Chapter 2

Literature Survey

Salient object detection (SOD) aims to find the most prominent and conspicuous
object(s) in a given image, which is similarly identified by the human visual system.
Saliency slightly differs from general image segmentation. The objective of salient
object detection is to suppress the contents of background pixels while simultane-
ously highlighting the foreground image pixels to locate and detect the prominent
objects. In contrast, Image segmentation generally divides images into various re-
gions and picks up one region based on the thresholds. Salient object detection has
attracted the interest of researchers in the field of computer vision saliency com-

putation, which is an intermediate step in most complex vision-related applications

like Object Classification [15], Object Recognition [19], Image/Video Summariza-
tion [20], semantic segmentation [21], Neurobiology of Attention [3], camouflaged ob-
ject detection [22], and Dermoscopic Segmentation [23]. It has been used extensively
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in various robotic applications like, object discovery [24], [2] and human-robot inter-
action [25]. It is also used in various Graphics applications like non-photorealistic

rendering [20] image retargeting [27] and image cropping [28] etc.

This chapter presents the survey of state-of-the-art methods in salient object detec-
tion. Section 2.1 presents the literature survey in the field of 2D and 3D salient object
detection. The Research Gaps of this domains are discussed in Section 2.3. Section
2.4 lists the databases used for experimental analysis. The Section 2.5 describes
and define the various evaluating parameters, which are used in result analysis and

experiments. The last section 2.6 of this chapter concludes the literature survey.

2.1 Literature Review

In this section, a comprehensive survey of the state-of-the-art methods has been
done in the field of visual saliency computation and closely related other streams.
This study profoundly investigates the existing domains, modalities, contributions,

and associated research gaps.

2.1.1 Visual Saliency

The Visual Saliency has objective to design the computer algorithm which for-
mulates the most essential and prominent parts of visual media. The visual saliency

was later developed as salient object detection and aggressively used in Computer
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Vision, Artificial Intelligence, Graphics, and Multimedia applications. The various
computational domains of visual saliency are studied here. The computational do-
main is classified into statistical and deep-learning-based models. The statistical and
probabilistic models have been studied in section 2.2.1. The summaries of the 3D
conventional-based salient object detection models have been described and sum-
marised in section 2.2.2. Finally, Section 2.2.3 has reviewed deep learning based
models. The study of the visual saliency model can be broadly classified into two

domains 1) the Visual saliency model and) 2 Saliency computation domains.

2.1.2  Visual saliency models

There are mainly two streams of visual saliency models: the first is salient object
detection, and the second is eye-fixation prediction models. These models are heav-
ily researched and widely used in all arena computer vision applications. The salient
object detection focused on predicting and detecting a complete salient object, and

the Eye Fixation prediction model focused on the localization of salient points.

2.1.2.1 Fixation Prediction models

Visual saliency computation in eye fixation prediction models focuses mainly on

the localization of an object. These models identify some human fixation locations
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on the images rather than precisely detecting the object in a well-defined bound-
ary. Although, detecting well-defined boundaries and extracting uniform salient
objects is the objective of “salient object detection”. In some parameters, the ap-
plications and computing models of both computation domains are different, and
in some parameters, both are similar. Learning-based human fixation models have
been proposed through various discriminative classifiers as training vectors. They
produce a location or attention map, which is considered an eye-fixation location
point. [3] [10] [29] [¢] [30].The diversity of their application, methods, and evaluation
criteria is so complex in salient object detection and human fixation prediction that
it cannot be completely covered here. The detailed survey in the fixation domain
was performed by Borji et al. [19] with 36 models and 3 datasets, and another survey
was done by Judd et al. [31] with 9 models over only 300 images in MIT-Dataset.
Our research mainly focuses on salient object detection, which has been heavily
researched in recent years. Consequently, it has become the mainstream saliency

computation domain.

2.1.2.2 Salient object detection models

The salient object detection model aims to detect, localize, and predict the whole
object in the image. Initially, the computational models have two stages: saliency
computation followed by segmenting through binarization. For example,the au-

thors [1] [5] [11] [32] have used these two stages separately. They include saliency

14



computation followed by segmentation using mean [I 1], mean shift [33], fuzzy grow-
ing [32], graph-cut [31], saliency-cut [35], meaningful contrasted boundaries [30] and
watershed segmentation [5] etc. In Contrast, recent researchers mainly focused on
devolving algorithms and methods to produce salient objects directly, without using

segmentation methods, which is an additional computational overhead.

The tremendous success of traditional and deep learning-based models have the ob-
jective now to predict the whole object without segmentation and similar to ground
truth level. Initially, most highly reported work has been worked on one or two hand-
crafted low-level features. So all these methods gained popularity to produce the
salient object in an image where the object is large-sized and color-based distinguish-
able. The challenge of the complexity of new datasets and the next benchmark level
brings new computational domains like a probabilistic model and a deep learning-
based approach. Most statistical and machine learning-based models either used
one or combinations of various saliency priors to overcome the challenges of complex
and cluttered backgrounds. The deep learning-based model has recently demon-
strated enormous capabilities in improving the performance of various computer
vision tasks, mainly pixel-level detection using Convolution Neural Network(CNN).
The Deep CNN-based various models have been utilized to propose various saliency
computation models. The performance of deep learning-based models dominate
over statistical and machine learning models. Salient object detection model can be

properly investigated in three domains, which is shown in Fig.2.1 as follows:

1. Models of saliency computation
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FiGURE 2.1: Visual saliency and Computational domains.
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2.1.3 Saliency computation domains:

The saliency computation is broadly classified into three domains, which are de-

scribed as follows:
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2.1.3.1 Bottom-up-search dependent statistical models:

The early models [37] [38] [4] [39] [5] [0] of saliency computation is used for highlight-
ing the object from their surroundings with data-driven, low-level image information,
starting from an image without training and learning. The handcrafted features are
low-level cues like visual information, such as color, intensity, texture, and orien-
tation. Search in this manner uses some priors like center [10], and background
connectivity [12] [11] [12], surroundedness [30], depth [13] and abjectness [11]. This
model is computationally simple, fast and provide initial benchmark to the saliency

computation. It does not depend upon prior specific or domain knowledge.

2.1.3.2 Top-down-task dependent deep learning based models:

This domain uses cognitive factors that are based on image relevance, that are
attention-based and that help in training and learning with manually annotated
ground truth data. The models like [15], [16], [17], [1&], [19] are based on explor-
ing high level, semantic, and contextual data depends on prior but domain-specific
knowledge using supervised learning framework. This domain are widely used by

recent
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2.1.3.3 Hybrid and Probabilistic models :

It is a classic combination of top-down and bottom-up approaches. These models

use, for example, probabilistic approaches like Bayesian principle [29], Matrix de-

composition [50],and Fuzzy Theory, [51]; some other times it uses others integration

strategy [52] [53]. In this model, bottom-up saliency is based on features, locations,

and appearances. This is mainly appearance-driven, where final saliency is combined

with specified integration methods. In this method, bottom-up integration explores

the salient objects through multiple integration of saliency clues.
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In this domain, the statistical model-based low-level features combined with high-
level guidance are defined explicitly as low-rank matrix recovery theory (LRR) [54].
Shen and Wu [55] proposed a unified or hybrid approach, low-rank matrix recovery
(ULR), which integrated the classic low-level feature with high-level guidance. Simi-
larly, Peng et al. [50] proposed a matrix decomposition-based salient object detection
with high-level or probabilistic priors, like tree-structured sparsity regularization and
Laplacian term to capture structure features. Tang et al. [57] combined weighted
low-rank recovery (WLRR) with a high-level background prior to proposed salient

object detection.

The detailed survey of salient object detection presented here follows the chronology
of various methods and models developments. Initailly, the focuses on traditional or
conventional feature-based methods on 2D (RGB) and 3D (RGBD) saliency. The
traditional-based approach initially used one or two handcrafted features; later, it
used multiple handcrafted features followed by a complex fusion process to improve
the performance in complex images. The fusion process is preferred by using machine
learning or probabilistic models. The traditional-based methods in 2D domains are
studied in section 2.2.1, while the same approaches in the 3D domain are studied in
section 2.2.2. The current approaches of the deep learning-based model are studied
in section 2.2.3. The traditional models are based on hand-crated features without
using training and learning. At the same time, the deep learning-based models used
exhaustive training and testing process. Due to training and learning with a large-

sized data-set deep learning-based model improves tremendous performance even in
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complex images. Nevertheless, the traditional model recently improved by proposing
various fast computational algorithms. Therefore, both domains have their pros and
cons. The computational domains, according to the modalities and saliency cues,
are classified into four classes, which are shown in Fig. 2.2. The details comparisons
and analysis of the domain mentioned above for finding the issue and challenge are

summarized below.

2.2 Salient Object Detection

This subsection discusses the various techniques used for salient object detection.
The techniques are classified into statistical, machine learning, and deep learning
methods. Section 2.2.1 provides the review for statistical and machine learning-

based methods and Section 2.2.3 reviews deep learning methods.

2.2.1 Statistical and Probabilistic Models(2D Saliency)

An extensive set of saliency methods have been proposed, and incredible success
paved the way for more inventions in this domain to produce a better salient object
in complex and cluttered background images. The traditional and probabilistic
model has been studied first, and it is broadly classified based on the methodology

proposed into three classes, described in the following sections.
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2.2.1.1 Biologically Inspired Models

Initially, Itti et al. [10] used the center-surround contrast to differentiate the salient(foreground)
and non-salient regions (background). Center-surround contrast is a computational
framework inspired by Biologically and Neuroscience principles. It is the most widely
preferred cue to distinguish between foreground and background. It is measured the
contrast using multi-scale and multi-channel features. After that, various algorithms
to measure contrast were proposed, such as color contrast, regional contrast, spatial
contrast, depth-based contrast, discriminant center-surround contrast [55], center-
surround divergence contrast [59], histogram-based contrast [/] minimum directional
contrast [5]. Based on the computation, these methods divided global and local con-
trast. The global contrast-based [1 1] methods formulated the contrast over the whole
image. In contrast, local contrast [60] is based on region or neighborhoods pixels
relationship. The global contrast-based method generally performed better than the
local contrast-based salient object detection.The topographical Primal Sketch [(1]
model classifies the grayscale image using first and second derivatives to find differ-
ent surfaces. At the same time, the proposed probabilistic model is based on color

images to produce a topographical surface that includes the salient object.

Highly referenced and first formally recognized method for silent object detection
is proposed by Achanta et al. [I1]. It defined the global color contrast as pixel
saliency. The color contrast of each pixel is defined as the difference from the average

image color. It is a straightforward and fast algorithm to generate the full-length
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salient object. Similarly, histogram-based pixel-wise global contrast is proposed by
Cheng et al. [1], which measures the saliency by computing color-wise histograms.
The same author proposed a region-based saliency algorithm RC by segmenting
the image into regions. In this model, saliency is defined as spatial and regional
contrast. Another model of saliency using global contrast and spatial distribution
is proposed by Perazzi et al. [62] and named uniqueness. The global contrast is
defined as Euclidean color distance w.r.t entire image with Gaussian spatial weight.
The minimum directional contrast (MDC) based salient object detection method
is proposed by Huang et al. [5] with the assumption that the foreground pixel has
high contrast from all directions compared to the background. A marker-based
watershed algorithm follows it to estimate each pixel as foreground or background
to predict the salient object. Additionally, diverse deep learning-based models have
been proposed to learn the contrast [63], [28], [64] to predict the salient object.
Although, these methods have great success over the statistical model in complex
and cluttered background. The most dominating cue is global contrast. The detailed
investigation of the global contrast-based method is separately discussed in the next

sections:

2.2.1.2 Global Contrast-Based Models

The methodological variations in saliency computation have their own merits and
demerits. They apply in general or specific cases. Initially, global contrast mod-
els [1] [1 1] [65] [66] are used. Then they are followed and further enhanced by regional
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contrast [1] [13] [067] models for further enhancing the saliency. Many global contrast
models compute the color contrast as principal cues for saliency. First revolutionary
model is based on the global contrast of frequency, and is Frequency Tuned(FT) [11].
This first performed smoothing operation by the Difference of Gaussian (DoG) scale
followed by center surround contrast. Next level of improvement was modeled by
Maximum Symmetric Surround(MSS) [66]. In this model central surround contrast
is estimated by proposing pixel level surround symmetry. These global contrast-
based methods were further enhanced by proposing saliency filtering [62] based on
spatial distribution for each color. These algorithms is failed in complex, small sized
and multi-object images. The soft image abstraction approach, (GC) [08] focused to
enhance global saliency by highlighting large-scale perceptually homogeneous region
by using color histogram based Gaussian Mixture Model for regional decomposi-
tion. This is further enhanced by similarity-based Global Uniqueness (GU) [68] and
color spatial distribution. So the global contrast based model cannot distinguish
between the salient and nonsalient regions in complex image set. So to improve

their performance, global contrast based model is supplemented by regional cues.

2.2.1.3 Regional Contrast-Based Models

The global contrast-based models failed in complex and cluttered images and pro-
duced internal saliency discrepancies. The input image is divided first into regions
and superpixels to overcome this limitation. And these regions are used to compute

regional saliencies such as spatial, depth, and color-based regional contrast. These
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regional saliencies integrate to produce the final salient object, which is shown in Fig.
2.3. Cheng et al. [1] proposed fist regional models based on histogram. Histogram-
based global contrast (HC) defined on the histogram of quantized color channels. In
this method, global color contrast is computed for the most frequently used color
in the form of the histogram to represent entire image. The author of this paper
improved the computing by five levels of quantization of colors. This algorithm fails
in most cases where the salient object is not prominent in color. This situation often

occurs in complex images.

(a) Input Image (b)Ground Truth (¢) Superpixel (d) Salient Object

FIGURE 2.3: Regional saliency and Superpixel based salient object detection.
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The same author proposed the regional saliency (RC) [1] based on the color and
space contrast. Input image I divided into n region, where R; (i = 1 to n).
The regional saliency in Eq. 2.1 computed as the spatially weighted sum of contrasts

between all regions, as follows:

n —D(ri,rj)
SHC=> " w(ry)d.(ri, r;)) (2.1)

i=1

where D(r;,r;) and d(r;,7;) are regional contrast respectively by space and color
while w(r;) looks at number of pixels in that region. In many complex image-sets, it
suppressed the salient points to increase interior salient discrepancy. Therefore, this
method required computationally expensive Graph- cut based saliency-cut algorithm

to separate the objects.

Huang et al. [5] proposed spatial distribution based minimum directional global
contrast for saliency computation. In this work, the author computed saliency in
three steps. The first step was MDC, which was calculated based on two initial
seed pixels, one from the foreground and the other from the background into four
directional coordinates. The Direction Contrast (DC) of region w for target pixel

was calculated through following equation 2.2:

K
DOi,w = Z Z (-[i,ch - Ij,ch)2 (22)

JEwW ch=1
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where [ is original image and K is color channels in CIE-LAB space. Minimum di-
rectional contrast (MDC) is the minimum value of DC. The second step [!]is named
as saliency smoothing while this step is not considered for computational efficiency
as this is based on regional contrast (RC) based methods. In this method, object
boundary is completely destroyed through marker-based watershed morphological
segmentation because of multiple generations of the marker in marker-based water-

shed segmentation algorithm.
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2.2.1.4 Background Approximation Based Models

The background measure-based methods have been proposed and achieved remark-
able success. The backgroundness measure is based on photographic psychology. As
per this principle, the regions related to the image border are considered as back-
ground. Inspired by this hypothesis, Wei et al. [76] proposed a geodesic distance-
based identification of background and foreground regions. Similarly, Strand et al.
proposed a minimum barrier distance MBD [77], which is used to measure the back-
groundness. It is used to compute the distance of regions with the image border.
Another graphical model is based on a minimum spanning tree (MST) [12]to produce

salient objects based on backgroundness.

After that, various saliency detection models, based on backgroundness have been
proposed. For example, Yang et al. [75] proposed the backgroundness of border re-
gions by using the superpixels-based regions. The image divided into superpixels to
produce a coarse salient object. This coarse saliency is further processed with various
post-processing methods to produce the final salient object. The next representative
model is based on graphical representation of image super-pixels. Graphical Rank-
ing saliency (GMR) [75] is semi-supervised and based on the learning and ranking of
regions. The SLIC based region is used in two-stage scheme for bottom-up saliency
detection using ranking with background and foreground queries to distinguish be-

tween salient and non-salient super-pixels.

A recent hierarchy-based saliency estimation model (CS) addresses the issues of
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complex background images and proposed a challenging dataset, named as Extended
CSSD or (ECS) [13]. This hierarchical model focused on the analysis of region
scale computation followed by region-merge approach. It is a graphical model for
integrating the three levels of hierarchical regions by using local Euclidean distance
based consistency. So, saliency improvements are continued by using region-based
heuristics. This regional approach has increased the computational cost. These
methods improved the interior saliency discrepancy, but failed on the boundary of

an object in the complex scene and increased the exterior saliency discrepancy.

All the global contrast-based methods are computationally efficient, while this algo-
rithm mainly suffers from the exterior and interior regional discrepancy. This is the
main objective of multiple integration. The proposed methods used the region based
saliency enrichment. The main focus is to increase the salient points in the interior,
while suppressing the exterior saliency into a well defined concave topographical
surface, which has failed in above mentioned models. Ranking saliency (GMR) [75],
and BSA [11] used color and regional saliency by using SLIC based super-pixel,
rather than color-based region. ECS [13] proposed a region generation algorithm,
and proved that color based region generates better color saliency than super-pixel
based on the object boundary. So, we used K-mean based color region for maintain-
ing the object boundary characteristics. The super pixel-based approach improved
the interior saliency, so we used super-pixel based interior saliency in saliency en-

hancement.
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There are some other methods [78], [12], [79] which use the same principle to differ-
entiate salient objects by using background measures. Although with great success
in accurately detecting a salient object in simple and large-sized object, these models
failed in complex and cluttered backgrounds where salient and non-salient regions
are similar. Furthermore, these models are computationally slow due to extra back-

groundness measures.

2.2.1.5 Psychology Inspired Models

The recommendations and suggestions of psychologists emphasized that the figures
are more attended than the background. Based on this principle, salient object de-
tection is formulated as a figure-ground separation problem. The various saliency
cues like surroundedness [30], focusness [31], objectness [32] and convexity [33] were
proposed to formulate the principle of separation of figure-ground. For example,
Zhang et al. [30] proposed a Boolean map-based saliency computation model, which
utilized the surroundedness cue. A set of binary images (Boolean Maps) was con-
structed using arbitrary thresholding on color channels. The topological structure
of Boolean maps is used to compute salient object detection. Lu et al. [$3] proposed
a convexity context-based saliency model. This model produced the concave arcs,
which were related to each contour with corresponding superpixels that define the
concavity context window. This window encoded the figural(salient) and background
objects. The focusness prior proposed by Jiang et al. [31]. The author defined fo-
cusness as a degree of focal blur. The de-focus blur was estimating the standard
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deviation of the Gaussian kernel by scale-space analysis. Finally, the saliency values
comprised a non-linear combination of global contrast, objectness, and focusness
scores. Chang et al. [31] proposed a graphical model to integrate the objectness and
regional saliency to produce salient object detection. The integration strategy with
the above two parameters is jointly optimized by iteratively minimizing the energy
function. Jang et al. [31] defined regional objectness as the average saliency of each
region, which guides the regional saliency computation. These models improved the
saliency of an image having simple, single, and large-sized objects. At the same time,
these models are failed complex and cluttered backgrounds. Based on this domi-
nant statistical clue, there are various efficient model have been proposed which are

summarised in the Table 2.1.

Various other models which have been developed by researchers, to use the statistical
and probabilistic properties of an image. Most of the researchers use ensemble fea-
ture because any particular low level features are not enough to predict the salient
object. The problem of salient object detection has been approached in different
ways. Some of the models view the problem as a segmentation framework. A few
models try to locate objects in the image and then classify them for saliency. Prior
based models are mostly found because they simplify the location of the salient
object to some extent. They also correspond more to the human visual attention
system. Various graph-based techniques have also been proposed for finding the
salient object. Sparse representations are also used in detecting salient objects. Re-

searchers have also used the matrix decomposition model where the feature matrix
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is decomposed to reflect salient and non-salient regions.

Superpizel algorithms allow shallow segmentation of images. Borji et al. [35] used
superpixels to get an idea about the complexity of the image. Simple images have
less number of superpixels than a complex image. Some of the researchers emphasize
using focus as an important prior for finding the salient object. The assumption is
that salient objects in an image are always in focus. Thus, non-focused objects can
be marked as background. Sun et al. [36] develop a sparse dictionary based on focus
prior map. background and foreground. When the image is segmented as per these
criteria, foreground regions are then processed to extract the salient object. Huang
et al. [11] select foreground seeds based on surroundedness cue. Further, geodesic
refinement is applied to the foreground region for salient object detection. Wang
and Liu [37] separate background using geometrical interpretation.

Objectness proposals are also an interesting method to find salient objects. In these
methods, the models generally first try to find as many complete objects they can
find in an image and, after that, finalize a salient object among them. Zhang et
al. [88] use objectness map and fuse it with the saliency map generated by the
Markov chain using background seeds. Zhou et al. [51] uses fuzzy theory to inte-
grate various regional saliency maps and objectness proposals.

Boundary is an important prior used by various models. The assumption is that
generally, salient object lies away from the boundary. The boundary marks the back-
ground region of an image. Using this assumption, the background can be separated

from the image, and this salient object can be extracted. Abkenar et al. [39] use
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distribution-based boundary contrast map. The graph representation of the image
is used to compute the connectivity of the image regions to the image boundary
as well as to their local neighbors and the image foreground. Connectivity maps
obtained are then fused with the boundary contrast map. Huo et al.

Another approach of locating salient objects is to use graphs. In using graphs, ini-
tially, some seed values are assigned that become the nodes, and edges connect these
nodes. The nodes and edges are updated to converge to find the salient object. Nouri
et al. [90] use contrast as a feature to generate graph. A threshold for edge weight
is used to eliminate non-salient edges. Li et al. [91] generates a hypergraph using
information from a pixel’s similarity to its neighborhood and its dissimilarity from
the background. Wang and Lv [92] use eye fixation prediction as a prior to apply
graph-cut on an input image. Filali et al. [93] proposed multi-scale graph rank-
ing and iterative local—-global object refinement based graphical model. multi-layer
graph is constructed based on superpixels, and optimized to diffuse saliency from
image borders to salient objects. The iterative random forests and local boundary
refinement using color, texture and edge to improve and enhance the final saliency.
Contour-based models have been primarily used for segmentation. The advantage
of using them are getting neat and clear object boundaries. Du and Chen [94] use
patch rarities to form the object contours. The patch rarities are computed by using
the random forest. Liu et al. [72] use completeness and closure measure as saliency

cues to form the contour of the object. Zhang et al. [73] build a nonconvex structure
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matrix decomposition model. They explore the relationship between each super-
pixel to make the salient object highlighted consistently. Laplacian regularization
is used to increase the distance between salient regions and non-salient regions in
feature space. Peng et al. [50] use structured matrix decomposition model with two

structural regularization.

Spatial and Center prior from an image also helps to locate the salient object
accurately. Zhang et al. [95] use spatial priors in addition to color and central bias to
construct the graph. The graph is built by connecting nodes that are spatially close
in an image. The edge weights are provided based on color similarity and spatial
proximity. Qin. et al. [I1] proposed as Cellular Automata based salient object
detection model. A background based coarse map using color, space and regional
contrast computed on super pixel of image with cluster boundary seeds. A factor
matrix and coherence matrix have been designed to refine the cell saliency based on
regional similarity and dissimilarity. Finally, Bayesian framework based integration
framework to fused multiple saliency maps. Wang et al. [96] use spatial relationship
to develop a geodesic weighted Bayesian model. A comprehensive analysis of highly

referenced, and widely used methods is given in Table 2.1.

2.2.1.6 Summary

The statistical or probabilistic models provided the first well-recognized computa-
tion domain since 2007 and produce enormous saliency methods. The most con-

tributing models are based on global contrast, Regional contrast, and background
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approximation-based models. The merits, demerits, and summaries of the models

mentioned above have been described here.

1. These contrast-based methods enrich the regional saliency on the cost of ex-
terior regional discrepancy means a region having similar outer border region
with background region can be enhanced rather than suppress in contrast

computation.

2. The major drawback of the above methods is failed to produce the saliency in
an image with a salient object with multiple colors regions and low depth and
structural similarity of salient and non-salient regions in complex and clutter

images.

3. The global contrast-based methods produce full-length saliency with exact
object boundary, including backgrounds and missing some internal-salient re-

gions.

4. The regional saliency produced better internal saliency while it destroyed the
boundary of salient object and produced unstructured and inconsistent salient

object.

5. The background elimination methods improved the performance by using var-
ious background approximation principle. At the same time, they destroyed

the salient regions which are similar to backgrounds.
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6. These entire 2-D models are failed in low-depth images. Distance-based spatial
contrast is not sufficient to recognize salient objects accurately. These are the

regions for proposing 3D saliency.

These models improved and contributed to saliency prediction while insufficient to
create a salient object in complex and cluttered backgrounds. The probabilistic
models based on global reference surface have been proposed to integrate the re-
gional, spatial, depth, and background elimination based saliency to address these

limitations.

2.2.2 RGBD(3D) Statistical Models

The invention of the depth-based sensor camera provides depth and spatial informa-
tion, which ia absent in the RGB-based 2D plane. This RGBD-based 3D information
adds a different and recent stream in the saliency computation domain. This depth-
based information is the primary objective of retrieving the distance-based depth
and spatial information using various statistical and deep learning models, which
is shown in Fig. 2.4. The deep learning-based model is discussed separately in the
next section. The enormous attributes based on depth information such as regional
distance map, color, and spatial contrast, boundary cues, shape attributes, and ge-
ometrical information are gradually explored to improve the exact salient object

detection in complex and cluttered backgrounds.
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(a) Input Image (b) Depth Image (c) Ground Truth

FI1GURE 2.4: The 3D saliency and Depth Information.

These entire 2-D models are failed in low depth images. The depth clues in RGBD
saliency provides an additional space to increase the saliency in low depth 3D im-
ages and it has discriminative power against the complex and clutter background.
Therefore, to capture the low depth features RGBD saliency model is used. RGBD
saliency model capture low level depth information while itself not sufficient for
salient object detection. Therefore, Cheng et al. [13] used color and structural based
regional saliencies for saliency. But this model produces saliency which minimized
exterior saliency and improved the interior saliency but failed on border region dis-
crepancy. Zhu et al. [38] used dark channel, central channel and other purifying
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saliency feature along with depth features.

Niu et al. [97] first time used a stereoscopic device to design the STEREO dataset.
Depth maps are constructed based on the disparity between the left and right views
of a stereoscopic image in this work. Using this dataset, some researchers [95], [99]
computed the depth-based spatial and color contrast to produce the saliency maps.
A different approach from above has been proposed by Li et al. [100] to utilize the
depth information in light field images. Afterward, Cheng et al. [13] designed the
DES dataset collected from the Kinect device. In this model, various feature contrast
like regional contrast , spatial contrast, color contrast, and depth contrast used to
produce salient object detection in complex and cluttered background. Similarly,
Peng et al. [98] proposed NLPR dataset and RGBD based salient object detection

model using depth-based 3D information.

The advent of depth-based RGBD datasets stimulate the various RGBD based
salient object detection(SOD) models. Ren et al. [101] proposed global prior, like
anisotropic center surround difference based SOD computed on distance based saliency
from surroundings. Subsequently, Feng et al. [102] proposed re-weighted the local
background enclosure-LBE based saliency using depth and spatial contrast to sepa-
rate the background and foreground. Guo et al. [103] proposed two saliency maps
based on color and depth contrast. These two saliency maps were finally fused and
refined using cellular automata-based central saliency. Similarly, Wang et al. [101]
used minimum barrier distance to optimize the final saliency through depth-map-

based depth saliency, depth bias, and 3D prior. The various pre-segmentation and
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multi-level saliency maps from color image and depth map fused to produce RGBD
saliency by Song et al. [105] Similarly, Cong et al. [100] used a transformation strat-

egy to integrate depth-map-based depth cues into color-based regional saliency.

Zhu et al. [38] proposed an RGBD based center-dark channel prior based salient
object detection. Color and depth based regional saliency fused with center and
dark channel based saliency to produce the final salient object. Song et al. [107]
proposed a depth enhanced model using multiscale discriminative saliency fusion
and bootstrap learning for RGB images and depth images. In this model various
low-level feature contrasts, mid-level feature weighted factors, and high-level loca-
tion priors are combined using a random forest regressor to learn the discriminative
saliency feature maps. Finally, these saliency maps are optimized by using support
vector machine. Liang et al. [107] a 3D SOD based on contrast and depth-guided
background prior. These prior assumed boundary super-pixels as background. Fi-
nally, color, spatial and regional contrast, with 2D spatial dissimilarity features, are

further utilized to refine the final saliency map.
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2.2.2.1 Summary

The 3D-based RGBD models enhanced the performance of salient objects at an-
other level. It used distance-based saliency using a depth map to complement the
RGB features. The spatial, regional, depth, color, background, and structural-based
features are integrated to overcome the challenges of 2D saliency. Although, these
models failed in the complex and cluttered background because the integration was
only based on the simple addition of various saliency cues. A global reference sur-
face is missing, which incorporates all the saliency cues to produce the exact salient
object. These models produced inaccurate saliency in complex scenarios like an
image having a salient object with multiple colors, regions, low depth, and struc-
tural similarity of salient and non-salient regions in complex and cluttered images.
But, the main advantage of these models are to produce full-length global saliency.
Consequently, a global reference surface has been proposed to integrate all regional

saliency cues and produce an exact salient object to overcome these challenges.

2.2.3 RGBD(3D) Deep learning Models

Convolution neural networks have achieved tremendous success when Krizhevsky
et al. [111] proposed an 8-layer model. It is recognized globally after winning the
ImageNet: Large Scale Visual Recognition Challenge (ILSVRC) in 2012
with a very high margin. Subsequently, many models [112], [113], [I11] with 8 to

350 deep layers have been proposed and used in all areas of computer vision. Within
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a short span, various deep SOD frameworks from different perspectives have been
proposed, including network architecture, level of supervision, learning paradigm,
and object-/instance-level detection. The initial deep SOD models mainly utilized
the multi-layer perceptron (MLP) [115] to detect the salient object by the saliency
score of deep features. In contrast, the recent approaches utilized the fully convo-
lutional network (FCN) [116], [30] to design SOD architectures. Many variations in

Simple CNNs have evolved into Fast R-CNN and Mask R-CNN. A variety of network

models - AlexNet [117], ResNet [1 18], GoogleNet, inception architecture [119], and
VGGnets [120] are available for implementing the algorithms. General Adversarial
Networks (GANSs) [121] are brought into play a newer variety of these networks. Deep

learning-based models are classified according to the modalities. Some models pre-
ferred RGB-based deep features and used the week supervision learning paradigm.
At the same time, the recent approach is based on RGBD(3D) saliency with end-to-
end supervision for salient object detection in complex and cluttered backgrounds.
The outstanding models have been summarized in Table 2.3 A variety of models

have been developed, which are discussed below.

2.2.3.1 Multi-Layer Perceptron (MLP) Models

MLP based models extract deep features from superpixels [16] or Patches [122] as
inputs units to produce the corresponding score. Afterward, MLP-classifier used
these input units based on saliency scores on predicting salient object detection.

He et al. [16] proposed superpixels based on two low-level statistic features and
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corresponding CNN streams to extract deep features. These models initiate the Deep
learning-based approach to salient object detection. MLP-based models improve the
performance of SOD over non-deep learning-based models. At the same time, they
cannot fully apply the deep CNN model to extract spatial, high-level semantic, and

contextual information.

2.2.3.2 Fully Convolutional Network (FCN) Models

The limitations of MLP-based models became the motivation to design the FCN
architecture [123]. It uses pixel-level information without decomposing the input
image into regions or superpixels to overcome the limitation in MLP-based models.
These models extract high-level semantic and spatial information. The architec-
tures design of FCN-based models has been revolutionalized in recent times and
categorized as: single-stream, multi-stream, side-output/skip connections, bottom-
up/top-down, and branched networks models. These models are heavily researched
and dominate over other models. Hou et al. [124] introduces short connections to
the skip-layer structures within the Holistically-Nested Edge Detector (HED) ar-
chitecture. In this model, multi-level and multi-scale features extracted from Fully
Convolutional Neural Networks (FCNs) are utilized in the multistage decoder. These
models add another dimension to deep learning-based models. Due to the emergence
of various 3D-based RGBD datasets, the recent focus shifted to 3D salient object

detection.
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2.2.3.3 RGBD 3D SOD Models

The emergence of depth cameras such as RealSense and Kinect 3D saliency (RGBD,
D for “depth”) has become a more attractive new stream of 3D saliency computa-
tions. Numerous research papers have been published in RGB SOD models, while
RGBD based model is a current stream of saliency computations that utilize depth
and RGB-based deep saliency features. Some works have been done in RGBD mod-
els, while some challenging issues still make it appealing for saliency computations.
Qu et al. [125] proposed the first model of deep fusion based CNN for RGB-D SOD
in 2017, which utilized shallow level features from both modalities to predict salient
objects. Han et al. [126] proposed two stream model(RGB, and Depth) to extract
the corresponding features and simultaneously fully connected layer-based fusion
model to obtain the final saliency. Chen et al. [I10] proposed a progressive fusion
model to fuse the RGB and depth-based multi-scaled CNN features. Fusion models
used skip-connection to integrate low-level to high-level CNN features. Architectural
point of view RGBD Deep CNN model is classified into a single stream and multi-
stream models. Some recent models used the Attention Mechanism to enhance the
CNN features. The details analysis of RGBD SODs models has appropriately been

studied in next following sections.
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2.2.3.4 Single-stream Models

The early models focused on designing [127], [105], [128], [63] a single-stream network
to extract the saliency features to predict the salient object. In these models, input
image is composed by concatenation of RGB and depth frames. Shigematsu et
al. [128] developed a single stream CNN model to integrate bottom-up, and top-
down CNN features to predict the salient object. This model refined the final saliency
by fusing background enclosure distribution and histogram-based global and depth
contrast features. Similarly, Wang et al. [63] presented the depth contrast-based
subsidiary network to guide the mainstream network to predict saliency. Single-
stream models failed to extract cross-complementary features, which is essential for
predicting the salient object in complex and cluttered backgrounds. It also failed in

producing salient object low depth images.

2.2.3.5 Multi-stream Models

Designing a multi-streams model [45], [129], [130] aims to effectively and efficiently
extract and fuse the cross-complementary features to produce another high-level con-
textual and semantic features for middle stage or end to end fusion. Consequently,
most recent models and current researchers are working on these multi-stage and
multi-scale cross-complementary fusions to predict the exact salient object in com-
plex and cluttered backgrounds. Zhao et al. [6] proposed a contrast-enhanced depth

map, which is fed into subsequent fluid pyramid integration. Fan et al. [130] proposed
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a depth-depurator unit to eliminate the low depth CNN features during fusion with
RGB features. The same authors also designed SIP (Salient Identification Person)
RGBD dataset. Fu et al. [131] proposed a JL-DCF model for joint learning through
cross-complementary features. The RGB and Depth based complementary features
are fused with a siamese network-based densely cooperative fusion. Similarly, Pang
et al. [132] utilized densely connected structures to explore cross-complementary
and refined the final saliency through a hierarchical dynamic filtering network. The
multi-stream model extracts the multi-resolution and hierarchical features in RGB
and Depth modality. The recent models proposed various fusion methods to fuse

the cross-complementary features.

2.2.3.6 Fusion Model

The cross-complementary fusion model is another parameter to classify Deep CNN
models into three categories: (1) Early Fusion Model,(2) Late Fusion model, and
(3) Middle Fusion model.

Early Fusion Model The early fusion-based model [101], [98], [105] directly con-
catenates the RGB and depth into four input channels, which are collectively fed
into a designed network to extract CNN features. Some other model [1 16] [64] inde-
pendently extract RGB and Depth shallow CNN features on low-level, handcrafted
features. These models of fusion do not fully utilize CNN. Consequently, the middle
and late fusion-based models have been preferred in cross-complementary fusion.
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Late Fusion Model The late fusion model is also classified into a) Later fusion
strategy and b) Late fusion strategy. First CNN model [120] extracts RGB and
Depth stream, multi-stage saliency features that concatenate simultaneously and
use to predict salient objects further. In contrast, the Late fusion strategy [133]
produces RGB and Depth saliency, which combine to produce final salient object

detection.

Multi-scale Fusion Model This strategy is the most efficient and widely pre-
ferred recent fusion models [134]. Tt is used to explore the correlations among cross-
complementary features. It is also divided into two categories. In the first strategy,
the cross-complementary interactions between RGB and depth CNN features are
further processed into another learning network. Chen et al. [129] designed a multi-
scale multi-path fusion network to integrate both modalities. Then, the final fusion
process explores cross-complementary between low and high-level semantic features.
The second and current strategy is to extract RGB and Depth based CNN features
which are further processed through skip connection into a specifically designed De-
coder for the final fusion of cross-complementary features. For example,Fan et al.
BBS-Net [135] proposed a bifurcated backbone strategy to segregate the multi-level
feature into teacher and student features. These features are purified and enhanced

by using spatial and channel-wise view through a depth-enhanced module.
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2.2.3.7 Skip-Connection based models

The encoder and decoder’s various stages of interaction have been achieved using
Long-range skip connections or side outputs to recover image details in pixel-level
prediction tasks. It has been preferred in the most recent RGBD salient object de-
tection models. The stage-wise CNN features from the encoder to the corresponding
decoder have been established for cross correlation-based fusion. Cross-correlation
fusion performs through the features produced by skip connection or side outputs.
The fusion performs by using simple feature-wise multiplication addition or concate-
nation. Chen et al. [113] first time formulate an efficient deep network for salient
object detection using deepest layer residual learning to learn side-output for saliency
refinement with less number of CNN parameters. This model also proposes a reverse
attention module to erase the current predicted salient regions from side-output fea-
tures for residual learning. Consequently, it achieved noticeable improvements in
saliency prediction. Then after numerous models have been proposed to exploit the
skip connection or side outputs. For example, Piao et al. [111] use skip connections
and corresponding features to design depth refinement block. This block is used to
integrate cross-complementary multi-resolution RGB and depth features. Finally,
a dense decoder is designed for this work. The performance improves by densely
connecting the higher-level side outputs from the encoder. Li et al. [131] develop
a cmMS (cross-modality modulation and selection) to integrate the side outputs to
extract cross-correlation features in a coarse-to-fine way. In JLDCF, the authors pro-

pose a cross-modality fusion block to incorporate the side outputs. This model first
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compressed the concatenated side outputs to a fixed number of channels, followed

by cross modality fusion to generate the final salient object.

2.2.3.8 Attention mechanism

The attention mechanism is the internal intelligence of the human vision system,
which describes focusing or emphasizing the most attractive components in the vi-
sual scene. The computer vision system developed the algorithm to formulate visual
media’s most essential and prominent part and is recognized as Visual Saliency.
The prominent and conspicuous part of visual media is emphasized through the
tendency or intelligence is invented as the Attention mechanism. The visual
saliency was later developed as a salient object detection computational domain,
and the attention mechanism became integral in computation domains. This mecha-
nism is primarily studied by neuroscientists and cognitive scientists and has recently
attracted the interest of researchers from computer vision, Artificial Intelligence,
graphics, and multimedia applications. Attention mechanism has achieved notewor-
thy success in various vision-related applications such as image classification [115]
and visual question answering [I16], neural machine translation [117], and image
captioning [148]. Various models focused on prominent visual or textual media fea-
tures through these mechanisms. Visual attention is selectively enhanced, and pay
attention to extract relevant features in specified regions. At the same time, it

reduces irrelevant processing.
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Recently visual attention mechanism is adopted to improve the performance in vi-
sual question answering [110], image classification [115] and image captioning [115]
etc. In contrast, textual attention mechanisms are preferred to handle long-term
dependency in language processing. The semantic or syntactic input-output align-
ments under an encoder-decoder framework are improved using textual attention.
This attention mechanism solved the various prevailing problems in language pro-
cessing, such as machine translation [117] text generation [I19], sentence summa-
rization [150] and question answering [146]. Lu et al. [14(]proposed a co-attention
based deep model to learn the image attention, which helps in the question answer-
ing. Paulus et al. [151] proposed a fusion framework of reinforcement Learning to
fuse inter-and intra-attention mechanisms in improving abstractive text summariza-
tion. The spatial attention mechanism [152] pays attention to specified regions to
enhance and extract core regional features. The channel attention mechanism [153]
pays attention to learning each channel’s correlative features. The self-attention
mechanism is based on a nonlocal Network to capture long-distance contextual de-
pendency. Liu et al. [154] proposed self mutual attention based on a nonlocal network
among deep RGB and Depth features to enhance the deep feature and fusion model.
Consequently, the recent RGBD model improves performance by using an attention
mechanism, while it has not been fully utilized to improve deep localized features
and enhance the encoded features. It has ample scope for improvements in proposing

enriched encoded and deep localized features.
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2.2.3.9 Summary

Deep learning-based models have addressed the most prevailing issues in 2D and 3D
conventional-based models. The most dominating contributions are cross correla-
tive features exploration and fusion models, which improved internal and external
saliency discrepancies. Depth-based features are utilized as complementary features
to localize the salient object precisely. These deep learning-based models achieved
noticeable success. Nevertheless, This domain still has some challenging issues which

still not been thoroughly addressed.

1. The low-Depth issues are long prevailing issues because depth maps comple-

ment the RGB saliency by borders, edges, and localized features.

2. The cross-complementary features achieved great success, while there is scope

for further improvements through the mutual attention mechanism.

3. Most exiting models used a standard backbone to extract features, which is

insufficient in complex and challenging scenarios.

These existing research gaps address by proposing mutual attention-based cross-

complementary fusion and composite backbone to enhance the encoded features.
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2.3 Research Gaps

Salient object detection has wide applications in all domains of computer vision. The
improvements have been noticed from cognitive [10], [3], [2] or statistical computa-
tional domains [11], [96] [79] to current deep learning-based approaches [15] [137]
and 2D(RGB) [5] to 3D (RGBD) [38] based modality. However, the above success
brings various research gaps and limitations in each domain, which motivate further
improvements. Various research gaps have been identified through the above study

in salient object detection. These can be summarized below:

e The global contrast-based methods generate saliency with the interior regional
discrepancy, which is defined as” an object has clutter and complex interior
region, similar to the background is suppressed not enhanced as salient points

or regions.”

e Regional contrast-based methods generate the exterior regional discrepancy,
which is defined as “an object having outer region similar to the background
will not preserve the outer boundary of objects till the realm of similarity and

also increase the non-salient points.”

e Background prior-based methods suffer from distinguishing the salient and
non-salient regions. Their performance depends on identifying the region as-

sociated with the border.
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e All these approaches and features fail individually in complex and cluttered
images. Therefore various integration strategies are used, but these integration

strategies are domain-specific rather than generic.

e The integration strategy simply fused the various low-level saliency features.
These strategies have no initial reference surface, which is used to differentiate

the salient and non-salient regions.

e Some salient object detection methods also highlight the non-salient regions

or pixels and use a separate segmentation algorithm to find the salient object.

e Initially, most algorithms provide full-length saliency, including highlighted

salient objects additionally produce minimized backgrounds.

The global contrast [1], [64] based methods compute pixel or region-wise contrast.
The region-wise methods [13] increase the computation complexity because they
divide the image into regions, and then after regional saliency, low-level features
are integrated to produce a salient object. The regional definition increases the
computational cost; at the same time, it achieves remarkable improvements. The
regional-based models bring the various saliency features. These saliency features
further integrate to produce the final salient object, while the global contrast-based
models finally used some segmentation-based algorithm to produce a salient object.
Regional definition brings the backgrounness [36] and surroundedness [35] based
saliency features which enhance the saliency, but It does not highlight the salient

object uniformly and fails in complex and cluttered background. These 2D(RGB)
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models are stuck in complex and challenging images. The next improvements have
been noticed by using depth information, formerly defined, 3D or RGBD salient
object detection. The extracting accurate depth information is still a challenging
task. It brings various limitations in 3D saliency computations in statistical models.

These limitations are summarized here.

e It is challenging to design the discriminative features, which have the capabil-

ities to distinguish regional disparity.

e [t is challenging to formulate spatial and depth-based discriminative features

to differentiate salient and non-salient regions.

e [t is challenging to design an efficient integration strategy that incorporates all
essential 3D features like Spatial contrast, depth contrast, regional contrast,
and color contrast to produce salient objects correctly in complex and cluttered

backgrounds.

e [t is challenging to design a topographical reference surface used as an initial

integrating surface plain for various regional and depth-based saliency features.

The various regional and super pixel-based saliency features are used to improve
the saliency. The recent success of the CNN-based deep learning models in diverse
applications has become a factor in adopting a deep learning-based model in saliency
computation. The deep learning model improved the performance remarkably com-
pared to statistical and probabilistic-based models, although these also suffer from

various limitations. These limitations are summarized here:
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The depth modality is an essential input parameter in CNN-based RGBD
salient object detection. The 3D sensor camera produces depth maps. These
depth maps have boundaries, edges, and other structural pieces of information;
they also have some low depth, unstructured and irrelevant depth maps. The
destruction and occlusions destroy the object boundary. These issues bring

the challenge of designing an efficient network to complement these research

gaps.

It is challenging to develop the model to preserve the Non-complementary

features along with complementary fusion.

It is challenging to enhance the salient regions and minimize the irrelevant

features in the non-salient regions during the encoding stage.

It is challenging to model depth modality’s geometrical, structure, and bound-

ary information to purify the RGB features during the encoding stage.

It is challenging to develop the multi-model multi-stage fusion strategy to
provide equal importance to low-level purified encoder features and high-level

semantics.

It is challenging to develop a strategy to explore complementary features be-

tween two modalities at multiple stages.

It is challenging to enhance the deep localized features which guide the fusion

process so that salient objects pop-out in complex and cluttered backgrounds.
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e [t is challenging to design the enhanced encoder feature because existing mod-

els use standard exiting backbone networks to extract the encoded features.

e [t is challenging to design an improved dense decoder that combines all essen-
tial encode features and utilizes deep localized features to predict exact salient

object detection.

e Current architecture requires large-scale pre-trained CNNs or needed large-

scale training set to produce efficient results.

The research gaps mentioned above are a beacon for proposing various salient ob-
ject detection models. The research gaps identified here are guided motivation for

complex salient object detection.

2.4 Dataset

The challenge of the salient object is rapidly increasing by proposing more and
more complex datasets. Initial datasets are mainly focused on single and large-sized
objects, then after various parameters, including variable-sized, diverse domains,
complex and cluttered background, and low depth, have been included. The study
of existing datasets has been studied into two domains: the first is an RGB or
2D dataset, and the second is a 3D or RGBD dataset. Various publicly available

datasets are used to evaluate the salient object detection algorithms.
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TABLE 2.4: RGB Dataset used in various saliency computations

SN. Dataset No. of Images | Year | Resolution | Obj./Sub. Domain
1. ASD [154] 1000 2009 | [400%300] 1/1. SOD

2. MSRA [35] 5K 2011 [400x300] 1/1. SOD

3. MSRA10K [154] 10K 2013 | [400%300] 1/1. SOD

3. THURI15K [154] 15k 2013 | [400%300] 1/1. SOD

4. | DUTOMRON [75] 5K 2013 | [400%400] 5/5. SOD

5. PASCAL-S [155] 850 2014 VAR 5/12. SOD

7. ImgSal. [156] 235 2013 | [640x480] 2/19. SOD

8. ECSSD [157] 1000 2013 | [400%300] 1/1. SOD

9. SOD1 [158] 100 2007 | [300%225] 1/3. SOD

10. SOD2 [158] 100 2007 | [300x225] 2/3. SOD

11. SOD [159] 300 2010 | [481x321] 3/7. SOD

12. CSSD [75] 200 2013 | [400x300] 1/1. Eye-Fixation
13. Infrared [160] 900 2011 | [1024x768] 5/2. Eye-Fixation
14. Bruce-A [161] 120 2013 | [681x511] 4/70. Eye-Fixation
15. Judd-A [161] 900 2014 | [1024x768] 5/2. Eye-Fixation

2.4.1 RGB(2D) Dataset

The 2D(RGB) dataset consists of RGB color images and annotated pixel-wise level
ground-truth images. RGB datasets are of two types. The eye fixation-based
datasets used for localization and salient object detection-based datasets contain
complete object and ground-truth maps. The salient object detection and fixation
prediction model used various datasets to validate their proposed algorithm. We
summarised the characteristics, resolution, size, and other information in Table 2.4
and visually shown in Fig. 2.5. However, the salient object detection-based datasets

used in this thesis are described here.

e Microsoft Research Asia (MSRA) Dataset [154]: It is the most widely

used dataset. It has 10000 images with a single salient object, mostly located
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FIGURE 2.5: A set of RGB(2D) Datasets.

in the center of the image. The background of the images is simple and clutter-
free. Researchers have also used subsets of this dataset with 5000 and 1000

images. They are called as MSRA-5k [151] and ASD [151], respectively.

Extended Complexr Scene Saliency Dataset (ECSSD) [157]: The
dataset has 1000 images with complex background. It includes multiple salient
object in complex background and some images come from the challenging

Berkeley-300 dataset
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¢ DUT-OMRON Image Dataset [75] : The dataset contains 5168 images
with a highly complex background. It is presently most challenging available
dataset with the objective of designing a dataset for evaluating the robustness

of salient object detection models.

e PASCAL-S Dataset [155]: The dataset has 850 images on eight subjects.

It contains confusing background and varying size salient object.

e Salient Objects Dataset (SOD) Dataset [159]: This dataset extracts
salient object boundaries from segmentation boundaries present in Berkeley
Segmentation Dataset (BSD). It has 300 images. And the two variations of
this dataset, SOD1,and SOD2 [158] of resolution 300 x 225 is used by some

researchers in their SOD tasks.

e THUR 15K Dataset [35]: The database contains five categories of images.
For each group, there are 3000 images. The salient regions are marked at the

pixel level.

e Judd Annotation (Judd-A) Dataset [161]: The dataset has 300 images

of outdoor and indoor scenes and is broadly used for eye-fixation evaluation.

e Bruce-Annotation (Bruce-A) Dataset [161]: This dataset contains 120

indoor and outdoor scenes for eye-tracking prediction.

e ImgSal Dataset [156]:This is class specific image dataset and has 6 classes:

(1) 50 images with large size salient object, (2) 80 images with intermediate

64



size salient object,(3) 60 images with small size salient object,(4) 15 images
with complex backgrounds,(5) 15 images with repeating tract, (6)15 images

with multiple salient objects.

These datasets are used in different contexts; some datasets have similar characteris-
tics, while others are used in eye-fixation prediction applications. The most preferred
datasets in salient object detection are MSRA, PASCAL, ECSSD, DUT-MORON,
and ImgSal. In this thesis, these datasets have been used, and one set of examples

is shown in Fig.2.5.

2.4.2 RGBD(3D) Dataset

The 3D salient object detection is formulated, executed, and validated on the RGBD
datasets and is currently in recent trends in visual saliency computations. There are
nine datasets have been designed from 2014 to till now. The RGBD-based salient
object detection has been summarized in Table 2.4 and visually shown in Fig.2.6.
These datasets have three components:(1) RGB image, (2) Depth image, and (3)
Ground truth image. The emergence of depth-sensing devices addresses various
issues of 2D saliency. The detailed attributes of these datasets are described in Table
2.5 and visually shown in Fig. 2.6. At the same time, the individual characteristics

of each dataset are described below.

e STERE Dataset [97]: This is the first stereoscopic RGBD dataset, designed

and annotated by three users. The authors initially collected 1,250 stereoscopic
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TABLE 2.5: RGBD Dataset for Salient Object Detection

S.Naq.Dataset] Year| Pub. Source/Type of Sen- | Size Objects| Resolution
sor
L. STERE | 2012 | CVPR | Internet /Stereo //cam- | 1000 One [251~1200)]
[97] era+sift flow// Left and [222~900]
Right depth view
2. GIT 2013 | BMVC | Multiple Home environ- | 80 | Multiple | [640~480)]
[162] ment/ Microsoft Kinect
3. DES 2014 | ICIMCS| Indoor /Microsoft Kinect | 135 | One [640~480)]
[43]
4. NLPR | 2014 | ECCV | Multiple Indoor/outdoor | 1000 Multiple | [640~480]
[98] Microsoft Kinect [480~640]
5. LFSD | 2014| CVPR | Indoor/outdoor Lytro Il- | 100 | One [360~360]
[100] lum camera
6. NJUD | 2014 | ICIP Movie/internet /photo 1985 One [231~1213]
[110] FujiW3 camera+optical [274~828]
flow
7. SSD 2017 | ICCVW| Movies/ Sun’s optical | 80 | Multiple | [960~1080]
[163] flow
8. DUT- | 2019 | ICCVW| Multiple Indoor/outdoor | 1200 Multiple | [400~600]
RGBD
[144]
9. SIP 2020 | TNNLS | Person in  the wild | 929 | One [992 ~744]
[130] /Huawei Matel0
10. | ReDWeh-2020 | ArXiv | Web stereo im- | 3179 Multiple | [640~480]
S [137] ages+flownet2.0-+post

processing

from various sources like Flickr, NVIDIA 3D Vision Live, and Stereoscopic

Image Gallery. The annotated dataset sorted and selected 1000 images on the

overlapping salient regions with a corresponding depth map and ground truth

pairs.

e GIT Dataset |

]: Tt is collected from a mobile-manipulator robot in a

real-world home environment. It consists of 80 RGB images and corresponding

depth, and ground truth images. However, this dataset is not utilized and is
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FIGURE 2.6: A set of RGBD(3D) Datasets.

less reported in the literature.

e NJUD Dataset [110]: This dataset was designed by a Fuji W3 stereo camera
and collected from the internet, 3D movies, and photographs. It was initially
designed with 1,985 stereo images; later, it was available in 2000 stereo image

pairs with corresponding depth and ground truth images.
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e NLPR Dataset [98]: It consists of 1,000 RGB images and their correspond-
ing ground truth and depth maps. It is also reported with the name RGBD-
1000 dataset in various papers. It is designed by a standard Microsoft Kinect,

which includes indoor and outdoor images.

e DES Dataset [43]: It consists of 135 indoor RGB-D stereo images. It is
designed by a Microsoft Kinect camera and annotated by three users. The
overlapping area based fine label ground truth map with the corresponding

depth map is produced.

e LFSD Dataset [100] :It consists of 40 outdoor and 60 indoor images. The
images were taken from a Lytro light field camera and annotated by three
users by manual segmentations. The annotation became ground truth when

the overlap of the three results was over 90

e SSD Dataset [163]:1t consists of 80 images with a resolution of 960 x 1080
and collected from three stereo movies and includes indoor and outdoor scenes.

This dataset is the most challenging dataset present now.

e DUT-RGBD [144]: Tt consists of 1200( 800 indoor and 400 outdoor scenes)
images with corresponding depth and ground-truth maps. It has 800 indoor
and 400 outdoor scenes with corresponding depth images. This dataset is de-
signed to overcome the challenges of complex and cluttered backgrounds by

including the following factors: i.e., multiple or transparent objects, complex
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backgrounds, similar foregrounds and backgrounds, and low-intensity environ-

ments.

SIP Dataset [130]: It consists of 929 annotated high-resolution images taken
by a smartphone, Huawei Matel0, focusing on multiple poses of persons in each
image. It is annotated with pixel-level ground truths and covers diverse scenes,

including various challenging factors.

ReDWeb-S Dataset [137]:1t consists of 3600 stereo images with very chal-
lenging and complex images with high-resolution ground truth and depth
maps. It is collected from many web stereo images. It is designed with the
Flownet2.0 algorithm followed by deep CNN to remove various noises and

produce improved depth maps.

2.5 Performance Evaluation Metrics

Salient object detection tasks are verified, validated, and evaluated using various

performance metrics. The evaluation aims to compute the similarities and dissim-

ilarities between computed saliency maps and corresponding ground truth. The

following metrics are used for the evaluation of proposed salient object detection

models:

e Receiver Operating Characteristic ( ROC-Curve): Graphical analysis

of false positive (FPR) versus true positive rates (TPR) can be computed using
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multiple fixed thresholds which changes from 0 to 255 and defined in Eq. 2.3

as follows:

| S N Bl
|Sim|

|Sin N B

TPR = —
Sy N By| + [Sin N Br|

,FPR = (2.3)

where S,,, B, Sy and B,, represent true salient points, true ground truth

points, false salient points and false ground truth points, respectively.

Area Under Curve (AUC): It is the area under the curve of Receiver

Operating Characteristics (ROC) Curve.

Precision-Recall Curve(PR-Curve) Precision and recall are widely used
performance measures. The Precision denotes the correct assignment of a
percentage of salient points, while recall denotes the detection of the percentage
of the salient pixels. For computation and evaluation of saliency map .5,,, and

corresponding binary mask B,,, the Precision and Recall is defined in Eq. 2.4

as:
. [Sm N Br [Sm 0 B
Precision = ——=——, Recall = ———— (2.4)
S| | B
Where |—| represents the intersection and positive entry between B, and S,,.

This is the most robust analysis to bipartite saliency S,,, by using multiple fixed
thresholds which changes from 0 to 255. Precision and Recall are computed
on each threshold and are combined to form a precision-recall (PR) curve. It

describes the various model performances.
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Mean Absolute Error(MAE) The mean absolute error(MAE) is calculated
between normalized (in the range [0, 1]) saliency map S,, and the ground-truth

binary mask B,, in Eq. 2.5 as follow:

F-Measure The representation of relevancy of parameters, precision and re-
call through weighted harmonic for overall performance measurement is com-

puted through F-Measure as in Eq. 2.6 follows:

(1 + %) x Precision x Recall
(B2 x Precision + Recall

F — Measure = (2.6)
For the uniform comparison for various salient object detection method, we
use 3% is =0.3, because same value is used in almost all salient computation
method. We use adaptive rather than fixed threshold for F-Measure, which is

two times of mean of saliency.

F-Score:1t is the harmonic mean of precision and recall in Eq. 2.7.

Precision x Recall
F1- =2 2.7
seore x Precision + Recall (2.7)

Area Under Curve (AUC): It is the area under the curve of Receiver

Operating Characteristics (ROC) Curve.
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e Intersection-over-union (IoU) score: It is defined as the ratio between
area of overlap and area of union between actual and predicted salient region.

It is defined in Eq. 2.8.

A f 1
Loy = Area of overlap

2.8
Area of union (28)
e S-Measure The recent evaluation metric, S-measure [161], computes the
structural similarity and dissimilarity. It computes region-aware S,., and
object-aware S,; structural similarity between computed saliency map and

ground truth map. This metric is defined in Eq. 2.9 as follows:

Smeasure = asobj + (]- - 05>Sreg (29)

where « € [0, 1] is set to 0.5.

e E-measure(E,) : E-measure is recently defined as an Enhanced alignment
measure, and the detailed definition and formulation are available here [165].
This measure is based on cognitive vision studies. It uses image-level statis-
tics(mean) and local level pixel matching information. To demonstrate a com-
prehensive evaluation, we use the mean value of E-measure. The bias matrix
is defined in Eq. 2.10 between Image / and global mean p to compute the

difference between local and global statistics.

72



The B matric is computed for saliency map(pg,,) and ground truth map(pg;).The
Hadamard product (®)between g, and pg; is computed to eliminate the lu-
minance effect and quantify the bias matrix similarity. It is defined an align-

ment matrix in Eq. 2.11 as follows:

_ 205m © pat
205m © ©sm + 29ct © Py

Qs (2.11)

The final E-measure is defined to measure pixel-level matching and image-level
statistics by using an enhanced alignment matrix ¢g,,. It is defined in Eq. 2.12

as follows:

w h
1
E— - (i 9212
measureg — ;;és (,7) (2.12)

Where ¢g,, is enhanced alignment matrix and defined as ¢g,, = f(asm), and

fa) = ((1+2)%)/4.

2.6 Conclusion

In this chapter, closely related, and outstanding state-of-the-art methods in 2D
and 3D, conventional and deep learning based salient object detection have been
studied and reviewed. It also explored the issues and challenges of these fields. The
benchmark databases on which the proposed models are evaluated are also described.
Finally, the metrics on which the performance of the proposed model is evaluated

are explained.
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