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Abstract 
 

Correlation Filter-based Trackers (CFTs) gained popularity recently for their effectiveness 
and efficiency. To deal with the size changes of the target which may degenerate the tracking 
performance, scale estimation has been introduced in existing CFTs. However, the variations 
of the aspect ratio were usually neglected, which also influence the size of the target. In this 
paper, Size Aware Correlation Filter Trackers (SACFTs) are proposed to deal with this 
problem. The SACFTs not only determine the translation and scale variations, but also take the 
aspect ratio changes into consideration, thus a better estimation of the size of the target can be 
realized, which improves the overall tracking performance. And competing results can be 
achieved compared with state-of-the-art methods according to the experiments conducted on 
two large scale datasets. 
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1. Introduction 

As a hot topic in computer vision community, object tracking has been used in lots of 
scenarios, including augmented reality, human-computer interaction, surveillance, robotics, 
motion analysis, to name but a few. According to the number of objects need to track, object 
tracking can be divided into single-object tracking and multi-object tracking. In this paper, we 
confine ourselves to the former one and object tracking refers to single-object tracking unless 
we explicitly state otherwise. 

Given the location and size of the target in the first frame (usually in the form of a bounding 
box), object tracking aims to estimate its new location and size in the following frames. 
Although great achievements have been made, object tracking is still challenging due to 
appearance changes (including size variations, deformation, etc.), background clutter, 
illumination variations, fast motion, and occlusion [1]. 

Existing approaches for object tracking can be broadly classified into two categories, i.e., 
generative methods and discriminative methods. In generative methods, firstly a model of the 
target is built using subspace [2], sparse representation [3], etc., then tracking is performed by 
searching for the region that matches the model best in each frame. Satisfactory performance 
can be achieved provided that the target undergoes less variability. However, only the 
information from the foreground target is taken into consideration and the potential useful 
information from the background is usually neglected. 

For discriminative methods, tracking is considered as a binary classification problem. Both 
foreground and background are sampled to extract features to train a classifier by using naive 
Bayes [4], logistic regression [5,6], SVM [7,8], boosting [9-11], random forest [12,13], etc. 
Then the classifier is used to distinguish the target from its surrounding background. 
Discriminative methods are believed to outperform their generative counterpart in 
complicated environments [14,15] and thus have attracted far more attention. A thorough 
comparison of different methods is out of the scope of this paper, and readers can refer to two 
distinguished surveys on object tracking [1,16] for more details. 

Among the discriminative methods, Correlation Filter-based Trackers (CFTs) gained 
popularity recently for their effectiveness and efficiency. A correlation filter is a template used 
for cross-correlating with signals and has been widely used in pattern recognition fields. 
Bolme et al. first introduced the correlation filter into object tracking and proposed a filter 
named Minimum Output Sum of Squared Error (MOSSE) [17]. Similar as traditional 
correlation filters, the location corresponding to the highest correlation output is taken as the 
position of the tracked object. Moreover, the filter can be updated online to adapt to the 
changing appearance of the target. Due to the Fast Fourier Transform (FFT) adopted in the 
correlation process, the tracking frame rate can be up to 600 frames-per-second (fps). 

After analyzing the relation between correlation filters and ridge regression with cyclically 
shifted samples, Henriques et al. proposed a discriminative tracker named Circulant Structure 
of tracking-by-detection with Kernels (CSK) [6]. Both positive and negative samples are 
densely collected in the target’s neighborhood for classifier training. The cyclically shifted 
dense sampling does not make the computational cost high. On the contrary, it induces the 
circulant structure and makes the use of FFT in training and detection possible, which speeds 
up the tracker dramatically. The kernel trick [18] was introduced to enhance the discriminative 
ability of the classifier. In the evaluation of 29 trackers recently performed by Wu et al. [1] 
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using a large scale Online Tracking Benchmark (OTB), the highest frame rate (over 300 fps) 
was achieved by CSK [6] among those ranking top 10. 

After these pioneering work, numerous improvements or variants have been proposed and 
readers can refer to [19] for a survey. One aspect that much attention has been paid is 
exploiting more powerful feature representations in classifier training to better discriminate 
the target from the background. In a tracker named Kernelized Correlation Filter (KCF) [5], 
Henriques et al. introduced the Histogram of Gradient (HOG) feature [20] and extended the 
use of one-channel feature to multi-channel feature. Danelljan et al. [21] investigated the 
contribution of different color features to tracking and proposed to integrate Color Names 
feature [22]. Danelljan et al. [23] proposed to use convolutional features trained by 
Convolutional Neural Networks (CNNs). Experiments demonstrate that the performance of 
CFTs can be improved using these powerful features compared with the originally used 
grayscale intensity feature. 

Another aspect that lots of efforts have been devoted to is using correlation filter theory to 
estimate more state parameters of the target. Early CFTs sample image patch with fixed size 
and track the position of the target in successive frames, which is in essence estimating the 
translations of the target only. However, other state parameters also undergo variations due to 
the target’s ego-motion including translations, in-plane rotations, out-of-plane rotations, etc., 
the motion of the camera, and the changes of the viewpoints, to name but a few. To 
additionally estimate the scale changes of the target, Li et al. [24] and Danelljan et al. [25] 
proposed two CFTs named SAMF and DSST respectively, which together with the KCF [5] 
mentioned above ranked top 3 in Visual Object Tracking challenge 2014 (VOT2014) [26]. 
And readers can refer to [26] for detailed results and comparisons. Besides scale changes, 
Zhang et al. [27] also estimated orientation changes by transferring the image patch from 
Cartesian coordinate system to Log-Polar coordinate system.  

Despite the success existing CFTs have achieved, to the best of our knowledge, the 
estimation of aspect ratio changes was usually neglected. The aspect ratio refers to the ratio of 
the target’s width and height. Considering that the aspect ratio and the scale jointly determine 
the size of the target, estimating both of them would further improve the performance of CFTs. 

In this paper, we propose two novel Size Aware Correlation Filter Trackers (SACFTs) on 
the basis of SAMF [24] and DSST [25] respectively. The SACFTs not only estimate the 
translations and scale changes of the target like SAMF [24] and DSST [25], but also take the 
variations of the aspect ratio into consideration to realize a better estimation of the size. 

The reminder of the paper is organized as follows. We introduce the background and 
related works in Section 2 to be self-contained. Then two novel Size Aware Correlation Filter 
Trackers (SACFTs) are proposed in Section 3. Afterwards, we conduct thorough experiments 
by using the OTB dataset [1] and the Visual Object Tracking challenge 2015 (VOT2015) 
dataset [28] in Section 4, followed by the conclusion in Section 5. 

2. Background and related works 

2.1 Correlation filter and MOSSE [17] 
Correlation filters were originally proposed for pattern recognition applications like target 
recognition or detection [29]. An example of car detection using a correlation filter is shown in 
Fig. 1, which includes two sub-tasks as follows: 1) determining how probable an image patch 
may contain the car and 2) localizing the car. Assume that the searching window is M in height 
and N in width, correlation filter fulfills the tasks by sliding the filter or template within the 
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searching window to get M⋅N samples, and cross-correlating with them to obtain the 
correlation output. The correlation responses {y | 1, 2,... }i i M N= ⋅  of the given filter ω  and 
features {x | 1, 2,... }i i M N= ⋅  extracted from these samples (grayscale intensity in this case) 
can be calculated according to 
 y xω= ⊗   (1) 

where ⊗  indicates the cross-correlation operation. 
 

 
Fig. 1. The illustration of using correlation filter for target detection 

 
To facilitate the localization, the responses can be rearranged in a matrix indexed by ( , )u v  

 
( , )

mod( , )
1 ( ) /

y yu v i

v i N
u i v N

=

=
= + −






  (2) 

where mod( , )i N  is the modulo operation and returns the remainder of i after divided by N. 
( , )u v  is the center of corresponding image patch represented in the image coordinate system, 
and can also be taken as the translation with respect to the origin. 

The output matrix can be visualized in the manner of 2D or 3D. As shown in Fig. 1, the 
hotter the color, the stronger the response is, and the more probable the corresponding image 
patch contains the car. It is obvious that only when the filter correlating with the image patch 
marked by the red bounding box, which is the same as the template and assumed to be centered 
at the coordinate ( , )u v , the peak value ( , )y u v  in the output matrix can be achieved. Then 
simultaneously the car is detected and localized. 

Similar thoughts are used by MOSSE [17] in which a training and detection framework is 
adopted. Unlike the constant filter shown in Fig. 1, an online-updating filter is used to adapt to 
the appearance changes. MOSSE [17] repeatedly detects the target by finding the translation 
corresponding to the peak correlation response of the global translation filter global _ tω , and 

then updates global _ tω  using local translation filters local _ tω  trained on each frame. 
As shown within the red box of Fig. 2, the fast detection is conducted in the frequency 

domain for speed concerns. According to the cross-correlation theorem, Equation (1) can be 
converted to 
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 ( ) ( )1 1 1 *
global _ global _ˆˆ ˆy (y) ( ) (z) zt tω ω− − * −= = =        (3) 

 
Fig. 2. The illustration of fast detection in different methods (filters within the bounding box of a 

specific color indicate the filters used by methods shown with the same color) 
 
where   indicates the Hadamard product, *  indicates the complex conjugate,   and 1−  
indicate the Fast Fourier Transform (FFT) operation and inverse Fast Fourier Transform 
( iFFT ) operation respectively, and variables with a hat denote their FFTs. Here we replace x 
with z to explicitly distinguish features for training from features for detection. And sampled 
features are preprocessed using a cosine window to mitigate artifacts caused by 
wrapped-around edges as well as to emphasize the center regions. 

As shown within the red box of Fig. 3, fast training is also conducted in the frequency 
domain. The training aims to find a local translation filter local _ tω  minimizing the sum of 

squared errors between the actual correlation responses on features {x | 1, 2..., }i i n=  extracted 
from n samples and the desired responses {y | 1, 2..., }i i n=  
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where the desired responses are calculated according to a 2D Gaussian function whose peak 
location coincides with the target center. And Equation (4) has a closed-form solution 
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where   indicates the Hadamard divide, local _ tN  and local _ tD  denote the numerator term and 
denominator term respectively. Also a small variable λ  can be added to the denominator term 
to avoid division-by-zero. 

 
Fig. 3. The illustration of fast training in different methods (filters within the bounding box of a specific 

color indicate the filters used by methods shown with the same color) 
 

Both of the initialization and update of the global translation filter global_ tω  used in the 

detection are performed according to local translation filters local _ tω  trained on each frame. 

The local _ tω  trained on the first frame is used for the initialization, while local _ tω  trained on the 
following frames are used for the update according to 

 
current previous current
global_ global_ local_

current previous current
global_ global_ local_

(1 )

(1 )
t t t t t

t t t t t

N N N

D D D

η η

η η

 = − +


= − +
  (6) 

where tη  is the learning rate determining how fast the filter adapts to the appearance changes. 
The higher tη  is, the faster the adaption is. 

The samplings of MOSSE [17] differ in the training and detection. In the training stage, 
image patches are randomly sampled around the target center, as shown by the green bounding 
boxes in Fig. 4a. However, dense sampling is performed explicitly in the detection stage due 
to the sliding of the filter, as shown in Fig. 1. Moreover, MOSSE [17] only uses one-channel 
grayscale intensity as the feature. 
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2.2 CSK [6] and KCF [5] 

 
Fig. 4. The illustration of the sampling in MOSSE [17] and CSK [6] 

 

In CSK [6], a local linear classifier localx
Ty bω= +  is trained in every frame using the ridge 

regression. Assume that n samples are obtained in the frame, CSK [6] aims to solve the 
equation as follows 
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local loca
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lmin (y x ) || ||
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T
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i
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ω

λω ω
=

− − +∑   (7) 

where {x | 1, 2,... }i i n=  are the features extracted from the samples, {y | 1, 2..., }i i n=  are the 
corresponding desired responses, and λ  is the regularization parameter. Equation (7) has a 
closed-form solution 
 local

* ( )T TX X I X Yω λ= +   (8) 

where 1 2[x ,x ...x ]T
nX = , 1 2[y ,y ...y ]T

nY = , I denotes the identity matrix, and T indicates the 
transpose. 

The sampling in the training of CSK [6] is quite different from MOSSE [17]. As shown in 
Fig. 4b, CSK [6] firstly pads the target (the red bounding box) to get the enlarged image patch 
which contains more information from the background (the green bounding box). The 
enlarged image patch is called the base sample because dense sampling is achieved by shifting 
it cyclically with the permutation matrix P. 

Assume that the one-channel d dimensional feature (also grayscale intensity in CSK [6]) 
extracted from the base sample is 1 2[ , ..x . ]d Tx x x=    , and the corresponding response is y , 
thus the dense sampling manner renders the matrix X mentioned above circular as 
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  (9) 

where lP  shifts x  by l  elements and each row of X corresponds to the feature extracted from 
a sample. Thus Equation (8) can be converted to Equation (10) taking advantage of the 
property of the circular matrix 
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 * *
local

ˆˆˆ (y ) ( ˆ ˆ)x x xω λ= + 



    (10) 
By comparison we can see that Equation (5) and Equation (10) equal when only one base 

sample is used by the MOSSE [17] for training. The circular structure exploited makes 
explicitly shifting and sampling unnecessary, and all the information needed for training localω  
is x . And the rapid computation performed in the Fourier domain further speeds up the 
training process. 

To enhance the discriminative ability, CSK [6] also introduced the kernel trick [18] in the 
training stage to represent the original solution localω  in the primal space by locala  in the dual 
space 
 local local

1
(x )i

i
i

ω a
=

= Φ∑   (11) 

where local
ia  is the thi  element of locala , and Φ  maps the linear features to nonlinear ones. 

The classifier trained with the nonlinear regression is 
 local ( )K I Ya λ= +   (12) 

where K is the kernel matrix with the element Kij determined by (x ) (x )T
i jΦ Φ . Considering 

that the samples in CSK [6] are generated by shifting the base sample cyclically, K is 
determined by x  only. Also it is proved that some kernels, for example the Gaussian kernel, 
can preserve the circular structure of the inputs, i.e. K is circular. And taking advantage of the 
circular matrix again, Equation (12) can be converted to 

 xx
local
* ˆˆˆ y ( k )a λ= +  

    (13) 

where xxk    is the first row of kernel matrix K. However, the explicit calculation of K is 
unnecessary to get xxk    and rapid computation can be performed instead. For example, if the 

commonly used Gaussian kernel 
2

2
||x x'||

(x) (x') eT σ
−

−
Φ Φ =  is adopted, it can be calculated 

according to 
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=


  (14) 
Similarly, the detection can also be performed rapidly by taking advantage of the circular 

matrix induced by cyclically shifting the base sample. Assume that the one-channel d 
dimensional feature extracted from the base sample for detection is z , CSK [6] computes the 
responses of all the d samples according to 

 global1
global

x z *
1 1z (( ˆ ˆ( ) k ) ) [y ,...,y ,...,y ]T

i d df a−
×= = 


    (15) 

where z( )f   is a vector and each element of it corresponds to a response. globalx  and globala  

are calculated according to localx  and locala  obtained in each frame, the results from the first 
frame are used for initialization, and the others are used for update according to 

 
current previous current
global global
current previous current
g

local

loclobal gl la aob l

x x x(1 )
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µ µ
a x a xa
 = −
 = − +

+  

  (16) 

where µ  and x  are the learning rates, and globalx zk    can also be computed rapidly by using 
Equation (14). 
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However, only features with one channel, grayscale intensity for example, can be used in 
CSK [6]. And KCF [5] introduces the use of multi-channel features by changing Equation (14) 
to 

 

1

2
1

2 2 *ˆ ˆ||x|| ||x'|| 2 x x '

xx'

( )

k e

i i
c

i

σ

−

=

+ −

−
=

∑ 

  (17) 
where c  is the number of channels of the features used. 

3. Our proposed algorithm 

 
Fig. 5. The framework of Size Aware Correlation Filter Trackers 

 
As mentioned in the introduction, SAMF [24] and DSST [25] partially solve the problem of 
target size variations by estimating the scale changes. On the basis of them, we propose two 
Size Aware Correlation Filter Trackers (SACFTs), which not only determine the location and 
scale variations of the target, but also take changes of aspect ratios into consideration to 
provide a better estimation of the size. 

The framework of the proposed SACFTs is shown in Fig. 5. Firstly, global filters are 
initialized using the given state variables including the translation t, scale s and aspect ratio a 
in the first frame. Then, fast detection is performed in a new frame to detect the target as well 
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as to update these state variables by using global filters, with the t, s, and a from the last frame 
as the initialization. After that, fast training is conducted in current frame according to the 
updated state variables to get local filters, which are used to update the global filters for 
detection. Both detection and training take the features obtained by sampling as the input. So 
the tracking can be realized by repeatedly alternating between detection and training in every 
frame. 

3.1 SACFT1 

 
Fig. 6. Sampling in SACFT1 

 
On the basis of KCF [5], SAMF [24] deals with the scale changes using a scale pool for 
searching. The sampling for training is the same as KCF [5], as shown in Fig. 6b. And only a 
translation filter is trained in each frame by using Equation (13) and Equation (14). However, 
the sampling for detection is quite different. As shown in Fig. 6a, a scale pool 

={ | 1, 2,... }i SS s i N=  is defined in SAMF [24], where each element corresponds to a scale in 
the searching space along the vertical axis. To further tackle the aspect ratio variations, we 
introduce the aspect ratio pool ={ | 1, 2,... }j AA a j N=  in SACFT1, where each element 
corresponds to an aspect ratio in the searching space along the horizontal axis. 

Assume that the height and width of the image patch corresponding to the target (the red 
bounding box) are 0M  and 0N  respectively, it is padded to the size 1 1M N×  to get the 
enlarged base sample (the green bounding box). After that, the scale sampling and aspect ratio 
sampling are jointly performed to obtain S AN N⋅  base samples with the sizes 

1 1{ | , }i j i i js a M s N s S a A× ∈ ∈ . And then all these base samples are resized to the size 

1 1M N×  to make sure that the dimension of the extracted features 
{ | 1, 2,..., , 1, 2,..., }ij S Az i N j N= =  are the same. 

Similar as SAMF [24], the feature used is the one concatenating the grayscale intensity, 
HOG [20], and Color Names [22]. To estimate the translation t, scale s and aspect ratio a, 
implicit dense sampling is performed on S AN N⋅  base samples. The responses are calculated 
using Equation (15) repeatedly S AN N⋅  times to obtain the response vectors 
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{ ( ) | 1, 2,..., , 1, 2,..., }ij S Af z i N j N= = . If the peak response is obtained in the thk  element 

of the response vector ( )ijf z , then the scale is determined to be is , the aspect ratio is 

determined to be ja , and the translation is determined to be the displacement corresponding to 

the thk  element. 

 
Fig. 7. Sampling, training and detection in SACFT2 
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3.2 SACFT2 
Unlike SAMF [24] in which only a translation filter is used to determine the translations and 
scale variations, DSST [25] solves the problem by adopting a divide-and-rule strategy. This is 
based on the assumption that the scale variation between two successive frames is smaller than 
the translation, which usually holds true in visual tracking. As shown within the purple box of 
Fig. 7d, the estimations of translation and scale are decoupled and solved sequentially in 
DSST [25]. We assume that the aspect ratio variation between two successive frames is 
smaller than the scale change, and use an extra aspect ratio filter global _ aω  to estimate it.  

The feature used in SACFT2 is the same as SACFT1. The estimation of the translation is 
performed using the translation filter global _ tω , which is similar as MOSSE [17] but only the 
base sample is used in training and detection. Besides, when calculating the responses of the 
translation filter, Equation (15) is used instead of Equation (3) adopted in MOSSE [17] and 
DSST [25]. 

A scale filter global _ sω  is used for scale estimation. After determining the translation in 
current frame, the updated t is used in the scale sampling. Similar as SAMF [24], the scale 
sampling is conducted by cropping SN  image patches according to the defined scale pool 

={ | 1, 2,... }i SS s i N=  . But unlike SAMF [24], no padding is performed, i.e. the size of these 
samples are 0 0{ | }i i is M s N s S× ∈ , and all the samples are resized to a specific size 2 2M N× , 
as shown in Fig. 7b. 

As shown in the middle column of Fig. 3, to get the local scale filter local _ sω  in each frame, 

extracted features {x | 1, 2,... }i Si N=  from these samples are preprocessed with a cosine 
window, then trained using 

 * *
local _ local _ local _

1 1

ˆ ˆ ˆ ˆy x x xˆ ( ) ( )
S SN N

s s s
i i

i i i i N Dω λ
= =

= + =∑ ∑     (18) 

where yi  is the desired response calculated according to a 1D Gaussian function whose peak 
value is achieved at the scale s=1. 

And as shown in the middle column of Fig. 2, the scale is determined to be the one 
corresponding to the peak response in {y | 1, 2,... }i Si N=  calculated by 

 ( )*
global _

1 ˆ ˆy zi isω−=    (19) 

where zi  is the feature extracted from the sample with the scale is , and global _ sω  is initialized 

by local _ local _s sN D  in the first frame and updated using Equation (6). 

An aspect ratio filter global _ aω  is used for aspect ratio estimation. After determining the 
scale in current frame, the updated s is used in the aspect ratio sampling, which is conducted by 
cropping AN  image patches according to the defined aspect ratio pool ={ | 1, 2,... }j AA a j N=  

around the target center. The sizes of these samples are 0 0{ | }j jsa M sN a A× ∈ , and all the 

samples are resized to a specific size 2 2M N× , as shown in Fig. 7c. 
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As shown in the right column of Fig. 3, similar as the training of local _ sω , to get the local 

aspect ratio filter local _ aω  in each frame, extracted features {x | 1, 2,... }j Aj N=  from these 
samples are preprocessed with a cosine window, and then trained using 

 * *
local _ local _ local _

1 1

ˆ ˆ ˆ ˆy x x xˆ ( ) ( )
A AN N

a a a
j j

j j j j N Dω λ
= =

= + =∑ ∑     (20) 

where y j  is the desired response calculated according to a 1D Gaussian function whose peak 
value is obtained at the aspect ratio a=1. 

As shown in the right column of Fig. 2, the aspect ratio is determined to be the one 
corresponding to peak response {y | 1, 2,... }j Aj N=  calculated by 

 ( )*
global _

1 ˆ ˆy zj jaω−=    (21) 

where z j  is the feature extracted from the sample with the aspect ratio ja , and global _ aω  is 

initialized by local _ local _a aN D  in the first frame and updated using Equation (6). 

4. Experiments 

4.1 Experimental setup 
In this section, we thoroughly compare our proposed SACFTs with state-of-the-art methods 
using the Online Tracking Benchmark (OTB) [1] and the Visual Object Tracking challenge 
2015(VOT2015) dataset [28]. All the experiments were performed on a PC with 2.3GHz 
i5-4200U CPU and 12GB RAM.  

The SACFTs are implemented in Matlab. As to SACFT1, the scale pool used is 
[ ]{ }= 1.005 | -3, -2,...,3nS n∈  , which is the same as SAMF [24], and the aspect ratio pool 

used is set to [ ]{ }= 1.005 | -3, -2,...,3nA n∈  empirically. As to SACFT2, the scale pool used is 

[ ]{ }= 1.02 | -17, -16,...,17nS n∈ , which is the same as DSST [25], and the aspect ratio pool 

used is also [ ]{ }= 1.005 | -3, -2,...,3nA n∈ . The learning rate tη  for the translation estimation 

in SACFT1 and SACFT2 is 0.01, and the learning rate µ  and x  for the scale and aspect ratio 
estimation in SACFT2 are set to 0.015. 

4.2 Experiments using the OTB [1] 
Built in 2013, the OTB [1] contains 50 fully annotated sequences with nearly 30,000 frames. 
The single object need to be tracked is set in the first frame by a bounding box in each 
sequence, and the tracking result ground truths are provided in the following frames for 
evaluation. To analyze the ability of a tracker to deal with different challenges, these sequence 
are also annotated with 11 attributes such as scale variation, out-of-plane rotation, deformation, 
etc. Besides, the results of 29 trackers, including CSK [6], Struck [8], TLD [12], etc, are also 
provided. 

The evaluation methodology used in the OTB [1] are the Precision plot and the Success 
plot. The Precision plot is used to evaluate the Euclidean location errors between the estimated 
target centers and the ground truths. Given a location error threshold, the corresponding 
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precision indicates the percentage of the frames whose location errors are within the threshold. 
The Success plot is used to evaluate the overlap between the estimated bounding boxes and the 
ground truths. Given an overlap threshold, the corresponding success rate indicates the 
percentage of frames whose overlap are larger than the threshold. From the definitions we can 
see that the larger the precision and success rate, the better the performance. 

To further evaluate the robustness of the trackers, temporal robustness evaluation (TRE) 
and spatial robustness evaluation (SRE) are introduced in the OTB [1]. Unlike the 
conventional one-pass evaluation (OPE) which initializes the ground truth in the first frame 
and then calculates the precision and success rate, the TRE and SRE perturb the initializations 
temporally and spatially respectively. 

 

 

 
Fig. 8. Precision and Success plots of OPE, SRE, and TRE of the trackers over the whole sequences 

(only the top 10 are shown for clarity) 
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In our experiments, 34 trackers are quantitatively evaluated, including the 29 trackers 
mentioned above, KCF [5], SAMF [24], DSST [25], SACFT1, and SACFT2. For the TRE, 
each sequence is evaluated 20 times by performing tracking from different start frames to the 
end frame. And for the SRE, each sequence is evaluated 12 times by perturbing the 
initialization in the first frame with center shifts, corner shifts and scale variations. 

The Precision and Success plots of OPE, SRE, and TRE of the 34 trackers over the 50 
sequences are obtained, and only the top 10 are shown in Fig. 8 for clarity. The ranking of the 
trackers are shown in the legends. For the Precision plots, the ranking is according to the 
precision corresponding to the location error threshold of 20 pixels. While for the Success 
plots, the ranking is according to the area under curve (AUC).  

As shown in Fig. 8, both SAMF [24] and DSST [25] outperform the state-of-the-art 
trackers in 2013. That’s why they succeeded in the VOT2014 challenge and ranked top 2 [26]. 
Our proposed SACFT1 improves SAMF [24] in both precision and success scores slightly, as 
well as maintains the robustness to temporal and spatial perturbations. While SACFT2 
surpasses DSST [25] in precision and success scores by 5.6% and 4.0% respectively, and 
achieves the gain in temporal and spatial robustness by approximately 5% in the meantime. 
 

 

 
Fig. 9. Success plots of OPE of the trackers over sequences annotated with scale variation, out-of-plane 

rotation, and deformation (only the top 10 are shown for clarity) 
 

We also conduct analysis according to the 11 annotated attributes. By comparison we find 
that the proposed SACFTs improve the performance of SAMF [24] and DSST [25] in nearly 
all the attributes. And Success plots of OPE of the top 10 trackers over sequences annotated 
with scale variation, out-of-plane rotation, and deformation are shown in Fig. 9, in which 
obvious size changes tend to occur. SACFT1 and SACFT2 solve the same problem with 
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different manners. Although both of them can acquire desirable results, some results may 
seem similar in Fig. 8. This is caused by the average of results across all sequences, some of 
which do not change in size. While in Fig. 9, the differences between SACFT1 and SACFT2 
are more obvious. Considering better estimation of size variations can be achieved in our 
proposed methods by incorporating aspect ratio estimation, we name them as Size Aware 
Correlation Filter Trackers (SACFTs). 

Some results of the top 8 trackers on sequences with obvious size changes are shown in Fig. 
10. In (a) trellis and (c) freeman1, the out-of-plane rotation of the faces changes the aspect 
ratios, while in (b) CarScale1, the car’s driving from far to near leads to the variations of the 
scales and aspect ratios. Our proposed SACFTs, especially the SACFT2 shown with red 
bounding box, can provide better tracking results. 
 

 

 
Fig. 10. Tracking results of the top 8 trackers on sequences with obvious size changes.  

(a) trellis; (b) CarScale1; (c) freeman1 
 

The average frame rates of different methods are shown in Table 1. We can see that SAMF 
[24] and DSST [25] improve the performance of KCF [5] by incorporating the scale estimation 
at the cost of speed. SACFT1 slightly enhances the performance of SAMF [24] by taking the 
estimation of aspect ratio into consideration, but further lowers the frame rate because AN  
times more base samples are collected. SACFT2 surpasses DSST [25] in performance with a 
relative large margin. However, the speed of SACFT2 is faster despite the extra computations 
introduced by the estimation of aspect ratio, because the computation of translation filter 
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responses in SACFT2 using Equation (15) is much more efficient than Equation (3) used in 
DSST [25]. 

In each frame, SACFT1 detects with the translation filter S AN N⋅  times repeatedly, and 
trains the translation filter once; while detection and training of translation filter, scale filter 
and aspect ratio filter in SACFT2 are all performed once. Thus disregarding the dimension and 
channels of input features of different filters, the SACFT2 is approximately S AN N⋅ /3 times 
faster than SACFT1. However, the inputs of scale filter and aspect ratio filter are formed by 
concatenating features extracted from image patches with different scales/aspect ratios, which 
increase the channels of the new feature and complicate the computation a little. Thus the 
speed up may be smaller than S AN N⋅ /3 in practice. This is validated by the results in Table 1, 
where SN  and AN  all equal to 7 in our experimental setup. 
 

Table 1. The average frame rates of different methods 
 KCF [5] SAMF [24] SACFT1 DSST [25] SACFT2 Struck [8] TLD [12] 

frame 
rate 167fps 8fps 2fps 27fps 31fps 28fps 20fps 

 

4.3 Experiments using the VOT2015 dataset [28] 
Started from 2013, the annually held Visual Object Tracking challenge aims to evaluate the 
performance of single-target short-term model-free visual trackers. VOT2015 [28] contains 60 
fully annotated sequences and the results of 62 trackers are reported. The readers can refers to 
[28] for detailed information of these trackers. The evaluation measures used in VOT2015 
[28] are the accuracy and robustness. The former one is calculated by averaging the overlap 
ratios between the estimated bounding boxes of a tracker and the ground truths, and higher 
score indicates better performance. The latter one is obtained by computing the probability of 
a tracker not failing after 100 frames, and higher score indicates better performance. 

 

 
Fig. 11. The AR score and AR rank plots of the trackers over the VOT2015 dataset [28] 
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In the experiments, we only compare SACFT2 with the 62 trackers because SACFT1 is 
relatively slow to be of practical use. The results are shown in Fig. 11 by using the 
accuracy-robustness (AR) score plot and AR rank plot. For the AR score plot, the vertical axis 
denotes the accuracy, and the horizontal axis denotes the robustness. While for the AR rank 
plot, the coordinates of a tracker corresponds to its ranking with respect to accuracy and 
robustness. And the closer to the top-right corner of the plots, the better performance a tracker 
is. As shown in Fig. 11, SACFT2 ranks high in accuracy and outperforms VOT2014 winners 
SAMF [24] and DSST [25]. 

The AR ranks of some methods are shown in Table 2. The smaller Accuracy rank is, the 
better a tracker performs in terms of accuracy. While the smaller Robustness rank is, the better 
a tracker performs in terms of robustness. MDNet [30] is the winner of VOT2015 [28] but is 
one of the slowest trackers due to the CNNs used. ASMS [31] is considered to be the best 
tracker with real time performance (faster than 20fps). The proposed SACFT2 achieves high 
accuracy ranking and decent robustness ranking, and it can be run at the speed of 43 fps on 
average. 
 

Table 2. The AR ranks of different methods 
 MDNet [30]  ASMS [31]  SACFT2 SAMF [24]  DSST [25]  

Accuracy rank 1.00 6.83 1.17 3.00 3.83 
Robustness rank 1.33 9.83 13.83 14.67 22.33 

5. Conclusion 
In this paper, we propose two novel size aware correlation filter trackers (SACFTs). The 
SACFTs not only determine the translation and scale variations, but also take the aspect ratio 
changes into consideration, thus a better estimation of the size of the targets can be realized, 
which improves the overall tracking performance. Experiments performed on two large scale 
datasets validate their effectiveness, and competing results can be achieved compared with 
state-of-the-art methods, especially the SACFT2 achieves high tracking accuracy with real 
time frame rate. 
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