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1 |  INTRODUCTION

Visual tracking is one of the primary tasks in computer vi-
sion, which tracks a target through a given sequence of image 
frames. The applications of visual tracking include action 
recognition and scene understanding from videos, biomed-
ical image analysis, and autonomous vehicles. We con-
sider online tracking of a single target. By online tracking, 
we mean that the target location is inferred by an enclosing 
bounding box that represents the position and shape of the 
target without knowing any future frames in advance. Thus, 
a robust appearance model for a target is recognized as the 
key to visual tracking. There are, however, various changes 
in target appearance attributes, such as articulation, rotation, 
deformation, and scale variation, which make visual tracking 
challenging. Figure  1 illustrates the examples showing the 

target attributes appearing in the hard sequences taken from 
Online Tracking Benchmarks (OTB) [1,2].

Owing to the recent astounding progress in the feature 
learning capability of deep learning, approaches based on 
deep neural networks for visual tracking have started over-
powering those based on hand‐crafted feature learning [3,4], 
keeping the state‐of‐the‐art performance to date [5‒7].

In general, however, achieving high performance using 
deep learning requires a sufficient dataset to train the model. 
In the case of visual tracking, for example, the approach pro-
posed in [6] used a deep neural network model pretrained 
on general natural images [8]. Then, the model was trained 
further using a dataset prepared for tracking [1,2,9]. The ap-
proach showed that training a model using a task‐specific 
dataset was crucial for high performance, which was com-
monly used in the subsequent tracking works.
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In the context of visual tracking, it, however, could be 
costly or infeasible for some domains to acquire sufficient 
video sequences as the training dataset and annotate them with 
bounding boxes as ground truths for supervised learning. Such 
a challenge motivates this study, where we aim at addressing 
the difficulty of visual tracking of the dataset being usually 
insufficient to train a deep network model. Therefore, we pro-
pose to revisit hand‐crafted feature learning, which does not 
require additional video sequences to train a model [10‒13].

Hand‐crafted feature‐based approaches primarily rely on 
holistic templates [10] or patch‐based models [11‒13] to find 
the region that best matches the target appearance in the cur-
rent image frame. Template‐based models are applicable for 
modest appearance changes in that they encode a target using 
small patches that have extra features as well as raw color 
intensity. In particular, while a template‐based model uses 
the raw intensity values of a target to learn the appearance 
change, it is sensitive to the illumination variations causing 
an abrupt shift in the color intensity distribution of the target, 
leading to inaccurate tracking. Similarly, the applicability of 
patch‐based models is limited in practice when the appear-
ance changes severely because the existing patches cannot 
describe it.

We resolve the aforementioned problem by proposing a 
novel appearance model that discriminates between the fore-
ground (or target) and background at the pixel‐level. The 
proposed approach classifies the pixels of the regions under 
consideration in the current frame as foreground and back-
ground. We use the raw color intensity and spatial locations of 
the pixels to learn the model in an unsupervised manner with-
out prior knowledge about on the target appearance. Because 
pixel‐level processing is sensitive to noise in general, we 
construct the feature representation of a pixel by combining 
the raw features and convolutional activations obtained from 
a pretrained convolutional neural network (ConvNet) for the 
image segmentation task [14]. The raw features capture a set 
of pixels that are likely to act as a foreground to learn a tar-
get appearance that is unknown beforehand. Moreover, the 
associated features from the ConvNet provide a more robust 
pixel discrimination in the presence of color noise and spa-
tial appearance variations. As a result, when comparing with 
patch‐based models, the proposed pixel‐level discrimination 
provides better adaptivity to an arbitrary appearance change.

Because a target appearance is usually subject to change 
over time, one needs to update the appearance model in a timely 
manner by online learning if the current model turns out to be 

F I G U R E  1  Each row represents the frames chosen from a sequence over time. The bounding boxes in red are annotated as ground truths. 
Each sequence has different attributes causing target appearance variations: (A) deformation, (B) scale variation, (C) illumination variation, (D) 
occlusion, (E) in‐plane rotation, and (F) fast motion, respectively
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obsolete. Then, the updated appearance model will be valid for 
the incoming frames until further significant change in the target 
appearance necessitates online learning again. The two repetitive 
phases of updating a model and applying it to future frames con-
stitute the overall tracking procedure, and they are referred to as 
the detection phase and tracking phase, respectively, hereafter.

Model update in the detection phase, however, involves 
a nontrivial computational demand with cost function op-
timization and subsequent model training to learn a target 
appearance. Thus, excessively frequent model updates will 
deteriorate the tracking speed. By contrast, missing timely up-
dates tends to accumulate the tracking error over time using 
the obsolete model, which is known as drift. Our approach 
balances these conflicting requirements by performing long‐
term and short‐term updates of the appearance model. A long‐
term update corresponds to a gradual appearance change that 
takes place periodically; thus, minimizing the drift, whereas a 
short‐term update learns the sudden changes in a timely man-
ner. Experimental evaluation demonstrates that the proposed 
approach leads to a better performance than that of the exist-
ing trackers based on hand‐crafted features.

In summary, the contributions of this study are as follows:

• We propose a novel tracking approach that takes advan-
tages of both hand‐crafted feature learning and deep neural 
networks but without needing an additional dataset to train 
the model, leading to an improved performance.

• A pixel‐wise discrimination model is proposed to learn the 
variations in the target appearance.

• A computation‐efficient model is proposed to track a target 
using a pixel‐level appearance model.

• We combine the discrimination model and tracking model 
in a single framework efficiently and effectively.

The remainder of this paper is organized as follows: We review 
previous approaches relevant to ours in Section  2. Section  3 
describes the two phases of the proposed approach in detail. 
Then, Section 4 demonstrates the performance of the proposed 
method. We conclude the paper in Section 5.

2 |  RELATED WORK

This section provides an extensive review of the prior work 
relevant to the proposed approach, with emphasis on the 
method of learning foreground appearance. While our ap-
proach uses pixel‐wise classification for this purpose, many 
approaches based on a latent feature model exist.

2.1 | Learning foreground at pixel‐level
There have been several approaches to use pixel colors to 
distinguish a foreground [15,16]. The approach proposed in 

[15] used a Bayes model based on boosting to build a strong 
classifier from weak ones. In addition, multiscale feature 
learning was proposed in [16].

2.2 | Learning foreground in latent space
Learning features from randomly sampled patches is widely 
used for target appearance modeling in the latent space as fol-
lows: histogram of oriented gradient (HOG) and support vec-
tor machine (SVM) were used in [17]. The correlation filter 
(CF) is a well‐known method to represent the discriminative 
features of a foreground. Many CF‐based approaches have 
been proposed to use an ensemble [18], a spatial‐temporal 
graph [19], dual attention for the spatial context and appear-
ance [20], or combined spatiotemporal features and color 
features [21]. The approach proposed in [22] used online 
boosting with Fisher discriminators. Boolean map response 
(BMR) is also used to discriminate foreground from the con-
nectivity cue [23].

Sparse representation is another common approach to 
learn foreground features. The approach proposed in [24] 
optimized an objective function based on proximity con-
straints. In [25], it was proposed to learn foreground features 
by correlating the features from different modalities, RGB 
color images, and infrared images. In response to the various 
scene attributes, such as illumination variation or viewpoint 
change, approaches in [26,27] learned to remove the features 
irrelevant to the attributes of the current frame.

3 |  PROPOSED TRACKING 
METHOD

3.1 | Overview
The flow of the proposed approach is illustrated in Figure 2A, 
where the target in each frame is tracked in either of the two 
phases: detection or tracking. The detection phase corre-
sponding to the frames in blue learns the appearance model 
varying over time. Then, the tracking phase, represented in 
gray, uses an up‐to‐date appearance model to track the target 
in the subsequent frames. The position and shape of the target 
are predicted as a bounding box at each frame.

Input to the detection phase is represented as a bounding 
box for the target predicted in the previous frame, t−1, which 
is the region of interest (ROI) in the current frame where the 
target is expected to exist. We simply set the width and height 
of ROI to be twice those of t−1. The input bounding box 
for the initial frame is annotated as a ground truth. The detec-
tion phase first establishes the target appearance model (the 
top row of Figure 2B) using an SVM to classify the pixels as 
foreground and background. The details are presented in the 
next subsection. Once the appearance model has been estab-
lished, we switch to the tracking phase to track the target in 
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consecutive frames using the appearance model (the bottom 
row of Figure 2B).

Because a target appearance is subject to change over time, 
we should learn the appearance model online. We address 
this issue by the aforementioned long/short‐term updates. 
The long‐term update recomputes the appearance model pe-
riodically, for example, every tens of frames, corresponding 
to the long‐lasting appearance variation. Contrastingly, the 
short‐term update takes place irregularly when the quantitative 
evaluation of the target appearance similarity in two adjacent 
frames is below a given threshold in the tracking phase, which 
indicates an abrupt change in the target appearance. In what 
follows, we describe the working principles of the two phases 
and how they are combined into a single tracking framework.

3.2 | Detection phase
Input to the detection phase is ROI in the current frame image 
based on the bounding box predicted in the previous frame. 
The first step, D‐1 in Figure 2B, creates a set of pixels, so‐
called object mask , which represents the foreground.1 We 
denote by f (pi,) the confidence of pixel pi inside ROI to 
be the foreground, which is a weighted sum of two pixel 
attributes as

1For simplicity, we do not use subscripts to denote frame numbers in this 
subsection because no previous frames are used in the detection phase.

(1)f (pi,) = �1C(pi) + �2L(pi,),

F I G U R E  2  (A) Overall tracking flow consisting of two phases: (B) the detection and tracking phases
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where C(pi) is a unary potential evaluating how likely the color 
intensity of pixel pi is to act as the foreground and L(pi,) 
corresponds to the spatial location of pi. α1 and α1 are weight 
coefficients with α1 + α2 = 1.

When calculating C(pi), we use two Gaussian mixture 
models as the probability distributions for the color intensi-
ties of the foreground and background pixels according to ob-
ject mask  similar to segmentation studies [28]. L(pi,) is 
visualized as the heat map in the figure. We use the Euclidean 
distant transform [29] to evaluate L(pi,), meaning that the 
pixels in the central area of the target have higher L(pi,) 
values than those near the target boundary.

Then, step D‐1 finds object mask  that maximally con-
tains pixels having high confidence to be the foreground, 
which is written as

where �( ⋅ ) is the indicator function. In (2), we consider pixel 
pi with f( · ) ≥ thC to be the foreground. Because f( · ) and  
are mutually dependent in (1) and (2), no closed form exists to 
solve (2). We resolve the dependency by iterating the two steps 
of evaluating f( · ) and refitting .

Examples of computing  are shown in Figure 3, where 
a single update of f( · ) and  is referred to as an Iteration. 
The foreground pixels discriminated by  in ROI and the 
associated distance transformation depicted as a heat map are 
given at each iteration. We initialize  to be all the pixels 
in ROI. Then,  approaches the target (the diver in ROI), 
being refined by the alternative evaluation of f( · ) and . No 
more than five iterations achieve convergence for all the test 
sequences used in the experiments. After calculating object 
mask , we construct the features of the foreground pixels to 
learn the target discrimination model. We first use L( · ) in (1) 
with emphasis on the spatial information of the pixels (D‐2 
in Figure  2B). To make the model general and robust, we 

further take features from deep neural networks with the aid 
of transfer learning. Particularly, the current frame is fed into 
ConvNet, designed for the image segmentation task [14], and 
then the pixel‐level activations over all the convolution layers 
in ConvNet are concatenated to provide the high‐level seman-
tic information for a pixel. The convolutional features are ex-
pected to suppress the noise pixels erroneously classified by 
 and to render a more natural target appearance. Note that 
any technique for providing high‐level features can be used 
in our approach in place of the aforementioned deep neural 
network. For instance, it is possible to use hand‐crafted high‐
level features proposed in [30‒32].

We use an SVM to predict the target shape based on the 
pixel‐level features. When training the model, the pixels in 
 are positive samples, whereas the remaining ones in ROI 
are negative. The detection phase ends with generating a bi-
nary map where the foreground and background are classi-
fied by the SVM (D‐3 in Figure 2B). We denote this map by 
, which is an input to the tracking phases for the subse-
quent frames.

It should be noted that the  generated by the SVM 
achieves a refined target appearance compared to that by ob-
ject mask  because of exploiting deep neural network fea-
tures. Once  is available, the generation of the bounding 
box is straightforward.

3.3 | Tracking phase
The tracking phase at frame t consists of two steps with two 
inputs, bounding box t−1 and object mask t−1 taken 
from frame t − 1. The first step of this phase explores the 
target location throughout ROI in frame t, resulting in t. 
Once the target location is estimated from the exploration, as 
a second step, we adjust t by exploiting the change in the 
target appearance compared to that in frame t − 1. We now 
describe the details of the two steps.

The exploration step first classifies the pixels in ROI into 
foreground and background using the SVM to obtain target 
appearance t in ROI (T‐1 in Figure 2B). Next, we locate 
t−1 in ROI in a way that t−1 in t−1 and t match the 
best (T‐2 in Figure 2B). This allows us to set an initial t, 
which will be further refined.

It is convenient to define t as a set of bounding boxes 
with the same dimensions as t−1 but with different loca-
tions within ROI in frame t. Then, initializing t is done 
by sliding t−1 over ROI to find the position where t−1 
in the moving t−1 and t match the best. This can be 
formulated as choosing a bounding box corresponding to t 
satisfying

(2) = arg max
∗

∑

pi∈

�
(
f
(
pi,

∗
)
≥ thC

)
,

(3)t = arg max
bbt∈t

{
S(t−1, bbt)

}
,F I G U R E  3  Refining object mask according to the calculated 

S(pi) and corresponding distance transformations

Iteration 1 Iteration 2 Iteration 3 Iteration 4

Distance transformation



488 |   KIM and KIM

where S(t−1, bbt) is the similarity measure of the two sets 
of pixels, t−1 and bbt. We use a cosine similarity to evaluate 
S(t−1, bbt) as

where ai and bi are the intensities of the i‐th pixels with 
ai ∈ t−1 and bi ∊ bbt.

In other words, by (3), we want to find t in ROI such 
that foreground pixels t−1 and t overlap the most to 
maximally retrieve the foreground pixels in t−1 from ROI 
in frame t. Thus, (3) solves the recall maximization for the 
problem of foreground pixel retrieval.

In case S(t−1,t) is below threshold thsim, we con-
sider the appearance model outdated, meaning that there has 
been a significant appearance change since the last model up-
date. This requires us to update the model (T‐3 in Figure 2B), 
and thus, to process frame t again by switching to the detec-
tion phase. Otherwise, we proceed to the exploitation step to 
further optimize t as follows.

A good bounding box should enclose the target in a way 
that the box contains not only the foreground pixels maxi-
mally but also the background pixels minimally. The latter 
part accounts for maximizing the precision in the box so that 
it contains minimal false positives, that is, background pixels. 
To this end, we use a simple but effective heuristic that max-
imizes the precision for adjusting t. Our heuristic begins 
by generating bounding box proposals around t. During 
the proposal generation, we allow slight variations in each 
dimension of the proposals considering the target variation. 
The center of the bounding box proposal may also deviate 
from the original location. Then, we choose the top‐K pro-
posals using precision measure prec(bbt), which is defined as 
the ratio of the number of foreground pixels agreed by t−1 
to that of all the pixels in the bounding box proposal, bbt. 
Thus, it is

where | · | is the cardinality of a set, ′

t
 is a set of the fore-

ground pixels in bbt, and �

t−1
 corresponds to the t−1 

located by the aforementioned exploration with sliding 
windows. The dimensions of the final bounding box are set 
by averaging the K proposals. The parameters are summa-
rized in Section 4.

It is worth noting that our approach is advantageous in re-
ducing the drift problem by aggressively addressing the inter-
frame variations in both the movement and appearance. Our 

approach consistently explores accurate target locations by 
the recall maximization and optimizes the bounding box pre-
diction explored by exploiting the target appearance change 
by the precision maximization. As a result, the occurrence of 
drift is likely to be minimized.

3.4 | Unified framework for 
detection and tracking
It is obvious that the detection phase requires a nontrivial 
computational demand compared to the tracking phase. 
Hence, we aim at tracking the target mainly in the tracking 
phase and switch to the detection phase only if any of the two 
conditions for the model update is met. The first condition 
considers the gradual change in the target appearance over a 
relatively long duration, for example, tens of frames or more. 
We call the updates initiated by the first condition as long‐
term updates. However, when the target changes abruptly 
and nondeterministically, it should be treated differently. 
This is the second condition that occurs usually in short time; 
thus, we call it a short‐term update.

Algorithm 1 describes how the two types of model update 
occur in a unified framework, similar to [6]. The algorithm 
takes the first frame with a bounding box annotated as the 
input. The bounding box is represented in terms of a three‐
tuple center location, and width and height lengths. The pro-
cedure is performed to handle the incoming frame stream in 
either of the two phases.

(4)
S(t−1, bbt) =

∑
ai,bi

ai × bi

�∑
ai

a2
i
×

�∑
bi

b2
i

,

(5)prec(bbt) =

|||
{

p|p ∈ �

t
∩ p ∈ �

t−1

}|||
|bbt|

,

Algorithm 1
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The detection phase first calculates object mask t of the 
target in frame t (line 4). Then, we feed frame t in ConvNet 
to construct the pixel‐wise features (line 5). The SVM learns 
the appearance model, t, which is an input for processing 
the next frame (line 6).

In case the tracking phase is set (line 8), the condition for 
the short‐term update is evaluated by thresholding the recall 
maximization in (3) (line 11). Even though all the model up-
dates end in switching to the detection phase, we treat the 
long‐term and short‐term updates in a different way. It is rea-
sonable to assume that a gradual target appearance change 
continues to take place with a period of τl to handle the long‐
term update (line 17). On the contrary, the frequency of the 
short‐term update depends on how severely a target appear-
ance changes.

4 |  EVALUATION

The proposed tracking algorithm was implemented using 
MATLAB. Threshold thC in (2)  is set as 0.9 to ensure that 
the object mask contains pixels with a high confidence of 
being the foreground. A CNN model with five convolution 
layers is used to build the pixel‐wise features for the appear-
ance model update in the detection phase [33]. The features 
involve all the feature maps over the convolution layers, re-
sulting in 1,473 dimensions including L( · ) in (1). Threshold 
thsim for the transition to the detection phase from the short‐
term update is set as 0.9. In the tracking phase, we generate 
500 bounding box proposals for Rt in (3) in the tracking phase 
and use the top 5% of the proposals, namely, K = 0.05, to re-
fine bounding box t. The centers of the proposals are sam-
pled based on a Gaussian distribution with its variance set 
as 5. This assumes that the target moves less than 20 pixels 
between adjacent frames [1,2]. When generating the bound-
ing box proposals, the width and height of each proposal may 
vary by up to ±10% of those of t−1.

We compare the proposed technique to three state‐of‐the‐
art algorithms: STRUCK [34], SCM [13], and TLD [35]. We 
use nine sequences, three from the OTB50 benchmark [1] 
and six from its extension, OTB100 [2], respectively, as sum-
marized in Table 1. Tracking in these sequences is known to 
be challenging because the scene attributes involved cause 
a significant change in the target appearance and location 
throughout the sequences. Note that we do not compare the 
proposed approach with the works based on deep neural net-
works [5‒7] because those models required training with ad-
ditional tracking sequences unlike ours.

We evaluate the tracking algorithms in terms of two 
widely used measures, precision and success [1,2]. First, 
precision evaluates the center location error in the Euclidean 

T A B L E  1  The sequences used for the evaluation with the frame 
length and attributes exhibited are as follows: SV (scale variation), 
OCC (occlusion), FM (fast motion), IPR (in‐plane rotation), OPR 
(out‐of‐plane rotation), and DEF (deformation). The last column 
corresponds to the dataset (OTB50 [1] or OTB100 [2]) from which 
each sequence originates

Sequence No. frames Sequence attributes OTB

CarScale 252 SV, OCC, FM, IPR, OPR 50

Diving 215 SV, DEF, IPR 50

Rubik 1,197 SV, OCC, IPR, OPR 100

Biker 142 SV, OCC, FM, OPR 50

Coupon 327 OCC 100

Dancer 225 SV, DEF, IPR, OPR 100

Dancer2 150 DEF 100

Gym 747 SV, DEF, IPR, OPR 100

Skater2 435 SV, DEF, FM, IPR, OPR 100

F I G U R E  4  Tracking performance comparisons: (A) overall success plots and (B) overall precision plots
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distance between the centers of the predicted bounding boxes 
and ground truths. We use the precision measure to plot the 
percentage of frames where the errors are within the given 
threshold distance. The second metric, success measures the 
overlap of the tracked bounding boxes and ground truths as 
the intersection over union (IoU).

We construct a success plot by counting the number of 
successful frames whose overlap is larger than the given 
threshold. Hence, the success plot shows the ratio of the suc-
cessful frames as the thresholds is varied from 0 to 1. We use 
the area under the curves (AUCs) of the success and preci-
sion plots to rank the tracking algorithms.

Figure  4 shows the precision and success plots aver-
aged over all the test sequences for each tracking algorithm. 
Overall, our approach outperforms others in both the preci-
sion and success plots. Particularly, in the success plot, the 
best AUC is with our approach, mainly owing to the recall 
maximization via exploration described in Section 3. It allows 
us to correctly overlap the target predicted in the previous 
frame, t−1, to frame t with foreground pixels maximally 
identified. In addition, the good performance of our approach 
in the precision plot is owing to the refinement of the bound-
ing box in the precision maximization via exploitation ap-
proach after the recall maximization.

To validate the proposed approach intuitively, we visual-
ize a tracking example with the diving} sequence in Figure 5, 
which is one of the hardest sequences to track with a contin-
uous and severe change in the target appearance and location. 
The figure depicts partial frames of the sequence, with the 
frame numbers annotated. Our approach tracks the diver in 
the sequence very robustly, whereas other approaches suf-
fer from drift or even loose the target in the middle of the 

tracking. This performance gap explains the precision plot 
shown in Figure 4B. Moreover, in our method, the bounding 
boxes consistently adapt to the severe variations in the ap-
pearance of the diver, whereas the other approaches keep the 
bounding box shape almost the same as that set in the initial 
frame. This observation explains the outperforming AUC in 
the success plot in Figure 4A.

For better understanding, we provide separate plots for the 
attributes in Figure 6. Only the sequences relevant to each attri-
bute according to Table 1 are used to establish the correspond-
ing plot. Our approach performs the best in terms of the scale 
variation, deformation, out‐of‐plane rotation, and in‐plane ro-
tation. We note, however, that there is a room for improvement 
considering occlusion and fast motion. In the case of occlu-
sion, we found that the occlusion by a background object with 
colors similar to those of the target may distract the appearance 
model when updating the object mask. Clearly, the unsuper-
vised learning of the target appearance in our approach has 
limited applicability in case the target and background have 
similar colors, which should be addressed in future work. The 
tracking performance related to fast motion depends on how 
large ROI in the tracking phase is set to. If ROI is narrow, the 
target moving fast is more likely to be ejected from ROI. Using 
a wider ROI is a simple but efficient solution to the problem 
faced with fast motion because the proposed approach has a 
linear time complexity in the ROI area.

Even though our approach does not typically perform the 
best over all the attributes, the performance gain over all the 
attributes spans 9.5%–22.3% on an average. The largest per-
formance drop, however, is 6%, owing to occlusion, which 
is insignificant considering the gain in other dominating 
attributes.

F I G U R E  5  Tracking examples on the diving sequence of the proposed approach in comparison with the previous ones

TLD Struck SCM Ours
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5 |  CONCLUSION

Well‐known deep neural network approaches may not 
be successful for visual tracking in case the acquisition of 
a sufficient dataset for training the model is unavailable. 

Based on this perspective, this study revisited the idea of 
hand‐crafted feature learning that does not need an additional 
dataset to train a model. Beyond the existing approaches, 
we presented a two‐phase tracking algorithm that learned 
the variations in the target appearance over time. The 

F I G U R E  6  Tracking performance comparison for each attribute: (A) scale variation, (B) deformation, (C) out‐of‐plane rotation, (D) in‐plane 
rotation, (E) occlusion, and (F) fast motion
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detection phase built a discriminative model at the pixel‐
level independently of the other frames. We exploited both 
the advantages of the conventional and deep neural network 
models to better address the continuous variations in the 
target appearance. The tracking phase tracked the target 
efficiently by solving the foreground pixel retrieval from ROI 
using the appearance model learned in the detection phase. 
The evaluations showed that our approach outperformed the 
existing approaches in various cases where severe variations 
in the target appearance were present.
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