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Abstract. In this paper, we propose a robust tracking framework based on hybrid network model (HNM)
and similarity grouping algorithm. The proposed HNM adopts recurrent neural networks (RNNs) to model
the self-structure of object, and utilizes adversarial learning to enhance the representation ability of the
most robust features in temporal domain. In addition, in order to track the target according to its categoryspecific information, we propose a category-specific similarity grouping algorithm so as to activate the
corresponding single branch from offline training as a binary classifier for online tracking. The experiment
results on the benchmark dataset show that our tracker has better tracking performance than other stateof-the-art trackers.
Keywords: Hybrid network · Category-specific information · Similarity grouping

1

Introduction

Single target visual tracking has been a hot research field in recent years, which can be applied to many practical
applications such as video surveillance [1], vehicle navigation [2], human-computer interaction [3] and so on.
The primary task of tracking is to generate bounding boxes to continuously locate the position of the target
in the subsequent frame of a video based on the ground-truth information from the first frame. Most popular
tracking frameworks [4–6] adopt discriminative methods that treat tracking task as a classification problem. For
discriminative methods, a large number of positive and negative samples are extracted from around the target
to train the network, and then classified into the target or the background through binary classifiers. However,
visual tracking is an extremely challenging task because in most cases there are a series of interferences such as
illumination, occlusion, target deformation and so on.
Convolutional networks (CNNs) have powerful feature representation capabilities, so it is involved in numerous tracking methods [7–9] for feature extraction. The training of CNNs requires a lot of data, otherwise it
is prone to overfitting problems. To solve the problem of lack of sufficient training data specialized for visual
tracking, H.Nam [10] proposed a Multi-Domain Network (MDNet) based on CNNs to learn a unified representation of objects from multiple videos with annotations for tracking. There have been many improved approaches
based on the MDNet in recent years. For instance, an additional RNN-based structure proposed by Fan et
al. [11] has alleviated the problem that the MDNet cannot well separate object from similar distractors of
intra-class because CNNs in MDNet mainly pay attention to classifying objects belonging to different classes.
Therefore, they incorporate the RNNs into the MDNet to take full advantage of the local feature representation
of convolutional layer. To alleviate the interference of some features with excessive discriminability, song et al.
[12] introduced adversarial learning to identify the mask that maintains the most robust features of the target
over a long temporal span. Jung et al. [8] proposed real-time MDNet that an improved RoIAlign technique and
a multi-task loss are employed to speed up tracking. Therefore, it is of great importance to research how to
design robust networks to develop tracking framework in deep learning era.
In addition, the above tracking methods [8, 10–12] are divided into two stages: offline training and online
tracking. Since individual training sequences involve different types of targets, they replaced classification layers
obtained by offline training with a new binary classification layer for retraining, which does not fully utilize the
results from offline training. Note that some of video sequences have great similarities in some ways, such as
target appearance, color texture and background scene. How to make full use of the category-specific features
of training videos is also a research focus in the tracking field.
In this paper, firstly, we propose a new hybrid network architecture (HNM) for visual tracking. A multilayer CNN and RNN skip concatenation strategy is implemented to provide more information for the network
architecture, where RNN is utilized to learn the self-structure information of object to obtain motion information
of the target. Some weight masks generated by adversarial networks are applied to the extracted features to
capture various variations in the appearance of target. Through adversarial learning, our HNM can identify
which features are robust and which are not sensitive to appearance variations of the target in a long temporal
domain. Secondarily, we propose a category-specific similarity grouping algorithm to regroup training videos
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during offline training. Videos sequences with high similarities are grouped into a same group. Each group
represents a specific category of training sequences and is responsible for iteratively training a branch of multibranch layers at the end of HNM network. When online tracking, the branch with the highest similarity to
test sequence is activated for classifier learning. In this way, our model not only makes full use of the offline
training results but also introduces the category-specific information, which greatly enhances the robustness
and discrimination of our model.
In summary, the main contributions of this paper are as follows:
• In this paper, we design a new deep learning method called hybrid network model (HNM) for single target
tracking, and it shows powerful ability in feature representation.
• A category-specific similarity grouping algorithm is proposed to regroup training data in the offline training.
When tracking a new video sequence, branch selection strategy is implemented to capture category-specific
information.
• Extensive experiment results on OTB100 [13] show that the proposed tracking method outperforms other
state-of-the-art trackers.

2

Related Work

Multi-Domain Learning. In traditional visual tracking field, it is difficult to maximize feature representation
ability of CNNs due to the limitation of the amount of tracking dataset. In order to address this problem, the
MDNet proposed by H.Nam [10] adopts a multi-domain learning structure composed of shared layers and specific
multi-branch layers. The network is trained iteratively and separately using multiple annotated video sequences
to obtain a generic feature representation during offline training. Although the MDNet can fully pretrain the
large-scale data of visual tracking and obtain the effective representation, its multi-branch layers that constitute
binary classifiers obtained by training offline are abandoned, and then the multi-branch layers are replaced by
a new classification layer when tracking a new video. To address this problem, in this paper a category-specific
similarity grouping and branch selection algorithm is introduced to use category-specific information pretrained
offline.
RNN on Visual tracking. In field of visual tracking, the RNNs model has successfully simulated long-term
contextual dependencies among frames. Ning et al. [14] used the regression capability of long short-term memory
(LSTM) to concatenate robust features generated by convolutional layers. Daniel et al. [15] used a two-path
network consisting of two LSTM blocks, one of which learns the motion feature of object and the other is
responsible for regression. Cui et al. [16] trained RNNs model in four different directions to traverse candidate
regions from multiple directions to capture context information, and the appearance model was robust to partial
occlusion. Fan et al. [11] used multiple RNNs to model self-structure of object, and the features generated by
RNNs were added to CNNs to obtain a robust feature representation. Inspired by the above, our HNM network
adopts the first three layers of convolutional layer of VGG-M model [17], and each convolutional layer followed
by a RNNs. The RNNs in HNM doesn’t model video sequences but model the self-structure of object in order
to obtain the motion information of the target to deal with the drift problem.
Adversarial Learning. The generative adversarial networks (GANs) has been a popular deep learning model
in recent years and is mainly used to generate data, such as images, sequences, videos, etc. GANs [18] regards
the generation problem as a continuous confrontation between two sub-networks which are generator and discriminator. A generative model G captures the data distribution of real samples in the training set and converts
random input noise into fake samples as realistic as possible. A discriminator D estimates the probability that
a sample is from training data to distinguish the difference between real data and false data. However, GANs
cannot be directly used for visual tracking [12]. One of the main reasons is that the input data of GANs is
random noise, but not is the object proposals in the tracking task. Besides, we need to train the classifier with
labeled samples instead of unlabeled ones. For the above reasons, we add weight masks which operate on the
last RNNs features. Through adversarial learning, this masks gradually reduce the weights of excessive discriminative features that only appear in few frames, and enhance the representation power of robust features in long
temporal domain.

3
3.1

Proposed Algorithm
HNM Architecture

The proposed HNM model consists of shared layers and multi-branch layers as shown in Fig. 1. The shared layers
consist of three convolutional layers (Conv1-3) and two fully connected layers (FC4-5) for learning general feature
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representations. The initialization weights of these three convolutional layers are derived from the corresponding
parts of VGG-M [17] network pretrained ImageNet [19]. Each convolutional layer is followed by a pooling layer
and a proposed RNNs layer that models the self-structure of object. The GANs module is added behind the
last RNNs layer, and the weight masks are applied to the extracted feature maps thought dropout operation.
The multi-branch layers contain m branches corresponding to m groups at the end of network. Each branch
represents a binary classifier with softmax cross-entropy loss, which is designed to distinguish target and background in each group. During offline training, each group divided by category-specific similarity grouping algorithm is regarded as a category-specific data to train corresponding one branch iteratively, and the shared
layers are updated in each iteration. When tracking a new video, we calculate the similarity score of its initial
frame with all groups and activate the branch with the highest score as ultima binary classifier, which captures
the category-specific information.

Fig. 1. The proposed HNM network architecture. The input of the network is a 107*107 RGB candidate. Each convolutional layer is followed by a pooling layer and a proposed RNNs layer. We add weight masks generated by GANs in
front of the first Fully-Connected layer and apply them to dropout features extracted from the last RNNs layer. The last
multiple binary classification layers are trained by multiple video groups that are divided by a proposed category-specific
similarity grouping algorithm.

RNNs modeling. We encode the self-structure of object into an undirected cyclic graph as shown in Fig. 1(a),
but its each node will be the previous or next elements of adjacent node, which makes the network difficult to
train. Therefore, we integrate four directed acyclic graphs shown in Fig. 1(b, c, d, e) to approximate the undirected cyclic graph, where each directed acyclic graph is utilized for learning self-structure information of object
from an independent direction. The forward pass and backward propagation processes of the directed acyclic
graph refer to [11]. In addition, since the representation and semantic information of different convolutional
layers are different, we add the RNNs at the behind of every convolutional layer to further improve robustness
of the network.

Adversarial Learning. Some features with excessive discriminability, such as partial occlusion, short-time
rotation distortion, etc., may not last in whole video sequences. These short-term interferences easily weaken
the ability of our network to identify the target and background. In order to solve this problem, we adopt
weight masks generated by adversarial networks to select more time-stabilized robust features and decrease the
weights of time-varying discriminative features. These masks can effectively solve the drifting problem caused
by appearance variation in target tracking. The adversarial learning network is also composed of a generator G
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and a discriminator D as shown in Fig. 1. We define the objective loss function [12] for the network as:
Lloss = min max E(R,M )→P(R,M ) [log D(M · R)]
G

D

+ER→P( R) [log(1 − D(G(R) · R))]

(1)

2

+αE(R,M )→P(R,M ) ||G(R) − M || .
Where R represents the multi-channel input features obtained through the last RNNs layer, M represents
the theoretically optimal mask, which can identify time-varying discriminative features of the object. G(R)
represents the mask generated by the generation network G. The dot represents the dropout operation on the
input feature R. Each iteration is first to train D network and then G network. When training D, the extracted
feature R is dealt with the mask generated by G and sent to the D for classifier training. For multiple input
features, there are different masks generated by G. After training D once, we choose the mask with the highest
loss as M and update G. By adversarial learning, as many as possible, multiple masks can cover variations of
the target and the discriminative features can be identified, which allows our tracker to utilize the most robust
features in a long temporal domain.
3.2

Offline Training via Category-Specific Similarity Grouping

In order to improve the tracking performance, a category-specific similarity grouping algorithm is used to obtain
category-specific groups as new training data for offline training. First, the key-frames sequence of each training
video is extracted to replace the video. Second, the category-specific similarity grouping algorithm is performed
to divide all key-frame sequences into new category-specific groups, where the members in each group have
high similarity. At last, each category-specific group is used to train shared layers and a separate branch of the
multi-branch layers in the HNM network. The procedure of key-frame extraction and category-specific grouping
is shown in Fig. 2.

Fig. 2. Key-frame extraction and category-specific similarity grouping

Key-frame extraction. The purpose of video key-frames extraction is to reduce a large amount of redundant information existing among video sequences. We suppose that a training video sequence denotes Q={f1 ,
f2 ,. . . fh }. Each frame needs a normalization process and is divided into W sub-blocks, and its feature vectors
is calculated as:


p¯1 p¯2 ... p¯w
Pf i = 2 2
(2)
2
σ1 σ2 ... σw
2
Where p̄w is the gray mean value of the wth sub-block and σw
is variance of the wth sub-block. Each frame is
represented with its feature vectors and assigned to different cluster groups according to unsupervised cluster
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algorithm. The cluster similarity calculation is:
Tc = min Dist (fi , cj )

(3)

Where Dist represents the Euclidean distance and cj represents the center frame of the j th cluster. In order
to prevent a lot of redundancy, we finally only select several cluster groups whose members exceed 10% of the
total number of frames and eliminate the remaining cluster groups which could not meet our requirements due
to too few members. In the effective cluster groups, we chose the frames near the cluster center as our candidate
key-frames sequence. Finally, the key-frames sequence of each video is q = {f1 , f2 . . . fH }, where H<h.
Category-Specific Similarity Grouping Algorithm. We propose a category-specific similarity grouping
algorithm to regroup all key-frames sequences as new training data, where each group represents a categoryspecific class. The similarity between two key-frame sequences q1 and q2 is expressed as:
|q1 | |q2 |

Simi(q1 , q2 ) =

1 XX
Dist(q1t , q2r )
dm t=1 r=1

(4)

Where q1t and q2r represent the key-frame sequences of the q1 and q2 respectively. |q1 | and |q2 | represent the
number of key-frames in each sequence. Then the similarity Dgc between an input key-frames sequence qw and
the divided cluster group gc is as follows:
Dg c =

|gc |
1 X
Simi(qw , gc )
|gc | m=1

ĉ = arg min Dg c
c

(5)
(6)

Where |gc | indicates the number of sequences in group gc , and ĉ represents the index of the selected cluster
group. According to Eq.5, we can calculate the similarity distance between the key-frames sequence qw and
all cluster groups. A threshold µ is set, and if Dgc < µ, the sequence qw is divided into the group with the
greatest similarity. If Dgc > µ, indicating that no cluster group is sufficiently similar to the input video keyframes sequence, then a new cluster group will be created. In addition, if the number of frames in some groups
increases indefinitely, it is easy to cause blurring boundaries of videos, which weakens the discriminating ability
of branch learning. Therefore, we stipulate that the number of members in each group cannot exceed a certain
limit.
3.3

Online Tracking via HNM

Branch Selection. We design a branch selection strategy to select one branch carrying the category-specific
information as the binary classifier at the end of HNM network. When tracking a new video sequence, the initial
frame of the sequence is extracted. Then the similarity distances between the initial frame and key-frames in
all groups are calculated and the branch with the closest similarity is activated as the last classification layer
of the HNM network. The branch selection strategy can effectively improve the ability of network to classify
specific targets.
Tracking and Model Update. A linear regression model is trained to accurately predict the position of the
target according to the ground-truth of the first frame in a tracking sequence. Starting from the second frame,
each frame is collected to prepare for online updates of subsequent frames. We adopt a long-term and short-term
update strategy as in [10]. When the tracking score is less than the given threshold θ, we perform a short-term
update to correct the potential tracking failures. We perform a long-term update every 10 frames to jointly
update the G network and the D network online.

4
4.1

Experiments
Implementation Details

Our HNM network is implemented in Matlab using MatConvNet on a ThinkStation P51 PC with Intel(R)
Xeon(R) E5-2623 2.6 GHz CPU and Quadro M5000 GPU and 8 GB memory. The offline training datasets of
the network adopt VOT2013 [20], VOT2014 [21] and VOT2015 [22], which contain 85 videos sequences. We
use similarity grouping algorithms in section 3.2 to divide these videos sequences into different category-specific
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groups to train the HNM network. In the i th iteration, the network only handles the i th branch based on the
corresponding group for offline training.
Three convolutional layers of HNM are trained by a stochastic gradient descent (SGD) method, and the
learning rate of the convolutional layer is set to be 0.0001. The channels of the three independent RNNs layers
and the corresponding pooling layer are set to be the same. The learning rate of RNNs is to be 0.0001, and the
decay rate is 0.9. The resolution of the mask generated by GANs is the same size as the input feature obtained
through the last RNNs layer. The learning rates of G and D are set to be 0.001 and 0.0001 as VITAL [12],
respectively.
4.2

Evaluation on OTB100

Evaluation Metrics. OTB100 [13] dataset is a popular object tracking benchmark that contains 100 fully
annotated videos. The two major evaluation metrics on OTB100: bounding box overlap ratio and center location
error, both of which evaluate the performance of the tracker for tracking successful frames and are visualized
by success and precision plots of the one-pass evaluation (OPE). For the success plots of OPE, the rank of the
tracker is determined based on the area-under-curve (AUC) scores. For the precision plots of OPE, we set the
threshold distance to 20 pixels.
Experimental Results. In our hardware environment, we have reproduced the tracking results of several stateof-the-art trackers, including SANET [11], VITAL [12], MDNet [10], C-COT [23], DeepSRDCF [24], DCFNet
[25], KCF [26], and compared them with our HNM. Fig. 3 presents the results in precision and success plots of
OPE on OTB100. It can be seen that our method achieves a 92.1% ranking score in precision plots and 69.4%
ranking score in success plots. Although our HNM tracker is second only to SANET in precision plots, it is better
than the existing popular tracker in overlap success plots. This can be attributed to the fact that our HNM
network model not only utilizes the structural information of the object itself but also enables the network to
utilize the most robust features over a long period through the mask generated by adversarial learning. Besides,
the introduction of category-specific information also improves the tracking performance.

Fig. 3. Precision and success plots of OPE on OTB100. The numbers in the legend indicate the representative precisions
of OPE at 20 pixels for precision plots, and the AUC scores for success plots.

To better analyze the performance of our tracker, Fig. 4 lists the average scores of the tracking algorithm
for various challenging situations on OTB100, including Low Resolution (LR), Occlusion (OCC), Illumination
Variation (IV), Scale Variation (SV), Motion Blur (MB), In-Plane Rotation (IPR), Fast Motion (FM), Deformation (DEF), Out-of-Plane Rotation (OPR), Out-of-View (OV), Background Clutters (BC). As what can be
seen from Fig. 4, our HNM tracker is superior to other mainstream trackers under challenging situations of LR,
OCC, IV, SV, MB and IPR, among which the improvement of LR and OCC is the most significant. In detail,
our HNM tracker achieves of 89.1% and 62% average scores of precision and success plots respectively in the LR
challenging situation, which indicates that our tracker has low video resolution requirement. In addition, our
tracker is nearly 2% higher than the mainstream tracker in dealing with occlusion problems because our model
can reduce the weight of excessive discriminative features that only appear in few frames. In the aspect of the
results of FM, DEF and OPR, our tracker is similar to the other trackers’. Only in the OV and BC challenges,
the performance of our tracker is not perfect and requires us to improve further.
Fig. 5 shows the results of our HNM and multiple advanced trackers on three test sequences of the OTB100.
Both the soccer and the skating video sequences contain tracking challenges of OCC and IV. The results show
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Fig. 4. Qualitative evaluation of MDNet, SANET, VITAL and our HNM methods on eleven tracking challenging situations

that our tracker is better than others in locating the target position through a rectangular box with a scale
variation.

Fig. 5. Tracking results of three video sequences (soccer, skating1 and diving) on OTB100

5

Conclusions

The paper proposed a new framework for tracking task based on well-designed HNM network and category-specic
similarity grouping algorithm. The RNNs of HNM decomposes the features into four directions to model the
self-structure information, and the proposed GANs generates weight masks to further identify the most robust
features of the target in a long period of time. In addition, in order to improve the precision of tracking, the
proposed category-specific similarity grouping algorithm and branch selection strategy are introduced effectively
to produce category-specific information of training sequences. The experimental results on OTB100 datasets
show that our tracking method has achieved superior performance.
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