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Abstract

Visual tracking in aerial videos is a challenging task in computer vision and remote sensing
technologies due to appearance variation difficulties. Appearance variations are caused by
camera and target motion, low resolution noisy images, scale changes, and pose variations.
Various approaches have been proposed to deal with appearance variation difficulties in
aerial videos, and amongst these methods, the spatiotemporal saliency detection approach
reported promising results in the context of moving target detection. However, it is not accu-
rate for moving target detection when visual tracking is performed under appearance varia-
tions. In this study, a visual tracking method is proposed based on spatiotemporal saliency
and discriminative online learning methods to deal with appearance variations difficulties. Tem-
poral saliency is used to represent moving target regions, and it was extracted based on the
frame difference with Sauvola local adaptive thresholding algorithms. The spatial saliency is
used to represent the target appearance details in candidate moving regions. SLIC superpixel
segmentation, color, and moment features can be used to compute feature uniqueness and
spatial compactness of saliency measurements to detect spatial saliency. It is a time consum-
ing process, which prompted the development of a parallel algorithm to optimize and distribute
the saliency detection processes that are loaded into the multi-processors. Spatiotemporal
saliency is then obtained by combining the temporal and spatial saliencies to represent moving
targets. Finally, a discriminative online learning algorithm was applied to generate a sample
model based on spatiotemporal saliency. This sample model is then incrementally updated to
detect the target in appearance variation conditions. Experiments conducted on the VIVID
dataset demonstrated that the proposed visual tracking method is effective and is computa-
tionally efficient compared to state-of-the-art methods.

PLOS ONE | https://doi.org/10.1371/journal.pone.0192246  February 13,2018

1/19


https://doi.org/10.1371/journal.pone.0192246
http://crossmark.crossref.org/dialog/?doi=10.1371/journal.pone.0192246&domain=pdf&date_stamp=2018-02-13
http://crossmark.crossref.org/dialog/?doi=10.1371/journal.pone.0192246&domain=pdf&date_stamp=2018-02-13
http://crossmark.crossref.org/dialog/?doi=10.1371/journal.pone.0192246&domain=pdf&date_stamp=2018-02-13
http://crossmark.crossref.org/dialog/?doi=10.1371/journal.pone.0192246&domain=pdf&date_stamp=2018-02-13
http://crossmark.crossref.org/dialog/?doi=10.1371/journal.pone.0192246&domain=pdf&date_stamp=2018-02-13
http://crossmark.crossref.org/dialog/?doi=10.1371/journal.pone.0192246&domain=pdf&date_stamp=2018-02-13
https://doi.org/10.1371/journal.pone.0192246
https://doi.org/10.1371/journal.pone.0192246
http://creativecommons.org/licenses/by/4.0/

@° PLOS | ONE

Visual target tracking in aerial videos

Introduction

Visual tracking is an active research topic in computer vision. It has been used for many appli-
cations, such as activity recognition, surveillance, robotics, and human-computer interaction
[1]. It has also been used for aerial video processing, such as tracking and object recognition,
and is essential for intelligent remote sensing technologies such as unmanned aerial vehicle
(UAV). In contrast to fixed cameras, aerial videos is more portable and can conduct reconnais-
sance and surveillance [2]. However, visual tracking algorithms and systems often fail on aerial
videos. The sources of this failure include appearance variations in the target image caused by
relative camera and target motion and inadequate spatial resolution or noise, scale changes,
and pose variations [3-5]. The explicit modelling of target appearance provides one approach
to deal with the problem of the variation of the target’s appearance during tracking. Usually,
appearance modelling subsystems are composed of modules that provide a visual representa-
tion and a means of updating the model. [6]. The visual representation significantly influences
the performance of appearance modelling due to changes in target appearance in the images.
A suitable representation could use visual properties, such as color, texture, intensity gradients,
and saliency to represent the targets and other objects in the scene. The represented targets
can be incrementally updated based on the updated model to generate sample model of target
[7]. Therefore, an efficient visual representation is crucial to describe the target in the scene
and generate a sample model [4,8].

Recently, biological features reported promising results in computer vision systems. With
recent development involving biological features, visual saliency detection have attracted the
attention of researchers for extracting Attentional Regions (AR) in the images [9]. The visual
saliency detection is inspired by biological human mechanisms, specifically eye mechanisms
and vision fixation, indicating that human perception is sensitive to more salient regions
[10,11]. The salient regions in the image are called saliency. Based on the visual saliency detec-
tion and AR extraction, various studies have been carried out to detect moving objects in vid-
eos. The visual saliency detection methods for moving object detection can be categorized into
temporal, spatial, and integrated (spatiotemporal)-based methods. Temporal saliency is gener-
ally used to extract the motion cues in videos. However, temporal saliency detection alone is
not efficiently able to detect the moving regions due to the lack of spatial information, leading
to missing detail of the target appearance representation [2]. However, spatial-based saliency
detection are mostly used to process static images [2]. Therefore, the temporal and spatial
saliencies can be integrated and called spatiotemporal saliency, which is capable of effectively
detecting moving regions.

Spatial saliency detection is the main task in spatiotemporal saliency, as it deals with the tar-
get’s visual representation. Numerous spatial saliency detection methods have been proposed
in literature, based on multi-scale image features [11], graph-based visual saliency (GBVS)
[12], quaternion discrete cosine transform (QDCT) [13], Fourier Transform (FT) [14], fre-
quency-tuned [15], and integrated visual features [16]. Although various spatial saliency detec-
tion methods have been proposed, it is still necessary to improve its efficiency in dealing with
target appearance variations. This improvement also needs to account for processing time,
since visual tracking require quick image processing [2,6]. The current spatiotemporal saliency
detection methods are only used to detect moving targets in simple scenarios, and did not
account for appearance variation difficulties. This difficulty can significantly influence target
detection for visual tracking performance, and neglecting this aspect could result in misidenti-
fication of targets. This paper focuses on spatiotemporal saliency detection to deal with the
appearance variation difficulties in aerial videos, including a proposed spatial saliency detec-
tion method for visual target representation.
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The updated model is essential for appearance modelling. It basically uses adaptive methods
to deal with appearance variations [7]. The adaptive methods require online algorithms that
can be learned and updated incrementally [7]. On-line learning algorithms are categorized
into generative-based and discriminative-based methods. The former are mainly focused on
how it can fit models from the target [6,7], with examples being Gaussian Mixture Models
[17,18], kernel density estimation [19], and subspace learning [20,21]. The discriminative-
based methods concentrates on binary classification, and is able to classify objects in the scene
into target and non-target regions discriminatively. Some discriminative-based methods
boosts [22,23] Support Vector Machine (SVM) [24], randomized leaning [25], discriminant
analysis [26,27], and code book learning [28]. Discriminative online learning methods can
increase the efficiency of online predictive performance results compared to its generative
counterpart [6,7].

Several visual tracking methods have been proposed based on appearance modeling. This
paper reviews the existing related methods tabulated in Table 1. It will also address the visual
representation and update model for each method. Details of the flow for study design and
search strategy through the review have been provided in S1 File and S2 File as supplementary
materials.

This paper proposes a spatiotemporal saliency and discrminative on-line learning method
for handling appearance variations in visual target tracking in aerial videos. The temporal
saliency is used to extract moving target regions based on frame differences and Sauvola
thresholding algorithm. The spatial saliency is used to represent the target appearance repre-
sentation for the extracted moving regions. In the case of spatial saliency detection, SLIC
superpixel segmentation, color, and moment features are used to compute region uniqueness
and spatial distribution of saliency measurements. However, it is a time consuming process,
and a parallel algorithm is proposed to deal with it. The algorithm is based on region (extracted
moving regions) distribution in a multi-core platform. Spatiotemporal saliency is then
obtained by combining the temporal and spatial saliencies to represent moving targets. Finally,
a discriminative online learning algorithm is applied to generate sample models, which are
then incrementally updated to detect the target in appearance variation conditions. The details
of the proposed method will be elucidated in the materials and methods section. The contribu-
tions of this study are as follows:

1. A spatial saliency detection method is proposed to effectively represent the target appear-
ance based on region uniqueness and spatial distribution measurements.

2. A parallel spatial saliency detection algorithm is proposed and implemented in a multi-core
platform to enhance the processing-time for the spatial saliency detection process.

3. A spatiotemporal saliency and discriminative on-line learning method is proposed for
visual target tracking in aerial video to overcome the difficulty of moving target detection in
appearance variation conditions.

The rest of this paper is structured in the following order: materials and methods detail the
proposed methods of this work. Section 4 discusses the experimental results and performance
evaluation. Finally, Section 4 presents the conclusion.

Materials and methods

This section discusses the proposed methods outlined in this work. It consist of modules,
which are target region extraction, saliency-based visual target representation, feature match-
ing, target motion representation, and update modelling, as per Fig 1. This research work has
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Table 1. Review of some related methods.

Methods

Zhang et al.,
(3]

Xianbin et al.,
[57]

Aeschliman
etal., [58]

Shen et al., [2]

Yu et al., [59]

Lan et al,, [52]

Visual representation

Mean shift color segmentation, Dense Optical
flow estimation, affine transformation calculation
to represent large segments, pixel-based
Subordinate degree calculation for segment
representation.

Kanade-Lucas-Tomasi (KLT) features for ego
motion estimation, Using motion consistence,
background Kanade-Lucas-Tomasi features are
separated, and a target is represented.
Incorporation of camera ego motion and particle
filter to represent the target position.

SURE-based feature Segmenting the target from
the background.

Multi cue spatial-color sub-regional distribution.
Histogram-based (color) contrast. Spatiotemporal
saliency target representation.

Optical flow, Tensor Voting

Kanade-Lucas-Tomasi (KLT) feature, Relative
distance change (RDC) measure to represent the
target in background scene that is based on a
classification of matched feature pairs

https://doi.org/10.1371/journal.pone.0192246.t001

Model Update

Multiple background model estimation,
updating model by merging similar
background models.

Ego camera motion model is constructed
based on background features. In order to
update the model HSV color histogram and
Hu moment are utilized.

Spatial distribution of the corresponding pairs
in the images with background modeling

No background or target appearance
modeling.

Background modeling

No background or target appearance
modeling.

Advantages/disadvantages

The proposed method is able to detect the moving
targets in complicated conditions, moving camera
and by multi-model background estimation.
However, Optical flow-based visual
representation are high computational cost. Low
processing speed (4s per frame.).The proposed
method is for fixed target size and is not able to
detect targets with different size.

The proposed method is able to track the targets
in airborne videos when the camera and target are
moving.

However, the appearance modeling in this visual
tracking method is able to detect the moving
target in simple background. Since it is not
included online learning model updating, it is
difficult to extend the application of this method
in complicated conditions such as occlusion and
illumination changes.

The proposed method is able to construct an
accurate background model to target tracking
when both camera and targets are moving. It is
able to track the targets when appearance
variations caused by shadows and lighting
changes. However, prior parameters setting for
camera calibration are required. Manually
initialization of target representation is required
in the tracking process.

The propose method is fast and able to detect the
moving target when the camera and target are
both moving.

However, there is no melding of background and
not efficient in complicated conditions such as
cluttered-background, occlusion and
illumination. High false alarm rate in appearance
scenarios.

The proposed method is able to detect the moving
targets efficiently in noisy background and long-
term occlusions.

However, the proposed method is not included
spatial information for target representation;
which is not able to describe the details of target
appearance.

The proposed method is fast and accurate in
moving object detection in airborne Video.
Relative distance change (RDC) measure is
proposed to distinguish the target from
background scene, which is invariant to image
rotation, translation, and scaling. However, There
is no melding of background and target, and it is
not efficient in complicated conditions such as
cluttered-background, occlusion and
illumination.High false alarm rate in appearance
scenarios.

been conducted and reported according to PRISMA checklist guideline (refer to S3 File) to fol-
low the best practices in systematic review reporting. The details of the proposed method are
detailed in the following subsections.
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Fig 1. Our proposed framework.

https://doi.org/10.1371/journal.pone.0192246.9001

Target Region Extraction (TRE)

The TRE module involves two sub-modules: temporal saliency detection and target region

localization.

Temporal saliency detection. Moving regions attracts more attention in videos [10].

These regions are generally called AR [29]. AR is extracted using temporal saliency informa-
tion, upon which they are called candidate mask (CM) regions. To obtain CM regions, frame
difference and Sauvola local adaptive thresholding algorithms are used alongside the following

details:

Frame Difference. The frame differencing algorithm is used to identify moving objects in
consecutive frames. This basic technique employs the image subtraction operator, which takes
two images (or frames) as input to produce an output [30]. Eq I can be used to calculate the
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Fig 2. Visual comparison for thresholding algorithms.

https://doi.org/10.1371/journal.pone.0192246.9002
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difference between the two frames:
(DIFF[i,j] = 1,[i,j] — L[i,f])) (1)

where I; and I, are two subsequent image frames, and i and j are pixel coordinates for each
frame.

Image thresholding, The result of frame difference included noises as well. A local adaptive
thresholding, in the form of Sauvola algorithm [31], was utilized to threshold the image and
remove unwanted regions (noises). In order to show why we used the Sauvola thresholding algo-
rithm, an experiment was carried out, and the comparison results presented. As illustrated in Fig
2, the result of Sauvola thresholding algorithm is better than other algorithms in the context of
the number of noises. The Sauvola algorithm was shown to satisfy performance in noisy images,
as per [32,33]. Based on the obtained results from the experimental and previous studies, the Sau-
vola local adaptive thresholding algorithm is used for thresholding and segmentation purposes.

Target region localization. Once the temporal saliency module has identified the CM
regions, the localization module is applied to localize the extracted CM regions based on con-
nected component and blob identification algorithms [34]. This module involves the following
steps:

Edge segmentation. Canny edge segmentation is ran on the binarized image to further
improve the extracted region [35].

Blob Identification. The output of the edge segmentation contains many pixels and regions.
Most of them are unwanted and needs to be removed. A blob analysis can be used to remove
them, and is performed based on the connected components and region properties.

Candidate Mask (CM) Generation. The area and centroid features are used to recognize
the location of each ROI. The ROI uses X,o and Yo as the centroid coordination of each
region that can be obtained using moment features. Based on the obtained value of the cen-
troid coordination and blob region size identification, the candidate mask (CM) are generated,
as shown in Fig 3.

Saliency-based Visual Target Representation (SVTR)

SVTR represent the target appearance. It can be used for target detection and target sample
model generation. Saliency-base features have been investigated by many researchers for target
detection due to its high performance [2]. By adopting the visual saliency detection issue, this
paper proposed a visual saliency detection to represent targets in aerial videos. SVTR consist of
two steps: sub-region generation and spatial saliency detection, detailed in the following
subsections.

Parallel candidate mask segmentation. The purpose of this step is to segment the CM
region into sub-regions and distribute it into different processors. The sub-regions are used to
distinguish the non-target region and target region, examples being the 4_5.jpg and 16_5.jpg
images shown in Fig 3. These images are non-target regions that can be distinguished using
sub-regions segmentation. The SLIC algorithm [36] can be used for sub-region segmentation,
but it is computationally expensive [37] and is time consuming in the case of spatial saliency
detection. To circumvent these drawbacks, an algorithm is proposed for the distribution of the
CM regions into different CPU platforms so that they can be processed in parallel. The core
concept of this algorithm is to perform the segmentation process on the candidate mask region
in parallel instead of the whole image. In this work, the SLIC algorithm is applied to the CM
regions instead of the whole image in our algorithm. The proposed algorithm can very well
decrease the computation cost of the SLIC algorithm. Fig 4 shows the proposed algorithm for
parallel candidate mask segmentation.
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Fig 3. Candidates mask generation.

https://doi.org/10.1371/journal.pone.0192246.9003

1. CM regions Counting, this step counts the number of CM regions.

2. Threads Assignment, the number of threads are identified based on number of CM regions.
Then, each CM region is assigned to a thread.

3. SLIC-based Segmentation, SLIC is used to segment the CM regions and generate sub-
regions.

In SLIC-based segmentation, the proposed algorithm can be extended to the usage of the
SLIC algorithm in video-based on parallel implementation [38]. Based on the SLIC and paral-
lel algorithm, the CM regions can be segmented to generate sub-regions, as per Fig 5.

Spatial saliency detection. This section details the detection of more suitable sub-regions
based on spatial saliency. In order to detect spatial saliencies, region uniqueness and spatial

PLOS ONE | https://doi.org/10.1371/journal.pone.0192246  February 13,2018 7/19


https://doi.org/10.1371/journal.pone.0192246.g003
https://doi.org/10.1371/journal.pone.0192246

®'PLOS | one

Visual target tracking in aerial videos

§
i
§
§
§
§
i

¥
L}
L
A
.
L
L)
.|

H.|

. H. |
§

B~
q
g
.
.
g )
‘N
§

§

§

i HH

§
§
§
§
§
§
§
§
§
§
§

§
§
§
§
§
§
§
§
§
§
§

§
§
§
i
§
§
§
i
§
§

;
;
g
;

H H. B
'B.H.H

§

11
i
§
§

:
§
:
§

144109

£
3
H

:
:
:
§

.

16.1ip9 16.2jp9 16.3jp9 16.4jp9 16599

|
A:l:ER

17.4)09 175509 18.0jpg X 182199 183109 12409 1309 .09 .ieg

3

Fig 4. Parallel algorithm for candidate mask segmentation.
https://doi.org/10.1371/journal.pone.0192246.9004

distribution (compactness of regions) measurements are investigated. Color and moment fea-
tures are used for uniqueness and compactness measurements. The color contrast feature is
used for dissimilarity measurement of a sub-region compared with its neighbor regions, and
the moment feature is utilized to measure the compactness of two different sub-regions (dis-
tance distribution between sub-regions). Details of uniqueness and compactness measurement
are as follows:

1) Spatial uniqueness measurement. The uniqueness for a sub-region was measured to deter-
mine if it exhibit similar color contrast with its neighbors’. The color feature for both regions
are then extracted, and their similarities are measured using an Earth mover’s distance (EMD)
algorithm. Eq 2 utilizes the EMD to measure color similarity measurement in the following

form:

—-D..
C = ", x = (2)
i j=1j#1 P

where a; is the area of region Rj, and D; ; denotes the EMD to measure the distance of the
mean color between R; and R;. Eq 2 indicates the regions whose colors are different from other
regions in the image. The color similarity measures of all regions are then normalized into the
range of [0, 1], and the color saliency of R is interpreted by S = 1 — C,. Higher color saliency
values are assigned to regions where higher color dissimilarity is recognized compared to
other sub-regions.

@ (®)

Fig 5. Segmented sub-regions using SLIC. (a) A candidate mask (CM) region, (b) Sub-region generation based on
proposed parallel SLIC segmentation algorithm.

https://doi.org/10.1371/journal.pone.0192246.9005
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2) Spatial compactness measurement. The pixels of the those sub-region that included high
saliency values are used to determine compactness [39]. Compactness is defined when two
individual sub-regions are close to one other. Spatial moments feature is used to measure the
compactness of the sub-regions. First and second-order of moment feature is used for spatial
moment feature [40]. The Raw moment FD(m, n) is used to calculate the moment features.
Accounting for the fact that m and 7 are components for the region centroids, the FD(m, n)
for (p + g) can be defined as [3,16],

M,, =35> ,m" n' FD (m,n) (3)

Considering the FD(m, n) as 2D continuous function, the moment feature can be calculated
using Eq (4),

M, = JJm? n? ED(m, n) (4)

where the centroid coordinates can be calculated as:

_ M, -
m=—, n=—
MOO MOO
Then, the obtained values (region centroids) from the moment feature are used for sub-region
compactness measurement. The sub-region compactness is measured based on distance mea-
surement of identified center points of two spatial moments. Eq 5 can be used to measure com-
pactness.

D = ZjN:1||Pi - pj”2 (5)

where the ||p; — pj||* is a quadratic term of distance between the centroid of sub-region i and j.
Saliency integration. The meaningful integration of temporal and spatial saliencies is

necessary to produce a final spatiotemporal saliency map [41]. In this paper, adopted from

[16], the final saliency map is generated by integrating the temporal and spatial saliencies.

Feature matching

During the spatiotemporal saliency detection, the generated features based on color and
moments features are integrated, and a feature vector is generated for individual sub-regions.
The generated feature vector for new sub-regions are compared with previous generated fea-
ture vector extracted from prior frames. An Euclidean distance is used to measure the differ-
ence between these two feature vectors [42]. Based on the obtained value from the Euclidean
distance, it can be surmised whether or not a new sub-region belongs to a target region. The
recognized sub-regions are used as targets for target motion representation and model update.

Target motion representation

This module localizes the target and represent the motion features of the moving target region.
A tracking and detection algorithm, adopted from [43], is used for target motion representa-
tion [40]. The tracking and detection algorithm is based on the output from the spatiotemporal
saliency and a blob region extraction algorithm. The output of the spatiotemporal saliency,
which consist of temporal saliency extraction, is integrated with blob analysis to localize the
targets in the videos.
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Model update

The recognized target region derived from the feature matching process are used to generate a
model to represent the targets in appearance variation conditions. This model also requires
incremental update to obtain more samples from target appearance changes.

This study adopts a Multiple Instance Learning (MIL)-based algorithm to generate and
update the model. Principally, the MIL algorithm requires instances (image patches) and dis-
criminative classifier to classify and label the instances into positive (target regions) and nega-
tive (non-target region) [44,45]. The former is then collected into a set called bags, which are
incrementally updated through on-line discriminative classifier to distinguish the positive and
negative instances.

In this study, the positive instances are defined as different parts or a whole region of target,
while the negative instances consider the regions surrounded around target region belonging
to the background. In order to distinguish the positive and negative instances, the extracted
features from the feature matching process are used for each instances. The features from new
instances are compared to existing features from previous instances, which were already
located in the bag. A similarity measurement based on template matching algorithm was car-
ried out for this comparison. This matching process is used for instances classification to iden-
tify and label the positive and negatives instances. Finally, the positive instances are collected
into bags. These bags could contain many samples from the target regions, which can be incre-
mentally updated for more samples. Fig 6 shows an example of generated bag (positive
instances) and negative ones for a particular target. The positive instances are collected in the
bag and labeled X, while the negative instances are labeled X,, For appearance variation such
as pose and scale, the update modelling is also performed to generate the models. The gener-
ated model is updated to cover the pose and scale variations of target in upcoming frames.

Experimental results

This section details the experimental results and performance evaluation of the proposed
method. The proposed method was used various standard videos to confirm its efficiency. The
videos are collected from VIVID dataset [46], and report appearance variation difficulties,
such as complicated background, illumination changes, scale changes, and pose variations.
The results from the videos are visually and quantitatively compared to those outputted by
other methods. The visual comparison reports the image results by the proposed and other
methods, while quantitative analysis involves performance measurements based on precision,
recall, F-measure evaluation metrics, and processing time.

VIVID dataset

The VIVID dataset consist of different types of aerial videos for visual tracking evaluation [46].
The videos are captured using a single camera mounted on an aerial device at 30 frames per
second (fps). The VIVID dataset is constructed for the purpose of visual target tracking and
testing, and provides a range of complicated scenarios such as arbitrary and abrupt camera
motion, varying illumination, occlusions, fast-moving targets, which makes a suitable dataset
for testing visual object tracking [47]. The details of the videos are shown in Table 2. These vid-
eos confirmed that the VIVID dataset is excellent for testing visual tracking method in appear-
ance variations and complicated conditions [48] (see S1 File for more details).
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Fig 6. Labelling of positive instances in a bag and negative ones for a particular target.

https://doi.org/10.1371/journal.pone.0192246.9006

Visual comparison

In this section, the visual comparison presents the result of moving target region segmentation
process for the proposed method and other methods. Visual comparison was performed in two
categories: region segmentation and motion-based detection. For the former, comparison were
made between the proposed method and other methods: Itti [11] and GBVS [12] methods, as
shown in Figs 7 and 8. The Itti and GBVS methods are considered as laying the foundation for
saliency-based detection systems. They are mainly used as benchmarks for new visual saliency
detection algorithms. On the other hand, the proposed method is compared to a common
motion-based detection algorithm in the form of frame differencing method, as shown in Fig 9.

Table 2. Details of VIVID data set.

Video Number of frames Image size
EgTest01 1821 640 * 480
EgTest02 1301 640 * 480
EgTest03 2571 640 * 480
EgTest04 1833 640 * 480
EgTest05 1764 640 * 480

https://doi.org/10.1371/journal.pone.0192246.t1002
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Fig 7. The moving target segmentation for aerial images, first row is original image, second row is the frame
difference technique, and the third row is our proposed segmentation method.

https://doi.org/10.1371/journal.pone.0192246.9007

Methods

Ittt
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Our moving
region
segmentation

Fig 8. Visual comparison for moving target region segmentation for saliency-based methods and our proposed.

https://doi.org/10.1371/journal.pone.0192246.9008
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Fig 9. Visual comparison for moving target detection methods. The first row is original images, the second row is
frame difference method and third row is our proposed method.

https://doi.org/10.1371/journal.pone.0192246.9009

Quantitative analysis

The quantitative analysis consists of performance evaluation and comparing the proposed
method to other methods. In this paper, recall, precision, and f1-measure evaluation metrics
are measured to evaluate its performance [48]. Basically, some variables need to be defined to
measure the performance metrics, which are True Positive (TP), True Negatives (TN), False
Positive (FP), False Negative (FN).

o TP: Detected salient regions corresponding to a target,

« TN: No detection of salient regions where there is not a target,

o FP: Detected salient regions that do not correspond to a target,

o FN: No detection of salient regions where there is, in fact, a target.

According to variable definitions, the performance metrics are measured using Eqs (6), (7),
and (8).

i. Precision,

TP
Precision = P—— | x1
recision (211 TP 1 FP> x 100% (6)
ii. Recall,
TP
= r—— | x1
Recall (Z,l TP T FN> x 100% (7)

iii. Fl-measure

F-measure is regarded as an integrated performance criterion of precision and recall,

Fﬂ=(1+ﬁz)><(

precision X recall )
(B* x precision) + recall
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Here, we set B = 1 to calculate the harmonic mean of recall and precision,

©)

precision X recall)

F, — measure = 2 x —
recision + recall

where the F;-measure is the harmonic mean of precision and recall, and is extensively used in
pattern recognition community to evaluate the performance [48]. Table 3 shows the precision,
recall, and F,-measure metrics results for the proposed method.

The proposed visual tracking is compared with other visual tracking methods, such as the
Variance Ratio [28], Color-based Probabilistic [49], and Wang et al., [50], Shen et al., [2], Yin
etal, [51], Lan et al., [52], annealed mean shift (AMS) [53], Landau Monte Carlo (WLMC)
[54], N-Fold Wang-Landau (NFWL) [54], and cascade mean shift (CMS) [55]. The compari-
sons were conducted based on the F1-measure. Table 4 shows the5quantitative comparison
results for the proposed method and other relevant methods.

On average, the proposed method achieves comparable performance compared to other
visual tracking methods within this dataset. In some sequences, our method outperformed
other techniques; in sequences 3 and 5, the presence of occlusion and overlap led to Wang’s
method performing slightly better as shown in Fig 10.

Furthermore, Youden’s test is also accomplished on achieved results to prove the efficacy of
the proposed method. The Youden’s test was introduced by Youden in 1950 [56] which is a
measurement to statistically analysis the performance of the algorithms and methods. Princi-
pally, this measurement is utilized J variable for performance analysis. This J variable can be
calculated using following equation:

_ ™ N
" TP+FN TN +FP

J (10)

In this experiment, the Youden’s (J) measurement were calculated for each video (EgTest(s)
frame sequences) separately. For this measurement, each video was firstly divided into four
sections to test the performance in different range (number of frames). For example, EgTest02
contains 1821 frames in total. It was divided to four sections as 150, 450, 1150 and 1821 num-
ber of frames. For each section, the Youden’s J value was calculated for each sections and vid-
eos as shown in Fig 11.

The EgTest videos have different environment complexities. These complexities include
vehicles overlapping, natural objects (trees) occlusion and very small vehicles. The complexi-
ties can be directly influenced on detection results. With increasing the complexities, they lead
to increase false negative and decrease true negative. For example, if the targeted vehicle tries
to pass front another vehicle, an overlapping complexity can be occurred. In this case, the
overlapped vehicles as salient region and target cannot be detected and then it is caused to
increase false negative. Considering the complexity issue, Youden measurement shows that
our method has better results on EgTest01 and EgTest04. These two videos have less

Table 3. Proposed method evaluation based on precision- recall and F;-measure metrics.

Video Precision Recall F,-measure
EgTest01 96.73 98.85 97.78
EgTest02 66.00 84.97 74.29
EgTest03 80.68 84.94 82.76
EgTest04 83.91 89.32 86.53
EgTest05 68.11 82.62 74.67

https://doi.org/10.1371/journal.pone.0192246.t1003
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Table 4. Quantitative comparison of visual tracking methods and our proposed method based on F;-measure.

Video Variance Color-based Wang Liang Shen Yin Lan AMS | WLMC | NFWL | CMS The proposed
Ratio probabilistic etal. etal. etal. etal., etal., method
EgTest01 68.32 65.03 72.53 76.78 96.30 93.06 91.87 |84.12| 68.47 | 63.85 | 84.72 97.78
EgTest02 56.67 65.24 53.30 60.81 73.31 61.40 47.63 |76.18 | 62.82 | 59.85 |78.14 74.29
EgTest03 77.16 65.08 85.84 77.39 71.12 60.68 48.39 |71.78 | 61.14 58.51 | 72.63 82.76
EgTest04 84.61 59.71 83.52 81.40 65.31 52.29 70.08 | 68.62 | 53.04 | 52.73 |74.54 86.53
EgTest05 82.01 71.15 83.87 80.56 50.13 75.62 71.96 | 63.96 | 58.80 56.75 | 70.08 74.67

https://doi.org/10.1371/journal.pone.0192246.t004

complexity in compared to other videos. EgTest05 obtainedn less Youden’s ] value that relates
to its environment complexity. Finally, the experiments for the methods were conducted on a
platform with an Intel Core 2 Quad Core 2.83 GHz CPU with 4 GB of RAM. The processing
time was measured based on wall-clock time computation [38]. The tick_count class from a
wall-clock (located in tbb/tick_count.h) is used to measure the wall-clock. The average pro-
cessing time for our proposed method is 38.61 ms.

Conclusion

A spatiotemporal saliency and discriminative on-line learning method was proposed for han-
dling complicated conditions and appearance varitions in visual target tracking for aerial
video. We used visual saliency-based detection to represent visual targets. Temporal saliency
was used to represent the moving target regions, and is extracted based on frame difference
with Sauvola local adaptive thresholding algorithms, while spatial saliency was used to repre-
sent the target appearance details in candidate moving regions. For the spatial saliency detec-
tion, SLIC superpixel segmentation, color, and moment features were used to compute the
feature’s uniqueness and spatial distribution of saliency measurements. The spatial saliency
detection is a time consuming process, and a parallel algorithm was derived and loaded into
the multi-processors to optimize and distribute the saliency detection processes. Spatiotempo-
ral saliency was then obtained by combining the temporal and spatial saliencies to represent
moving targets. Finally, a discriminative online learning algorithm was applied to generate a
sample model based on spatiotemporal saliency. This sample model was incrementally

—+—Variance Ratio —#—Color-based probabilistic —#— Wang etal.
——Liang etal. —t—Shenetal. —o—Yinetal,
Lanetal., —e— Our proposed m ethod

90 NN

EgTest01 EgTest02 EgTest03 EgTest04 EgTest05

Fig 10. Illustration of quantitative comparison for visual tracking methods and ours.

https://doi.org/10.1371/journal.pone.0192246.g010
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Fig 11. Youden’s J values for each EgTest videos and their sections.

https://doi.org/10.1371/journal.pone.0192246.9011

updated to detect the target in appearance variation conditions. Extensive experiments were
conducted on the VIVID dataset, including 5 videos with appearance variations difficulties.
The performance of proposed visual tracking was evaluated, and the results compared with the
other methods. The experimental results confirmed that the proposed method is superior to
the other methods. Future works can address other difficulties and challenges in visual track-
ing, such as the presence of more complicated backgrounds, overlapping, and out-of-plane
difficulties.

Supporting information

S1 File. PRISMA flow diagram.
(DOCX)

S2 File. Search databases.
(DOCX)

S3 File. PRISMA checklist.
(DOCX)

Acknowledgments

The authors would like to thank Dr. Seyed Mostafa Mousavi Kahaki for useful advices and sug-
gestions. We would also like to thank the anonymous reviewers for their useful that resulted in
the improvements to this paper. We would also like to acknowledge Universiti Kebangsaan
Malaysia (UKM) financial support for this project via DIP-2014-037.

Author Contributions
Conceptualization: Amirhossein Aghamohammadi, Mei Choo Ang.

Data curation: Amirhossein Aghamohammadi, Mei Choo Ang, Ng Kok Weng, Marzieh
Mogharrebi, Seyed Yashar Banihashem.

Formal analysis: Amirhossein Aghamohammadi, Mei Choo Ang, Elankovan A. Sundararajan,
Ng Kok Weng, Marzieh Mogharrebi, Seyed Yashar Banihashem.

PLOS ONE | https://doi.org/10.1371/journal.pone.0192246  February 13,2018 16/19


http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0192246.s001
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0192246.s002
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0192246.s003
https://doi.org/10.1371/journal.pone.0192246.g011
https://doi.org/10.1371/journal.pone.0192246

@° PLOS | ONE

Visual target tracking in aerial videos

Funding acquisition: Amirhossein Aghamohammadi, Elankovan A. Sundararajan.

Investigation: Amirhossein Aghamohammadi.

Methodology: Amirhossein Aghamohammadi.

Software: Ng Kok Weng, Marzieh Mogharrebi, Seyed Yashar Banihashem.

Supervision: Amirhossein Aghamohammadi, Mei Choo Ang.

Validation: Amirhossein Aghamohammadi, Elankovan A. Sundararajan.

Writing - original draft: Amirhossein Aghamohammadi, Mei Choo Ang.

Writing - review & editing: Amirhossein Aghamohammadi, Mei Choo Ang, Marzieh

Mogharrebi, Seyed Yashar Banihashem.

References

1.

10.

11.

12
13.

14.

15.

16.

17.

18.

19.

Zhang K, Zhang L, Liu Q, Zhang D, Yang M-H Fast Visual Tracking via Dense Spatio-temporal Context
Learning. Computer Vision—ECCV: Springer.2014. pp. 127—-141.

Shen H, Li S, Zhu C, Chang H, Zhang J, Moving object detection in aerial video based on spatiotempo-
ral saliency. Chinese Journal of Aeronautics, 2013. 26(5): p. 1211-1217.

Zhang Y, Tong X, Yang T, Ma W, Multi-Model Estimation Based Moving Object Detection for Aerial
Video. Sensors, 2015. 15(4): p. 8214-8231. https://doi.org/10.3390/s150408214 PMID: 25856330

Chen F, Wang Q, Wang S, Zhang W, Xu W, Object tracking via appearance modeling and sparse repre-
sentation. Image and Vision Computing, 2011. 29(11): p. 787-796.

Zhang S, Yao H, Zhou H, Sun X, Liu S, Robust visual tracking based on online learning sparse repre-
sentation. Neurocomputing, 2013. 100: p. 31-40.

Li X, Hu W, Shen C, Zhang Z, Dick A, et al., A survey of appearance models in visual object tracking.
ACM Transactions on Intelligent Systems and Technology (TIST), 2013. 4(4): p. 58.

Yang H, Shao L, Zheng F, Wang L, Song Z, Recent advances and trends in visual tracking: A review.
Neurocomputing, 2011. 74(18): p. 3823—-3831.

Yang M, Yuan J, Wu Y. Spatial selection for attentional visual tracking; 2007. IEEE. pp. 1-8.

Lou J, Ren M, Wang H, Regional Principal Color Based Saliency Detection. 2014. https://doi.org/10.
1371/journal.pone.0112475 PMID: 25379960

Kashiwase Y, Matsumiya K, Kuriki |, Shioiri S, Temporal Dynamics of Visual Attention Measured with
Event-Related Potentials. PloS one, 2013. 8(8): p. €70922. https://doi.org/10.1371/journal.pone.
0070922 PMID: 23976966

Itti L, Koch C, Niebur E, A model of saliency-based visual attention for rapid scene analysis. IEEE
Transactions on Pattern Analysis and Machine Intelligence, 1998. 20(11): p. 1254—1259.

Harel J, Koch C, Perona P. Graph-based visual saliency; 2007. pp. 545-552.

Schauerte B, Stiefelhagen R. Predicting human gaze using quaternion dct image signature saliency
and face detection; 2012. IEEE. pp. 137-144.

Gopalakrishnan V, Hu Y, Rajan D, Salient region detection by modeling distributions of color and orien-
tation. IEEE Transactions on Multimedia, 2009. 11(5): p. 892-905.

Achanta R, Hemami S, Estrada F, Susstrunk S. Frequency-tuned salient region detection; 2009.
IEEE. pp. 1597—-1604.

Wang W, Cai D, Xu X, Wee-Chung Liew A, Visual saliency detection based on region descriptors and
prior knowledge. Signal Processing: Image Communication, 2014. 29(3): p. 424—-433.

Wang T, GulY, Shi P. Object tracking using incremental 2D-PCA learning and ML estimation; 2007.
IEEE. pp. 1-933-1-936.

Zhou SK, Chellappa R, Moghaddam B, Visual tracking and recognition using appearance-adaptive
models in particle filters. IEEE Transactions on Image Processing, 2004. 13(11): p. 1491-1506. PMID:
15540457

Leichter |, Lindenbaum M, Rivlin E, Tracking by affine kernel transformations using color and boundary
cues. |IEEE Transactions on Pattern Analysis and Machine Intelligence, 2009. 31(1): p. 164—171.
https://doi.org/10.1109/TPAMI.2008.194 PMID: 19029554

PLOS ONE | https://doi.org/10.1371/journal.pone.0192246  February 13,2018 17/19


https://doi.org/10.3390/s150408214
http://www.ncbi.nlm.nih.gov/pubmed/25856330
https://doi.org/10.1371/journal.pone.0112475
https://doi.org/10.1371/journal.pone.0112475
http://www.ncbi.nlm.nih.gov/pubmed/25379960
https://doi.org/10.1371/journal.pone.0070922
https://doi.org/10.1371/journal.pone.0070922
http://www.ncbi.nlm.nih.gov/pubmed/23976966
http://www.ncbi.nlm.nih.gov/pubmed/15540457
https://doi.org/10.1109/TPAMI.2008.194
http://www.ncbi.nlm.nih.gov/pubmed/19029554
https://doi.org/10.1371/journal.pone.0192246

@° PLOS | ONE

Visual target tracking in aerial videos

20.

21.

22,

23.

24,

25.

26.

27.

28.

29.

30.
31.

32.
33.

34.

35.

36.
37.

38.

39.

40.

M,

42,

43.

44,

45.

46.

Wen L, Cai Z, Lei Z, Yi D, Li SZ Online spatio-temporal structural context learning for visual tracking.
Computer Vision—-ECCV: Springer.2012. pp. 716-729.

Li X, Dick A, Shen C, van den Hengel A, Wang H, Incremental learning of 3D-DCT compact representa-
tions for robust visual tracking. IEEE Transactions on Pattern Analysis and Machine Intelligence, 2013.
35(4): p. 863-881. https://doi.org/10.1109/TPAMI.2012.166 PMID: 22868649

Avidan S, Ensemble tracking. IEEE Transactions on Pattern Analysis and Machine Intelligence, 2007.
29(2): p. 261-271. https://doi.org/10.1109/TPAMI.2007.35 PMID: 17170479

Zeisl B, Leistner C, Saffari A, Bischof H. On-line semi-supervised multiple-instance boosting; 2010.
IEEE. pp. 1879-1879.

Tian M, Zhang W, Liu F On-line ensemble SVM for robust object tracking. Computer Vision—ACCV:
Springer.2007. pp. 355-364.

Jiang N, Liu W, Su H, Wu Y. Tracking low resolution objects by metric preservation; 2011. IEEE. pp.
1329-1336.

ZhaY, Yang, Bi D, Graph-based transductive learning for robust visual tracking. Pattern Recognition,
2010. 43(1): p. 187-196.

Zhu M, Martinez AM, Subclass discriminant analysis. IEEE Transactions on Pattern Analysis and
Machine Intelligence, 2006. 28(8): p. 1274—1286. https://doi.org/10.1109/TPAMI.2006.172 PMID:
16886863

Collins RT, Liu Y, Leordeanu M, Online selection of discriminative tracking features. IEEE Transactions
on Pattern Analysis and Machine Intelligence, 2005. 27(10): p. 1631-1643. https://doi.org/10.1109/
TPAMI.2005.205 PMID: 16237997

Zhai'Y, Shah M. Visual attention detection in video sequences using spatiotemporal cues; 2006.
ACM. pp. 815-824.

Gonzalez RC, Woods RE Digital image processing. Prentice hall Upper Saddle River, NJ:.2002. pp.

Sauvola J, Pietikdinen M, Adaptive document image binarization. Pattern Recognition, 2000. 33(2): p.
225-236.

Nandy M, Saha S, An Analytical Study of different Document Image Binarization Methods. arXiv, 2015.
He J, Do Q, Downton AC, Kim J. A comparison of binarization methods for historical archive documents;
2005. IEEE. pp. 538-542.

Das A, Diu M, Mathew N, Scharfenberger C, Servos J, et al., Mapping, Planning, and Sample Detection
Strategies for Autonomous Exploration. Journal of Field Robotics, 2014. 31(1): p. 75—106.

Canny J, A computational approach to edge detection. IEEE Transactions on Pattern Analysis and
Machine Intelligence, 1986(6): p. 679-698. PMID: 21869365

Achanta R, Shaji A, Smith K, Lucchi A, Fua P, et al. Slic superpixels. No. EPFL-REPORT-149300.

Ren CY, Reid |, gSLIC: a real-time implementation of SLIC superpixel segmentation. University of
Oxford, Department of Engineering, Technical Report, 2011.

TBB |. Threading Building Blocks, wall-clock. Available from: http://www.threadingbuildingblocks.org/
docs/help/reference/timing/tick_count_cls.htm.

Chi Z, Weigiang W. Object-level saliency detection based on spatial compactness assumption; 2013
15-18 Sept. 2013. pp. 2475-2479.

Smeulders AW, Chu DM, Cucchiara R, Calderara S, Dehghan A, et al., Visual tracking: An experimental
survey. IEEE Transactions on Pattern Analysis and Machine Intelligence, 2014. 36(7): p. 1442—-1468.
https://doi.org/10.1109/TPAMI.2013.230 PMID: 26353314

Li C, Xue J, Zheng N, Lan X, Tian Z, Spatio-temporal saliency perception via hypercomplex frequency
spectral contrast. Sensors, 2013. 13(3): p. 3409-3431. https://doi.org/10.3390/s130303409 PMID:
23482090

Luo N, Sun Q, Chen Q, Ji Z, Xia D, A Novel Tracking Algorithm via Feature Points Matching. PLoS
ONE, 2015. 10(1): p. e0116315. https://doi.org/10.1371/journal.pone.0116315 PMID: 25617769

Kalal Z, Matas J, Mikolajczyk K. Pn learning: Bootstrapping binary classifiers by structural constraints;
2010. IEEE. pp. 49-56.

Babenko B, Yang M-H, Belongie S. Visual tracking with online multiple instance learning; 2009.

IEEE. pp. 983-990.

Yang F, Jiang Z, Davis LS. Online discriminative dictionary learning for visual tracking; 2014. IEEE. pp.
854-861.

Strat T. VIVID Tracking Evaluation Web Site. 2005; Video Verification of Identity (VIVID) program].
Available from: http://vision.cse.psu.edu/data/vividEval/main.html.

PLOS ONE | https://doi.org/10.1371/journal.pone.0192246  February 13,2018 18/19


https://doi.org/10.1109/TPAMI.2012.166
http://www.ncbi.nlm.nih.gov/pubmed/22868649
https://doi.org/10.1109/TPAMI.2007.35
http://www.ncbi.nlm.nih.gov/pubmed/17170479
https://doi.org/10.1109/TPAMI.2006.172
http://www.ncbi.nlm.nih.gov/pubmed/16886863
https://doi.org/10.1109/TPAMI.2005.205
https://doi.org/10.1109/TPAMI.2005.205
http://www.ncbi.nlm.nih.gov/pubmed/16237997
http://www.ncbi.nlm.nih.gov/pubmed/21869365
http://www.threadingbuildingblocks.org/docs/help/reference/timing/tick_count_cls.htm
http://www.threadingbuildingblocks.org/docs/help/reference/timing/tick_count_cls.htm
https://doi.org/10.1109/TPAMI.2013.230
http://www.ncbi.nlm.nih.gov/pubmed/26353314
https://doi.org/10.3390/s130303409
http://www.ncbi.nlm.nih.gov/pubmed/23482090
https://doi.org/10.1371/journal.pone.0116315
http://www.ncbi.nlm.nih.gov/pubmed/25617769
http://vision.cse.psu.edu/data/vividEval/main.html
https://doi.org/10.1371/journal.pone.0192246

@° PLOS | ONE

Visual target tracking in aerial videos

47.
48.

49.

50.

51.

52.

53.

54.

55.

56.
57.

58.

59.

Collins R, Zhou X, Teh SK. An open source tracking testbed and evaluation web site; 2005.

Liang D, Huang Q, Yao H, Jiang S, Ji R, et al. Novel observation model for probabilistic object tracking;
2010. IEEE. pp. 1387—-1394.

Pérez P, Hue C, Vermaak J, Gangnet M Color-based probabilistic tracking. Computer vision—ECCV:
Springer.2002. pp. 661-675.

Wang J, Chen X, Gao W. Online selecting discriminative tracking features using particle filter; 2005.
IEEE. pp. 1037—1042.

Yin Z, Collins R Moving object localization in thermal imagery by forward-backward motion history
images. Augmented Vision Perception in Infrared: Springer.2009. pp. 271-291.

Lan X, Li S, Chang H. Real-time Moving Object Detection from Airborne Videos with Relative Distance
Change Measure; 2014. |EEE. pp. 187-192.

Shen C, Brooks MJ, Hengel Avd, Fast Global Kernel Density Mode Seeking: Applications to Localiza-
tion and Tracking. IEEE Transactions on Image Processing, 2007. 16(5): p. 1457—-1469. PMID:
17491473

Kwon J, Lee KM, Wang-Landau Monte Carlo-Based Tracking Methods for Abrupt Motions. IEEE Trans-
actions on Pattern Analysis and Machine Intelligence, 2013. 35(4): p. 1011-1024. https://doi.org/10.
1109/TPAMI.2012.161 PMID: 22848132

Song Y, Li S-X, Zhu C-F, Chang H-X, Object tracking with dual field-of-view switching in aerial videos.
International Journal of Automation and Computing, 2016: p. 1-9.

Youden WJ, Index for rating diagnostic tests. Cancer, 1950. 3(1): p. 32-35. PMID: 15405679

Xianbin C, Gao C, Lan J, Yuan Y, Yan P, Ego motion guided particle filter for vehicle tracking in airborne
videos. Neurocomputing, 2014. 124(0): p. 168—177.

Aeschliman C, Park J, Kak AC, Tracking Vehicles Through Shadows and Occlusions in Wide-Area
Aerial Video. IEEE Transactions on Aerospace and Electronic Systems, 2014. 50(1): p. 429-444.

Yu Q, Medioni G. Motion pattern interpretation and detection for tracking moving vehicles in airborne
video; 2009. IEEE. pp. 2671-2678.

PLOS ONE | https://doi.org/10.1371/journal.pone.0192246  February 13,2018 19/19


http://www.ncbi.nlm.nih.gov/pubmed/17491473
https://doi.org/10.1109/TPAMI.2012.161
https://doi.org/10.1109/TPAMI.2012.161
http://www.ncbi.nlm.nih.gov/pubmed/22848132
http://www.ncbi.nlm.nih.gov/pubmed/15405679
https://doi.org/10.1371/journal.pone.0192246

