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Abstract
Existing regression based tracking methods built on correlation filter model or convolution model
do not take both accuracy and robustness into account at the same time. In this paper, we propose a dual-regression framework comprising a discriminative fully convolutional module and a
fine-grained correlation filter component for visual tracking. The convolutional module trained
in a classification manner with hard negative mining ensures the discriminative ability of the proposed tracker, which facilitates the handling of several challenging problems, such as drastic deformation, distracters, and complicated backgrounds. The correlation filter component built on
the shallow features with fine-grained features enables accurate localization. By fusing these two
branches in a coarse-to-fine manner, the proposed dual-regression tracking framework achieves
a robust and accurate tracking performance. Extensive experiments on the OTB2013, OTB2015,
and VOT2015 datasets demonstrate that the proposed algorithm performs favorably against the
state-of-the-art methods.
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1. Introduction
Visual object tracking plays an important role in numerous applications, such as automatic
driving, human-computer interaction, and video surveillance. Its goal is to estimate the state of a
target through a frame sequence based on the initial information given in the first frame. Recent
years, visual object tracking has attracted considerable attention. Numerous theories have been
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successfully applied in the tracking task, such as sparse representation based trackers [1], subspace
learning based trackers [2, 3], and deep learning based trackers [4, 5]. Despite the significant
progress made by these methods, visual object tracking remains a challenging problem. The main
difficulties lie in how to achieve robust and accurate tracking performance with a fast running
speed simultaneously.
Deep learning shows great potential in achieving good tracking performance. One kind of
deep learning based trackers are proposed to enhance tracking performance in terms of robustness. Hong et al. [4] apply the Convolutional Neural Network (CNN) feature with a Support
Vector Machine (SVM) to do visual tracking and obtain competitive performance. After that,
several trackers [6, 7] combine different CNN layer features for further improving the robustness.
The robust performance of these tackers is attributed to the deep features which are robust to target
changes, such as rotation, deformation, and illumination changes. In addition, end-to-end classification deep frameworks are explored for visual tracking [5, 8]. By exploiting the discriminative
information between the target and the background, these classification based trackers are able to
distinguish the target from background distractors and localize the target robustly. The above deep
learning based trackers achieve robust performance, however, they are less effective in achieving
accurate target state and run at a slow speed, which are serious problems for the tracking task.
In contrast, another kind of deep trackers focus on improving the efficiency of the deep learning
based trackers, several matching based fully convolutional trackers [9, 10] are proposed. These
trackers, casting tracking as a matching problem, only focus on the information of the target and
do not exploit the discriminative information between the target and the background.
The above trackers only focus on improving one aspect of the tracking performance, such
as robustness, accuracy, or efficiency, which hinders the further improvement of tracking performance. To achieve a robust, accurate, and fast-speed tracking, we propose a dual-regression
tracking framework. The proposed framework learns the discriminative information under the
fully convolutional framework. Specifically, we train the fully convolutional network in a binary
classification manner with positive samples from the target area and negative samples from the
background area. During the inference phase, the tracking task is performed as convolutional operations, which only needs one CNN-forward pass to classify all the possible positions. Based
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Figure 1: Comparisons of three different convolutional tracking framework. (a) Classification based deep tracking
framework with fully connected layers. This framework classifies each candidate one by one and selects the most confident one as the tracking result. (b) Matching based fully convolutional framework. This framework compares the
target template with the search image to infer the target position with one CNN forward-pass evaluation. (c) The proposed discriminative fully convolutional framework. This framework evaluates all the possible patches corresponding
to every position in the search image and outputs a response map with one forward-pass. The proposed framework improves the efficiency of the classification framework in (a) and enhances the robustness of the conventional matching
framework in (b).

on the output classification score map, the target is located by finding the maximum score in the
map. Fig. 1 shows the fully convolutional module and compares it with the existing regress frameworks. As the spatial details decrease with the increase of the CNN depth, the output map is too
coarse to estimate the target position precisely. We apply a Correlation Filter (CF) module, which
takes the shallow layer features with fine-grained spatial details as input, to refine the results of
the confidence map. The proposed algorithm achieves robust and accurate performance with a
coarse-to-fine framework.
In this paper, we make the following contributions:
• We propose a dual-regression tracking framework, comprising a fully convolutional branch
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and a correlation filter branch, to take both discriminative and fine-grained information into
consideration. To the best of our knowledge, this is the first to exploit dual-regression to
ensure the discriminative ability and the precise localization capability simultaneously.
• We design a novel fully convolutional framework for enhancing the discriminative ability
of regression based tracking framework while runs at a fast speed. Compared with existing
CNN based trackers, the proposed framework exploits hard negative mining and perform
tracking with one forward pass, which enables more robust tracking performance in an efficient way.
• We conduct extensive experiments on three public benchmark datasets: Object Tracking
Benchmarks 2013 [11], Object Tracking Benchmark 2015 [12], and VOT [13] and demonstrate that the proposed algorithm performs favorably against the state-of-the-art trackers.
In the rest of this paper, we give a related work in Section 2, present the proposed dualregression tracking framework in Section 3, describe the implementation details in Section 4,
evaluate the proposed algorithm on comprehensive benchmark datasets, and compare with the
state-of-the-art trackers in Section 5. Finally, we conclude our work in Section 6.
2. Related Work
In this section, we discuss the closely related deep feature based trackers, classifier based deep
trackers, fully convolutional CNN models, and attention based CNN models.
Deep feature based trackers. Deep features have shown a great effect in many computer vision tasks. The high-level features from the convolutional layers of a classification CNN network
are robust to target appearance variations, which is suitable for achieving robust tracking. It is
straightforward to introduce deep features into existing tracking frameworks to improve their performance. Hong et al. [4] exploit deep features with a simple SVM to do tracking and achieve
promising results. The combination of a simple classifier (SVM) and the deep features is regarded
as a baseline of deep trackers. In addition to SVM, the Correlation Filter (CF) model is combined
with deep features for tracking [14] due to its efficiency and accuracy. To make further use of deep
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features, several trackers [6, 15, 16] combine the features from different CNN layers for tracking, as the characteristics of different CNN layer features benefit tracking from different aspects.
By exploiting both the subtle shallow layers and the semantic deep layers, these trackers achieve
robust performance on several challenging problems. In [7], Qi et al.propose an adaptive Hedge
method to adaptively select more confident layers for tracking, which further improves the performance of multi-feature trackers. Recently, several target-aware feature models are proposed to
adapt the offline trained CNN model to a specific target object. The TADT tracker [17] performs
the feature adaption based on the guidance of the gradient values in the back propagation process,
which achieves a better feature model for representing a specific tracking object.
Although deep feature based trackers obtain good performance, their decision model is learned
separately from feature extraction, which only uses the CNN model as a feature extractor. Different
from the above methods, we propose an end-to-end trainable discriminative fully convolutional
framework and refine its result with a fine-grained component.
Classifier based deep trackers. Classification based deep trackers [18, 19, 20] formulate tracking as a classification problem and perform tracking by selecting the candidate with the maximal
classification score as the tracking result. The main issue of these trackers is how to train the CNN
model with limited samples, as only one labeled sample is given in the first frame. To solve this
problem, most trackers exploit a small pre-trained network and fine-tune it online with the target
images. To make the online training effective, several existing trackers [8, 5] conduct the training
part by part. Wang et al. [8] train each output channel sequentially with different loss criteria and
integrate them via important sampling. In [5], Nam and Han divide the fully connected layers of
CNN into a shared part and a target-specific part. The shared part is offline-trained with annotated
video sequences, and the target-specific part is trained online with specific target images. Additionally, they apply a hard negative mining technique to enhance the discriminative ability of their
tracker. In addition, Yao et al. [21] combine a circulant filter and a classical filter for enhancing the
discrimination of the tracking model. The above classification based trackers achieve robust performance, however, a high computational cost is required, as they need to process a large number
of overlapped image candidates one by one. In this work, we propose a classification based CNN
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tracker under the fully convolutional framework, which only needs one forward pass to evaluate
the position of the target and ensures an efficient and robust tracking.
Fully convolutional CNN models. The fully convolutional network has been successfully applied in semantic segmentation [22], which breaks the limitation of fixed input image size and is
able to deal with inputs with arbitrary size. Besides, several methods (SSD [23] and YOLO [24])
exploit fully convolutional NN models for achieving fast one-stage detection models. In tracking literature, several fully convolution based deep trackers [9, 25] have been developed. Held
et al. [10] train a deep regression model to learn a generic relationship between object motion
and appearance. In [9], Bertinetto et al.achieve a fast deep learning based tracker by adding a
fully-convolutional layer that calculates the similarities between the target and all possible patches
in a search window. Different from the above existing NN models, the proposed tracker exploits
online learning to train the fully convolution framework to enhance its robustness. In addition, we
develop a CF model based on shallow layer features for achieving a more accurate response map.
Attention-based CNN models.

The attention model is first proposed in the neuroscience

area [26]. Recently, it has been applied to CNN models for classification [27, 28], pose estimation [29], and image denoising [30]. The attention model aims to choose a subset of features in
the spatial or channel space that is more effective in representing target objects for improving the
performance of CNN models. The proposed dual-regression model can be interpreted as an attention model, by regarding the response map of the fully convolutional network as an attention map.
However, different from the above conventional attention neural networks that generate attention
in a data-driven way, the proposed method exploits supervised online learning to generate more
accurate attention map, which is suitable for the online tracking task with dramatic changes. The
proposed framework can be regarded as a supervised attention model.
3. Proposed Algorithm
In this section, we first show the overall framework, and then describe the discriminative fully
convolutional network model. Finally, we present the CF based refinement model.
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Figure 2: Framework of the proposed dual-regression tracking. The proposed model is comprised of two components:
the fully convolutional (FC) model and the correlation filter (CF) model. The FC model, built on higher level features,
generates robust but coarse response map; while the CF model, based on lower level features, achieves a more subtle
response map. The response maps of these two branches are fused to compute the final result. Besides, it only needs
one forward-pass to process one frame, which is benefited from the fully convolutional model.

3.1. Algorithm overview
Fig. 2 shows the overall framework of the proposed algorithm. The framework is composed of
two streams: the CNN stream with a fully convolutional network and the CF stream built on the
shallow layer features. During tracking, a search image patch is fed into the backbone network
to extract multiple level features. After that, the fully convolutional (FC) and the correlation
filter (CF) prediction models evaluate the state of the target based on the higher and lower level
features, respectively. The FC model generates robust but coarse response maps, as the higher
level feature is robust to target variation but with a low resolution. In contrast, the CF model, built
on fine-grained features, achieves a more subtle response map, which is more accurate. Finally,
the response maps of these two branches are fused to localize the target position. In the following,
we introduce each component in detail.
3.2. Fully convolutional model
Robustness and efficiency are the two main issues to be considered when designing a tracker.
To ensure the robustness, the tracking method should be able to handle the variations of the target
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and discriminate the target from background distractors. Only based on the information of the target, it may not be able to handle some drastic variations of the target as the difference between the
previous target and current target may be large. It is crucial to exploit the background information
to prevent the tracker from drifting to background distractors. As such, we adopt a binary classification model to formulate the tracking problem and train the model using both the target and the
background samples. On the other hand, to ensure tracking efficiency, the redundant computations
of processing hundreds of overlapped candidate samples should be removed. We show that the
computations of processing hundreds of candidate samples can be replaced with one forward pass
in the proposed fully convolution framework.
Considering the above two issues, we develop a discriminative fully convolutional neural network for tracking. The detailed network structure and data flow size are given in Table 1. The
proposed network is composed of six convolutional layers. The first two convolutional layers
consist of Conv, ReLU, Normalize, and MaxPool blocks. For the third convolutional layer, the
Normalize block and the MaxPool block are discarded. In the following two convolutional layers,
Conv, ReLU, and the probability 0.5 Dropout blocks are used. The last convolutional layer only
exploits the Conv block. We use the softmax-loss to train the proposed model, as it well learns the
distance between the positive and negative classes. The output score indicates the probability of a
test sample to be the corresponding class.
Given an image patch corresponding to the search window, the predicted score map U , and the
corresponding label map V , the loss Lcnn is calculated as:
Lcnn =

X

− log φ(Ui,j ),

(1)

i,j

where φ is the defined as:
exp(xi )
φ(x) = P
, j = 1, 2, ..., m,
j exp(xj )

(2)

where exp(.) is the exponential function and xi is the predicted score of the test sample being
the i-th class. After the training with the SGD method, we obtain the CNN model ψ. During
testing, we get the predicted score map U = ψ(Q) by feeding the search image patch into the fully
8

Table 1: The filter and data flow sizes of each layer in the proposed fully convolution model.

layers

Filter/pool Size

Stride

Input image

Data size
331×331×3

Conv1

7×7×3×96

2

163×163×96

Pool1

3×3

2

81×81×96

Conv2

5×5×96×256

2

39×39×256

Pool2

3×3

2

19×19×256

Conv3

3×3×256×512

1

17×17×512

Conv4

3×3×512×512

1

15×15×512

Conv5

1×1×512×512

1

15×15×512

Conv6

1×1×512×2

1

15×15×2

convolutional network. Each score of U shows the confidence of its corresponding area to be the
real target.
As can be seen in Table 1, the size of the output map is 15 × 15, which only gives coarse
positions and does not provide the scale information. As we know, the shallow layer feature with
less pooling operations retains more spatial details and is suitable for precise localization. To find
the precise location and evaluate the target size, we exploit a CF model using the shallow layer
features of the CNN model to generate a more accurate response map. The CF model is given in
the following parts.
3.3. Fine-grained CF module
Taking both efficiency and accuracy into consideration, we select the CF [31] model to refine
the target position. The CF model can be formulated as:
min
w

X

(f (xi ) − yi )2 + λ k w k2 ,

(3)

i

where xi is the i-th sample, yi is the i-th regression label, λ is a regularization parameter controlling
over-fitting, and f (z) = w> z is a linear classifier. The predicted result map of the CF model Rcf
on the test image I can be calculated as:
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Rcf = F−1 (I

(4)

W),

where I and W are the image I and the weights w in the Fourier domain,

is the element-product

and F−1 denotes the inverse of discrete Fourier transformation. The proposed fine-grained CF
model, built on top of a shallow CNN layer, is able to exploit more subtle features and generate a
finer response map, which acts as a supplement to the fully convolutional branch. Compared with
the base CF model [31], we construct a CF on CNNs and combine it with a fully convolutional
branch as a dual-regression model for visual tracking, which achieves more robust and accurate
performance (please refer to the comparison against other CF-based trackers in 5.3).
3.4. Refinement model
We obtain the coarse location A of the target by finding the corresponding position with the
highest score in the output of the CNN branch. We convert the coarse target position area A into a
mask M as:

Mi,j =



0

Mi,j ∈
/ A,


1

Mi,j ∈ A.

(5)

M is a matrix with the same size of the confidence map. Its value is set as 1 if the target locates
in the corresponding position, otherwise, 0. The target location is predicted by the CNN branch.
Thus, the mask M shows the target locations predicted by the CNN branch.
Taking both the confidence map generated by the CF model Rcf and the confidence mask M
predicted by the CNN branch, we compute the final confidence map Rf inal as:

Rf inal = M
where

Rcf ,

(6)

denotes the element-product. The target location (i, j) of the tracking result is obtained

by selecting the position with the maximum value in the final confidence map Rf inal as
(i, j) = argmax Rf inal (i, j).
(i,j)
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(7)

As the CF model running on shallow features may be less robust compared with the CNN
stream, directly combining it with the response from the CNN branch may degrade the refined
result. To make the refinement effective, we first check the reliability of the CF model based on
the peak-to-sidelobe ratio (PSR) [32]. The PSR quantifies the sharpness of the correlation peak
and the larger PSR is the higher confidence of the CF model is. When PSR is smaller than a
threshold δ, we calculate the final position as the center of the coarse position area and discard the
result from the CF model. PSR is calculated as:
max(Rcf ) − µ
(8)
,
σ
where µ and σ are the mean and standard deviation of the confidence map Rcf , respectively.
P SR =

As the confidence map only gives the center position of the target, we also design a scale
evaluation method to evaluate the size of the target. In the process of each frame, we only need to
determine that the target is becoming smaller, larger, or remaining unchanged, rather than checking
all the scales. In frame t, we evaluate three different scales β = β̂ t−1 ∗ ρ of the target, where
ρ = [0.95, 1, 1.05] is the changing ratio relative to the previous size. The size β i corresponding to
the max score in all the three confidence maps is selected as the estimated target size, which can
be formulated as:
β t = ρ[argmax Ricf ] · β t−1 ,
i

(9)

where ρ[i] gets the i-th element of the array ρ, and Ricf (i = 1, 2, 3.) are the CF confidence maps
corresponding to three sizes of the target. We only use the response of the CF model to evaluate
the target size, as the CF model running on shallow features is more precise.
When the CF model is not reliable, the scale evaluation may be unreliable. In these cases,
we just assume that the size remains unchanged to make the tracker stable. In addition, we add
a penalty factor p to the result which predicts the relative changes in target size and enforces
a conservative attitude towards size changes. We find that p only depends on the size of the
confidence map. As the output size is fixed, the value of p is suitable for all image sequences. In
experiments, we empirically set p = 0.93 and achieve good performance. With the punishment
weights P = [p, 1, p] corresponding to the three sizes, Eq. 9 can be rewritten as:
β t = ρ[argmax Ricf · Pi ] · β t−1 .
i
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(10)

Algorithm 1: Dual-regression tracking.
Input : The initial target state x1 = (cx , cy , height, width), the initialized CNN model
φCN N , the threshold δ for PSR.
Output: The estimated target state x̂ in each testing frame.
1

Train φCN N with the target samples generated based on the state x1 ;

2

Compute the low level features Reslow of the initial sample with φCN N ;

3

Train the CF model with the sample features Reslow ;

4

while The image sequence is not end do

5

C

6

end

7

rop a search image swt from the current image based on the target state xt−1 ;

8

Calculate the response map RCN N of the search image swt with φCN N ;

9

Run CF on the feature map f eatt (1) to obtain the response Rcf ;

10

Calculate P SR using Eq. 8;

11

if P SR < δ then

12

Calculate x̂t using x̂t = argmaxx RCN N ;

13

end

14

else

15

Calculate x̂t using Eq. 7 and Eq. 10;

16

end

17

Add new samples to the training sample set ω drew from the current frame;

18

if mode(t, 10) = 0 or distractors appear then

19
20

Train φCN N with ω;
end

4. Implementation Details
In this section, we present the details of the training and testing settings.
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Model Training. The proposed CNN model is composed of six convolutional layers. The first
three layers, playing a role of feature extraction, are identical to the ones of VGG-M network [33]
and are not updated during tracking. The last three layers are randomly initialized and trained
online. We use the softmax loss and train the model with the Stochastic Gradient Descent (SGD)
method. In the initial stage, the CNN model is trained with the first frame. During tracking, the
model is updated every 10 frames or when a negative sample with a high score appears. The initial
training runs 30 iterations and the online updating runs 5 iterations. In each iteration, 32 positive
samples and 96 negative samples are processed. The learning rate of the last three layers is 0.001
in the initializing stage and 0.003 in the online updating stage. The sample labels are generated
by the rule that the positions with an overlap ratio larger than 0.7 are assigned a positive label and
the positions with an overlap ratio no more than 0.5 are assigned a negative label. We repeatedly
collect the negative samples with a high confidence score 5 times, which plays a similar role as
hard negative mining [5].
Tracking. When a new frame comes, we first crop a search image patch centered on the target
position in the previous frame. The search window size is set as 3 times of the target size. The
search image patch is resized as the size of (331,331) before feeding to the proposed network.
By feeding the image patch into the proposed network, a response map is obtained. The target
position is obtained by finding the maximum in the response map. The main steps of the proposed
algorithm are given in Algorithm 1. The PSR threshold δ is set as 0.1 in our experiments. We select
the first layer features (f eat1 ) of the CNN model to train the CF model. The hyper-parameters of
the CF model, including the input feature map size, the online update rate, and the regularization
parameter, are set as the same as those in [31].
5. Experiment
In this section, we first introduce the experimental setups. We then give the ablation study
to verify the effect of each component. After that, we compare the proposed Dual Regression
Visual Tracking algorithm (DRVT) with state-of-the-art trackers on the OTB2013, OTB2015, and
VOT2015 datasets. Finally, the runtime analysis is given.
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5.1. Experimental Setups
Datasets. To assess the proposed tracker comprehensively, we conduct experiments on three public datasets: OTB2013 [11] containing 51 sequences, OTB2015 [12] containing 100 sequences,
and the VOT2015 [13] containing 60 sequences. These sequences are annotated with ground truth
bounding boxes and attributes, which include the challenging aspects of illumination variation,
scale variation, occlusion, deformation, motion blur, fast motion, in-plane rotation, out-of-plane
rotation, out-of-view, background clutters, and low resolution.
Evaluation Metrics. We follow the standard evaluation metrics from these benchmarks. The
OTB results are reported by success and precision plots. The success plot depicts the success rate
(success frame number/ total frame number) at different success thresholds. The success threshold
is based on the overlap ratio computed as V OR =

Area{BR ∩BG }
,
Area{BR ∪BG }

given the estimated bounding

BR and the corresponding ground truth bounding box BG . The area under the curve (AUC) of
the success plot is used for ranking trackers. The precision plot shows the precision rate (precise
frame number / total frame number) at different location error thresholds. The location error is
defined as the distance (in pixel) between the center positions of the predicted bounding box and
the ground truth.
The benchmark gives three kinds of evaluation: one-pass evaluation (OPE), spatial robustness
evaluation (SRE), and temporal robustness evaluation (TRE). The OPE results are obtained by
running the trackers throughout the test sequences with the initialization information from the
ground truth position once. SRE adds disturbances to the initial bounding box in the first frame
by shifting or scaling the ground truth position to evaluate the spatial robustness. In the standard
OTB settings, 8 spatial shifts including 4 center shifts and 4 corner shifts, and 4 scale variations
are used. Each tracker is evaluated 12 times on each sequence to get the final SRE results. TRE
runs a tracker on segments to evaluate the temporal robustness. The segments are generated by
setting internal frames as the starting frame and running to the end of the sequence. In the standard
OTB settings, 20 segments are generated from each sequence and the overall statistics are tallied.
For the comparisons on OTB2013, we give the OPE results, the SRE results, and the TRE (TRE)
results. For the comparison on OTB2015, we give the results on all the 11 attributes to evaluate
14

the performance on different aspects.
For the VOT benchmark, trackers are evaluated on the aspects of accuracy and robustness. The
accuracy is measured with the average VOR. The robustness is evaluated with the failure times of
a tracker in the process of tracking a sequence. A failure is detected when the VOR is equal to 0.
After a failure, the tracker is restarted and initialized. The VOT results give scores and ranks of
each compared tracker.
Compared Trackers. We compare our algorithm with 9 state-of-the-art trackers including 5 deep
trackers: MDNet [5], HCF [6], Siamese fc [9], HDT [7], CNN-SVM [4], and 4 other representative trackers: MUSTer [34], MEEM [35], DSST [36], and Struck [31] on the OTB datasets.
Struck exploits the kernelized structured output support vector machine to do tracking, which is
treated as a state-of-the-art tracker. DSST, MEEM, and MUSTer are all CF based trackers. All
of them achieve promising results. For the deep trackers, CNN-SVM is treated as a baseline of
deep learning based trackers, HCF and Hedge are deep feature based trackers, Siamese fc is a
fully convolutional network based tracker and uses the Siamese network to do tracking, MDNet
is a classification based tracker and achieves the state-of-the-art performance. As MDNet is pretrained on tracking datasets, which may be overfitting to some tracking targets and is forbidden in
some challenges. Here, for a fair comparison, we use MDNet without pre-training and bounding
box regression (denoted as MDNet N), which has the same settings as the proposed algorithm. As
the raw results of some trackers are not provided, some trackers may be only compared on one
OTB dataset, but most of them are compared on both the two OTB datasets. For the comparisons
on the VOT2015 dataset, we compare with the top 9 trackers in VOT2015 challenge, including
MDNet [5], Deep-SRDCF [37], EBT [38], SRDCF [39], LDP [13], sPST [40], SCEBT [41], NSAMF [42], and Struck [31].
5.2. Ablation study
To verify the fusion of the two streams and analyze the effect of each stream in the proposed algorithm, we compare the complete algorithm with its two variations, which are the version running
only with the CF stream (DRVT-CF) and the version running only with the CNN stream (DRVTCNN). Fig. 3 shows the comparison of the precision plots and the success plots on OTB2013. The
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Figure 3: Ablation study on OTB2013. The contribution of each component of the proposed algorithm is evaluated.
The two additional versions are the one running only with the CF stream (DRVT-CF) and the other one running only
with the CNN stream (DRVT-CNN).

complete algorithm DRVT achieves an AUC score 0.644, which is distinctly higher than the scores
of DRVT-CF and DRVT-CNN. From the comparisons of the plots, we find two phenomena. One is
that, when the threshold of the overlap ratio or the location error is loose, DRVT and DRVT-CNN
perform better than DRVT-CF. This phenomenon indicates that DRVT and DRVT-CNN perform
more robustly than DRVT-CF, as they have less complete failures (overlap ratio is near 0). That
is they can accurately give a coarse position of the target in most cases. The other phenomenon is
that, when the threshold becomes strict, the scores of DRVT and DRVT-CF descend slowly, while
the score of DRVT-REG drops rapidly. This phenomenon indicates that DRVT and DRVT-CF
obtain more accurate results than DRVT-CNN. That is DRVT and DRVT-CF locates the target
more precisely and DRVT-CNN with only coarse information cannot locate the target precisely.
Through the above analysis, we draw the conclusion that the discriminative fully convolutional
stream enables the robustness of the proposed tracker and the CF stream enables the accuracy of
the proposed tracker.
5.3. Comparisons with State-of-the-art trackers
We analyze the experimental results with the quantitative evaluation, the attribute based evaluation, and the qualitative evaluation.
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Figure 4: Evaluation results on OTB100 and OTB50.

Quantitative evaluation. We quantitatively evaluate our algorithm on the OTB2013, OTB2015,
and OTB50 datasets. The OPE results on OTB2015 are shown in the first row of Fig. 4. Our
tracker achieves a competitive result with the success rate AUC 0.625 and precision 0.834. MDNet N ranks the second with success rate AUC 0.620. This shows that the proposed DRVT with
fully convolutional network achieves a slight gain (about 1%) compared with the model with fully
connected model. However, our approach achieves a much faster running speed (7 times faster,
given in Table 3), which is crucial for visual tracking. Compared with the Siamese fc tracker, which achieves a fast tracking speed, the proposed algorithm achieves a gain of 7.3% (Ours
0.625 vs. Siamese fc 0.582) in terms of AUC. The gain of the proposed DRVT comparing with
Siamese fc benefits from the discriminative information between the target and the background.
DRVT achieves more robust performance than Siamese fc on challenging sequences, which can
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Figure 5: Evaluation results on OTB2013 in terms of OPE, SRE, and TRE.

be also seen in Fig. 7. MUSTer achieves the success rate AUC 0.577, which is the best among
non-deep learning trackers. HDT obtains the success rate AUC 0.564 but a high score in precision,
as it does not evaluate the scale variation. The base tracker of deep learning CNN-SVM obtains
the success rate AUC 0.554 and the precision 0.814. On OTB2015, deep learning based trackers
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achieve better performance, which benefits from the robust features and the great representational
power of the CNN model. To evaluate the robustness of these trackers, the OPE results of OTB50 [12] are given, which are shown in the second row of Fig. 4. OTB50 includes 50 difficult and
representative sequences, selected from the OTB2015 sequences. In the 50 selected sequences,
the proposed tracker also achieves a competitive performance. Most of the trackers rank the same
places with the results in OTB2015.
To show the stability of the proposed algorithm, we give the SRE and TRE results on OTB2013, which are shown in Fig. 5. As can be seen, our tracker performs favorably against the
state-of-the-art methods on all the three evaluations with different metrics. The results on SRE
show the spatial robustness of our tracker. As SRE uses disturbed initializations, the corresponding score is lower than the score of OPE. The results of TRE show the temporal robustness of our
tracker. As TRE runs the tracker on segments, the TRE score is higher than the score of OPE.
From the results on SRE and TRE, we can see that the deep learning based trackers are more robust and our tracker achieves a favorable performance against the other 7 trackers, which verifies
the accuracy and robustness of the proposed tracker again.
The results of VOT2015 can be seen in Table 2. In the term of accuracy, the proposed tracker
achieves an average overlap ratio of 0.56, which is the second-best among the 10 trackers. In the
term of robustness, the proposed tracker achieves a score of 17.60, which also ranks higher in the
10 trackers. In summary, the proposed tracker achieves favorable performance against the top 9
trackers, which verifies the accuracy and robustness of the proposed tracker. We attribute the robust
and accurate performance to the dual-regression tracking framework, which takes discriminative
information and fine-grained spatial information into consideration.
Attribute based evaluation. The performance on each attribute is evaluated on the OTB2015
sequences, which can be seen in Fig. 6. The 11 attributes are out-of-plane rotation, in-plane
rotation, occlusion, scale variation, illumination variation, background clutter, deformation, fast
motion, motion blur, out-of-view, and low resolution. As can be seen, the proposed tracker and
MDNet N both achieve good performance with discriminative information. The discriminative
information is crucial to deal with the cases of out-of-plane, and in-plane rotation, as the difference
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Table 2: Results of OVT2015. The first and second-best scores are marked in red and blue.

Tracker

Accuracy

Robustness

Score

Rank

Score

Rank

MDNet [5]

0.60

1.00

11.36

1.33

EBT [43]

0.46

4.50

13.70

1.33

SRDCF [44]

0.55

1.00

18.17

2.17

LDP [45]

0.48

3.83

21.00

4.50

DeepSRDCF [37]

0.55

1.17

15.17

2.83

sPST [40]

0.55

1.33

22.83

4.50

SCEBT [41]

0.54

1.17

26.67

6.50

NSAMF [42]

0.52

1.17

21.83

4.83

Struck [46]

0.45

5.33

23.28

4.83

Ours

0.56

1.00

17.60

3.83

between the target and the background may be stable and helpful to estimate the state of the target
when the appearance of the target changes considerably. The good performance in terms of scale
variation verifies the effectiveness of our scale evaluation strategy. The performance on attributes
of illumination variation, deformation, fast motion, and low resolution shows the robustness of the
deep model, as the deep features are robust to these cases. As we can see, deep learning based
trackers achieve better performance in these cases. The performance on occlusion, background
clutter, and motion blur sequences shows the discriminative ability of the classification based deep
trackers. As can be seen, our tracker and MDNet N achieve the best two results. In general, our
tracker achieves favorable performance against other trackers in all the 11 tracking challenges,
which shows the robustness and accuracy of the proposed tracker.
Qualitative evaluation. Fig. 7 shows the tracking performance of several representative trackers:
Siamese fc [9], CNN-SVM [4], MUSTer [34], DSST [36], CF [31], and the proposed algorithm
on seven challenging sequences. From top to down, the sequences are bolt2, human3, skating1,
motorRolling, shaking, and skiing, respectively. bolt2 has the challenge of background clutter. hu20
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Table 3: Comparisons on running speed and AUC score on the OTB2013 dataset. The results are collected from the
corresponding papers or measured on our machine. The run time excludes the image loading and model initialization
time. OT denotes for online training.

Trackers

FPS

AUC

OT

CPU

GPU

S-FC [9]

42.4

0.607

No

3.6Hz×8

GTX970

STCT [8]

2.5

0.620

Yes

3.4Hz×8

TITAN

MDNet N [5]

1.1

0.634

Yes

3.6Hz×8

GTX970

Ours

7.2

0.644

Yes

3.6Hz×8

GTX970

of deformation, in-plane-rotation, and scale variation (shaking), as Siamese fc exploits the robust
deep feature and matching model. However, it is less effective in presence of background clutter and drastic illumination variations (bolt2, skating1, and motorRolling), as it does not exploit
the discriminative information between the target and the background. Traditional feature based
trackers CF, DSST and MUSTer are less effective in dealing with motion blur, drastic deformation,
and background clutter (bolt2,motorRolling, and skiing). CNN-SVM with deep features performs
well in presence of deformation, motion blur and background clutter (motorRolling, shaking and
skiing) but it is less effective in handling with drastic variations (bolt2 and skating1), as it is not
trained end-to-end. Since the proposed tracker exploits the robust deep features and discriminative
power of deep learning, it can handle these challenges better.
5.4. Run time analysis
To verify the efficiency of the proposed discriminative fully convolutional tracker, we present
the comparisons with other state-of-the-art deep trackers in terms of running speed (fps), AUC
score on OTB2013, exploiting online training or not (OT), and some configurations of the running
machine. We compare the proposed algorithm with other deep trackers, which includes the fullyconvolutional Siamese tracker S-FC [9] with three scales, STCT [8] and MDNet N [5]. Table 3
shows that the S-FC tracker achieves the fastest tracking performance without online training. Our
tracker is the fastest one among the online training deep trackers and its speed is about 6 times
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of that of the MDNet N tracker. As our tracker exploits the CF stream for precise locating and
online updating, the speed of the proposed tracker is slower than S-FC. The efficiencies of S-FC
and the proposed tracker are gained by the fully convolutional framework, which only needs one
forward-pass to evaluate a new frame.
6. Conclusion
In this paper, we propose a dual-regression tracking framework comprising a discriminative
fully convolutional network and a fine-grained CF module. The proposed tracker obtains a discriminative ability by learning the difference between the target and the background, and reduces
the computational cost by exploiting the fully convolutional network. As the fully convolutional network with deeper features retains less spatial details, a CF module running on the shallow
layer features with higher spatial resolution information is employed to refine the target position.
The two streams framework only needs one forward CNN pass to infer the target position, which
provides an efficient architecture for deep trackers. The extensive experiments conducted on three
public datasets demonstrate the effectiveness and efficiency of the proposed algorithm.
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