.3 0.4 05 0.6 0.7 08 09 1
merging factor

Figure 5. The results of the parameter setting experiments on OTB-2013 benchmark. The color bar
denotes the one pass evaluation (OPE) accuracy percent (%) of location error threshold (LET) at 20 pixels.
The horizontal and vertical coordinates represent merging factor a and learning rate n;; respectively.
The points ranging from (0.1, 0.1), (0.1, 0.2), ... , (1.0, 1.0) were obtained in experiments, others were
obtained by the linear interpolation method. When the point (a, 742) is set to (0.9, 0.5), the OPE accuracy
is maximized.

Table 1. The parameter settings of the proposed PCF tracker.

0
Parameters na Ne2 @ Wy, m

Values 0.009 0.5 0.9 1.0 30

4.2. Ablation Experiments

To evaluate the effectiveness of progressively integrating the strategies proposed in this paper,
the ablation experiments are conducted on OTB-2013 benchmark and the proposed PCF tracker is
compared with the baseline tracker introduced in Section 3.1, the PCF with weighting fusion correlation
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response maps (PCF_WF tracker) proposed in Section 3.2 and the PCF with sharp output response
(PCF_SR tracker) described in Section 3.3. The performance of these trackers is evaluated both on
precision at different center location error thresholds and success rate at different overlap thresholds.

Figure 6 explicitly shows the comparison results on OTB-2013 benchmark in terms of the precision
plots (PP) and success plots (SP) of one pass evaluation (OPE). The proposed strategies of weighting
fusion and sharp output response in this paper either obtain significant improvement compared to
the baseline tracker. In terms of the OPE of location error threshold (LET) at 20 pixels, the PCF_WR
tracker and PCF_SR tracker achieve a gain of 3.3% and 3.1% compared to the baseline tracker respectively.
From the aspect of the OPE of areas under the curve (AUC), the PCF_WR tracker and the PCF_SP
tracker obtain a gain of 1.9% and 1.7% contrasted to the baseline tracker respectively. It indicates that
both the two strategies are effective. Overall, the proposed PCF tracker integrating these two strategies
performs the best performance in terms of precision and success rate. Concretely, the PCF tracker
achieves 89.2%, 67.5% in the OPE of LET at 20 pixels and AUC, and compared to the baseline tracker,
the PCF tracker achieves a remarkable gain of 4.3% and 3.2%.
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Figure 6. The results of the ablation experiments on OTB-2013 benchmark for the baseline tracker,
the proposed PCF tracker and the trackers of progressively integrating the presented strategies:
(a) The precision plots (PP) of one pass evaluation (OPE) and the values in brackets denote the OPE
accuracy of location error threshold (LET) at 20 pixels; (b) The success plots (SP) of the OPE
and the numbers in brackets are the areas under the curve (AUC).

Tables 2 and 3 demonstrate separately the PP and SP of the OPE for the compared trackers in
detail on eleven different attributes: scale variation (SV), illumination variation (IV), out-of-plane
rotation (OPR), occlusion (OCC), background cluttered (BC), deformation (DEF), motion blur (MB),
fast motion (FM), in-plane rotation (IPR), out-of-view (OV), and low resolution (LR). Obviously,
the PCF_WF tracker and PCF_SR tracker all achieve various degrees of progress versus the baseline
tracker, and perform well in real-time (average speed 44 FPS and 47 FPS respectively) in the benchmark.
In Table 2, comparing PCF_WF tracker with PCF_SR tracker, the former performs better than the latter
in terms of IV, OPR, BC, DEF, and IPR. However, from the aspects of SV, OCC, MB, FM, OV, and LR,
the latter outperforms the former. This indicates that the strategy of weighting fusion is more robust
to significant appearance changes in the target, especially when the target undergoes deformation,
illumination variation, and rotation, while the scheme of sharp response is more accurate to the problem
of model drifting caused by distractors or blur. In general, Tables 2 and 3 indicate that the proposed PCF
tracker acquires the best or the second results in terms of PP and SP of the OPE on all eleven attributes.
Simultaneously, the PCF tracker runs an average speed of 42 FPS on all sequences of OTB-2013.
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Table 2. The PP of the OPE for the baseline tracker, the proposed PCF tracker and the trackers of
progressively integrating the presented strategies on eleven different attributes (the ranks of results are
expressed in %): scale variation (SV), illumination variation (IV), out-of-plane rotation (OPR), occlusion
(OCCQ), background cluttered (BC), deformation (DEF), motion blur (MB), fast motion (FM), in-plane
rotation (IPR), out-of-view (OV), and low resolution (LR). The last column is the average running speed
(FPS) on all sequences of OTB-2013. The top three ranks are marked in red, cyan, and blue respectively.

Trackers SV IVvV. OPR OCC BC DEF MB FM IPR OV LR Speed
Baseline 782 773 829 8.1 777 861 716 743 775 747 565 49

PCF_WF 80.3 89.1 739 743 79.7  71.0 44
PCF.SR 835 794 870 910 813 862 780 809 819 767
PCF 82.1 884 845 913 76.0 82.7 42

Table 3. The SP of the OPE for the baseline tracker, the proposed PCF tracker and the trackers of
progressively integrating the presented strategies on different attributes (%): SV, IV, OPR, OCC, BC,
DEF, MB, FM, IPR, OV, LR. The last column is the AUC which represents the average overlap accuracy
of the OPE. The top three ranks are marked in red, cyan, and blue separately.

Trackers SV IVvV. OPR OCC BC DEF MB FM IPR OV LR AUC
Baseline 603 595 616 644 585 651 577 578 581 60.1 358 64.3

PCF_WF 61.2 65.9 58.1 575 634 445
PCF_SR 604 642 674 603 65.6 59.6 647 66.0
PCF 632 631 659 635 696 601 593 622 48.8 67.5

4.3. Experiments on OTB-2013

OTB-2013 is a common benchmark with 50 sequences that are divided into 11 different attributes:
SV, 1V, OPR, OCC, BC, DEE, MB, FM, IPR, OV, LR. On this challenge benchmark, the proposed PCF
tracker is compared with 18 state-of-the-art trackers from the works: tracking-learning-detection
(TLD) [2], distribution fields for tracking (DFT) [8], discriminative scale space tracking (DSST) [13], fast
discriminative scale space tracking (FDSST) [13], spatially regularized discriminative correlation filters
(SRDCEF) [14], sum of template and pixel-wise learners (Staple) [16], compressive tracking (CT) [17],
long-term correlation tracking (LCT) [18], locally orderless tracking (LOT) [19], least soft-threshold
squares tracking (LSS) [21], visual tracking with online multiple instance learning (MIL) [22],
scale adaptive kernel correlation filter tracker with feature integration (SAMF) [23], exploiting
the circulant structure of tracking-by-detection with kernels (CSK) [24], high-speed tracking with
kernelized correlation filters (KCF) [25], adaptive decontamination of the training set: A unified
formulation for discriminative visual tracking (SRDCFdecon) [31], convolutional features for correlation
filter-based visual tracking (DeepSRDCF) [32], Fully-convolutional Siamese networks for object tracking
(SiamFC_3s) [36], object tracking via dual linear structured SVM and explicit feature map (DLSSVM) [37].
Only the ranks for the top 10 trackers are reported.

Figure 7 clearly illustrates the PP and SP of the OPE on three different attributes: DEF with 19
sequences, OPR with 39 sequences and IV with 25 sequences. As is shown in Figure 7, the proposed
PCF achieves the best results among the top 10 trackers in these attributes. Specifically, the PCF tracker
obtains 91.3% and 69.6%; 88.4% and 65.9%, and 82.1% and 62.3% on attributes DEF, OPR, and 1V,
respectively. It indicates that the PCF tracker is more accurate and robust to the significant changes
in the target appearance compared with the other top nine trackers. Furthermore, the proposed
PCF tracker is very effective for handling the challenges of deformation, illumination variation,
and out-of-plane rotation.
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Figure 7. The quantitative results of the top ten trackers on OTB-2013 benchmark among three different
contributions: DEF, OPR, and IV. Among the top ten trackers, the proposed PCF tracker obtains the best
results on all three attributes: (a) The PP of the OPE on attribute DEF; (b) The SP of the OPE on attribute
DEEF; (c) The PP of the OPE on attribute OPR; (d) The SP of the OPE on attribute OPR; (e) The PP of
OPE on attribute IV; (f) The SP of the OPE on attribute IV.

The overall results on OTB-2013 benchmark among the top ten trackers are illustrated in Figure 8.
Contrasted to the second tracker deepSRDCF-based on deep features, the proposed PCF tracker obtains
the best ranks of 89.2%, 67.5% on the PP and SP of the OPE, and achieves a visibly gain of 3.9%, 7.5% in
the PP and SP of the OPE respectively. Among the compared trackers employing handcrafted features,
deep features, or combining these two features, the proposed PCF tracker achieves the best ranks
and simultaneously runs a real-time speed of 41 FPS on a CPU. Furthermore, Tables 4 and 5 explicitly
shows the SP and PP of the OPE for the top 10 trackers on 11 challenge attributes respectively. As is
demonstrated in Tables 4 and 5, the PCF tracker outperforms the other top nine trackers on 10 out of 11
attributes of the OPE and obtains the best average precision (AP) and areas under the curve (AUC).
It validates that the proposed sharp response strategy can effectively prevent the model from drifting
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and the proposed weighting fusion strategy is also very efficient to track the changes in the target
appearance. Both strategies bring remarkable improvements in terms of accuracy and robustness.
Besides, qualitative experiments are conducted on this benchmark and the results are reported in
Figure 9. It further indicates that the proposed PCF tracker can accurately track the target with
deformation, rotation, and illumination variation.
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Figure 8. The comparing results for the top ten trackers with the whole 50 sequences on OTB-2013
benchmark: (a) The PP of the OPE on all sequences; (b) The SP of the OPE on all sequences.

Table 4. The PP of the OPE on OTB-2013 benchmark for the top ten trackers on eleven different
attributes (%): SV, IV, OPR, OCC, BC, DEF, MB, FM, IPR, OV, LR. The last column is the average
precision (AP) of LET at 20 pixels. The top three ranks are marked in red, cyan, and blue, respectively.

Trackers SV IVv. OPR OCC BC DEF MB FM [IPR OV LR AP
PCF 632 631 659 669 635 696 601 593 622 645 67.5
DeepSRDCF 53.6 53.6 550 56.6 46.1

SiamFC_3s 570 505 559 561 542 535 490 515 545 529 585
SRDCF 541 515 551 574 530 586 516 514 517 511 410 574
Staple 53.7 557 559 545 593 478 452 535 405 362 56.1
SAMF 492 492 525 566 498 549 498 479 509 33.8 541
LCT 504 493 538 520 539 586 423 408 514 484 348 541
FDSST 521 517 521 507 514 488 475 523 479 288 540
DLSSVM 420 459 499 512 498 566 524 489 489 493 359 515
DSST 476 446 431 449 458 386 343 345 461 384 313 469

Table 5. The SP of the OPE on OTB-2013 benchmark for the top ten trackers on eleven different
attributes (%): SV, IV, OPR, OCC, BC, DEF, MB, FM, IPR, OV, LR. The last column is the average overlap
accuracy of the OPE. The top three ranks are marked in red, cyan, and blue respectively.

Trackers SV Iv. OPR OCC BC DEF MB FM IPR OV LR AUC
PCF 824 821 884 895 845 913 760 767 827 811 733 89.2
DeepSRDCF 76.7 74.9
SiamFC_3s 767 680 763 756 731 709 647 682 747 683 780 793
SRDCF 759 690 765 772 706 766 698 694 722 654 768 789
Staple 753 735 770 763 738 779 627 604 734 654 722 765
SAMF 734 690 759 807 656 740 648 630 729 668 708 774
LCT 721 686 760 711 735 783 559 520 724 567 681 759
FDSST 751 740 742 707 680 683 644 740 596 539 753
DLSSVM 674 665 756 723 696 828 729 668 742 619 75.7

DSST 682 600 600 601 598 491 432 421 651 486 693 643
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Figure 9. The qualitative experiments from four representative sequences on the OTB-2013 benchmark.
The results for the top ten trackers are expressed in different colors. On these challenging sequences,
the proposed PCF tracker achieves remarkable results compared to the other top nine trackers in terms
of accuracy and robustness.

4.4. Experiments on OTB-2015

OTB-2015 is a more challenging benchmark than OTB-2013, including 100 videos with 11 different
attributes: SV, IV, OPR, OCC, BC, DEF, MB, FM, IPR, OV, LR. The proposed PCF tracker is evaluated with
18 state-of-the-art trackers on this benchmark from the works: TLD [2], Incremental learning for robust
visual tracking (IVT) [4], DFT [8], DSST [13], FDSST [13], SRDCF [14], Staple [16], CT [17], LCT [18],
LOT [19], LSS [21], MIL [22], SAMF [23], CSK [24], KCF [25], SRDCFdecon [31], DeepSRDCF [32],
and DLSSVM [37]. Only the ranks for the top 10 trackers are reported.

Figure 10 reports the PP and SP of the OPE determined by three challenges attributes: OPR with
63 videos, IV with 38 videos, and DEF with 44 videos. Asis clearly illustrated in Figure 10, the proposed
PCF provides the best results among the top 10 trackers in all three attributes. More particularly,
the PCF tracker obtains 85.1% and 62.6%; 82.5% and 63.6%, and 83.0% and 62.5% on attributes OPR, IV,
and DEF respectively. It again validates the effectiveness of the proposed PCF tracker for handling
the issues of the significant changes in the target appearance.
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Figure 10. Cont.
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Success plots of OPE - illumination variation (38)

Precision plots of OPE - illumination variation (38)
9
0.8 [
[ D i
O T = 0.7
07 SIS
P
06 7 Losr
5 7, 2
9 g5l —— PCF [0.825] 05 [—
g DeepSRDCF [0.800] % ES: [g:s?)]F 0.570
D 04t -+ - Staple [0.764] 8047---- P [0.570]
o —— SRDCFdecon [0.762] o SRDCFdecon [0.557]
0al — — SRDCF [0.734] =1 — Staple [0.554]
FDSST [0.709] ) 0.3 |= = SRDCF [0.542]
02 = LCT [0.702] LCT [0.500]
— = SAMF [0.701] 0.2 |[——FDSST [0.496]
o KCF [0.631) — = SAMF [0.492]
——DSST[0621] 01} DSST [0.451]
o . . . . . . . . . —— KCF [0.410]
0 5 10 15 20 25 30 35 40 45 50 0 n n n L L L L L
Location error threshold 0 0.1 02 03 04 05 06 07 08 09 1
Overlap threshold
() (d)
Precision plots of OPE - deformation (44) Success plots of OPE - deformation (44)
0.9 T T T T T T T I 1 T T T T T T T T T
08F T T T iieieea = 0.9
07t e , R S
= T~
= pmmmmmmT T 0.7~ =u
06 7 = T Q [ TTmmaa
[l £ - © Te~a
2 o5t (17 2" —— PCF [0.830] 1 ;05 —cron ~
@ 57 0 DeepSRDCF [0.787] % o5k Dc [g:D‘Z]F 0536
8 it/ 2. =+ SRDCFdecon [0.724]| [} eep! [0.536]
D o4 o pe Q =+ + Staple [0.523]
4 taple [0.710] O 04t
o 11,4 — — SRDCF [0.682] =1 SRDCFdecon [0.522]
osr Y SAMF [0.674] 1 D 51|~ = SRDCF 0.504)
LCT [0.655] SAMF [0.469]
02r — — FDSST[0.571] 1 0.2 || LCT [0.467)
KCF [0.559] — — FDSST[0.428]
1 L KCF [0.383]
0.1 —— DSST [0.497) 0.1
——DSST[0.372]
0 5 10 15 20 25 30 35 40 45 50 0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1
Location error threshold Overlap threshold
(e) (f)

Figure 10. The quantitative results of the top ten trackers on OTB-2015 benchmark determined by three
challenge contributions: DEF, OPR, and IV. Among the top ten trackers, the proposed PCF tracker
achieves the top ranks in all three attributes: (a) The PP of the OPE on attribute DEF; (b) The SP of
the OPE on attribute DEF; (c) The PP of the OPE on attribute OPR; (d) The SP of the OPE on attribute
OPR; (e) The PP of the OPE on attribute IV; (f) The SP of the OPE on attribute IV.

Figure 11 shows the overall results for the top ten trackers on OTB-2015 benchmark. Among these
compared trackers, the proposed PCF tracker obtains the best ranks in PP and SP of the OPE including
the AP scores of 86.3% and the AUC scores of 64.7%. In addition, attributes-based evaluations are
conducted on this benchmark. The results of this experiment are reported in Tables 6 and 7. Specifically,
the proposed PCF tracker achieves the top scores in terms of PP on 9 out of 11 attributes as shown in
Table 7, and obtains the best ranks in terms of SP on all 11 attributes as demonstrated in Table 7. As is
demonstrated explicitly in Tables 6 and 7, the proposed PCF tracker obtains the best AP and AUC
scores compared to the other top nine trackers, at the same time, the PCF tracker achieves a real-time
performance running about 41 FPS on a CPU. It indicates the superior tracking performance for all
11 attributes. In general, the proposed tracker achieves a substantial improvement of the other top
nine trackers in terms of accuracy, robustness and real-time performance. Furthermore, the qualitative
experiments are also conducted in all videos of OTB-2015 benchmark. The results for the four
representative videos are illustrated in Figure 12. Among the compared trackers, the proposed PCF
tracker significantly outperforms the other top nine trackers in terms of location and scale estimation.
It again validates that the effectiveness of the proposed PCF tracker when the target undergoes
the situations of deformation, rotation, and illumination variation.
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Figure 11. The comparing results for the top ten trackers with the entire 100 videos on the OTB-2015
benchmark: (a) The PP of the OPE on all videos; (b) The SP of the OPE on all videos.

Table 6. The PP of the OPE on the OTB-2015 benchmark for the top ten trackers on eleven different attributes
(%): SV, 1V, OPR, OCC, BC, DEF, MB, EM, IPR, OV, LR. The last column is the AP of LET at 20 pixels. The top
three ranks are expressed in red, cyan, and blue respectively.

Trackers SV v OPR OCC BC DEF MB FM IPR OV LR AP
PCF 839 825 8.1 844 828 830 823 824 89.2 86.3
DeepSRDCF 819 81.1

SRDCFdecon 756 762 728 715 742 724 742 721 713 596 782 773
SRDCF 71.8 734 699 667 680 682 700 711 717 550 795 753
Staple 732 764 726 699 714 710 649 677 757 592 773 75.0
SAMF 684 701 710 698 636 674 598 650 719 573 769 735
LCT 635 732 693 61.0 665 655 552 575 708 441 684 701
FDSST 641 709 626 599 745 571 638 656 692 525 653 687
DSST 618 621 571 537 622 497 514 519 641 501 688 633
KCF 580 631 596 526 623 559 506 549 635 372 671 623

Table 7. SP of the OPE on OTB-2015 benchmark for the top ten trackers on eleven different attributes
(%): SV, 1V, OPR, OCC, BC, DEF, MB, FM, IPR, OV, LR. The last column is the average precision of LET
at 20 pixels. The last column is the AUC of the OPE. The top three ranks are expressed in red, cyan,

and blue respectively.

Trackers SV v OPR OCC BC DEF MB M IPR ov LR AUC
PCF 61.6 636 626 616 63.0 625 632 614 593 562 56.0 647
DeepSRDCF

SRDCFdecon 543 557 521 527 550 522 572 545 499 480 46.7 559
SRDCF 51.8 542 506 50.7 514 504 529 544 50.0 428 468 547
Staple 51.3 554 516 513 523 523 504 50.7 514 450 411 537
SAMF 46.0 492 493 489 475 469 473 489 489 448 393 510
FDSST 464 496 457 443 542 428 476 496 496 415 391 500
LCT 447 50.0 488 450 495 467 442 457 483 378 371 499
DSST 433 451 412 404 461 372 410 416 447 390 338 456
KCF 364 410 396 368 434 393 382 404 422 31.8 290 421




Sensors 2019, 19, 2362 19 of 22

G RGN

PCF LCT

SRDCF

DeepSRDCF

FDSST

DSST KCF

SAMF

SRDCFdecon

Staple

Figure 12. The qualitative experiments from four representative videos on the OTB-2015 benchmark.
The results for the top ten trackers are marked in different colors. In these challenging videos,
the proposed PCF tracker performs better than the other top nine trackers.

4.5. Analysis of the Failure Cases

Figure 13 shows the failure cases of the proposed PCF tracker. In the first row, the target underwent
complete occlusions for long spans of time which caused the PCF tracker to drift off the target.
While the LCT tracker can still track the target because of the re-detection strategy [18]. In the second row,
the target underwent heavy occlusion with background clutters which also resulted in the PCF tracker
failure to track the target. However, the trackers with deep features (e.g., deepSRDCF and SRDCFdecon)
have high robustness in this situation. Furthermore, in the field of multi-object tracking, the top-down
Bayesian formulation proposed in the work [41] can also solve the problems of occlusion and background
clutters effectively. Hence, in the future works, the works [14,18,31,41] will be analyzed in detail
and the strategies of these works will be merged into the proposed PCF tracker to address these issues.

PCF LCT SRDCF

DeepSRDCF FDSST

DSST KCF SAMF SRDCFdecon

Staple

Figure 13. The failure cases from two representative sequences on the benchmarks. The tracking results
for the top ten trackers are marked in different colors.
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5. Conclusions

In this paper, a novel PCF framework was proposed to address the issues of target appearance
changes and model drifting. The proposed method constructed two parallel correlation filters with
different learning rate. The correlation filter with the bigger learning rate was proposed to track
the appearance changes in the target. The correlation filter with the smaller learning rate was
applied to track the location of the target. Through weighting the response maps of the two parallel
correlation filters, the position and scale of the target can be estimated accurately. Furthermore, a new
reasonable distribution of correlation response that organically merges the Gaussian distribution
and the triangle distribution was proposed to replace the original Gaussian distribution to prevent
the model from drifting to achieve higher tracking accuracy and robustness. Extensive qualitative
and quantitative evaluations on serval common benchmarks have demonstrated the competitive
accuracy, robustness, and the superior tracking speed performance of the proposed PCF tracker
compared to the state-of-the-art trackers. After analyzing the failure cases of the proposed PCF tracker,
a new re-detection strategy will be studied in detail to improve the disadvantages of heavy or complete
occlusions in visual tracking.
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