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Abstract—Deep learning-based tracking methods have
shown favorable performance on multiple benchmarks.
However, most of these methods are not designed for realtime video surveillance systems due to the complex online
optimization process. In this paper, we propose a singleshot adversarial tracker (SAT) to efficiently locate objects
of interest in surveillance videos. Specifically, we propose
a lightweight convolutional neural network-based generator, which fuses multi-layer feature maps to accurately
generate the target probability map (TPM) for tracking. To
more effectively train the generator, an adversarial learning
framework is presented. During the online tracking stage,
the learned TPM generator can be directly employed to
generate the target probability map corresponding to the
searching region in a single shot. The proposed SAT can
lead to the average tracking speed of 212 FPS on a single
GPU, while still achieving the favorable performance on
several popular benchmarks. Furthermore, we also present
a variant of SAT by considering both scale estimation and
online updating in SAT, which achieves better accuracy
than SAT while still maintaining very fast tracking speed
(i.e., exceeding 100 FPS).
Index Terms—Visual object tracking, generative adversarial network, target probability map.

I. I NTRODUCTION

V

ISUAL object tracking is one of the fundamental and
challenging tasks in computer vision. Given the initial
state of the target at the first frame, visual object tracking
aims to accurately locate the target at subsequent frames in
a video. In practice, visual tracking techniques have been
widely used in many real-time industrial tasks, such as
intelligent transportation systems [1], robotics [2], humancomputer interaction [3], vehicle navigation [4], etc. Thus
developing highly efficient and robust visual tracking methods
are essential for many industrial applications. In recent years,
despite the superior performance achieved by deep learningbased tracking methods on the popular tracking benchmarks
[3], [5], most of these methods cannot operate in real time,
which severely limits their applications in industry. In this
This work was supported by the National Natural Science Foundation
of China under Grant U1605252, 61432014, 61872307, and 61671339,
and by the Multi-Year Research Grants of the University of Macau
under Grant MYRG 2017-00218-FST and MYRG 2018-00111-FST.
(Corresponding author: Hanzi Wang.)
Q. Wu, H. Wang, and Y. Liu are with the School of Informatics, Xiamen
University, Xiamen 361005, China (e-mail: qiangwu@stu.xmu.edu.cn;
Wang.Hanzi@gmail.com; liuyi xmum@163.com).
L. Zhang is with the Department of Computer and Information Science, Faculty of Science and Technology, University of Macau, Taipa,
Macau, China (e-mail: lmzhang@umac.mo).
X. Gao is with the School of Electronic Engineering, Xidian University,
Xi’an 710071, China (e-mail: xbgao@mail.xidian.edu.cn).

paper, we mainly focus on designing a highly efficient visual
tracking method, which can be directly employed in practical
industrial applications.
The deep convolutional neural networks (CNNs) have been
successfully applied to many computer vision tasks, such as
object detection [6], semantic segmentation [7], person reidentification [8], and so on. Inspired by the success of CNNs,
the computer vision community has exploited the advantages
of CNNs to develop some deep trackers in recent years. The
current deep trackers can be roughly divided into two types:
deep feature-based correlation filter (CF) trackers and CNNbased deep trackers. The former uses deep features instead
of handcrafted ones to perform correlation filter tracking,
while the latter employs end-to-end trained CNNs for online
tracking. Note that both CF and CNN-based deep trackers are
usually based on discriminative models. Despite the notable
performance achieved by these discriminative model-based
trackers, they still have several limitations. One of the main
limitations is that many of these trackers cannot operate in
real-time due to the complex optimization process or the
time-consuming feature extraction step. For example, the
classification-based CNN trackers (e.g., MDNet [9] and SANet
[10]) can only run at 1 FPS even on a high-end GPU, though
they achieve competitive tracking performance on the benchmarks [3], [5]. To improve the tracking speed of classificationbased CNN trackers, some deep Siamese network-based trackers are proposed. These trackers can achieve above real-time
tracking speed, but their tracking performance is not satisfying
due to the lack of online updating steps.
The two recently developed regression-based CNN trackers
[11], [12] have reported to significantly improve the computational speed (exceeding 100 FPS) by offline pretraining
CNNs on a large-scale training dataset. It is worth pointing
out that both the two trackers perform online tracking without
using any online learning strategies. Due to the high efficiency,
the two regression-based CNN trackers can fully satisfy the
real-time requirement of industrial systems. However, since
they lack of online updating step, they are very sensitive to
significant target appearance variations, thus resulting in low
tracking accuracy compared to the other top-performing online
updated trackers (such as MDNet and CCOT). Therefore,
although much progress has been made in recent years, it is
still challenging to design a highly efficient and robust CNN
tracker that can be directly employed in practical industrial
applications.
Generative adversarial networks (GANs) [13] have been
successfully applied to different computer vision tasks in
recent years, such as person re-identification [8], neural style
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transfer [14], etc. Although GANs can effectively capture data
manifold and learn discriminative feature representations, they
are difficult to be directly applied to the visual tracking task.
The main challenge is that only a small number of training data
is available during the tracking process, which is not sufficient
to train GANs well. And training GANs in an online manner
is very time-consuming, which severely degrades the tracking
speed. Recently, several GAN-based trackers [15]–[17] have
been proposed. Despite the favorable tracking performance
achieved by these trackers on the benchmarks, these trackers
can only run at low frame rates. Therefore, how to explore the
generation power of GANs to design a highly efficient tracker
is still an open and challenging problem.
Different from prior work that formulates visual tracking
as a classification problem, in this paper, we frame visual
tracking as a target probability generation problem. Specifically, we propose a lightweight fully convolutional neural
network-based generator, which combines multiple feature
maps to predict the target probability map (TPM). In order to
effectively train the proposed TPM generator, besides using the
Mean Squared Error (MSE) loss to train the TPM generator in
a standard supervised manner, we propose an adversarial learning framework, which trains the proposed TPM generator in an
adversarial manner. By playing against with the discriminator,
our TPM generator tends to generate more accurate target
probability maps and thus the tracking performance obtained
by our SAT can be significantly improved. The experimental
results demonstrate the effectiveness of the proposed adversarial learning framework for tracking.
Based on the well-learned TPM generator, we present our
single-shot adversarial tracker (SAT) for online tracking. Given
the distribution of a target template and a searching region, the
proposed TPM generator in SAT can directly predict the target
probability map (see Fig. 1) corresponding to the searching
region. Based on the distribution of the generated target
probability map, the target center location and the target scale
can be effectively estimated (see Part D in Section III). It is
worth noting that our SAT is significantly faster than previous
discriminative model-based CNN trackers (e.g., it is about 200
and 2000 times faster than MDNet and SANet, respectively).
Meanwhile, it also achieves favorable performance on popular
benchmarks. In addition, we also present a variant of SAT,
which can achieve better tracking accuracy than SAT while
still maintaining the fast tracking speed (i.e., exceeding 100
FPS). The contributions of this work can be summarized as
follows:
(1) We propose a lightweight fully convolutional neural
network-based target probability map (TPM) generator, which
combines multi-layer feature maps with different spatial resolutions to generate the target probability map.
(2) To effectively train the proposed TPM generator, we
present an adversarial learning framework. Specifically, a
multi-input discriminator is designed to enforce the generator
to generate the accurate target probability map. Through the
adversarial learning, the tracking performance can be significantly boosted.
(3) Based on the learned TPM generator, we propose a
single-shot adversarial tracker (SAT). The proposed SAT can

Fig. 1. Visualization of the target probability maps generated by the
proposed TPM generator on several video sequences. For each video
sequence, the target template is shown in the top left corner of the image
in the first column of each row. The searching region and estimated
target state in each frame are respectively represented as the blue
region and yellow rectangle.

run at the average tracking speed of 212 FPS on a single GPU.
In addition, to achieve better tracking performance, we also
present a variant of SAT by introducing both scale estimation
and online updating to SAT.
Experiments are conducted on five popular datasets including OTB-50, OTB-2013, OTB-100, VOT-2016 and UAV20L.
The results show that the proposed deep generative modelbased SAT significantly outperforms the other state-of-the-art
generative model-based trackers in terms of both precision
and tracking speed. Moreover, the proposed SAT performs
favorably against several other state-of-the-art trackers on the
UAV20L dataset, which demonstrates that it is well-suited for
the challenging task of long-term object tracking.
II. R ELATED W ORK
A. Generative Model-based Tracking
Generative model-based trackers mainly focus on modeling
target appearance. For example, the VTD [18] and VTS [19]
trackers respectively use multiple models (i.e., the appearance
and motion models) to handle with appearance variations. Mei
et al. [20] employ sparse representations to perform online
visual tracking. This technique is widely adopted in many
works [21], [22] to facilitate the learning of target appearance
model. For ASLA [23], a structural local sparse appearance
model is built to distinguish the target from the background.
Zhou et al. [24] propose to use a sparse collaborative model
to handle with drastic appearance variations. In SMOG [25],
a joint spatial-color appearance modeling method is presented
for particle filter tracking. However, these generative trackers
usually achieve relatively lower accuracy compared with the
discriminative model-based trackers. Meanwhile, due to the
time-consuming appearance modeling, most of these trackers
cannot operate in real-time. To improve both the tracking
accuracy and speed, we propose a novel deep generative
model-based tracker, which can be trained offline to learn
better feature representations than previous generative trackers.
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B. CNN-based Tracking
The CNN-based trackers usually follow a classification
or regression schema to perform online tracking. One of
the representative classification model-based CNN trackers is
MDNet [9], which treats visual tracking as a binary classification problem. Based on MDNet, some improved variants of
MDNet have been proposed, including online regularization
[26], reciprocative learning [27], adversarial learning [15],
reinforcement learning [28], recurrent learning [10] and meta
learning [29]. However, due to the time-consuming online
learning steps in these trackers, their tracking speed is still
limited. To remove the online learning steps, the recently
proposed deep tracker SiamFC [30], aims to learn a deep
Siamese network in an offline manner, and then apply the welllearned Siamese network for real-time tracking. Starting from
SiamFC, some extensions including flow correlation tracking
[31], residual attention learning [32], bounding box regression
[33] and distractor-aware learning [34]. The pioneering work
of regression-based trackers is GOTURN [11], which trains
a deep regression network to predict the target location in
consecutive frames. In Re3 [12], a LSTM network is used for
target state prediction. Note that the two regression trackers
(GOTURN and Re3) can operate at 165 FPS and 114 FPS
on a single GPU, respectively. However, the regression-based
trackers still have a large accuracy gap compared with the
classification-based trackers, though the former can achieve
much faster tracking speed. In this paper, we propose a
deep generative model-based regression tracker that can not
only obtain favorable performance but also achieve faster
speed than other state-of-the-art trackers (e.g., GOTURN and
SiamFC).
C. Generative Adversarial Learning-based Tracking
Recently, several generative adversarial learning-based
trackers have been proposed. In VITAL [15] and SINT++
[17], the authors employ the generative adversarial networks
(GANs) to generate hard positive samples in order to obtain
more robust online CNN classifiers. In [16], an adversarial
learning framework is presented to jointly optimize the regression network and the classification network. Wu et al.
[35] propose an adversarial hallucination method to facilitate
the online classification model learning for visual tracking.
However, these trackers cannot be directly applied in industrial
tasks due to their low tracking speed. In this paper, to bridge
the gap between industry and academia, we propose a GANbased highly efficient tracker.
III. P ROPOSED M ETHOD
In this section, we firstly propose a lightweight fully convolutional neural network-based TPM generator, which aggregates multi-layer feature maps with different spatial resolutions
to estimate the target probability distributions. Secondly, we
present an adversarial learning framework, where a multi-input
discriminator is designed to more effectively train the proposed
TPM generator by playing against with the discriminator.
Thirdly, based on the learned TPM generator, we propose the
single-shot adversarial tracker (SAT) and a variant of SAT,

Input
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Target Probability
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Template Updating
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Mixture
Loss

Fig. 2. The flow chart of the proposed method, which consists of two
parts: (1) the training part indicated by the red arrow and (2) the singleshot visual tracking part indicated by the blue arrows.

which considers both scale estimation and online updating
in SAT, for better accuracy. The flow chart of the proposed
method is shown in Fig. 2. The overall steps of the proposed
SAT is shown in Algorithm 1. We also list the abbreviations
of this paper in Table I for easy reading.
A. Single-shot TPM Generator
We design a lightweight yet effective fully convolutional
neural network-based TPM generator to generate the target
probability map in a single shot. The overall architecture of
the TPM generator is shown in Fig. 3. The encoder part
(shown in the left part of Fig. 3) includes two streams, which
are respectively termed as the template stream (top left part)
and the searching stream (bottom left part). Both streams
have five convolutional layers, and each convolutional layer
is followed by a Leaky ReLU (LR) operation and a Batch
Normalization (BN) operation. These two streams share the
same weights. In order to fuse multi-resolution feature maps
extracted from different layers, both the target stream and
the searching stream apply max pooling operations to make
the multi-layer feature maps have the same spatial resolution.
Note that in the encoder part, strided convolutions are used
to perform downsampling instead of pooling operations. The
main reason is that pooling operations may lead to blurred
target probability maps, while strided convolutions are more
effective to generate non-blurred target probability maps.
As shown in Fig. 3, in the decoder part, we first use the 1×1
convolutional kernel to reduce the dimensions of the features
obtained from the encoder part. Then, the deconvolution
operations [36], which consist of the convolution operations
with fractional strides, are used to restore the compressed
features to the original resolution (128 × 128) in the encoder
part. Similar to the encoder part, each deconvolution operation
is followed by a LR operation and a BN operation. All the
convolution and deconvolution operations employed in our
TPM generator use a kernel of size 4×4 with a stride of 2.
B. Adversarial Learning Framework
We present an adversarial learning framework to facilitate
the learning of the proposed TPM generator. The proposed
framework consists of the TPM generator and a designed
multi-input discriminator. The multi-input discriminator has
6 convolutional layers, where the prior 5 layers have the same
architecture as the template or searching stream in the encoder
part in the proposed TPM generator. The last layer employs a
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Fig. 3. Overall architecture of the proposed fully convolutional neural network-based TPM generator. Given a target template and a searching
region, the proposed TPM generator fuses multi-layer features with different spatial resolutions to effectively estimate the target probability map.
TABLE I
L IST AND DESCRIPTION OF ABBREVIATIONS .
Abbreviation
SAT
TPM
MSE
GAN
CNN
DPR
OSR
AUC

Template

Description
Single-shot Adversarial Tracker
Target Probability Map
Mean Squared Error
Generative Adversarial Network
Convolutional Neural Network
Distance Precision Rate at a Distance Threshold of 20
Overlap Success Rate at an Overlap Threshold of 0.5
Area Under the Curve

Searching

Encoder

C. Mixture Loss for Training
In order to more effectively train the proposed TPM generator, we jointly use two loss functions, including both the
Mean Squared Error (MSE) loss and the adversarial loss [13].
The MSE loss matches the distribution of the generated target
probability map to the data distribution of the target template.
Let z and s denote a target template patch and a searching
region patch, respectively. Then, the MSE loss between a
generated target probability map and the ground-truth target
probability map can be formulated as:

Real Dist.

Fake Dist.

Decoder

Gen Proba. Map

convolutional operation using a standard kernel of size 4×4.
For the discriminator, in order to further maintain the balance
with the generator, the discriminator also applies the same
4×4 convolutional block as the generator. The overall pipeline
of the proposed adversarial learning framework is shown in
Fig. 4. As can be seen, the inputs of the discriminator are
from three information sources: 1) the target template patch,
2) the searching region patch, and 3) the generated or the
ground-truth target probability map, which indicates the target
center location and the target scale. By playing against with
the discriminator, the proposed TPM generator learns more
discriminative features, which helps to generate more accurate
target probability maps in a single shot.
During the adversarial learning stage, the proposed TPM
generator is trained to generate the accurate target probability
map such that the discriminator cannot distinguish the groundtruth target probability map from the generated target probability map, which facilitates the TPM generator to fit the groundtruth target probability map. Thus, by applying the adversarial
learning, the TPM generator can accurately generate target
probability maps for robust visual tracking.

Ground-truth

Generator

Fake/Real

Discriminator

Fig. 4. Overall architecture of our adversarial learning framework.

L(rm,n , Gz,s ) = krm,n − Gz,s k2 ,

(1)

where Gz,s represents the generated target probability map in
terms of both the target template z and the searching region s.
rm,n indicates the ground-truth target probability map centered
at the target center location (m, n). The value of rm,n can be
(2|x−m|/W )2 +(2|y−n|/H)2

2σ 2
calculated by using rm,n = e−
, where
x, y ∈ {1, . . . , 128}, W and H respectively denote the width
and height of the target, and σ denotes the linear kernel width.
However, solely using the MSE loss to train our TPM
generator cannot achieve the optimal results. This is because
that the MSE loss only focuses on minimizing the overall
errors and it does not pay more attention on estimating the
target center location. In order to facilitate the generator to
learn better feature representations and generate more accurate
target probability maps, we propose to use the adversarial loss
to train the TPM generator as follows:

min max E[log D(rm,n ) + log (1 − D(Gz,s ))],
G

D

(2)

where the generator G tries to generate the target probability
map Gz,s , which is close to the ground-truth target probability
map rm,n , while the discriminator D aims to distinguish
Gz,s from rm,n . By playing against the discriminator, the
proposed TPM generator can accurately fit the ground-truth
target probability map.
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Algorithm 1: The Proposed Tracking Method
Input: The target template patch z1 at the first frame and
the offline-learned TPM generator.
Output: The estimated target center position (x̂t , ŷt ),
target width Ŵt and height Ĥt at the t-th frame.
1 Initialize: obtain the target stream output p1 by inputing
z1 to the TPM generator.;
2 for t = 2, 3, ... do
3
Estimate the target center position (x̂t , ŷt ) at the t-th
frame using Eqn. (4);
4
Evaluate various target candidates with the width
ck Wt−1 and the height ck Ht−1 centered at (x̂t , ŷt )
using Eqns. (5) and (6);
5
Estimate the target width Ŵt and height Ĥt at the
t-th frame using Eqns. (7) and (8);
6
Update the target stream output p̂t using Eqn. 9;
7 end

By combining the two loss functions (1) and (2), the overall
loss function of the proposed adversarial learning framework
is written as:
min max E[L(rm,n , Gz,s ) + λ log D(rm,n )
G

D

+λ log (1 − D(Gz,s ))],

(3)

where λ is a parameter that controls the relative importance
of the adversarial loss and the MSE loss.

After training the proposed single-shot TPM generator, we
directly apply it for visual tracking. We call this basic tracker
as the Single-shot Adversarial Tracker (SATbasic ). Given a
target template patch z and a searching region patch s,
SATbasic can effectively generate the target probability map in
a single shot. Note that the generated target probability map
has the same spatial resolution as the searching region patch s,
and the coordinates of the maximum probability score in the
target probability map are treated as the target center location.
The whole tracking process can be described as follows:
(4)

x,y

where Gz,s (x, y) returns the probability score at the position
(x, y) of the generated target probability map Gz,s .
Scale estimation. After we obtain the generated target
probability map Gtz,s at the t-th frame, we can effectively
estimate the target scale (i.e., the width Wt and the height
Ht of the target) based on
Gtz,s. Let
number
 K−1
 K be the K−1

of scales. For each k ∈ { − 2 , − K−2
,
.
.
.
,
},
2
2
we respectively evaluate the candidate target width ck Wt−1
and height ck Ht−1 in terms of the generated Gtz,s . Here, c
denotes the scale factor. The scale estimation process can be
formulated as:
k̂W = arg max krtx̂,ŷ (ck Wt−1 , 0) − Gtz,s (x, ŷ)k2 ,

(5)

k̂H = arg max krtx̂,ŷ (0, ck Ht−1 ) − Gtz,s (x̂, y)k2 ,

(6)

k

k

Method
SATbasic
SATscale
SATupdating
SATall

where

DPR (%)
69.3
69.3
70.1
70.9

rtx̂,ŷ (ck Wt−1 , 0)

rtx̂,ŷ (0, ck Ht−1 )
Gtz,s (x̂, y) return

−

OSR (%)
58.2
60.8
59.1
62.0

=

Speed
212.2
130.9
172.1
123.6

e−

(2|y−ŷ|/ck Ht−1 )2
2σ 2

(2|x−x̂|/ck Wt−1 )2
2σ 2

,

Gtz,s (x, ŷ)

= e
,
and
the values at the location (x, ŷ) and (x̂, y)
in the generated target probability map Gtz,s , respectively.
Note that x ∈ {bx̂ − Wt−1 /4c , . . . , bx̂ + Wt−1 /4c} and
y ∈ {bŷ − Ht−1 /4c , . . . , bŷ + Ht−1 /4c}, thus rtx̂,ŷ (, ) and
Gtz,s (, ) represent one-dimensional vectors. As a result, the
width Ŵt and the height Ĥt of the target at the t-th frame
can be estimated as:
Ŵt = (1 − η)Wt−1 + ηck̂W Wt−1 ,

(7)

Ĥt = (1 − η)Ht−1 + ηck̂H Ht−1 ,

(8)

where η is the learning rate.
Template updating. To effectively handle the target appearance variation online, a simple yet effective updating strategy
is presented. Let pt−1 be the template stream output at the
(t − 1)-th frame, we update the the template stream output at
the t-th frame by using a moving average ω as follows:
p̂t = (1 − ω)pt−1 + ωpt .

D. Single-shot Adversarial Tracker

(x̂, ŷ) = arg max (Gz,s (x, y)),

TABLE II
T HE DPR S , OSR S AND SPEED ( I . E ., FPS ON A GPU) OBTAINED BY
SATbasic AND ITS VARIANTS ON THE OTB-2015 DATASET. T HE BEST
VALUE IS HIGHLIGHTED BY BOLD.

(9)

The obtained p̂t is then used in our TPM generator to perform
target state estimation in the following frames.
The overall procedure of the proposed SAT is shown in Algorithm 1. As can be seen, the proposed SAT only needs four
steps to perform efficient online tracking with the target scale
estimation and the target template updating steps. Specifically,
given a target template in a new frame, the proposed TPM
generator can effectively generate the target probability map
and estimate the target center position in a single shot. Based
on the generated target probability map, the new target scale
and the updated target template can be efficiently obtained via
the last three steps shown in Algorithm 1. Therefore, our SAT
can run completely feed-forward and only needs one singleshot generation to estimate target state in each frame, thus
achieving above real-time performance.
IV. E XPERIMENTS
A. Experimental Setting
Evaluation metrics. We adopt the distance precision
(DP) plot and the overlap success (OS) plot as the evaluation metrics. Given the ground truth target center location
(og1 , og2 ) and the estimated target center location (oe1 , ee2 ),
their
d can be calculated as d =
p g Euclidean distance
(o1 − oe1 )2 + (og2 − oe2 )2 . To measure the overall precision
performance of evaluated trackers, the DP plot is used to depict
the percentage of the successfully tracked frames, in which the
Euclidean distance between the ground-truth target center and
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Fig. 6. DP plots obtained by SAT and SAT-MSE on the OTB-50 and
OTB-2015 datasets by using the OPE metric. DPRs are illustrated in
brackets.

Fig. 8. OS plots obtained by SATall and 9 competing trackers on the
OTB-50 and OTB-2015 datasets. AUCs and speed are illustrated in
brackets.

the estimated target center is within a distance threshold. The
OS plot shows the percentage of the frames, where the overlap
ratio between the ground-truth target bounding box and the
estimated target bounding box is higher than a threshold. We
use the open source code provided by the OTB committee
[3] to generate both the DP and OS plots obtained by all
the trackers. Let vg and ve be the ground truth bounding box
and estimated bounding box,
respectively.
T
T TheSoverlap ratio
|v
v |
u is defined as u = |vgg S vee | , where
and
respectively
denote the intersection and union operations of two bounding
boxes. We report both the DP rates at a threshold of 20 pixels
(DPR), the OS rates at an overlap ratio (i.e., u) threshold of 0.5
(OSR) and the Area Under the Curve (AUC) of each tracker’s
OS plot as done in [3], [5]. For VOT-2016, the expected
average overlap (EAO), accuracy and failures are adopted to
quantitatively evaluate trackers. Specifically, we use the toolkit
provided by the VOT committee [37] to evaluate each tracker.
Implementation details. Since the discriminator is much
easier to be trained than the generator in an adversarial
learning framework, directly applying the randomly initialized
TPM generator to train together with the discriminator may
make the discriminator too successful or powerful, such that
the TPM generator vanishes gradients and thus learns nothing.
To stable the training of the generator, we split the training into
two steps. Firstly, we train the generator with the MSE loss
in Eqn. (1) for 3 epochs with a batch size of 256. Secondly,
the proposed TPM generator and the discriminator are jointly
trained with the mixture loss in Eqn. (3) for 10 epochs with
a batch size of 256. The data used in the two-stage training
is collected from three datasets: ILSVRC-2015 [38], ALOV
300++ [39], and NUS-Pro [40]. ILSVRC-2015 contains 4417
videos of 30 different objects. In this dataset, we use 3862
videos in the dataset for training and use the remaining 555
videos for validation. The ALOV 300++ and NUS-Pro datasets

contain 315 and 365 videos, respectively. For fair comparison,
we remove all the videos that also appear in the test data. We
use the Adam solver [41] for optimization with a learning rate
of 2 × 10−4 . For each training video, we randomly select a
batch size of frames as searching frames, which are used to
crop the searching region patches. The same number of target
template patches can be obtained by randomly selecting from
the rest of frames in the training video. Additionally, in the
training part, the linear kernel width σ in y and the hyper
parameter in Eqn. (3) are respectively set to 4 × 10−1 and
10−4 . In the tracking part, we set the scale number K, the
learning rate η in Eqn. (7) and the moving average ω in Eqn.
(9) to 33, 2.5×10−1 , and 5×10−3 , respectively. The proposed
SAT is implemented using PyTorch [42] on a PC with an Intel
6700K 4.0 GHz CPU and a NVIDIA GTX 1080 GPU.
B. Ablation Studies
Evaluation on the variants of SATbasic . We also present
the following variants of SATbasic (i.e., SATscale , SATupdating
and SATall ) to analyze the influence of each component in
SATbasic , and show the tracking performance obtained by each
variant of SATbasic on the OTB-2015 dataset. The SATbasic
and its variants are listed as follows:
• SATbasic : tracking without using the scale estimation
strategy and the target template updating strategy.
• SATscale : tracking by only using the scale estimation
strategy.
• SATupdating : tracking by only using the online updating
strategy.
• SATall : tracking by using both the scale estimation and
online updating strategies.
Table II shows the comparison between SATbasic and its
variants. As can be seen, SATscale achieves 60.8% OSR,
outperforming SATbasic with a margin of 2.6%. This shows
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TABLE III
C OMPARISONS WITH 5 TOP PERFORMING GENERATIVE MODEL - BASED TRACKERS AND 4 REGRESSION TRACKERS ON THE OTB-50, OTB-2013
AND OTB-2015 DATASETS USING THE OPE METRIC. T HE LAST ROW SHOWS THE AVERAGE TRACKING SPEED (* INDICATES THE GPU SPEED,
OTHERWISE IT INDICATES THE CPU SPEED ) OBTAINED BY EACH TRACKER . T HE CNN- BASED TRACKERS ARE REPORTED WITH THE GPU SPEED,
WHILE THE OTHERS ARE REPORTED WITH THE CPU SPEED.
Generative model-based trackers
Regression trackers
SATbasic SATall
SCM ASLA VTD VTS LSK GOTURN DSST Re3 KCF
DPR (%)
44.1 43.1 40.8 39.6 38.2
53.7
60.4
38.4 61.1
61.8
64.2
OTB-50
OSR (%)
37.0 38.8 33.0 32.0 32.4
42.9
53.8
24.5 45.5
50.2
54.3
DPR (%)
59.7 53.2 57.6 57.5 50.5
62.0
74.0
46.0 74.1
72.4
75.4
OTB-2013
OSR (%)
55.7 51.1 49.3 49.6 45.6
53.2
67.0
30.5 62.2
64.2
67.9
DPR (%)
53.6 51.4 51.1 50.4 49.5
57.2
68.0
40.6 69.2
69.3
70.9
OTB-2015
OSR (%)
47.8 47.3 40.4 39.6 44.3
48.6
60.1
25.1 54.8
50.0
62.0
Speed (FPS) 0.5
8.5
5.7 5.7 5.5
165.0*
28.3 113.7* 172.0 212.2* 123.6*
TABLE IV
T HE DP RATES AT A THRESHOLD OF 20 PIXELS OBTAINED BY THE 9 COMPETING TRACKERS AND THE PROPOSED SATbasic AND SATall ON THE
OTB-2015 DATASET OVER DIFFERENT ATTRIBUTES USING THE OPE METRIC. T HE FIRST AND SECOND BEST RESULTS ARE SHOWN IN COLOR .
Method
Attribute
Fast Motion
Motion Blur
Illumination Variation
Scale Variation
Occlusion
Deformation
Out-of-plane Rotation
In-plane Rotation
Background Clutter
Low Resolution
Out of View

SCM

VTD

VTS

LSK

GOTURN

DSST

Re3

KCF

ASLA

SATbasic

SATall

30.5
26.2
51.9
53.5
51.4
47.9
54.8
51.3
57.5
78.4
38.5

32.8
28.6
50.4
52.0
48.4
46.1
57.4
56.1
53.9
53.7
40.3

32.9
27.3
50.2
51.1
45.6
46.2
55.8
54.2
52.5
50.9
38.8

44.7
40.8
46.8
47.1
47.5
43.6
49.6
50.1
44.9
50.0
40.3

46.5
39.9
56.7
58.0
48.6
57.5
59.3
55.7
56.2
80.1
44.2

55.2
56.7
72.1
63.8
59.7
54.2
64.4
69.1
70.4
64.9
48.1

34.7
35.2
36.7
39.4
30.3
34.1
37.8
40.2
42.7
60.5
31.4

62.0
60.0
70.8
63.3
62.2
61.7
67.0
69.3
71.2
67.1
49.8

24.9
24.6
54.5
52.4
47.2
47.7
52.4
50.6
52.0
62.7
34.8

61.9
63.2
63.6
67.8
63.6
67.8
73.2
75.6
62.1
80.6
57.3

67.0
68.7
65.3
68.3
65.7
68.0
73.9
77.5
62.0
80.4
60.4

the effectiveness of the proposed scale estimation strategy.
Additionally, when we update the target template online,
SATupdating can better handle target appearance variation and
achieve better DPR performance than SATbasic . In contrast,
when applying both strategies, SATall achieves the best tracking performance while still maintaining real-time tracking
speed up to 123.6 FPS. In the following experiments, we will
select SATall as the variant of SATbasic for comparison.
Generator architecture exploration. In Fig. 5, the training
and validation curves obtained by the TPM generator with
different feature combinations including generator@last, generator@last two and generator@last three have been plotted.
Note that generator@last, generator@last two and generator@last three represent the feature combinations of the the
last layer, last two layers and the last three layers, respectively.
As can be seen, combining multi-layer features is helpful to
achieve better convergence rate and accuracy, especially for
the generator (i.e., generator@last three) that combines the
features extracted from all the last three layers. This is because
that the features used in the generator@last three provide
more rich information, which incorporates both mid-level and
high-level information, thus leading to more accurate estimation. Thus, in this paper, we choose the generator@last three
(see Fig. 3 for detail) as our TPM generator.
Non-adversarial training. To assess the influence of the
adversarial training on the performance of SATbasic , we train
the TPM generator only using the MSE loss in Eqn. (1) (called
as SAT-MSE) with the same training data used by SATbasic .
We evaluate SATbasic and SAT-MSE on OTB-50 and OTB2015 to show the gain of the adversarial training. Fig. 6
shows the DP rates at the threshold of 20 pixels obtained by

SATbasic and SAT-MSE. As we can see, the DPR obtained
by SATbasic is higher than that obtained by SAT-MSE, which
shows that the adversarial training facilitates SATbasic to learn
more discriminative features for visual tracking.
Parameter sensitivity analysis. We perform parameter
sensitively analysis to investigate how the two parameters used
in the proposed SAT (i.e., including the learning rate η in
Eqn. (7) and the moving average ω in Eqn. (9)) contribute to
the final tracking performance. Note that we use SATall as
our baseline tracker for evaluation, and when we vary η or
ω, the other parameters set in part A Section IV are fixed.
As can be seen in Fig. 7, setting a befitting value for η and
ω can effectively facilitate the online adaptation learning of
target appearance variations, such that the proposed SATall
can achieve better tracking results. Specifically, our SATall
achieves top performing results when η = 2.5 × 10−1 and
ω = 5 × 10−3 . In the following experiments, we fix these
parameter settings for further evaluation.
C. Evaluation on the OTB Datasets
1) Comparison with generative and regressive trackers. Since the proposed SAT is based on a deep generative
model and regresses target probability maps to perform visual
tracking, we select two groups of trackers to compare with
the proposed SATbasic and its variant SATall . The first group
contains the top 5 performing generative model-based trackers
of the 18 generative trackers in [3], including SCM [24],
ASLA [23], VTD [18], VTS [19] and LSK [43]. The codes
of these generative model-based trackers are open source,
and they can be found in the code library provided by the
OTB benchmark [3]. Furthermore, the second group contains 4
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TABLE V
T HE EAO, ACCURACY AND FAILURES OBTAINED BY THE PROPOSED
SATall AND 5 STATE - OF - THE - ART TRACKERS ON THE VOT2016
DATASET. T HE BEST AND THE SECOND BEST RESULTS ARE
HIGHLIGHTED BY THE RED BOLD AND BLUE FONTS , RESPECTIVELY.

DPR (%)

85

80

75

70

TADT: 33.7 FPS
DaSiamRPN: 115.6 FPS
SiamRPN: 160.0 FPS
CFNet: 67.0 FPS
UDT: 70.0 FPS
SiamFC: 86.0 FPS
SATall: 123.6 FPS
SAT

65
20

basic

40

: 212.2 FPS
60

80

100

120

140

160

180

200

220

Speed (FPS)

Fig. 9. The speed-accuracy results obtained by the proposed SATall
and SATbasic and the other 6 state-of-the-art real-time trackers on the
OTB-2013 dataset. The speed of each tracker is shown in the bracket.

state-of-the-art regression trackers, which are closely related to
our tracker and can run at real-time speed (FPS>25), including
two CNN-based trackers (i.e., GOTURN [11] and Re3 [12])
and two correlation filter-based trackers (i.e., KCF [44], DSST
[45]). Note that the source codes of all the above mentioned
trackers are provided in their original papers, and we use their
official implementations for fair comparison. Among these
trackers, the most related trackers to the proposed tracker are
Re3 and GOTURN. Although some discriminative trackers
(such as MDNet [9] and SANet [10]) can achieve promising
performance, we do not compare SAT with them due to their
low speed (around 1 FPS).
Overall performance. Fig. 8 shows the comparison of the
proposed SATall with the other 9 competing trackers. As
can be seen, the proposed SATall achieves the best AUC
(47.8%) among all the compared trackers on the OTB-50
dataset followed by DSST (47.0%), KCF (43.5%) and TLD
(41.3%), which demonstrates the overall effectiveness of the
proposed tracker. For the OTB-100 dataset, our SATall obtains
the comparable AUC (51.2%) to DSST (51.3%), meanwhile
achieving the above real-time tracking speed of 123.6 FPS,
which is almost 4.4 times faster than DSST. We report the OPE
results obtained by the competing trackers on the OTB dataset
in Table III. Compared with the five generative model-based
trackers in Table III, the proposed SATbasic achieves the best
results on both the DPR and OSR metrics on the three datasets,
its speed is up to 212.2 FPS. More specifically, on the OTB100 dataset, the DPR obtained by SATbasic is 69.3%, which
outperforms the second best generative model-based tracker
(i.e., SCM) with a large margin of 15.7%. In the meanwhile,
SATbasic is about 424.4 times faster than SCM. The GOTURN
and Re3 trackers, which are the two CNN-based regression
trackers, use the similar training data as ours. However, our
SATbasic significantly outperforms the two trackers on both
the OSR and DPR metrics, which is mainly due to the better
feature representations learned from the proposed method.
Attribute analysis. The 100 video sequences in OTB-2015
are annotated with 11 attributes. We evaluate each tracker
using the video sequences with different attributes. Table IV
shows the DPRs obtained by the 11 competing trackers on
the video sequences with 11 different attributes using the
OPE metric. The proposed SATall achieves the best results on
the videos annotated with 8 out of 11 attributes. Specifically,
for the video sequences with the Occlusion and Out of View
attributes, SATall still achieves the best performance, which
shows its ability for real-time long-term tracking. Additionally,
the DPRs obtained by SATall and SATbasic for the videos with

EAO
Accuracy
Failures

SATall Staple MDNet SiamFC HCF
0.27
0.30
0.26
0.24
0.22
0.55
0.55
0.54
0.53
0.45
22.64 23.90 21.08
29.80 23.86

KCF
0.19
0.49
37.0

Illumination Variation attribute is lower than that obtained by
DSST. The main reason is that DSST uses HOG features,
which are more robust to illumination variations.
2) Comparison with state-of-the-art real-time trackers.
We evaluate the proposed SATbasic and SATall with the
comparison to 6 state-of-the-art real-time trackers, including
TADT [46], UDT [47], DaSiamRPN [34], SiamRPN [33],
SiamFC [30] and CFNet [48]. As shown in Fig. 9, the
proposed generative trackers achieve inferior tracking accuracy
compared with the other 6 discriminative trackers, the speed
of the proposed trackers is very promising. In particular, the
speed of SATbasic is 212.2 FPS, which is about 3.0 and 6.3
times faster than UDT and TADT, respectively. The high speed
of SATbasic can be attributed to three aspects: (1) The fully
convolutional network in SATbasic has a small number of
parameters; (2) The TPM generator in SATbasic can generate
the target probability map corresponding to the searching
region in a single shot, by which the target state can be
efficiently estimated; (3) SATbasic can avoid time-consuming
online fine-tuning procedure.
D. Evaluation on the VOT-2016 Dataset
In this subsection, we evaluate the proposed SATall on the
VOT-2016 [37] dataset with the comparison to 5 state-of-theart trackers including MDNet [9], SiamFC [30], HCFT [49],
Staple [50] and KCF [44]. For all the compared trackers, we
use their open source codes provided by the authors and follow
the VOT protocol [37] for fair evaluation. The tracking performance obtained by each tracker is shown in Table V. As can
be seen, the proposed SATall achieves the comparable EAO
(0.27) to Staple (0.30), meanwhile significantly outperforming
SiamFC (0.24), HCF (0.22) and KCF (0.19) with relative gains
of 12.5%, 22.7% and 42.1%, respectively. In terms of accuracy,
our SATall achieves the best result (0.55), which outperforms
the classification-based discriminative tracker (MDNet) and
demonstrates the superiority of the proposed deep generative
tracker. Furthermore, the proposed SATall achieves the favorable failures of 22.64 which is only inferior to MDNet and
outperforms SiamFC and HCF. Overall, the proposed SATall
achieves the favorable performance on VOT-2016.
E. Evaluation on the UAV20L Dataset
In practical video surveillance tasks, there are usually challenging long video sequences to handle. Thus, developing a
robust tracker that can effectively handle with the challenges
(e.g., occlusion and out of view) for long video sequences is
essential. To evaluate the long-term tracking ability of SATall
, we conduct the following experiment on the UAV20L dataset
[51], which contains 20 challenging long video sequences.
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Fig. 10. The speed-accuracy results obtained by our proposed SATall
tracker and the other 10 competing trackers on the UAV20L dataset. The
DPR obtained by each tracker is shown in the bracket.

We compare our SATall with 10 state-of-the-art trackers,
including MDNet [9], HCF [49], SRDCF [52], Staple [50],
Re3 [12], MUSTer [53], MEEM [54], KCF [44], HDT [55]
and KCFDPT [56]. Note that we use their codes and default
hyper-parameters in their original papers for fair comparison.
The speed-accuracy result obtained by each tracker is shown
in Fig. 10. As can be seen, the proposed SATall not only
achieves the beyond real-time tracking speed of 60.3 FPS (the
speed degradation is mainly due to the high resolution of the
images in UAV20L), but also obtains the best DPR (57.2%)
on UAV20L, which is followed by MDNet (57.0), KCFDPT
(51.9) and MUSTer (51.7). The comparison results experimentally demonstrate the superiority of the proposed tracker. Compared with the state-of-the-art long-term KCFDPT tracker,
SATall significantly outperforms KCFDPT with a large gain
of 10.2% in terms of DPR, which shows the better long-term
tracking ability of the proposed SATall .
V. C ONCLUSION
In this paper, we propose a single-shot adversarial tracker
(SAT) for efficient visual object tracking. Different from recent
popular discriminative model-based trackers that formulate
visual tracking as a classification task, the proposed SAT formulates visual tracking as a target probability map generation
task and performs per-frame visual tracking efficiently. More
specifically, we first design a lightweight convolutional neural network-based TPM generator, which incorporates multilayer features to generate the target probability map. Next,
an adversarial learning framework is presented to effectively
train the proposed TPM generator. Based on the learned
TPM generator, our SAT is proposed, which can run at the
average tracking speed of 212 FPS on a single GPU while
still achieving favorable performance. To further handle more
complicated cases, we present a variant of SAT by using both
scale estimation and online updating strategies, which achieves
better tracking accuracy while still maintaining fast tracking
speed (more than 100 FPS). Extensive experiments on six
popular benchmarks show the great potentials of the proposed
SAT in practical industrial applications.
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