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基于堆栈式消噪自编码机的分块目标跟踪
戴 铂1,2† , 侯志强1 , 余旺盛1 , 李 明2 , 王

鑫1 , 金泽芬芬1
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摘要: 在视觉目标跟踪系统中, 特征的表达和提取是重要的组成部分. 本文提出基于多个自编码机网络相联合的特征
提取机, 通过对输入数据进行一定程度的重组, 采用深度学习的理论对其局部特征进行描述并对结果进行联合决策. 结
合该网络结构, 本文提出一种融合局部特征的深度信息进行目标跟踪的算法. 将输入图像分块使得大量的乘法运算转化
为加法和乘法的混合运算, 相对于全局的特征表达, 大幅降低了运算复杂度. 在跟踪过程中, 目标候选区的各分块权重
能够根据相应网络的置信度进行自适应的调整, 提升了跟踪器对光照变化、目标姿态和遮挡的适应. 实验表明, 该跟踪
算法在鲁棒性和跟踪速度上表现优秀.
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Local patch tracking algorithm based on stacked denoising autoencoder
DAI Bo1,2† , HOU Zhi-qiang1 , YU Wang-sheng1 , LI Ming2 , WANG Xin1 , JIN Ze-fenfen1
(1. Institute of Information and Navigation, Air Force Engineering University, Xi’an Shaanxi 710077, China;
2. No. 93716 Unit of PLA, Tianjin 301716, China)

Abstract: The expression and extraction of the feature plays the most important role in a visual tracking system. Based
on the theory of deep learning, we propose a feature extractor based on multiple ensemble autoencoders which can decide
the result by jointly describing the data input. Based the proposed network architecture, a novel tracking method applying
deep features of various local patches is established. The process of breaking the input images into patches decreases
the calculation complexity from amounts of multiplications to the combination of relatively less multiplications and some
additions, thus reducing the time complexity. In the tracking process, the weights of different patches change according
to the reliability of the corresponding ones, which improves the robustness of the tracker to conduct some challenging
situations, such as light change, target posture change and occlusion. Experiments on an open tracking benchmark show
that both the robustness and the timeliness of the proposed tracker are promising.
Key words: target tracking; feature extractor; deep learning; particle filter; autoencoder

1 Introduction
Visual object tracking is a fundamental computer
vision task with a wide line of applications for humancomputer interaction, surveillance, vehicle navigation,
etc. In a typical setting, the object location is initialized
in the first frame, and the object windows in subsequent frames are reported as tracking results. A complete
visual tracking framework[1] mainly consists of motion
model, feature extractor, observation model, model updater and ensemble post-processor. Since the discrimination between foreground and background is based on
the feature, an efficient feature representation decides
the robustness of tracking to a great extent. For this reason, reliable target appearance modeling problem has
been investigated in recent tracking algorithm actively. Traditional visual features, such as texture, Haar-like
features, histogram features, are widely used. In a track-

ing process, the dynamic appearance changes of target
and background require the online learning ability. The
classical online target tracking approaches, such as multiple instances learning (MIL)[2] and tracking-learningdetection (TLD)[3] , make use of the tracking results in
the past frames as the training samples to update the
template and achieve good performances.
Recently, deep neural networks (DNN) have drawn
attention as an excellent approach for various computer vision tasks, such as image classification[4–5] , speech
recognition[6] , face recognition[7] . The key to success is
the powerful feature descriptor. The features extracted
through the deep learning architecture are more sophisticated and richer than hand-crafted features. DNN is
divided into feed forward neural network and recurrent
neural network. The detailed classification is showed in
Fig.1.
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Fig. 1 Some models of deep learning

In the field of visual tracking, some typical deep
learning architectures, such as stacked denoising autoencoder (SDAE) and convolutional neural network
(CNN), significantly improve the tracking performance. On one hand, for SDAE is capable in learning those features containing noises, it was applied
in tracking by Wang[8] . The network which extracts feature maps is trained by a dataset containing tremendous patches. On the other hand, different from SDAE, CNN is a supervised neural network.
Wang[9] focused on the motion invariance and applied
the samples extracted online to finetune the network.
Moreover, a new network[10] is designed mainly for
tracking. It contains 7 convolutional layers and 2 full
connection layers, and the output is not the binarization but the structuration. Hong[11] used a trained network to learn the salient feature map and used the correlation matching to obtain the location of the target.
As the development of the deep model, some deeper layers are introduced into tracking and the scholars[12–13] has begun to think about the different characters among different layers.
Despite such popularity, there exist some challenges in employing deep learning architectures to
deal with visual tracking problem. Firstly, the construction of DNN requires plenty of training data.
And the requirement increases substantially with the
increasing of the unit numbers of each layer and the
depth of the neural network. However, in a tracking
process, the sample data closely related to the current circumstance is limited, which makes the network
training more challenging. Secondly, the feature extraction from the deep structure may not be appropriate for visual tracking for the fact that the visual
feature extracted from top layers encode semantic information and exhibit relatively poor localization performance in general. Therefore, how to apply deep
neural network to online tracking is an important research subject.
The approach based on the big data is a tendency,
and we intend to search a sufficient tracking method

achieving the splendid performance of the big data,
which just relies on the tracking sequence itself rather
than those big datasets[14–15] . Thus we propose a new
tracking algorithm based on the SDAE to represent
the target, and the network does not to be trained originally for image classification as deep learning tracker
(DLT)[8] . The deep architecture we propose contains
five SDAEs with the trigger mode for self-adaptation.
The contributions of this paper are summarized
below:
· Since the calculation increases with the increasing of the unit numbers of each layer and the
depth of the neural network, we break the whole network into several smaller ones. By this means, the
depth is maintained and the width is decreased. The
architecture of the network makes the calculation process from amounts of multiplications to the combination of relatively less multiplications and some additions, which significantly reduces the computational
complexity of the network training.
· In the visual tracking scenes where occlusion
and background clutter occur, on account of the fact
that straightforward and frequent update of new observations may cause gradual drifting due to accumulated errors and loss of sample diversity, the approaches based on the overall of the target sometimes
fail. The local based approaches minimize the effects
of the appearance model changing towards the local
patch model updating. Inspired by the superiority of
the local based approach and the collateral network
mentioned above, we propose a new tracker.
· We redesigned the framework of particle filtering, which fits in with the proposed tracker. Particularly, the particle confidence matrix we propose increases the information entropy of the particles. According to the adaptability of the templates, which are
based on their corresponding local patches, we fuse
such local locations to the tracking result and retrain
the network at an appropriate time.
The rest of our paper is organized as follows. We
describe the deep feature extractor in Section 2 and
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discuss our proposed approach MDT in Section 3.
The performance of the algorithm is presented in Section 4.

2 Deep feature extractor
A robust object tracking requires effective feature
extractor. The deep architecture performs as an automatic feature extractor, and each layer of the network
can be considered as a different feature space of the
input data. In this section, we describe the deep feature extractor, which is based on a multiple SDAE.
2.1 The architecture of SDAE
Based on the theory of autoencoder (AE)[16] , denoising autoencoder (DAE)[17] is trained to denoise
the corrupted versions of the input data, which enables the encoder to learn a more robust representation, thus increasing the generalization of the feature
descriptor. SDAE is built by stacking several DAEs
in terms of the greedy algorithm. Fig.2(a) shows the
architecture of a DAE.
For the network, let x denote the original data
sample and x̃ be the corrupted version of x, x ∈ [0, 1].
Let W and W ′ denote the weights of the encoder and
decoder respectively. Similarly, b and b′ refer to the
bias terms. The coding function and the decoding
function are described as
h = sigm(W x̃ + b),

(1)

x̂ = sigm(W ′ h + b′ ),

(2)

where
sigm(z) =

1
.
1 + exp(−z)

(3)

A denoising autoencoder is learned by optimising
the following loss function with regularized term
N
∑
E(x) = −
(xi ln x̂i + (1 − xi ) ln(1 − x̂i )). (4)
i=1

By preventing the autoencoder from simply learning the identity feature mapping, a denoising autoencoder is more effective than the conventional ones in
discovering robust features[18] .
2.2 The feature extractor
SDAE effectively extracts the feature expression
of the target by restructuring the target. However, in
a tracking process, the partial occlusion, the dynamic
appearance changes of the target and the background
make the updating of the network parameter too frequently, which not only reduce the timeliness but also bring the appearance of backgrounds and occlusions in. Take dataset ‘freeman1’ for instance, when
the target takes off his glasses in front of the screen,
the bounding box stops over around the hand and the
background, which have nothing to do with the task.
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Meanwhile, DLT based on the overall feature representation updates the template for many times and
bring in excess background noise, thus the tracker is
disabled.
Inspired by the success of Frag[19] , which focuses on the feature extraction of segmented images,
we propose a local patch feature extractor based on
a multiple SDAEs. The local based approach minimizes the effects of the appearance model changing,
and the reasonable management on such patches suppresses the interference of backgrounds and occlusions in some local patches. The network we proposed is shown in Fig.2(b), in which green parts represent the triggered networks and the red parts represent the frozen ones. The results depend on the former.

Fig. 2 (a) Network architecture of DAE; (b) Model we
proposed; (c) Segmentation strategy

3

Proposed algorithm

Visual tracking is equivalent to creating a corresponding matching problem on locations, colors,
shapes, contours, textures and other characteristics of
the image information in the continuous frames. The
particle filter[20] is a Monte Carlo algorithm to implement the principle of recursive Bayesia filtering,
whose adaptability to nonlinear and non-Gaussian is
suitable for target tracking[21] . We apply the deep
feature extracted from the network to a particle filtering framework. In order to improve the robustness of
the tracker, the weight of each local patch is decided
simultaneously by the confidences of sub-networks,
that is the corresponding network of different patches. At the same time, the patches split and merge in
self-adaption. An overview of the proposed algorithm is showed in Fig.3 and named after the multiple
deep learning tracker (MDT). Given a set of samples
on the input frame, we first extract their features using the proposed network and classify them by the
sigmoid function (Section 2.2). The deep neural network is initialized by this mechanism in several iterations. According to the motion model and the initialized networks, we sample particles (Section 3.1)
and calculate the network confidence matrix T . Combined with the threshold value η, the network is activated and we can calculate the weights of the corresponding patches (Section 3.2). On the basis of the
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spatial distribution of particles and the weights of triggered sub-networks (the networks corresponding to
such several segmentations), we calculate the patch
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fitness (Section 3.3). In such tracking process, the
generative model is updated with the updating of the
network.

Fig. 3 Overall procedure of the proposed algorithm MDT

3.1

Particle filter for visual tracking
Let sk denote the state vector and zk denote the
observation value at time k. Based on Bayes principle, the tracking process can be treated as the recursive estimation of the target state {sk } according to the observation sequences {z1:k }. While
the particle filter uses a series of weighted particles
(i)
(i)
{st , wt }N
i=1 to approximate the posterior distribution of the target state p(sk |z1:k ). The updating of
the weights is computed through the equation (5). In
order to avoid impoverishment, the sum of weights
remains 1 showed as equation (6).
i
wki = wk−1
· p(zk |sik ),
N
∑
wki = 1.

(5)
(6)

i=1

The subsequent estimations are described as:
N
∑
ŝk =
wki sik .

(7)

i=1

In our proposed algorithm, let sk = {cx , cy , sx , sy }
denote the state vector, where cx and cy denote the
center coordinate of the bounding box, and sx and sy
denote the scales respectively in the x and y directions. We choose the state transition model showed
as:
sk − sk−1 = sk−1 − sk−2 + wk−1 ,
(8)
where wk−1 denotes noise matrix, wk−1 = N (0, G),
2 , σ 2 }.
G = diag{σx2 , σy2 , σsx
sx
In the tracking process, the re-sampling of particles and the calculation of the corresponding confidences operate with some necessary model updating.

3.2

Calculation of particle confidence in MDT
Different from the calculation of particle confidence in traditional particle filter, the particle confidence in MDT directly comes from the output of the
network. We describe the process in detail. Firstly,
the object image is converted to grayscale and the scale to an image array of 32×32. Secondly, five local patches of 16×16 are generated through the image segmentation. And such patches are expanded
by columns as the input to the network. The segmentation and the architecture of multiple SDAEs are
shown in Fig.4. The numbers of neural units from
the input to the output are 256, 512, 256, 128, 64.
The outputs of the five SDAEs respectively enter into
a sigmoid classifier and generate a matrix, which we
called the particle confidence matrix:

 1
t1
t21
t31
t41
t51
 t1
t22
t32
t42
t52 

 2
T = .
..
..
..
..  , (9)
 ..
.
.
.
. 
t11000 t21000 t31000 t41000 t51000
where tim ∈ (0, 1), i = 1, 2, · · · , 5, m =
1, 2, 3, · · · , 1000 which indicates the sequence of the
sampling particles.
Because the segmentation is based on the raw data, the relative coordinate of each patch is constant
throughout, and each particle can be mapped into
five patches thus generates corresponding five particle confidences. The relative invariance of the patch
coordinate adapts to the appearance of the target, and
the dimension increasing of the particle confidence
promotes the robustness of tracking.
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As a result of the blocking scheme, after generating confidence particle matrix, we consider which
part to be chose. Firstly, the network confidence is
defined as the maximum value of the particle confidence in the corresponding sub-network. Then, the
confidences are examined by the threshold value η: if
less than η, we determined that the appearance model
changes significantly, and most of these changes due
to occlusion, illumination. To avoid the impact on the
overall similarity, the over changed sub-networks are
frozen and the weights set directly to zero. After the
examination, the number of the left sub-networks is
Nleft . If the selected is above the standard ξ, we believe the model and continue to calculate the patch
weight.
In the calculation of the patch weight, we make
the power of the corresponding network confidence
ascend and normalize the result as the weight of such
region:
5
2 ∑ i
(tarc max(ti ) )2 ,
wpj = (tj
(10)
j ) /
arc max(tm )

i=1

m

[1, 5]N , tjarc max(ti )
m

where m ∈
j ∈
denotes the network confidence.
3.3 Model updating of the MDT
According to the optimal state estimation ŝk , the
similarity between the current patch and the corresponding template can be calculated. We treat it as
the network confidence. However, once the result ŝk
contains some errors, the particle confidence will not
be credible. If patch weights update according to such
confidence and the system continues the sampling and
the Bayesian recursion, it is bound to cause the error
accumulation and lead to tracking drift. To make the
algorithm more stable, when calculating the similarity of each patch, we consider not only the similarity
of the patches but also the spatial distribution of the
particles, thus we calculate the patch fitness through
[22]:
N
N 1
∑
∑
|sik − ŝk |/ tji |sik − ŝk |)wPj , (11)
qP j = (
i=1
i=1 N
j
where ti denotes the particle confidence of the corresponding patch, |sik − ŝk | is the Euclidean distance
[1, 1000]N ,
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between the current coordinate and the estimated coordinate of the optimal state. Combined with the
patch fitness, we fuse the information from different
patches to modify the patch weights[23] :
5
∑
(12)
qPj ),
wPk j = (1 − α)wPk−1
+ α · qPj /(
j
j=1

where α denotes the updating coefficient and the updating rate grows with its increasing.
If the selected is below the standard ξ, it proves
that there are excess changes among the patches and
the selection of ξ dues to the experience. The positive
samples and the negative ones will be resampled to
achieve a global model updating.

4
4.1

Experiments

Experimental settings
We compare our proposed approach with
some state-of-art trackers, including multiple instances learning (MIL)[2] , tracking-learning-detection
(TLD)[3] , compressive tracking (CT)[24] , distribution fields for tracking (DFT)[25] , FragTrack[19] and
DLT[8] . We evaluate our method on 12 benchmark
video sequences[26] that cover most challenging scenarios such as fast motion, illumination changes,
scale changes, cluttered backgrounds and occlusions.
For the parameter setting of our proposed tracker, we
set η = 0.75 and ξ = 0.6.
4.2 Quantitative comparison
For quantitative comparison, we use two standard
metrics: central-pixel error and overlap percentage.
Both the tracking result and the labeled groundtruth
are represented by a bounding box. Center-pixel error is defined as the Euclidean distance between the
two bounding boxes, which is shown in Fig.4. It is
the frame-by-frame comparison of 7 trackers on 12
video sequences (in pixels): (from left to right) car4,
cardark, fleetface, carscale, bolt, david2, faceocc1,
faceocc2, deduk, mountainbike, singer1, freeman1.
Overlap percentage refers to the overlapping portion
between the two bounding boxes. The average centerpixel error of each video and the coverage ratio are
given in Table 1, in which the best result is shown in
red and second best in green.
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Fig. 4 The results of central-pixel error plot
Table 1 Comparison of 7 trackers on 12 video sequences. The first number denotes the average center-pixel
error (in pixels), while the number in parentheses denotes the overlap percentage (in percentage)
Video sequences

Frag

MIL

CT

DFT

TLD

DLT

Ours

car4
cardark
fleetface
carscale
bolt
david2
faceocc1
faceocc2
dudek
mountainbike
singer1
freeman1

139.8(22.4)
36.3(30.1)
74.0(49.5)
28.3(48.9)
183.4(13.3)
57.2(29.8)
16.0(80.3)
41.6(44.5)
87.7(79.4)
208.2(12.7)
118.1(22.6)
14.6(37.9)

40.2(34.6)
42.9(20.4)
71.6(50.0)
11.3(67.8)
393.5(1.0)
11.0(32.7)
28.6(72.6)
21.3(59.6)
24.7(80.50
74.4(45.7)
76.5(35.1)
19.2(28.9)

87.1(20.3)
119.1(0.5)
67.5(53.7)
63.7(41.9)
363.8(1.0)
76.8(0.3)
28.4(68.7)
22.6(57.1)
29.2(74.0)
216.6(13.8)
74.4(31.3)
121.5(15.2)

82.5(20.2)
58.7(39.1)
72.6(51.9)
55.5(44.8)
368.3(3.4)
17.0(54.1)
24.0(78.7)
14.2(66.7)
25.0(81.2)
156.2(30.6)
83.4(30.5)
10.8(47.8)

—
28.3(43.2)
55.6(46.7)
—
—
5.9(85.3)
24.6(68.7)
20.2(57.9)
—
316.4(5.3)
17.9(72.6)
42.2(30.0)

6.0(86.1)
15.3(57.1)
41.3(53.3)
58.4(43.4)
355.1(1.7)
73.1(54.0)
20.4(76.2)
13.9(67.7)
12.0(88.9)
8.0(74.4)
5.2(83.7)
128.1(25.2)

4.0(87.0)
1.7(85.0)
35.5(59.3)
10.2(73.9)
10.0(54.7)
3.6(76.7)
18.6(78.8)
14.0(67.7)
16.6(81.4)
11.2(66.6)
8.0(80.6)
14.3(38.1)

For most selected video sequences, our proposed
algorithm is among the best two methods. In addition, with the help of GPU, our proposed tracker can
achieve an average frame rate of 9fps (frame per second). It is faster than the 2.5fps of DeepTrack[27] ,
which is also an online tracker based on the deep fea-

ture extractor.
4.3 Qualitative comparison
Some key frames with bounding boxes reported
by all seven trackers for each of the 12 video sequences are showed in Fig.5. And we analyse the
performance in six challenging scenarios.
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Fig. 5 The qualitative results for selected sequences
· Pose change: In the mountainbike sequences,
the pose changes along the video. Although the
apparent change of the tracked object frequent, the
changing process is continuous. The capability of online learning is particularly important in such scenario. Most comparing algorithms drift between frame
37 to 96. MIL loses the target in frame 160. As a
consequence, all trackers drift or even fail to different degrees except DLT and our proposed algorithm
MDT.
· Scale change: In both the carscale and singer1
sequences, the scale changes distinctly. For carscale,
the partial occlusion and the scale changing make it
challenging. DLT and DFT fail because of the occlusion from frame 162 to 179. In subsequent sequences,
when the target moves from far and near and the appearance changes from the front to the lateral, CT and
MIL do not support scale changing while MDT performs best. For singer1, beyond the scale changing,
the illumination changes serious. Our proposed MDT
perform the best of all.
· Illumination change: The illumination changing occurs both in the singer1 and cardark sequences.
For cardark, the target is relatively small and the

scenario is very dark with illumination in the cluttered
background. All the other selected trackers fail as the
car turns around except the MDT.
· Occlusion: In the faceocc1 and faceocc2 sequences, the target is severely occluded several times.
All methods can merely track the target to the end.
TLD and MIL, which are global based, learn the occlusion as a part of the target. While MDT and Frag,
which are local based, can follow the target accurately.
· Cluttered background: In tracking scenarios,
cluttered background is a common problem. It occurred in car4, fleetface, freeman1 and mountainbike
sequences. DLT and MDT, which are the deep learning based methods, perform significantly better.
· The local nonrigid deformation: The bolt
video is a typical scenario testing the local nonrigid
deformation. The target moves fast and contains sequential nonrigid deformation. Our proposed MDT
can track the target along the entire sequence.

5 Conclusions
The key to success is the powerful feature descriptor. We proposed a new architecture of network to ex-
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tract the feature from various patches of the candidate
regions, which not only improve the adaptability of
the target model to the appearance changing and the
cluttered background but also reduce the computation
complexity. To fit in with the proposed tracker, we redesigned the framework of particle filtering and the
template updating strategy. Extensive experiments
on benchmark data sets show the robustness and outstanding performance of our proposed method.
The strategy of local feature extraction is not limited to the linear structure. We will focus on how to
design an efficient extractor which is based on adaptive nonlinear segmentations.
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