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Parallel Tracking and Verifying

Heng Fan

Abstract— Visual object tracking has played a crucial role
in computer vision with many applications. Being intensively
studied in recent decades, visual tracking has witnessed great
advances in either speed (e.g., with correlation filters) or accuracy
(e.g., with deep features). Real-time and high accuracy tracking
algorithms, nevertheless, remain scarce. In this paper, we study
the problem from a new perspective and present a novel parallel
tracking and verifying (PTAV) framework, by taking advantage
of the ubiquity of multi-thread techniques and borrowing ideas
from the success of parallel tracking and mapping in visual SLAM.
The proposed PTAV framework typically consists of two compo-
nents, a (base) tracker 7 and a verifier V, working in parallel
on two separate threads. The tracker 7 aims at providing a
super real-time tracking inference and is expected to perform
well most of the time; by contrast, the verifier V validates
the tracking results and corrects 7 when needed. The key
innovation is that V does not work on every frame but only
upon the requests from 7 ; on the other end, 7 may adjust
the tracking according to the feedback from V. With such
collaboration, PTAV enjoys both high efficiencies provided by 7
and strong discriminative power by V. Meanwhile, in order to
adapt V to object appearance changes, we maintain a dynamic
target template pool for adaptive verification, resulting in further
improvement. In our extensive experiments on OTB2015, TC128,
UAV20L, and VOT2016, PTAV achieves top tracking accuracy
among all real-time trackers, and in fact, even outperforms
many deep learning-based algorithms. Moreover, as a general
framework, PTAV is very flexible with great potentials for future
improvement and generalization.

Index Terms— Visual tracking, deep learning, correlation filter,
verification, multi-thread, parallel tracking and verifying.

I. INTRODUCTION

S ONE of the most important components in com-

puter vision, visual object tracking has a long list of
applications including robotics, intelligent vehicles, visual
surveillance, human-computer interaction and so forth [1]-[4].
Given an initial state (usually a bounding box) of a tracking
target in the first frame, visual tracking aims at estimating
the unknown states (e.g., position and scale) of the target
object in subsequent consecutive frames. Although significant
advances have been made in recent decades, robust visual
object tracking still remains challenging because of large
appearance variations caused by many factors such as object
occlusion, deformation, illumination variations, scale changes,
motion blur and so on.
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Fig. 1. Speed-accuracy plot of state-of-the-art trackers on OTB2015 [25].
For better illustration, only those trackers with accuracy higher than 0.7
are reported. Compared with high precision deep learning-based trackers
(e.g., MDNet, SANet and C-COT) whose speeds are around 1 fps, our
PTAV runs in real-time without serious accuracy degradation. On the other
hand, compared with other real-time trackers (e.g., Staple, LCT and fDSST),
PTAV achieves a much higher accuracy. Moreover, PTAV even outperforms
some deep learning-based trackers (e.g., HCF, HDT, SINT and FCNT).

Recently, inspired by the successes in image classification
and recognition (e.g., [S]), deep convolutional neural networks
(CNNs) have been leveraged for visual tracking owing to their
power in feature representation, and achieved state-of-the-
art performance (e.g., [6]-[15]). Despite significant improve-
ments in accuracy, these algorithms often suffer from high
computational burden due to either extracting expensive deep
features (e.g., [6], [7], [12]-[15]) or online network fine-tuning
(e.g., [8]-[11]), and hardly meet the real-time requirement (see
Figure 1 for illustration).

In order to develop real-time trackers, researchers have
been focusing on the correlation filter for visual tracking
(e.g., [16]-[21]). Owing to the highly computational efficiency
of correlation filters in the Fourier domain, these trackers
can easily achieve super real-time tracking inference using
simple hand-crafted features such as raw pixel, HoG [22] and
color names [23]. While running efficiently, these trackers
usually perform less robustly compared to deep learning-
based approaches because of the inferior feature representation
(see again Figure 1).

Despite aforementioned progresses in either speed or accu-
racy, real-time and high accuracy tracking algorithms remain
scarce. A natural way is to seek a trade-off between speed and
accuracy (e.g., [19], [24]). In this paper we work toward this
goal, but from a novel perspective described as the following.

A. Motivation

Our key idea is to decompose the original tracking task into
two parallel but collaborative ones, one for fast tracking and
the other for accurate verification. We are mainly inspired by
the following observations or related works:
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Illustration of verification scores on a typical sequence. Verifier validates tracking results every 10 frames. Most of the time the tracking results are

reliable (showing in blue). Occasionally, e.g., frame #080, the verifier finds the original tracking result (showing in blue) unreliable and the tracker is corrected
and resumes tracking based on detection result provided by verifier (showing in red).

«: tracking result in each frame «: passing verification x : failing verification

Blue rectangles represent tracking results
Red rectangle (e.g., frame #380) represents detection result
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Illustration of the PTAV framework in which tracking and verifying are processed asynchronously in two parallel threads. Once receiving feedback

(including detection result and frame index) from the verifier V, the tracker 7~ will trace back to the frame where failure occurs using frame index and leverage

the target detection result to resume tracking at the position where tracker fails.

Motivation 1: When tracking a target from visual input,
most of the time the target object moves smoothly and its
appearance changes slowly or remains the same. Simple but
efficient algorithms usually work fine for such easy cases.
By contrast, hard cases (e.g., drastic object appearance varia-
tions) happen only occasionally, though they can cause serious
consequences if not addressed properly. These hard cases usu-
ally require computationally expensive processes or analysis,
such as the verification in our approach. Intuitively, verifica-
tions are needed only occasionally instead of for every frame.
Figure 2 shows a typical example with both cases. In the
example video, a simple tracker can efficiently locate the
target object most of the time until its appearance drastically
changes in frame #080. For this situation, the computationally
expensive verifier is employed to detect the tracking failure
and return a corrected result. The tracker is then adjusted and
resumes tracking with the feedback provided by verifier.

Motivation 2: The ubiquity of multi-thread computing has
already benefited computer vision systems, with a notable
example as visual SLAM (simultaneous localization and
mapping). By splitting tracking and mapping into two par-
allel threads, PTAM (parallel tracking and mapping) [26]
provides one of the most popular SLAM frameworks with
many important extensions (e.g., ORB-SLAM [27]). A key
observation in PTAM is that mapping is not needed for every
frame because of extensive redundancies existing in a video.

Nor does verifying in our tracking task since the target
appearance changes slowly most of the time in a video.

Motivation 3: Last but not least, recent advances in either
fast or accurate tracking algorithms provide promising building
blocks and highly encourage us to seek a practical system for
real-time high accuracy visual tracking.

B. Contribution

With the motivations listed above, we propose a novel
framework towards real-time tracking with high accuracy,
named parallel tracking and verifying (PTAV). PTAV typically
consists of a fast tracker! denoted by 7 and an accurate
verifier denoted by V. The two components work in parallel
on two separate threads while collaborating with each other.
The tracker 7 aims at providing a super real-time tracking
inference and is expected to perform well most of the time,
e.g., most frames in Figure 2. By contrast, the verifier V
validates tracking results and corrects 7 when needed, e.g.,
at frame #080 in Figure 2. By running 7 and V in parallel,
PTAV inherits both the high efficiency of 7 and the strong
discriminative power of V. Figure 3 illustrates the frame-
work of PTAV. With this framework, we implement a track-
ing solution by combining correlation filter-based tracking

For conciseness, in the rest of this paper, we refer the fast tracker as a
tracker, whenever no confusion caused.
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(the Staple algorithm [19]) and deep learning-based veri-
fication (the Siamese network [28]). Extensive experiments
on four large-scale benchmarks, including OTB2015 [25],
TC128 [29], UAV20L [30] and VOT2016 [31], demonstrate
that the proposed PTAV algorithm achieves promising per-
formance among all real-time trackers, and in fact even
outperforms many deep learning-based solutions.

This paper is an extended version of a preliminary confer-
ence publication [32]. The main new contributions or differ-
ences include: (1) a more robust base tracker (i.e., Staple [19])
for 7 in implementing PTAV, which brings clear performance
improvement, (2) a dynamic target template pool for adaptive
verification against target appearance variations, (3) various
ablation studies on V and 7 to analyze PTAYV, including two
base verifiers (VGGNet [33] and AlexNet [5]) for V and three
base trackers (KCF [16], fDSST [17] and Staple [19]) for 7,
and (4) more thorough experimental validation and analysis
involving more trackers and benchmarks.

II. RELATED WORK
A. Visual Tracking Algorithms

Visual tracking has been extensively studied and it is beyond
our scope to review all previous studies. Instead, we only sam-
ple some representative works and discuss those closely related
to ours. Some comprehensive reviews on visual tracking can
be found in [1]-[4].

This paper focuses on model-free single object tracking,
for which existing algorithms are often categorized as either
discriminative or generative. Discriminative algorithms usually
treat tracking as a classification problem that distinguishes
the target from changing background. Various approaches
are proposed to learn the classifier such as multiple instance
learning (MIL) [34], compressive sensing [35], semi-
supervised boosting [36], kernelized structured output support
vector machine (SVM) [37] and so forth. By contrast,
generative algorithms usually formulate tracking as searching
for regions most similar to the target. To this end, numerous
object appearance modeling approaches have been proposed,
including incremental subspace learning [38], sparse
principal component analysis (SPCA) [39] and sparse
representation [40]-[43].

B. Deep Learning-Based Tracking

Motivated by the power of deep features in visual recog-
nition (e.g., [5], [33]), some trackers utilize deep features
for object appearance modeling, and achieve excellent per-
formance, though typically at the cost of low running speed.
Wang and Yeung [10] introduce a stacked denoising autoen-
coder to learn generic image features for visual tracking.
In [14], Wang et al. present a fully convolutional neural
network tracking (FCNT) algorithm by transferring pre-trained
CNN features to improve tracking accuracy. Ma et al. [6]
replace HoG [22] with discriminative convolutional features
for correlation filter tracking, resulting in remarkable perfor-
mance gains. A similar idea is presented by Qi et al. [7]
by merging convolutional features from different layers.
In order to address the problem of lack of training samples,
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Wang et al. [9] employ intermediate features of networks to
learn a robust ensemble tracker. In [8], Nam and Han propose
to impose multiple domain branches on a light architecture of
CNNs to learn generic feature for tracking target, and then
introduce an online tracking algorithm by updating network
weights. In [11], Fan and Ling introduce the recurrent neural
networks (RNNs) to capture internal structure of a tracking
target and the generated tracking algorithm achieves promising
results on several tracking benchmarks. Though these methods
have achieved very impressive results, the heavy computation
burden severely limits their practical applications.

C. Correlation Filter-Based Tracking

Recently, correlation filter has drawn increasing attention in
visual tracking owing partly to its high computation efficiency.
Bolme et al. [18] propose to use correlation filter for tracking
through learning the minimum output sum of squared error
(MOSSE). Benefiting from the high computation efficiency of
correlation filter, this approach runs amazingly at hundreds of
frames per second. Henriques et al. [20] incorporate kernel
space into correlation filter and propose a circulant structure
with kernel (CSK) method for visual object tracking, and
later [16] extends CSK to the well-known kernelized correla-
tion filters (KCF) tracker by substituting raw pixel intensities
with HoG [22] for appearance representation. To handle the
scale issue, [17] and [44] suggest an extra scale filter into
correlation filter tracking to adaptively estimate target scale.
Later, more efforts have been made to improve correlation
filter tracking, such as improving feature representation with
color attributes [21] or deep feature [6], [12], [45], adopting
part-based strategy [46], [47] or an additional detector [48] to
resist occlusion, decreasing the boundary effect of correlation
filter [49] and combining correlation filter with a complemen-
tary tracker [19].

D. Verification in Tracking

The idea of verification is not new for tracking. A notable
example is the tracking-learning-detection (TLD) algo-
rithm [50], in which tracking results are validated per frame
to decide how learning/detection shall progress. Similar ideas
have been explored in other trackers such as [51] and [48].
Unlike in previous studies, the verification in PTAV runs
only on sampled frames. This mechanism allows PTAV to
use strong verification algorithms without worrying much
about running time efficiency. In fact, we utilize the Siamese
network [28] that is designed for verification tasks.

Interestingly, tracking by itself can be also formulated as
a verification problem that finds the best candidate similar
to the tracking target [13], [24]. Bertinetto et al. [24] pro-
pose a fully-convolutional Siamese network for visual track-
ing by searching the tracking target within a local region.
Tao et al. [13] formulate tracking problem as a task of object
matching in each frame and develop a matching function
based on the Siamese network. Despite obtaining excellent
performance, the application of such trackers is limited by the
heavy computation for extracting deep features in each frame.
Compared with these studies, our solution treats verification
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only as a way to validate and correct the fast tracker, and does
not run verification per frame.

E. Ensemble Tracking

In order to achieve robustness in tracking, a natural solution
is to leverage multiple different components to determine
tracking result. For example, Kwon and Lee [39] combine mul-
tiple observation and motion models to handle large appear-
ance changes in tracking. Yoon et al. [52] propose an adaptive
tracker by selecting reliable ones from multiple trackers. The
TLD [50] tracker combines a tracker and a detector to achieve
long-term tracking, and a similar idea is adopted in [48].
In [53], Wang and Yeung propose a probabilistic model for
tracking by jointly learning the reliability of each tracker.
Zhang et al. [54] propose to store the intermediate statuses for
robust tracking. The method of [55] combines a stable template
based model and an adaptive motion based model for tracking.
In [19], Bertinetto ef al. propose a complementary tracking
approach based on correlation filters and color histograms.
Hong et al. [56] present a multi-store tracker (MUSTer)
which contains short- and long-term memory stores to process
target appearance. The final result is jointly determined by
short- and long-term memories. Different from these stud-
ies, PTAV consists of two components, which run on two
parallel threads asynchronously while collaborating with each
other.

Though other ensemble approaches (e.g., [19], [39], [48],
[52]-[56]) can be implemented using multiple threads as well,
the proposed PTAV fundamentally differs from them. In these
existing algorithms, different components are simultaneously
used to determine tracking result in each frame, thus their
multi-thread implementations are synchronous. By contrast,
in PTAV, 7 and V function in different ways and run indepen-
dently except for necessary interactions, and thus the multi-
thread implementation is asynchronous.

III. PARALLEL TRACKING AND VERIFYING (PTAV)
A. Framework

A typical implementation of PTAV consists of two compo-
nents: a (fast) tracker 7 and a (reliable) verifier V. The two
components work together toward real-time and high accuracy
tracking.

o The tracker 7 is responsible of the real-time require-
ment of PTAV, and needs to locate the target in each
frame. Meanwhile, 7 sends verification request to } from
time to time (though not every frame), and responds
to feedback from V' by adjusting tracking or updating
models. To avoid heavy computation, 7 maintains a
buffer of tracking information (e.g., intermediate status)
in recent frames to facilitate fast tracing back when
needed.

o The verifier V is employed to pursue the high accuracy
requirement of PTAV. Up on receiving a request from
T, V tries the best to first validate the tracking result
(e.g., comparing it with the template), and then provide
feedback to 7. To adapt V to object appearance variations
over time, the tracking target template is not fixed.
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Algorithm 1 Parallel Tracking and Verifying (PTAV)
1 Initialize the tracking thread for tracker T
2 Initialize the verifying thread for verifier V;

3 Initialize current_frame as the second frame;
4 Run 7 (Alg. 2) and V (Alg. 3) till the end of tracking;

Instead, ) collects a number of reliable tracking results,
and then uses k-means to cluster these results to obtain a
target template pool for subsequent verification.

In PTAV, 7 and V run in parallel on two different threads
with necessary interactions, as illustrated in Figure 3. The
tracker 7 and verifier V are initialized in the first frame. After
that, 7 starts to process each arriving frame and generates the
result (pink solid dot in Figure 3). In the meantime, ) validates
the tracking result every several frames. Because tracking is
much faster than verifying, 7 and V work asynchronously.
Such mechanism allows PTAV to tolerate temporary tracking
drift (e.g., at frame 380 in Figure 3), which will be cor-
rected later by V. When V finds a tracking result unreliable,
it searches the correct answer in a local region and sends it
to 7. Upon the receipt of such feedback, 7 stops current
tracking job and traces back to resume tracking with the
correction provided by V.

Notably, PTAV is a very flexible framework, and some
important designing choices are following. (1) The base algo-
rithms for 7 and V may depend on specific applications
and available computational resources. In addition, in practice
one may use more than one verifiers or even base trackers.
(2) The response of 7 to the feedback from V), either
positive or negative, can be largely designed to adjust to
specific requests. (3) The correction of unreliable tracking
results can be implemented in various ways, and it can even
be conducted purely by 7 (i.e., including target detection).
(4) 7 has numerous methods to use pre-computed and
archived information for speeding up. Algorithms 1-3 summa-
rize the general PTAV framework. It is worth noting that the
whole system forms a loop during tracking since the tracker 7°
may trace back and then resume tracking. However, the verifier
provides new correct results for the tracker to resume, and
therefore the system will not repeat the same loop and typically
move forward with better results. Owing to the high efficiency
of 7, the whole system still runs efficiently. Details about the
tracing back process is illustrated in Section III B.

B. PTAV Implementation

1) Tracking: We choose the Staple tracker [19] for 7T
in PTAV. The main idea of Staple is to combine two com-
plementary cues, i.e., template and histogram, for tracking.
To such end, given an image patch z, a linear combination of
tracking scores from template and histogram is proposed

y(@) = (1— a)ytmpl(z) + ayhist(z) (D

where a denotes a trade-off parameter, and yup|(z) and yhis¢(z)
represent the tracking responses based on template and on
histogram information, respectively.
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Algorithm 2 Tracking Thread 7
1 while current_frame is valid do

2 if received a message from V then

3 if verification passed then

4 ‘ Update tracking model (optional);

5 else

6 Correct tracking;

7 Trace back and reset current_frame;
8 end

9 end

10 Tracking on the current_frame;

11 if time for verification according to Nj,; then
12 ‘ Send the current result to V to verify;
13 end

14 current_frame < next frame;
15 _end

Algorithm 3 Verifying Thread V

1 while not ended do

2 if received request from T then

3 Verifying the tracking result;

4 Collect tracking result and perform k-means
clustering if needed;

5 if verification failed then

6 Provide correction information in s;
7 Adjust Njy, if needed;

8 end

9 Send verification result s to T

10 end
11 end

The tracking response on template is derived by learning the
optimal correlation filter model w, which is efficiently solved
in frequency domain through the fast Fourier transformation
(FFT). At time ¢, the FFT of the filter responses is first
calculated using w and an inverse FFT is then conducted
to derive the final response yimpi(z). The model w is online
updated in each frame.

The tracking response on histogram is based on a learned
color statistic model h, which is robust in resisting deforma-
tion. At time ¢, h is utilized to calculate yhis(z), and then
dynamically updated. To adapt the tracker to scale changes,
a scale filter is adopted to estimate the target scale. More
details about the Staple tracker can be found in [19].

To efficiently leverage Staple as 7 in PTAV, in addition
to the tracking results of the original Staple algorithm, 7°
stores all intermediate results (e.g., w and h) for each frame
after sending out the last verification request. Let W =
{we_n, - ,wg} and 'H = {hs_a,---,hg} represent the
collections of w and h, where ¢ is the index of the last frame
processed by 7, and A denotes a fixed size for temporal
sliding window to store tracking models. These intermediate
results in W and H allow 7 for fast tracing back.

In particular, when ) detects unreliable tracking result
in frame k while 7 starts working on frame j (j > k),
a feedback consisting of correct target position and frame
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Fig. 4.

index information is sent to 7. Once receiving this feedback
from V, 7 stops processing frame j and then utilizes the
archived target position and tracking model (i.e., wx—1 and
h;_1) retrieved from WV and ‘H to resume subsequent tracking
from frame k. Meanwhile, useless intermediate results in W
(i.e., wg to wj_1) and H (i.e., hy to h;_;) are discarded.

Note that we do not assume the correctness of wy_; and
hy_; in the above strategy. In fact, one way is to trace
backward from k£ — 1 to locate a reliable frame to resume
tracking, at additional expense of more verification operations.
In practice, however, we find that wi_; and h;_; typically
provide sufficiently good initial guess for frame k and rely
on the detection part to correct the incorrect tracking result.
More details are given the following sections on verifying and
detection.

To validate the tracking result, 7 sends the verification
requests every Njy; frames, where Njy; denotes the verification
interval as described later.

2) Verifying: The goal of verifying is to measure the simi-
larity between a given sample and the target object. Inspired
by [28], we use the Siamese network to develop the verifier
(similar to [13]) in PTAV, as depicted in Figure 4. The Siamese
network contains two branches of CNNs, and processes two
inputs separately. In this work, we borrow the architecture
from VGGNet [33] for CNNs, but with an additional region of
interest (Rol) pooling layer [57]. This is because, for detection,
V needs to process multiple regions in an image, from them
the candidate most similar to the target object is selected
as the final result. For efficiency, Rol pooling is used for
simultaneously processing a set of regions.

In the Siamese network, the two CNN branches are con-
nected with a single contrastive loss layer

1 1
L0, Xj,ij) = 515 D* + — (1 = rij)max(0,& = D?)  (2)

where D = ”l//(Xi) — 1//()9)”2 is the Euclidean metric in
which () represents feature transformation via the Siamese
network, r;; € {0, 1} indicates whether x; and x; are the same
object or not, and ¢ represents the minimum distance margin.
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Once training is finished,” one can use the learned verifying
function v to compute verification score for each tracking
result X’ via

v (Xobj> X') = ¥ (Xobj) w(x) A3)

where Xop; represents a fixed target template in the first
frame. This strategy, as used in our preliminary work [32],
may meet problems when the target object undergoes large
appearance variations or deformations. As a result, using a
fixed target template for verification may be unreliable for
distant subsequent tracking results.

To alleviate this issue, we propose to employ a dynamic
target template set S for adaptive verification using k-means
clustering. More specifically, S is comprised of two compo-
nents Sy and Sy. The Sy = {Xobj} contains only the target
template Xqbj in the first frame and is fixed during tracking.
The set Sy is initially empty. During tracking, it is dynamically
updated by collecting tracking results with high verification
scores, as described later.

With the dynamic set S, we can compute the verification
score for each tracking result X" as follows

Nc¢
V(S X) =00y (o) Y (XN o D D yx) Y ) (@)

i=1 x;eC;

where w, denotes the weight for Sy, w. represents the weight
for each cluster C; obtained by performing k-means clustering
on Sy, and N¢ = |Sy|/L is the number of clusters (L is
roughly a pre-defined size of each cluster, and |Sy| denotes
the size of S;). The weights w, and w, are calculated as

exp(0.5)
W, = (%)
exp(0.5) + N¢ x exp(0.5/N¢)
1

The set S, is updated as follows. For each tracking result X/,
we use Equ. 4 to calculate its verification score v(S,x').
If v(S,x) is greater than a threshold 7o, we treat X' as a
reliable template and add it into a temporal set S;. This
process is repeated until the number of elements in S; is
equal to L. We then move all elements in S; to Sy and thus
leave S; empty. If the number of elements in S; is greater
than L x Nc,,., where Nc,,. denotes the maximum number
of clusters, the oldest L elements will be removed from Sy.
Afterwards, k-means clustering [58] is applied on Sy to obtain
new clusters

{C,-}f.V:C1 = k-means(Sy, Nc) 7

Note that when performing k-means clustering, the ele-
ments in Sy are represented with HoG features [22] for the
sake of efficiency. After obtaining new clusters, we employ
Equ. 5 and 6 to calculate weights @, and .. Figure 5
illustrates the process of adaptive verification.

With the dynamic target template set S, V' can make
smarter decisions than when only a fixed template is used

21n this work we adopt the same strategy as in [13] to train the verifier.
We refer readers to [13] for detailed training process.
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Fig. 5. Tllustration of verification using a dynamic target template set.
(i.e., Equ. 3), and hence reduces the number of unnecessary
verifications to speed up the entire system. Besides, now that
verification is more precise, the verification-based detection
(see Section III-B3) is improved as well.

3) Verification-Based Detection: Given a tracking result
from 7, we use Equ. 4 to compute its verification score.
If the verification score is lower than a predefined threshold 71,
VY will treat it as a tracking failure. In this case, V needs to
detect the target, again using the Siamese network. Unlike
for verification, detection requires to verify multiple image
patches from a local region’ and finds the best one. Thanks to
the Rol pooling layer, these candidates can be simultaneously
processed in just one pass, resulting in significant reduction
in computation. Let {Ci},N: | denote the candidate set generated
by sliding window, and the detection result € is determined by

€ =argmax v(S,¢;), i=1,2,---,N ®)
¢
where v (S, ¢;) returns the verification score between the target
template set S and candidate c¢;.

After obtaining the detection result €, we determine
whether or not to take it to be an alternative for tracking result
according to its verification score. If v(S,€) is less than a
predefined threshold 73, € is considered to be unreliable, and
we do not replace tracking result with €. Instead, we decrease
the verifying interval Njy to 1, and enlarge the local searching
region for target detection. Until detection result € passes
verification (i.e., v(S,€) > 1), we then restore Nj, and
the size of local searching region to initial settings. Figure 6
describes the detection process.

C. Implementation Details

Our PTAV is implemented in C++4 and its verifier uses
Caffe [59] on a single NVIDIA GTX TITAN Z GPU with
6GB memory. The merging factor a in Eq. (1) is set to 0.3.
Other parameters for tracking remain the same as in [19].
The Siamese network for verification is initialized with the
VGGNet [33] and trained based on the approach in [13].
The clustering interval L is empirically set to 5 and the
maximum number of clusters N¢,,. to 10. The verification

3The local region is a square of size y (w2 + hz)% centered at the location
of the tracking result in this validation frame, where w and h denote the width
and height of the tracking result, and y controls the scale and is dynamically
adjusted based on detection result.
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(b)

Fig. 6. Verification-based detection. When an unreliable tracking result is
found (showing in blue in (a)), the verifier V' searches/detects the target in
a local region (shown in (b)). The dashed red rectangles in (b) represent
object candidates generated by sliding window. The red rectangle in (c) is the
detection result.

interval Njn 1is initially set to 10. The thresholds 1o,
71 and 7o are set to 0.6, 0.33 and 0.53, respectively. The
parameter y is initialized to 1.5, and is adaptively adjusted
based on the detection result. If the detection result with
y = 1.5 is not reliable, the verifier will increase y for
a larger searching region. Meanwhile, the verification inter-
val Njn: is decreased to 1. When the new detection result
becomes faithful, y and Nj,; are then restored to 1.5 and 10.
The source code and tracking results are available at
http://www.dabi.temple.edu/ hbling/code/PTAV/ptav.htm.

1V. EXPERIMENTS
A. Experiment on OTB2015

1) Dataset and Evaluation Metric: The OTB2015 [25]
contains 100 fully annotated challenging video sequences.
These sequences are labeled based on 11 attributes, includ-
ing deformation (DEF), occlusion (OCC), scale variation
(SV), illumination variations (IV), motion blur (MB), fast
motion (FM), background clutter (BC), out-of-view (OV),
low resolution (LR), in-plane rotation (IPR) and out-of-plane
rotation (OPR).

Following [25], we use three metrics, distance precision
rate (DPR), overlap success rate (OSR) and center location
error (CLE), for tracker evaluation. DPR demonstrates the
percentage of frames whose estimated average center location
errors are within the given threshold distance (e.g., 20 pixels)
to groundtruth. OSR shows the percentage of successful
frames at the threshold ranging from O to 1, and can be
defined as the overlap score larger than a fixed value (e.g., 0.5),
where the overlap ratio is defined as score = (area(Rgr N
Rr)/area(Rgr U Rr)) with the groundtruth Rgr and the
tracking result Rr. CLE is the Euclid distance between centers
of Rt and Rgrt.

2) Overall ~ Performance: ~We evaluate PTAV on
OTB2015 [25] and compare it with thirteen trackers
from three typical categories: (i) deep feature-based tracking
algorithms, including SINT [13], HCF [6], SiamFC [24],
HDT [7] and CFNet [45]; (ii) correlation filter based trackers,
including fDSST [17], LCT [48], KCF [16], SCT [60] and
Staple [19]; and (iii) other representative tracking methods,
including TLD [50], MEEM [54] and Struck [37]. We also
note that there are other state-of-the-art trackers such as
MDNet [8], SANet [11] and C-COT [12] (see Figure 1).
However, the speeds of these trackers are around 1 frames
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Fig. 7. Comparison with pseudo real-time trackers on OTB2015 [25] using

distance precision rate (DPR) and overlap success rate (OSR).

TABLE I

COMPARISONS WITH PSEUDO REAL-TIME TRACKING METHODS ON
OTB2015[25] IN DPR (%) AT A THRESHOLD OF 20 PIXELS, OSR (%)
AT AN OVERLAP THRESHOLD OF 0.5, CLE IN PIXELS AND
SPEED (FPS). THE BEST TWO RESULTS ARE SHOWN
IN RED AND BLUE FONTS, RESPECTIVELY

Algorithms DPR OSR CLE Speed
PTAV (Ours) 36.2 77.9 18.9 27
HCF [6] 837 65.6 22.8 10
HDT [7] 84.8 64.9 20.6 10
2 SINT [13] 77.3 70.3 26.3 2
SiamFC [24] 75.7 70.9 37.1 58
CFNet [45] 77.7 732 352 43
Staple [19] 784 70.9 31.9 43
LCT [48] 76.2 70.1 67.1 25
) SCT [60] 76.8 62.1 38.0 40
fDSST [17] 72.0 67.6 51.1 51
KCF [16] 69.2 54.8 45.0 243
MEEM [57] 781 622 277 21
= TLD [50] 59.2 483 35.0 20
=1 Struck [37] 63.9 51.6 471 10

per second (fps). Since this work is focused on real-time
object tracking, we compare PTAV with trackers whose
speeds are no less than 10 fps, except for SINT [13] since
it can be viewed as the baseline for tracking by verification.
In particular, for SINT [13], we use its tracking results
without optical flow because no optical flow part is provided
from the released source code. Another baseline for PTAV
is the Staple tracker [19], which provides the (fast) tracking
part of PTAV. Note that other tracking algorithms may also
be used for the tracking part in PTAV.

We report the results in one-pass evaluation (OPE) using
DPR and OSR as shown in Figure 7. Overall, PTAV per-
forms favorably against other tracking algorithms. In addition,
we present quantitative comparison of DPR at 20 pixels, OSR
at 0.5, center location error (CLE) in pixels and tracking
speed (fps) in Table I. It demonstrates that PTAV outperforms
other trackers in all three metrics. Among the trackers under
comparison, HCF [6] uses deep features to represent object
appearance and obtains the DPR of 83.7% and OSR of 65.6%.
Likewise, HDT [7] exploits all layers in VGGNet [33] for
tracking and achieves the DPR of 84.8% and OSR of 64.8%.
Compared to these two deep feature-based approaches, PTAV
achieves better performance with DPR of 86.2% and OSR
of 77.9%. Besides, owing to the adoption of parallel frame-
work, PTAV (27 fps) is more than twice faster than the
HCF [6] (10 fps) and HDT [7] (10 fps). Compared with
SINT [13], which uses similar Siamese network for tracking,
PTAV improves DPR from 77.3% to 86.2% and OSR from
70.3% to 77.6%. In addition, PTAV runs at real-time while
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TABLE II

AVERAGE DPR (%) OF INDIVIDUAL ATTRIBUTES ON OTB2015 [25].
THE BEST TWO RESULTS ARE SHOWN IN RED
AND BLUE FONTS, RESPECTIVELY

HDT HCF Staple MEEM CFNet SINT SiamFC LCT fDSST KCF Struck TLD SCT

APV o) el 191 s @Sl U8 R Bsl 07 D6l B (501 [60]

v 847 820 81.7 79.1 740 757 809 735 746 728 708 549 559 76.0
OPR 835 808 81.0 742 798 753 794 745 750 664 675 599 571 751
SV 825 8.1 802 73.1 740 748 742 743 686 669 639 604 564 693
OCC 814 774 1767 726 741 713 731 69.6 682 626 622 533 524 70.7
DEF 812 821 79.1 748 754 669 750 676 689 599 61.7 527 484 723
MB 805 794 797 726 721 761 728 698 673 684 617 594 536 70.0
EM 781 806 79.7 703 734 741 725 730 675 693 628 620 548 71.9
IPR 828 844 854 770 793 803 811 748 782 725 693 634 603 768
oV 790 663 677 66.1 68.3 650 725 678 592 577 498 491 452 538
BC 87.6 847 847 770 751 737 751 694 740 784 716 573 461 718
LR 840 766 78.7 609  60.5 86.1 788 834 490 617 545 628 552 554

Avg. 862 848 837 784 781 717 713 757 762 720 692 639 592 768

TABLE III

AVERAGE OSR (%) OF INDIVIDUAL ATTRIBUTES ON OTB2015 [25].
THE BEST TWO RESULTS ARE SHOWN IN RED
AND BLUE FONTS, RESPECTIVELY

HDT HCF Staple MEEM CFNet SINT SiamFC LCT fDSST KCF

Struck TLD SCT
N O O I e I e I I ) N ) I a0 3

At PTAV B po 60

IV 642 535 540 598 517 574 618 549 566 556 474 420 414 523
OPR 604 536 537 538 528 553 586 544 541 50.1 454 427 390 51.6
SV 59.1 489 488 529 473 555 558 555 492 510 399 407 388 442
OCC 606 528 525 548 503 536 558 523 507 478 438 393 363 502
DEF 599 543 530 554 489 492 555 490 499 461 436 383 341 506
MB 612 563 573 558 543 593 574 555 532 548 456 461 426 52.1
FM 583 554 555 541 52.8 570 557 564 527 554 455 461 418 525
IPR 590 555 559 552 528 590 585 557 557 545 465 452 425 522
OV 569 472 474 481 484 480 559 511 452 457 393 378 335 434
BC 641 580 587 574 521 545 567 504 553 585 498 442 352 552
LR 546 420 424 41.1 35.5 619 539 604 330 446 306 347 372 31.0

Avg. 632 564 562 581 529 586 580 565 562 551 475 462 423 533

SINT [13] needs large improvement in speed. Compared to the
baseline Staple [19], PTAV achieves significant improvements
on DPR (by 7.8%) and OSR (by 7.0%). Compared to repre-
sentative MEEM [54] with DPR of 78.1% and OSR of 62.2%,
PTAV obtains performance gains by DPR of 8.1% and OSR
of 15.7%.

3) Attribute-Based Evaluation: We further analyze PTAV
under the eleven different attributes on OTB2015 in terms of
DPR and OSR, as summarized in Tables II and III.

For DPR, PTAV achieves the best results under 7 out
of 11 attributes including IV (84.7%), OPR (83.5%),
SV (82.5%), OCC (81.4%), MB (80.5%), OV (79.0%) and BC
(87.6%). For sequences with deformation, HDT [7] performs
the best with average DPR of 82.1% owing to the use of richer
deep features. Our tracker uses Staple [19] as the tracking
part, which leverages color information to handle object defor-
mation. Accompanied by an accurate verifier, PTAV achieves
competitive performance and ranks the second in the case
of deformation with average DPR of 81.2%. Furthermore,
compared to the baseline Staple [19], we obtain large gain
on DPR by 6.4% under deformation. For low resolution
sequences, CFNet [45] obtains the best result with average
DPR of 86.1% by taking advantage of deep features. PTAV
ranks the second with competitive average DPR of 84.0%.

For sequences with fast motion and in-plane rotation,
HDT [7] and HCF [6] perform better than ours, because in
these two situations deep features are more efficacious than
hand-crafted features to represent object appearance. In PTAV,
we utilize simple HoG [22] features and RGB histograms to
model object appearance in tracking, which are sensitive to
in-plane rotation and fast motion (we can see that from the
performance of Staple [19]). Nevertheless, with the help of
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useful feedbacks from a robust and accurate verifier, PTAV
still achieves competitive performance with average DPRs
of 78.1% and 82.8% under these two challenges, respectively.

For OSR, on the other hand, PTAV achieves the best results
under 10 of 11 attributes including IV (64.2%), OPR (60.4%),
SV (59.1%), OCC (60.6%), DEF (59.9%), MB (61.2%),
FM (58.3%), IPR (59.0%), OV (56.9%) and BC (64.1%). Low
resolution (LR) is the only attribute for which PTAV does not
rank the best, while CFNet [45] and SiamFC [24] obtain better
results. Specifically, PTAV achieves an OSR of 54.6%, higher
than all other trackers including its two baselines.

4) Qualitative Evaluation: To further analyze and demon-
strate the performance of PTAV, we conduct rich qualitative
evaluation described as following.

a) Occlusions: Figure 8(a) shows tracking results on
sequences Box, Lemming, Girl2 and Jogging-1, all involving
heavy target occlusions. From Figure 8(a) we can see that
PTAV handles well the occlusion in these sequences. Though
the tracking part may lose the target temporally due to occlu-
sions, it can quickly be corrected by the verifier and resumes
tracking. Compared to deep trackers (HCF [6], HDT [7] and
CFNet [45]), which lose the tracking target when occlusions
happen (e.g., #342 in Girl2 and #489 in Lemming), PTAV
performs more robustly. Since correlation filter is sensitive to
occlusion and no re-detection module is adopted, KCF [16],
fDSST [17] and Staple [19] lose the tracking target in all
sequences. LCT [48] uses an additional detector to re-localize
the target after occlusion. However, it still fails when occlu-
sions are accompanied with background clutters (e.g., #476
in Box). MEEM [54] stores multiple statuses during tracking,
and re-detects the target using old memories (e.g., Lemming,
Girl2 and Jogging-1). However, it meets problems in presence
of background clutters (e.g., #476 in Box). SiamFC [24] and
SINT [13] deal with occlusion by searching in a local region
when the target recovers from occlusions. Other trackers such
as TLD [50], SCT [60] and Struck [37] do not well handle
the occlusion and drift to background (e.g., #342 in Girl2).

b) Background clutters: Figure 8(b) displays the results
on sequences Coke, Deer, Football and Bolt2 with background
clutter. We observe that SiamFC [24], SINT [13], KCF [16],
Struck [37] and Staple [19] drift to background in Football
(e.g., #360). CFNet [45] and fDSST [17] localize well the
target in Football, but still fail in Coke (e.g., #291) where
background clutters are accompanied with occlusions and
illumination changes. MEEM [54] and SCT [60] handle nicely
occlusion and motion blur, but fail in presence of deformations
in Bolt2 (e.g., #40). LCT [48] and TLD [50] are robust
against background clutters since they use an extra detector
to seek for the target after it moves away from the cluttering
region. However, they lose the target when heavy deformation
happens in Bolt2 (e.g., #271). HCF [6] and HDT [7] perform
robustly in these sequences because of the powerful deep
features. Likewise, PTAV is able to handle these cases owing
to the verifier. Besides, the cooperation between tracking and
verifying allows PTAV to run in real-time.

c¢) Hllumination variations: Figure 8(c) shows sampled
results of sequences Shaking, David, Singer2 and Sylvester.
We can see that deep feature-based trackers SiamFC [24],
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HCF

HDT SiamFC CFNet Staple MEEM TLD

Struck LCT SINT KCF fDSST SCT PTAV

Fig. 8. Qualitative evaluation of the proposed algorithm and other thirteen state-of-the-art trackers on sixteen challenging sequences. (a) Sequences suffering
from occlusions (from left to right: Box, Lemming, Girl2 and Jogging-1). (b) Sequences suffering from background clutters (from left to right: Coke, Deer,
Football and Bolt2). (c) Sequences suffering from illumination variations (from left to right: Shaking, David, Singer2 and Sylvester). (d) Sequences suffering
from other challenges (from left to right and top to bottom: BlurOwl, Bird2, Panda and Bolt).

CFNet [45], HCF [6] and HDT [7] lose the target in Singer2
(e.g., #345) where background clutters happen. MEEM [54]
can handle rotations but still fails in Singer2 (e.g., #345).
Staple [19] and KCF [16] are sensitive to rotation and fail
in Shaking (e.g., #363) and Sylvester (e.g., #1339). LCT [48]
and SCT [60] work well in Shaking, David and Singer2, yet
have problems when rotation occurs in Sylvester (e.g., #1339).
PTAV performs well on these sequences. Though its tracking
part may drift to background due to rotation (e.g., #1161 in
Sylvester), this situation is found and immediately corrected
by its verifier (e.g., #1339 in Sylvester).

d) Other challenges: Figure 8(d) demonstrates the results
of sequences BlurOwl, Bird2, Panda and Bolt2 with other chal-
lenges including motion blur, rotation, scale change, deforma-
tion and so on. In BlurOwl, the camera moves quickly, causing
serious motion blur (e.g., #622). KCF [16] and Staple [19] lose
the target, while PTAV well localizes the object thanks to its
verifier which corrects tracker. In Bolt2, TLD [50], Struck [37],
CFNet [45] and fDSST [17] drift to background due to
deformation. On Panda, LCT [48], fDSST [17], Staple [19],
SCT [60] and KCF [16] lose tracking target owing to scale
change and rotation. By contrast, MEEM [54], HCF [6],
HDT [7], SiamFC [24], SINT [13] and our PTAV perform
favorably owing to powerful feature representation.

B. Experiment on TCI128

The TC128 benchmark [29] consists of 128 fully annotated
color sequences. On TC128 [29], PTAV runs at 24 fps and
is compared with eleven state-of-the-art trackers including
MEEM [54], HCF [6], HDT [7], Staple [19], SiamFC [24],
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Fig. 9. Comparison with eleven state-of-the-art trackers on TC128 [29] using
distance precision rate and overlap success rate.

SRDCF [49], DeepSRDCF [61], fDSST [17], KCF [16],
LCT [48] and Struck [37]. Following [29], we report eval-
uation results in OSR and DPR as shown in Figure 9.

Among the eleven compared trackers, DeepSRDCF [61]
extends SRDCF [49] by replacing hand-crafted features with
convolutional features and obtains the best performance with
DPR of 74.0% and OSR of 53.6%. By contrast, PTAV
improves the state-of-the-art methods on DPR to 77.2% and
OSR to 56.3%, obtaining the gains of 3.2% and 2.7%, respec-
tively. In comparison with SiamFC [24] with DPR of 69.6%
and OSR of 49.7%, PTAV achieves improvements of 7.2% and
6.6% on DPR and OSR, respectively. Compared with the other
baseline, Staple [19], which obtains a DPR of 66.7% and an
OSR of 49.7%, PTAV achieves significant improvements as
well, showing clearly the benefits of introducing a verifier.
For more detailed analysis, we show the average DPR for five
trackers on different attributes in Figure 10. PTAV can well
handle various challenging factors and outperform the other
four trackers in nine out of eleven attributes.
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Fig. 12.  Average DPR (%) in term of attributes on UAV20L [30].

C. Experiment on UAV20L

The recent UAV20L dataset [30] contains 20 fully annotated
sequences, with length ranging from 1,717 to 5,527 frames.
PTAV runs at 30 fps and is compared with ten trackers
including SiamFC [24], MUSTer [56], SRDCF [49], HCF [6],
MEEM [54], SAMF [44], Struck [37], fDSST [17], LCT [48]
and KCF [16].

Following [30], we report evaluation results in Figure 11.
PTAV achieves the best performance in both DPR (73.2%)
and OSR (50.4%), outperforming other trackers by large
margins (6.2% and 10.1% compared to the second best in
DPR and OSR, respectively). Furthermore, we also ana-
lyze PTAV on twelve individual attributes provided with
UAV20L [30], including scale variation (SV), aspect ratio
change (ARC), low resolution (LR), fast motion (FM), full
occlusion (FOC), partial occlusion (POC), out-of-view (OV),
background clutter (BC), illumination variation (IV), view-
point change (VC), camera motion (CM) and similar object
(SOB). Figure 12 displays the average DPR for five trackers on
different attributes, and PTAV achieves the best results on each
attribute.
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TABLE IV

COMPARISONS ON VOT2016 [31] IN TERMS OF EXPECTED AVERAGE
OVERLAP (EAO%), ACCURACY (%), ROBUSTNESS (%) AND
NO-RESET AVERAGE OVERLAP (AO%). THE BEST TWO
RESULTS ARE SHOWN IN RED AND BLUE
FONTS, RESPECTIVELY

Algorithms EAO  Accuracy Robustness  AO
PTAV (Ours)  31.2 56.1 27.9 432
C-COT [12]  33.1 539 23.8 46.9
TCNN [62] 325 554 26.8 48.5
SSAT [31]  32.1 57.7 29.1 51.5
MLDF [31]  31.1 49.0 233 42.8
Staple [19]  29.5 54.4 37.8 38.8
DDC [31] 293 54.1 34.5 39.1
EBT [63]  29.1 46.5 25.2 37.0
SRBT [31]  29.0 49.6 35.0 333
Staple+ [31]  28.6 55.7 36.8 39.2
DNT [64]  27.8 51.4 329 42.7

D. Experiment on VOT2016

Finally, we test PTAV on VOT2016 [31] with 60 challenging
sequences. VOT2016 aims at evaluating short-term tracking
performance and thus a tracker is re-initialized whenever
failure happens. In other words, a tracker is reset if its tracking
results are found unreliable. Unfortunately, this protocol is not
directly applicable to our tracker since PTAV automatically
detects failures by itself and rolls back to resume tracking.

To follow the above evaluation protocol, we modify PTAV
by running it multiple rounds with different starting frames.
In particular, in each round, we run PTAV at current starting
frame without resetting. For the first round, the first frame
in the input sequence is used as the start frame. After-
ward, we compare the tracking results with groundtruth to
find the first failure using the VOT2016 protocol, and then
we re-initialize PTAV from the failure frame for the next
round. We repeat this process until no failure is detected.
On VOT2016, PTAV runs at 25 fps.

PTAV is compared with top ten trackers in the
VOT2016 challenge, including C-COT [12], TCNN [62],
SSAT [31], MLDF [31], Staple [19], DDC [31], EBT [63],
SRBT [31], Staple+ [31] and DNT [64]. Table IV demon-
strates comparison results in VOT2016. It shows that
C-COT [12] and TCNN [62] achieve the best results with
EAOs of 33.1% and 32.5%, respectively. C-COT [12] utilizes
deep features to model object appearance and TCNN [62]
proposes tree-structured CNNss for tracking with online update.
Despite obtaining superior performances, their speeds are
around 1 and 2 fps. By contrast, PTAV achieves competitive
result (EAO of 31.2%), while running in real-time.

E. Ablation Study

1) Different Trackers for T: In PTAV, 7T is required to be
efficient and accurate most of the time. To show the effects
of different 7, we compare three base trackers including Sta-
ple [19] (the choice in this paper), fDSST [17] and KCF [16].
Among these trackers, KCF [16] runs the most efficiently
while least accurately in short time. Compared to KCF [16]
and fDSST [17], Staple [19] performs more robustly since
it utilizes color information for tracking, which results in its
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TABLE V
COMPARISONS OF DPR (%), OSR (%), CLE IN PIXELS AND SPEED (FPS) AMONG DIFFERENT 7 WITH VGGNET [33] BASED VV ON THREE BENCHMARKS

l OTB2015 [25] TC128 [29] UAV20L [30]

| DPR OSR CLE Speed [ DPR OSR CLE Speed [ DPR OSR CLE Speed
PTAVstapto | 862 779 189 27 772 70.0 321 3 732 624 36.1 30
PTAVipssT | 85.2 77.9 19.4 27 75.2 66.1 327 24 63.1 478 1027 2
PTAVkcr 74.2 58.6 345 24 63.9 54.6 53.6 19 41.6 32.1 195.3 20
Staple [19] 78.4 70.9 31.9 43 66.7 62 57.5 43 48.5 443 223.1 49
fDSST [17] 72.0 67.6 51.1 51 57.5 52.4 82.1 51 42.2 344 256.8 52
KCF [16] 69.2 54.8 45.0 243 55.1 46.1 77.4 242 31.1 20.0 2824 245

TABLE VI

COMPARISONS OF DPR (%), OSR (%), CLE IN PIXELS AND SPEED (FPS) BETWEEN DIFFERENT VV WITH SAME TRACKER ON THREE BENCHMARKS

[ OTB2015 [25] TC128 [20] UAV20L [30]
[ DPR OSR CLE Speed [ DPR OSR CLE Speed | DPR OSR CLE Speed
stnle | PTAVVGGNer | 862 779 189 27 712 70.0 321 23 732 624 56.1 30
AP | PTAV AjexNet 84.0 75.5 20.7 34 75.0 68.9 40.3 31 65.9 58.6 70.7 33
DssT | PTAVvGGNer | 852 779 194 27 752 66.1 327 24 63.1 178 102.7 26
PTAV AlexNet 79.4 74.3 312 29 67.5 61.1 43.8 26 547 432 121.0 31
KCF | PTAVvGGNer | 742 586 345 24 639 546 33.6 19 16 321 1953 20
PTAV A lexNet 723 58.0 37.1 31 62.4 526 54.9 2 39.6 276 216.1 27

TABLE VII

COMPARISONS IN TERMS OF DPR (%), OSR (%), CLE IN PIXELS AND SPEED (FPS) BETWEEN FIXED TEMPLATE AND DYNAMIC
TEMPLATE SET USING 7 BASED ON DIFFERENT TRACKERS AND V BASED ON VGGNET [33] ON THREE BENCHMARKS

[ OTB2015 [25] TCI28 [29] [ UAV20L [30]
[ DPR OSR CLE __ Speed | DPR OSR CLE __ Speed | DPR OSR CLE _ Speed
Staple | dynamic templates 862 779 139 27 772 70.0 321 23 732 624 56.1 30
fixed template 85.6 77.1 20.4 25 76.3 68.9 323 22 72.6 61.6 62.8 28
(DSST | dynamic templates | 85.2 779 194 27 752 66.1 327 24 63.1 4738 102.7 26
fixed template 84.9 77.6 21.1 25 74.1 64.2 357 21 62.4 45.6 1132 25
KCF | dynamic templates | 74.2 58.6 345 24 63.9 546 33.6 19 116 321 1953 20
fixed template 735 57.9 37.2 21 62.8 52.9 56.9 14 40.8 30.9 214.2 18

relative inefficiency. The comparison results on OTB2015 [25],
TC128 [29] and UAV20L [30] are shown in Table V.

From Table V, we observe that PTAV with Staple as base
tracker (PTAVggple) performs better than those with fDSST
(PTAVipsst) and KCF (PTAVkcr). Though KCF runs the
fastest among these trackers, it performs least accurately in
short time, resulting in more requests for verifications and
detections, and significantly increased computations. As shown
in Table V, the speeds of PTAVkcr on OTB2015 [25],
TC128 [29] and UAV20L [30] are respectively 24, 19 and 20
Jfps, which are much slower than PTAVg,pe (27, 23 and 30 fps,
respectively) and PTAVipsst (27, 24 and 26 fps, respectively).

In term of tracking accuracy, on OTB2015 [25], PTAVpssT
achieves competitive performance (85.2% of DPR and 77.9 %
of OSR) compared to PTAVgple (86.2% of DPR and 77.9%
of OSR). However, on the more challenging UAV20L [30],
PTAVgtaple significantly outperforms PTAVpgst in both accu-
racy and efficiency. Specifically, PTAVgtple obtains a DPR
of 73.2%, an OSR of 62.4% and speed of 30 fps while
PTAVipsst with DPR of 63.1%, OSR of 47.8% and speed
of 26 fps. The main reason accounting for this is that the base-
line Staple leverages color cues for tracking. In UAV20L [30],
the tracking target frequently suffers from severe view
changes, which are fatal to HoG features. Nevertheless, Staple
is able to deal with view changes using color statistics, and
thus performs better than fDSST in short periods. As a conse-
quence, PTAV,ple performs more favorably than PTAVpsst
and requires less verifications and detections, further

improving efficiency. Besides, we observe that all the three
PTAV versions improve their baseline trackers by large
margins.

2) Different Verifiers for V: The verifier V plays a crucial
role in PTAV by validating tracking results and correcting
T if needed. To study the effects of V, we compare two
different alternatives based on VGGNet [33] and the much
lighter AlexNet [5].* Compared to the VGGNet-based V,
the AlexNet-based V runs more efficiently but less accurately.
Specifically, the speed of VGGNet based-V runs at 6 fps
while its AlexNet counterpart runs at 17 fps. The comparisons
of PTAV with different verifiers are reported in Table VI.
From Table VI, we observe that, when using the same base
tracker, PTAV with VGGNet-based VV (PTAVyGGNet) outper-
forms that with AlexNet-based )V (PTAV alexnet) On all three
benchmarks. However, owing to heavier computational burden,
the efficiency of PTAVyggNer 1s slightly decreased, but still
competitive to that of PTAV sjexNet, sShowing the flexibility of
our framework.

3) Fixed Template v.s. Dynamic Template Set: To adapt V to
target appearance variation, we propose the dynamic template
set for adaptive verification, which can take advantages of
confident tracking results to improve validation quality, leading
to reduction of verifications and detections for efficiency.
Table VII shows the results of PTAV using dynamic template

4For the verifier with AlexNet [5], one just needs to replace and initialize
the five convolutional blocks in Figure 4 with AlexNet.
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TABLE VIII
COMPARISONS OF DIFFERENT Nj,; ON OTB2015 [25]

Nint =5  Nint =10 Nint = 15
DPR (%) 86.3 86.2 84.6
Speed (fps) 25 27 30

set versus using a fixed template. From Table VII we observe
that using dynamic template set for verification improves
PTAV for different trackers in both accuracy and efficiency.
In specific, when using the Staple as base tracker, DPRs on
three benchmarks are improved from 85.6%, 76.3% and 72.6%
to 86.2%, 77.2% and 73.2%, respectively. For fDSST as the
base tracker, the DPRs are improved from 84.9%, 74.1%,
and 62.4% to 85.2%, 75.2%, and 63.1%, respectively. For
tracker with KCF, the DPRs are improved from 73.5%, 62.8%,
and 40.8% to 74.2%, 63.9%, and 41.6%, respectively. The
consistent performance gains demonstrate the effectiveness of
the proposed dynamic templates for verification. In addition,
the speeds of PTAV are also consistently boosted owing to the
higher validation quality, as shown in Table VII.

4) Different Verification Interval Niy: In PTAV, different
verification interval Nj,; may affect both the accuracy and
efficiency. A smaller N;,; implies that more frequent verifica-
tion operations are performed during tracking, which results in
more computation and thus degrades the efficiency of system,
as evidenced by the lower speed (25 fps) of Njy; = 5 compared
to that (27 fps) of Njp, = 10 in Table VIII. Besides, the deep
feature based verifier in our framework is fixed during tracking
for the sake of efficiency. As a consequence, the discriminative
power of verifier is limited compared with existing online
fine-tuned deep trackers (e.g., [8]). Thus, using a smaller Njy
in PTAV does not guarantee large improvement in accuracy.
As shown in Table VIII, the DRP is only increased by 0.1%
from 86.2% to 86.3% when changing Njy from 10 to 5.
A larger Njy, on the contrary, may save some computation
but may put PTAV at the risk when the target appearance
changes quickly. If the 7 loses the target, it may update vast
backgrounds in its appearance model until next verification.
Even if the ) re-locates the target and offers a correct detection
result, the tracker may still lose it due to heavy changes in
the target appearance model. From Table VIII, we observe
that when increasing Njy¢ from 10 to 15, the speed is slightly
improved from 27 fps to 30 fps. Nevertheless, the DPR is
significantly decreased by 1.6% from 86.2% to 84.6%. Taking
into account both accuracy and speed, we set Nip; to 10 in our
experiments.

5) Two Threads v.s. One: In PTAV, the tracker 7 does not
rely on the verifier VV most of the time, and two separate
threads process tracking and verifying in parallel for efficiency.
Consequently, 7 does not have to wait for the feedback from
V to process next frame, and it traces back and resumes
tracking only when receiving a correction feedback from V.
Owing to storing intermediate results, 7 is able to quickly
trace back without much extra computation. Table IX shows
the comparison of speed between using two threads and using
only a single thread. It shows that using two threads in parallel
clearly improves the efficiency of the whole system. It is worth
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TABLE IX
COMPARISONS OF TRACKING SPEED (FPS) ON THREE BENCHMARKS

OTB2015 [25] TCI128 [29] UAV20L [30] VOT2016 [31]
Single thread 15 14 17 15
Two threads 27 23 30 25
TABLE X

COMPARISON OF PTAV AND ITS VARIANT PTAV .. ON DPR (%)

Dataset PTAV ~ PTAV,cc
OTB2015 [25] 86.2 86.8
OTB2015-Occlusion [25] 81.4 82.6

noting that the only difference of PTAV using one single
thread and two parallel threads is the efficiency. In term of
tracking accuracy, these two different implementations achieve
the same performance. For PTAV with one single thread,
the DPRs on OTB-2015 [25], TC-128 [29] and UAV20L [30]
are 86.2%, 77.2% and 73.2% respectively, which are the same
as PTAV with two threads.

F. A Special Design of PTAV

The main contribution of our work is the proposal of a
novel tracking framework, PTAV, which aims at facilitating
tracking in practical applications. PTAV is flexible and each
component of it can be designed based on specific objective.
For instance, in order to improve the ability of PTAV in
dealing with occlusion, we develop a more accurate verifier
in PTAV by incorporating attention mechanism into ), which
is able to automatically assign more importance to the visible
parts of target for accurate validation when occlusion happens.
In specific, the attention model is applied after each Rol
pooling layer. Let f € R™*"*¢ denote the feature after the Rol
pooling layer. The attention model consists of convolution and
softmax operations. In detail, the Rol pooled feature f is fed
to two consecutive convolution layers with kernel sizes 3 x 3
and 1 x 1 to obtain f,,,), € R7xnx1 - Afterwards, we perform
softmax operation on spatial locations of f,,,,, and obtain the
spatial attentional map m € R™*”. The attentional feature f,;;
is derived by multiplying each channel of f with m. These
attentional features are then normalized and fed to the loss
layer as in Eq. (2) to learn an attentional verifier.

We evaluate this PTAV with the specially designed ver-
ifier for handling occlusion (referred to as PTAV,.) on
OTB2015 [25]. Table X shows comparisons between PTAV
and PTAV,. in terms of the overall performance on
OTB2015 and evaluation results on 49 sequences with occlu-
sions. From Table X, we observe that the specially designed
attention model effectively improves the performance of the
system in dealing with occlusion. In detail, PTAV,.. improves
the DPRs on OTB2015 and its occlusion subset from 86.2%
to 86.8% and from 81.4% to 82.6%. Such improvements with
simple modification exhibit the flexibility and practicability of
our framework.

G. Failure Cases

With the collaboration between 7 and V, PTAV usually
performs well in various challenging situations; however,
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PTAV Groundtruth

Fig. 13. Failure cases of Jump and Matrix for PTAV on OTB2015 [25]. (a)
Video Jump. (b) Video Matrix.

there exist scenarios in which PTAV may fail. As shown
in Figure 13(a) on Jump, though V can detect unreliable
tracking results of 7, it does not provide correct feedbacks
for subsequent tracking due to heavy deformation. On Matrix
shown in Figure 13(b), the target undergoes severe illumina-
tion variation, occlusion, rotation and background cluttering,
causing difficulties for 7 to localize the target. Even though V
corrects 7 when validating unreliable tracking results, 7 still
drifts to background quickly. In certain cases where the target
suffers from heavy appearance changes, }V cannot provide
effective feedbacks to 7, resulting in irrecoverable drift and
failures.

H. Discussion About the PTAV Architecture

PTAV provides a flexible framework to integrate a tacker
and a verifier for real-time tracking with high accuracy. It is
necessary to analyze the architecture of PTAV for accuracy
and efficiency.

1) Accuracy: PTAV improves tracking accuracy by com-
bining a tracker with a verifier using two parallel threads.
In order to demonstrate the effectiveness of this design in
term of accuracy, we compare three trackers on OTB2015 [25]
including the baseline Staple [19], PTAV implemented on a
single thread (referred to as PTAVy,) and the proposed PTAV.
In detail, PTAVy, achieves the DPR of 86.2%. Compared
to the baseline Staple with DPR of 78.4%, PTAV,, obtains
7.8% improvement in DPR, demonstrating a clear benefit of
integrating a tracker with a verifier for tracking. Besides,
PTAV also achieves the same performance as PTAVy, with
DPR of 86.2%, showing no accuracy sacrifice in parallelizing
tracker and verifier on two threads.

2) Efficiency: PTAV improves the system efficiency by
splitting tracking and verifying on two parallel threads. Due
to the uncertainty in different video sequences, it is difficult
to quantitatively analyze the efficiency of PTAVj; with one
thread and PTAV with two threads. Therefore, we conduct
a qualitative analysis on the speed. For PTAVy,, its speed
is jointly determined by the tracker and the verifier. In our
implementation, the tracker and verifier run at 43 fps and 6 fps,
respectively. When combining them on one single thread,
the upper limit for the system speed with verification interval
10is 1/(1/4341/60) = 25 fps. However, because the verifier
needs perform object detection, the speed of PTAVy; is 15 fps.
By contrast, the speed of the proposed PTAV is determined by
the relatively slow component of tracker and verifier. In our
solution, the upper limit for speed can be 43 fps as fast
as the tracker. Nevertheless, due to the interactions between
verifier and tracker such as object detection and tracing back,
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the speed of the system is lower than the upper limit. Since the
verification results for most time are positive (i.e., larger than
the threshold 7¢), the detections are occasionally performed.
As a result, the whole system still runs in real-time.

V. CONCLUSION

In this paper, we propose a new visual tracking framework,
parallel tracking and verifying (PTAV), which decomposes
object tracking into two sub-tasks, fast tracking and reliable
verifying. We show that, by carefully distributing the two
tasks into two parallel threads and allowing them to work
together, PTAV can achieve the best known tracking accuracy
among all real-time tracking algorithms. Furthermore, to adapt
the verifier to object appearance variations, we propose using
dynamic target templates for adaptive verification, resulting
in further improvements in both accuracy and efficiency. The
encouraging results are demonstrated in extensive experiments
on four popular benchmarks. Moreover, PTAV is a flexible
framework with great rooms for improvement and generaliza-
tion, and thus is expected to inspire the designing of more
efficient tracking algorithms in the future.

We summarize the potential directions to improve PTAV and
shed light on our future work. First, the performance of PTAV
heavily depends on the fast tracking part. In this work, we only
apply one base tracker based on correlation filter for target
localization, which may be sensitive to large deformation and
rotation (see Figure 13). To improve PTAV, a better way for
the tracking part in our future work is to simultaneously use
multiple efficient trackers for target localization, and each of
them is capable of dealing with different challenges. With
multi-thread technology, these trackers can be implemented in
parallel to save computation. Second, we adopt a simple clus-
tering method to update the target templates for verification.
Although this strategy shows advantages in comparison to our
previous work [32], we do not have principled interpretations
and explanations. Our future work will emphasize directly
learning an adaptive deep verifier to avoid manually designing
empirical update strategy. Third, the verification interval is
fixed and may not be optimal for all sequences. For instance,
for videos without drastic appearance changes, the verification
interval should be a relatively larger number to maintain the
efficiency of the whole system. By contrast, for sequences with
heavy appearance variations, the verification interval should be
a small to guarantee the accuracy. Therefore, it is of great
interest to develop a learning-based solution to estimate a
suitable verification interval.

REFERENCES

[11 A. W. M. Smeulders, D. M. Chu, R. Cucchiara, S. Calderara,
A. Dehghan, and M. Shah, “Visual tracking: An experimental survey,”
IEEE Trans. Pattern Anal. Mach. Intell., vol. 36, no. 7, pp. 1442-1468,
Jul. 2014.

[2] A. Yilmaz, O. Javed, and M. Shah, “Object tracking: A survey,” ACM
Comput. Surv., vol. 38, no. 4, p. 13, 2006.

[3] X. Li, W. Hu, C. Shen, Z. Zhang, A. Dick, and A. V. D. Hengel,
“A survey of appearance models in visual object tracking,” ACM Trans.
Intell. Syst. Technol., vol. 4, no. 4, pp. 1-58, 2013.

[4] M. Kiristan et al., “A novel performance evaluation methodology for
single-target trackers,” IEEE Trans. Pattern Anal. Mach. Intell., vol. 38,
no. 11, pp. 2137-2155, Nov. 2016.



FAN AND LING: PARALLEL TRACKING AND VERIFYING

[5]

[6]

[7]
[8]

[9]

[10]
(11]

[12]

[13]
[14]

[15]

[16]

(17]

[18]

[19]

[20]

[21]

[22]

[23]

[24]

[25]

[26]

[27]

(28]

[29]

[30]
(31]

(32]

A. Krizhevsky, I. Sutskever, and G. E. Hinton, “ImageNet classifica-
tion with deep convolutional neural networks,” in Proc. NIPS, 2012,
pp. 1097-1105.

C. Ma, J.-B. Huang, X. Yang, and M.-H. Yang, “Hierarchical con-
volutional features for visual tracking,” in Proc. ICCV, Dec. 2015,
pp. 3074-3082.

Y. Qi er al., “Hedged deep tracking,” in Proc. CVPR, Jun. 2016,
pp. 4303-4311.

H. Nam and B. Han, “Learning multi-domain convolutional
neural networks for visual tracking,” in Proc. CVPR, Jun. 2016,
pp. 4293-4302.

L. Wang, W. Ouyang, X. Wang, and H. Lu, “STCT: Sequentially training
convolutional networks for visual tracking,” in Proc. CVPR, Jun. 2016,
pp. 1373-1381.

N. Wang and D.-Y. Yeung, “Learning a deep compact image represen-
tation for visual tracking,” in Proc. NIPS, 2013, pp. 809-817.

H. Fan and H. Ling, “SANet: Structure-aware network for visual
tracking,” in CVPR Workshop, 2017, pp. 42-49.

M. Danelljan, A. Robinson, F. S. Khan, and M. Felsberg, “Beyond
correlation filters: Learning continuous convolution operators for visual
tracking,” in Proc. ECCV, 2016, pp. 472-488.

R. Tao, E. Gavves, and A. W. M. Smeulders, “Siamese instance search
for tracking,” in Proc. CVPR, Jun. 2016, pp. 1420-1429.

L. Wang, W. Ouyang, X. Wang, and H. Lu, “Visual tracking with fully
convolutional networks,” in Proc. ICCV, Dec. 2015, pp. 3119-3127.
S. Hong, T. You, S. Kwak, and B. Han, “Online tracking by learn-
ing discriminative saliency map with convolutional neural network,”
in Proc. ICML, 2015, pp. 597-606.

J. F. Henriques, R. Caseiro, P. Martins, and J. Batista, “High-speed
tracking with kernelized correlation filters,” IEEE Trans. Pattern Anal.
Mach. Intell., vol. 37, no. 3, pp. 583-596, Mar. 2015.

M. Danelljan, G. Héger, F. S. Khan, and M. Felsberg, “Discriminative
scale space tracking,” IEEE Trans. Pattern Anal. Mach. Intell., vol. 39,
no. 8, pp. 1561-1575, Aug. 2017.

D. S. Bolme, J. R. Beveridge, B. A. Draper, and Y. M. Lui, “Visual object
tracking using adaptive correlation filters,” in Proc. CVPR, Jun. 2010,
pp. 2544-2550.

L. Bertinetto, J. Valmadre, S. Golodetz, O. Miksik, and P. H. S. Torr,
“Staple: Complementary learners for real-time tracking,” in Proc. CVPR,
Jun. 2016, pp. 1401-1409.

J. F. Henriques, R. Caseiro, P. Martins, and J. Batista, “Exploit-
ing the circulant structure of tracking-by-detection with kernels,”
in Proc. ECCV, 2012, pp. 702-715.

M. Danelljan, F. S. Khan, M. Felsberg, and J. van de Weijer, “Adaptive
color attributes for real-time visual tracking,” in Proc. CVPR, Jun. 2014,
pp- 1090-1097.

N. Dalal and B. Triggs, “Histograms of oriented gradients for human
detection,” in Proc. CVPR, Jun. 2005, pp. 886-893.

J. van de Weijer, C. Schmid, J. Verbeek, and D. Larlus, “Learning color
names for real-world applications,” IEEE Trans. Image Process., vol. 18,
no. 7, pp. 1512-1523, Jul. 2009.

L. Bertinetto, J. Valmadre, J. F. Henriques, A. Vedaldi, and
P. H. S. Torr, “Fully-convolutional siamese networks for object tracking,”
in Proc. ECCV Workshop, 2016, pp. 850-865.

Y. Wu, J. Lim, and M. H. Yang, “Object tracking benchmark,” IEEE
Trans. Pattern Anal. Mach. Intell., vol. 37, no. 9, pp. 1834-1848,
Sep. 2015.

G. Klein and D. Murray, “Parallel tracking and mapping for small ar
workspaces,” in Proc. ISMAR, 2007, pp. 1-10.

R. Mur-Artal, J. M. M. Montiel, and J. D. Tardés, “ORB-SLAM:
A versatile and accurate monocular SLAM system,” IEEE Trans. Robot.,
vol. 31, no. 5, pp. 1147-1163, Oct. 2015.

S. Chopra, R. Hadsell, and Y. LeCun, “Learning a similarity metric
discriminatively, with application to face verification,” in Proc. CVPR,
Jun. 2005, pp. 539-546.

P. Liang, E. Blasch, and H. Ling, “Encoding color information for visual
tracking: Algorithms and benchmark,” IEEE Trans. Image Process.,
vol. 24, no. 12, pp. 5630-5644, Dec. 2015.

M. Mueller, N. Smith, and B. Ghanem, “A benchmark and simulator for
UAV tracking,” in Proc. ECCV, 2016, pp. 445-461.

M. Kristan et al., “The visual object tracking vot2016 challenge results,”
in Proc. ECCV Workshop, 2016, pp. 777-823.

H. Fan and H. Ling, “Parallel tracking and verifying: A framework
for real-time and high accuracy visual tracking,” in Proc. ICCV, 2017,
pp. 5486-5494.

[33]

[34]

[35]
[36]

[37]

(38]

[39]
[40]

[41]

[42]

[43]

[44]

[45]

[40]
[47]
(48]

[49]

[50]

[51]

[52]

[53]

[54]

[55]

[56]

[57]
[58]

[59]

[60]

[61]

[62]

4143

K. Simonyan and A. Zisserman, “Very deep convolutional networks for
large-scale image recognition,” in Proc. ICLR, 2015, pp. 1-14.

B. Babenko, M.-H. Yang, and S. Belongie, “Robust object tracking with
online multiple instance learning,” IEEE Trans. Pattern Anal. Mach.
Intell., vol. 33, no. 8, pp. 1619-1632, Aug. 2011.

K. Zhang, L. Zhang, and M.-H. Yang, “Real-time compressive tracking,”
in Proc. ECCV, 2012, pp. 864-877.

H. Grabner, C. Leistner, and H. Bischof, “Semi-supervised on-line
boosting for robust tracking,” in Proc. ECCV, 2008, pp. 234-247.

S. Hare et al., “Struck: Structured output tracking with kernels,” IEEE
Trans. Pattern Anal. Mach. Intell., vol. 38, no. 10, pp. 2096-2109,
Oct. 2016.

D. A. Ross, J. Lim, R.-S. Lin, and M.-H. Yang, “Incremental learning
for robust visual tracking,” Int. J. Comput. Vis., vol. 77, nos. 1-3,
pp. 125-141, 2008.

J. Kwon and K. M. Lee, “Visual tracking decomposition,” in Proc.
CVPR, Jun. 2010, pp. 1269-1276.

X. Mei and H. Ling, “Robust visual tracking using {1 minimization,”
in Proc. ICCV, Sep./Oct. 2009, pp. 1436-1443.

C. Bao, Y. Wu, H. Ling, and H. Ji, “Real time robust 11 tracker using
accelerated proximal gradient approach,” in Proc. CVPR, Jun. 2012,
pp. 1830-1837.

T. Zhang et al., “Structural sparse tracking,” in Proc. CVPR, Jun. 2015,
pp. 150-158.

H. Fan and J. Xiang, “Robust visual tracking with multitask joint
dictionary learning,” IEEE Trans. Circuits Syst. Video Technol., vol. 27,
no. 5, pp. 1018-1030, May 2017.

Y. Li and J. Zhu, “A scale adaptive kernel correlation filter tracker with
feature integration,” in Proc. ECCV Workshop, 2014, pp. 254-265.

J. Valmadre, L. Bertinetto, J. Henriques, A. Vedaldi, and P. H. S. Torr,
“End-to-end representation learning for correlation filter based tracking,”
in Proc. CVPR, Jul. 2017, pp. 2805-2813.

T. Liu, G. Wang, and Q. Yang, “Real-time part-based visual tracking via
adaptive correlation filters,” in Proc. CVPR, Jun. 2015, pp. 4902-4912.
H. Fan and J. Xiang, “Robust visual tracking via local-global correlation
filter,” in Proc. AAAIL 2017, pp. 4025-4031.

C. Ma, X. Yang, C. Zhang, and M.-H. Yang, “Long-term correlation
tracking,” in Proc. CVPR, Jun. 2015, pp. 5388-5396 .

M. Danelljan, G. Hager, F. Shahbaz Khan, and M. Felsberg,
“Learning spatially regularized correlation filters for visual tracking,”
in Proc. ICCV, Dec. 2015, pp. 4310-4318.

Z. Kalal, K. Mikolajczyk, and J. Matas, “Tracking-learning-detection,”
IEEE Trans. Pattern Anal. Mach. Intell., vol. 34, no. 7, pp. 1409-1422,
Jul. 2012.

Y. Hua, K. Alahari, and C. Schmid, “Occlusion and motion reasoning
for long-term tracking,” in Proc. ECCV, 2014, pp. 172-187.

J. H. Yoon, D. Y. Kim, and K.-J. Yoon, “Visual tracking via adap-
tive tracker selection with multiple features,” in Proc. ECCV, 2012,
pp. 28-41.

N. Wang and D.-Y. Yeung, “Ensemble-based tracking: Aggregating
crowdsourced structured time series data,” in Proc. ICML, 2014,
pp. 1107-1115.

J. Zhang, S. Ma, and S. Sclaroff, “MEEM: Robust tracking via multiple
experts using entropy minimization,” in Proc. ECCV, 2014, pp. 188-203.
J. Santner, C. Leistner, A. Saffari, T. Pock, and H. Bischof, “PROST:
Parallel robust online simple tracking,” in Proc. CVPR, Jun. 2010,
pp. 723-730.

Z. Hong, Z. Chen, C. Wang, X. Mei, D. Prokhorov, and D. Tao, “Multi-
store tracker (MUSTer): A cognitive psychology inspired approach to
object tracking,” in Proc. CVPR, Jun. 2015, pp. 749-758.

R. Girshick, “Fast R-CNN,” in Proc. ICCV, Dec. 2015, pp. 1440-1448.
T. Kanungo, D. M. Mount, N. S. Netanyahu, C. D. Piatko, R. Silverman,
and A. Y. Wu, “An efficient K-means clustering algorithm: Analysis and
implementation,” IEEE Trans. Pattern Anal. Mach. Intell., vol. 24, no. 7,
pp. 881-892, Jul. 2002.

Y. Jia et al., “Caffe: Convolutional architecture for fast feature embed-
ding,” in Proc. ACM MM, 2014, pp. 675-678.

J. Choi, H. J. Chang, J. Jeong, Y. Demiris, and J. Y. Choi, “Visual
tracking using attention-modulated disintegration and integration,” in
Proc. CVPR, Jun. 2016, pp. 4321-4330.

M. Danelljan, G. Hager, F. S. Khan, and M. Felsberg, “Convolutional
features for correlation filter based visual tracking,” in Proc. ICCV
Workshops, Dec. 2015, pp. 58-66.

H. Nam, M. Baek, and B. Han. (2016). “Modeling and propagating
CNNs in a tree structure for visual tracking.” [Online]. Available:
https://arxiv.org/abs/1608.07242



4144

[63] G. Zhu, F. Porikli, and H. Li, “Beyond local search: Tracking objects
everywhere with instance-specific proposals,” in Proc. CVPR, Jun. 2016,
pp. 943-951.

[64] Z. Chi, H. Li, H. Lu, and M.-H. Yang, “Dual deep network for visual
tracking,” IEEE Trans. Image Process., vol. 26, no. 4, pp. 2005-2015,
Apr. 2017.

Heng Fan received the B.E. degree from the Col-
lege of Science, Huazhong Agricultural University
(HZAU), Wuhan, China, in 2013. He is currently
pursuing the Ph.D. degree with the Department of
Computer and Information Science, Temple Univer-
sity, Philadelphia, PA, USA. His research interests
include computer vision, pattern recognition, and
machine learning.

IEEE TRANSACTIONS ON IMAGE PROCESSING, VOL. 28, NO. 8, AUGUST 2019

Haibin Ling received the B.S. and M.S. degrees
from Peking University, China, in 1997 and 2000,
respectively, and the Ph.D. degree from the Uni-
versity of Maryland, College Park, in 2006. From
2000 to 2001, he was an Assistant Researcher with
Microsoft Research Asia. From 2006 to 2007, he
was a Post-Doctoral Scientist with the University
of California, Los Angeles. After that, he joined
Siemens Corporate Research as a Research Scientist.
Since 2008, he has been with Temple University,
where he is currently an Associate Professor. He
received the Best Student Paper Award at the ACM UIST in 2003, and the
NSF CAREER Award in 2014. He serves as an Associate Editor for the IEEE
TRANSACTIONS ON PATTERN ANALYSIS AND MACHINE INTELLIGENCE,
Pattern Recognition, and Computer Vision and Image Understanding, and
has served or will serve as an Area Chair for CVPR 2014, CVPR 2016, and
CVPR 2019.





<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /sRGB
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts false
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
    /Arial-Black
    /Arial-BoldItalicMT
    /Arial-BoldMT
    /Arial-ItalicMT
    /ArialMT
    /ArialNarrow
    /ArialNarrow-Bold
    /ArialNarrow-BoldItalic
    /ArialNarrow-Italic
    /ArialUnicodeMS
    /BookAntiqua
    /BookAntiqua-Bold
    /BookAntiqua-BoldItalic
    /BookAntiqua-Italic
    /BookmanOldStyle
    /BookmanOldStyle-Bold
    /BookmanOldStyle-BoldItalic
    /BookmanOldStyle-Italic
    /BookshelfSymbolSeven
    /Century
    /CenturyGothic
    /CenturyGothic-Bold
    /CenturyGothic-BoldItalic
    /CenturyGothic-Italic
    /CenturySchoolbook
    /CenturySchoolbook-Bold
    /CenturySchoolbook-BoldItalic
    /CenturySchoolbook-Italic
    /ComicSansMS
    /ComicSansMS-Bold
    /CourierNewPS-BoldItalicMT
    /CourierNewPS-BoldMT
    /CourierNewPS-ItalicMT
    /CourierNewPSMT
    /EstrangeloEdessa
    /FranklinGothic-Medium
    /FranklinGothic-MediumItalic
    /Garamond
    /Garamond-Bold
    /Garamond-Italic
    /Gautami
    /Georgia
    /Georgia-Bold
    /Georgia-BoldItalic
    /Georgia-Italic
    /Haettenschweiler
    /Impact
    /Kartika
    /Latha
    /LetterGothicMT
    /LetterGothicMT-Bold
    /LetterGothicMT-BoldOblique
    /LetterGothicMT-Oblique
    /LucidaConsole
    /LucidaSans
    /LucidaSans-Demi
    /LucidaSans-DemiItalic
    /LucidaSans-Italic
    /LucidaSansUnicode
    /Mangal-Regular
    /MicrosoftSansSerif
    /MonotypeCorsiva
    /MSReferenceSansSerif
    /MSReferenceSpecialty
    /MVBoli
    /PalatinoLinotype-Bold
    /PalatinoLinotype-BoldItalic
    /PalatinoLinotype-Italic
    /PalatinoLinotype-Roman
    /Raavi
    /Shruti
    /Sylfaen
    /SymbolMT
    /Tahoma
    /Tahoma-Bold
    /TimesNewRomanMT-ExtraBold
    /TimesNewRomanPS-BoldItalicMT
    /TimesNewRomanPS-BoldMT
    /TimesNewRomanPS-ItalicMT
    /TimesNewRomanPSMT
    /Trebuchet-BoldItalic
    /TrebuchetMS
    /TrebuchetMS-Bold
    /TrebuchetMS-Italic
    /Tunga-Regular
    /Verdana
    /Verdana-Bold
    /Verdana-BoldItalic
    /Verdana-Italic
    /Vrinda
    /Webdings
    /Wingdings2
    /Wingdings3
    /Wingdings-Regular
    /ZWAdobeF
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 150
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 600
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 150
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 600
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 400
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 5.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create PDFs that match the "Required"  settings for PDF Specification 4.0)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


