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Abstract

Visual saliency refers to an area of an image that attracts human attention. The Human Visual System (HVS) can focus on
specific parts of a scene, rather than the whole image. Visual attention describes a set of cognitive procedures that choose
important information and filter out unnecessary information from cluttered visual scenes. Images become a soul in computer
vision since it contains plenty of information and human beings receive 80% of information through vision. In processing the
whole image while only a certain part of an image is needed, more resources are consumed. Instead of processing the whole
pixels of an image, specifying only the needed pixel is computationally efficient to minimize the efforts. This is achieved by
using GAN with CHASPP module and EfficientNet-B7 which uniformly scales up all dimensions of the image (depth, width, and
resolution) is selected as feature extractor in this study which improves the way of extracting features in visual saliency
prediction. Different datasets like CAT2000, MIT1003, DUTOMRON, and PASCALS are used in this study to illustrate the
efficiency of the selected models and techniques. In this study, we developed effective visual saliency prediction using GAN with
CHASPP and other factors like edge loss and perceptual loss. CHASPP module scored the best result on the same datasets
measured by different evaluation metrics.
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1. Introduction

The role of human visual attention is crucial in visual sa-  the size of data processed by the human visual system, thereby

liency. The spatial placement of an image that attracts human
attention is referred to as visual saliency. To focus on a special
location instead of processing the entire image, we need to
move our eyes to a specific location [1, 2]. Sometimes, a
processing function needs to be applied only to a portion of an
image. The selective perception mechanism greatly reduces

enabling humans to suppress unimportant stimuli when pro-
cessing complex visual information. Visual attention de-
scribes a set of cognitive procedures that choose important
information and filter out unnecessary information from
cluttered visual scenes. Attention is important for anybody to
perceive anything at all [3]. Human performs different types
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of attention. The first, Focus Attention the ability to respond
discretely to specific visual, auditory, or tactile stimuli (e.g.,
reading the overlaid captions in a movie)[4]. Second, Sus-
tained Attention the ability to maintain a consistent behavioral
response during continuous and repetitive activity (e.g., stay
attentive during the movie). Third, Selective Attention is the
ability to selectively maintain the behavioral or cognitive
resource on specific stimuli while ignoring the distracting or
competing stimuli [5]. Forth, Alternating Attention the ability
to switch between multiple tasks with different demands. And
the last type of human attention that we emphasize in this
study is Divide Attention is the ability to respond simultane-
ously to multiple tasks with different tasks.

Generally, Human visual attention (HVA) runs on two ap-
proaches. The first is a bottom-up approach that focuses on
low-level features, like intensity, color, edge orientation, and
texture [6]. This strategy helps in the isolation of areas that
display basic environmental features. The second is a
task-driven top-down strategy that requires explicit awareness
of the visual scene’s context. Moreover, it is founded on the
qualities of the target object.

1.1. Generative Adversarial Network (GAN)

GAN is a generative model framework developed by lan
Good fellow in 2014 with two networks that compete with
each other [7]. The first one is called a generator which creates
real resemble data from the given input and random noise.
Another network known as a discriminator attempts to dis-
tinguish authentic data from data generated by the false gen-
erator network. To generate data, the generator must clearly
understand the real data’s pattern and create data very close to
the real. Since both networks are competing with each other,
one network improves itself based on the criticism from an-
other network. The generator synthesizes a batch of samples,
which are then given to the discriminator, along with real
instances from the domain, to be classified as real or false.
The discriminator is tweaked in the next round to improve its
capacity to distinguish between true and false samples, while
the generator is tweaked based on how well the generated
samples tricked the discriminator [8].
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Figure 1. Generative Adversarial Network Architecture.
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1.2. Cascaded Hierarchical Atrous Spatial
Pyramid Pooling (CHASPP)

ASPP is a module that can extract semantic information
from a variety of scenes. [4, 7] have proposed a CHASPP
module consisting of two cascaded components and each
component to densify the sampling distribution by utilizing
dilation with variable rates, two Atrous convolutions were
incorporated to create a hierarchical PP structure. The sig-
nificant benefit of CNN is that it could learn hierarchical
feature from the images automatically instead of handcrafted
feature extractions that allows us to use CHASPP. Since it is
composed of two series forms of ASPP, concatenation is
applied at the end. The first layer's output becomes the
second's input, and so on until the last layer.

2. Methodology

2.1. Data Preprocessing

Before starting training any deep learning model, the col-
lected raw data is converted to the format that fits the model.
Several strategies were employed to preprocess data to build a
better dataset.

2.1.1. Batch-normalization

The technique was just proposed a few years ago in 2015
[5, 6], but it has now become the most often used deep
learning model strategy. Normalization has a considerable
positive impact on the model's performance. Normalization
is scaling the data to be analyzed to a specific range such as
[-1.0, 1.0] to provide better results. This eliminates the
problems associated with floating point number precision.
Because the activations of one layer of a neural network
provide inputs to the next layer, normalizing them also help
the network learn the parameters in the next layer more
efficiently. As a result, by normalizing the activations of
each layer, the entire learning process can be simplified
[10].

_1ym
Hj = Li=1Xij

(1)

1 2
87 = —3 (xij — uy) 2)

2.1.2. Resize Image

Images in the dataset could be of various sizes. For instance,
some image has a size of 223>320 and others have 350>350
so this should be converted into the same size as the image. In
deep learning, image scaling is a crucial preprocessing step
that allows input data to be adjusted to the network’s size. To
save time, the input images are usually scaled to a low spatial
resolution [11, 19].
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2.2. Feature Extractions

Feature extraction is a mechanism that reduces the dimen-
sion without losing relevant information [11]. Processing raw
data is very expensive and challenging in terms of resource
consumption. The aim of extracting features is to get the finest
feature from the large dataset by selecting the most influential
feature [12]. These extracted features are easy to process and
they can represent the original data as it is without losing any
relevant information. Different researchers proposed several
deep CNN architectures for different purposes like Xception
[12], DenseNetl2l [13], and EfficientNet [11]. EfficientNet
outperforms other CNN architectures with fewer parameters
with improved accuracy. EfficientNet-B7 is employed as the
backbone in the feature extraction generator in this study to

increase network performance with low computational com-
plexity [11].

2.3. Proposed Architecture

The model architecture is developed by combining gener-
ative models specifically GAN by adopting SalGAN devel-
oped by Pana et.al [11] and the CHASPP module proposed by
[14] to obtain multiple-scale information distributed in dif-
ferent scopes. The architecture contains a module with many
convolutional layers at varying dilation rates to collect mul-
ti-scale features in series and form an encoder-decoder
structure. To predict the area of attention in an image accu-
rately, a different method is used in this architecture like
dilated convolution, the combination of ASPP module.

Generator
,

Skip Connection

1 @

conv. .~ conv

\ 2

m

a conv c0
o v v
o 3x3 X3
(3 conv conv.
w rate=g rate=g
v

woe L

£
rate=16 e

ST

Ground Truth data set

P

ﬁl__lll

Discriminator

D 64
128

lepooeq

Real

||

Output

ReLu

[ ] Dilation

[ Concatenetion |

Figure 2. Architecture for GAN with CHASPP.

2.4. Evaluation Metrics

In recent years, many articles have compared models that
predict human fixation using various criteria. Location-based
and distribution-based metrics are the two types of metrics
[15]. These groups of metrics are described as the following.

2.4.1. Location-based Metrics

Location-based metrics are not dependent on the distribu-
tion built Gaussian process, but consider the fixation locations
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as positive and negative [3]. Some of these metrics are:

A. Area under ROC Curve: evaluating saliency as a classi-
fier of fixation. It is the metrics used to measure the
performance of the saliency map by considering which
pixels are fixated or not at the various thresholds [10].
The saliency map is treated as binary classification un-
der Area under ROC and the curve is drawn out by
measuring TP and FP rates under each classifier.

. Normalized Scan Path Saliency (NSS): Measuring the
normalized saliency at fixation. It calculated the average
normalized fixated location correspondence between
ground truth and saliency map by involving the absolute
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saliency values as part of normalization [9]. NSS may be
calculated using a saliency map P and a binary map of
fixation locations Q2:

NSS(P, Q%) = %P, * Q® 3
Where
5 _ Pou(®)
N=YQF and P = 5(”13) 4)

2.4.2. Distribution Based Metrics

A distribution-based metrics deal with both ground truth
fixation maps and saliency maps as continuous distributions
[12, 13]. These metrics are:

A. Similarity (SIM): measuring the intersection between
distributions. It computes how two distributions are
similar and represent the result as a histogram [16]. That
is why it is called histogram intersection. The computa-
tion process is done by describing metrics as color-based
and content-based image matching. Given a saliency
map P and a continuous fixation map Q” can be cal-
culated as:

SIM(P,QP) = ¥; min(P,, QP) (5)

Where, ¥; P, =Y;0Q° =1 SIM =1 means the distribu-

tions are the same, while SIM = 0 describes no overlap.

B. Person’s Correlation Coefficient (CC): evaluating the
linear relationship between distributions. It is the most
commonly used measure to test if linear relation exists
between two scale variables and it is changing between
-1and +1. -1 means that there is a perfect negative linear
relationship, 0 shows no linear relationship and +1 de-
scribes the exact positive linear relationship. P and @D,
the saliency and fixation maps, can be interpreted as
random variables to assess the linear connection be-
tween them using CC as:

_ _s(re®)
CC(P, Q") = 3)-6(") (6)

Where, §(P,QP)is the covariance of P and QP, CC pe-

nalizes both false positives and negatives equally.

C. Kullback-Leibler divergence (KLD): probability inter-
polation is used in the process of evaluating saliency
with KLD. It allows us to measure how two distributions
are far apart. KLD is the dissimilarity metric that
measures the gap between two distributions that focuses
on how saliency prediction and ground truth are per-
formed as distribution. A saliency map P and a ground
truth fixation map QPcan be taken as input, and com-
putes the loss of information when P is used to guessQ?:

) @)

Dt (PIIQ) = % Qs1n (e +
Where Q target distribution, p is its approximation, | is each
pixel index and € is regularization constant.

2.4.3. Inception Score (IS)

The IS a metric for assessing the quality of image genera-
tive models automatically. It employs an Inception v3 Net-
work that has been pre-trained on ImageNet and computes a
statistic based on the network's outputs when applied to gen-
erated images [17] (Barratt & Sharma, 2018).

15(@) = exp (330 D (P (IHIPW)))  ®)

3. Results

VSP is a process of taking images as input and identifying
attention to that image. This research uses a unique training
experiment to improve the subjective and quantitative results
of comparing baselines on four independent datasets used to
train and evaluate the proposed model. These datasets are
CAT2000, MIT1003, DUTOMRON, and PASCAL-S [18].
After training the model, the result was tested for its ability to
predict the correct attention part of an image. To measure the
similarity between the result and the ground truth test set was
used. Table 5 shows the four conducted experiments. All four
experiments were conducted on the same hardware and
software, hyper parameters, and dataset configuration.

Table 1. Experimental Classes.

Notation Experiment Dataset Model
SalGAN +ASPP Initial work CAT2000,MIT1003,PASCAI-S, DUTOMRON VGG16
SalGAN +e Initial work with edge loss CAT2000,MIT1003,PASCAI-S, DUTOMRON EfficientNet-B7
SalGAN +CHASPP VSP with CHASPP CAT2000,MIT1003,PASCAI-S, DUTOMRON EfficientNet-B7
sal GAN+CHASPP+e VSP with CHASPP and edge loss CAT2000,MIT1003,PASCAI-S, DUTOMRON EfficientNet-B7
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The following tables summarize the result of experimented
class to show the factors affecting VSP by measuring the
difference between the ground truth and the predicted one.
These metrics and inception scores are computed by using

E VS N

A W

4,242

images from the dataset CAT2000, MIT1003,

DUTOMRON, and PASCAL_S test sets. The higher values of
AUC-J, SIM, AUC-B, sAUC, NSS, and the lower value of
KLD show that the prediction is closer to the ground truth.

Table 2. Comparison of the quantitative scores of several models on the CAT2000 dataset.

Experimental class

SalGAN+ASPP
SalGAN+e
SalGAN+CHASPP
SalGAN+CHASPP+e

Evaluation Metrics

AUC-J AUC_B
0.788 0.632
0.740 0.529
0.841 0.738
0.826 0.762

sAUC

0.713
0.632
0.713
0.728

SIM

0.502
0.468
0.615
0.603

Table 3. Comparison of the quantitative scores of several models on the MIT1003 dataset.

Experimental class

SalGAN+ASPP
SalGAN+e
SalGAN+CHASPP
SalGAN+CHASPP+e

Evaluation Metrics

AUC-J AUC B
0.789 0.672
0.775 0.618
0.806 0.730
0.834 0.731

SAUC

0.653
0.632
0.680
0.682

SIM

0.602
0.582
0.615
0.695

Table 4. Comparison of the quantitative scores of several models on the DUTOMRON dataset.

Experimental class

SalGAN+ASPP
SalGAN+e
SalGAN+CHASPP
SalGAN+CHASPP+e

Evaluation Metrics

AUC-J AUC_B
0.808 0.689
0.817 0.729
0.824 0.738
0.836 0.782

sAUC

0.713
0.762
0.773
0.788

SIM

0.582
0.608
0.615
0.623

Table 5. Comparison of the quantitative scores of several models on the PASCAL-S dataset.

Experimental class

SalGAN+ASPP
SalGAN+e

Evaluation Metrics

AUC-J AUC_B
0.764 0.699
0.752 0.689
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sAUC

0.743
0.738

SIM

0.682
0.668

NSS KLD
2.363 0.888
2.346 0.890
2.395 0.818
2.347 0.815
NSS KLD
2.563 0.839
2.546 0.867
2.675 0.818
2.617 0.809
NSS KLD
2.363 0.888
2.346 0.840
2.395 0.818
2.347 0.815
NSS KLD
2.563 0.863
2.486 0.880
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Evaluation Metrics

No Experimental class
AUC-J AUC_B
3 SalGAN+CHASPP 0.824 0.738
4 SalGAN+CHASPP+e 0.836 0.782
Table 6. Inception Score (IS) on CAT2000 Dataset.
no Experimental class model Inception
P Score (IS)
1 SalGAN-+ASPP VGGl6 3.365+0.04
2 SalGAN+e EfficientNet-B7  3.521+0.21
3 SalGAN+CHASPP EfficientNet-B7  3.748+0.03
4 SalGAN+CHASPP+e EfficientNet-B7  3.85+0.01
4. Discussion
The quantitative experimental result shows Sal-

GAN+CHASPP+e score best result as compared with another
three experimental classes on the four dataset. Since many

Input Image

SalGAN+CHASPP

'

Figure 3. Model comparison on MIT1003 dataset.
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sAUC SIM NSS KLD
0.783 0.695 2.695 0.802
0.786 0.703 2.704 0.815

datasets and evaluation metrics are used in these experiments
there may be variations in the obtained result on the different
datasets as the above table 2 through table 6 described. In
SalGAN +e, simply spatial pyramid pooling is substituted by
edge loss and perceptual loss (represented by e in this study)
function as one factor and it scores small results on three
datasets. This is because of the sparse distribution of infor-
mation in an image that is not discovered while searching for
an attention area at the time of training and focuses only on
low-level features. By increasing the number of sampling
ranges which helped the model understood the pattern of an
image. In SalGAN+CHASPP the result grows at a high rate
than SalGAN+ASPP and SalGAN+e in the experiments. This
magnifies the role of CHASPP in the process of identifying
and predicting the attractive part of an image in VSP. Lastly,
CHASPP, edge loss, and perceptual loss are combined with
CHASPP and improved the performances as well as revealed
the impacts of perceptual loss and edge loss in VVSP evaluated
through different evaluation metrics.

SalGAN+e

SalGAN+CHASPP+e

Ground Truth
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Figure 4. Sal GAN+CHASPP+e training loss.

Since only a static dataset is used in this study, we rec-
ommend using a dynamic dataset that makes visual saliency
prediction more applicable, and video saliency prediction is
not included in this study because of the tight schedule and
limitation of resources. To expand the application of visual
saliency prediction in a different sector, we recommend the
next researcher add video saliency prediction and activity
recognition.

5. Conclusion

The experiment demonstrated the architecture's logical
approach, which included the use of a mathematical expres-
sion to improve the prediction. As shown in the result, the
VSP result employing the SalGAN+CHASPP+e section had
improved visual saliency prediction and performance with
several evaluation metrics (KLD, CC, EMD, SIM, NSS, and
three variants of area under the ROC curve (AUC-Judd,
AUC-Borji, shuffled AUC)).

In total, four separate experiments were conducted in this
study for comparison. The first experiment looked at the
effect of ASPP with GAN to improve the identifying part of
image odd from its neighbor. The second experiment showed
the effect of adding the perceptual loss and edge loss function
to the model, which assisted us to get the correct location of
the attractive position of an image than the first experiment
because it adds stability to the generator's training.

The third experiment that substitutes ASPP with CHASPP,
obtains more semantic information distributed in a sparse
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location in the prediction of attention area. The other exper-
iment is the final proposed solution SalGAN+CHASPP+e
compared with the second and third experiment and improve
the problem of identifying the attention area of an image in the
three experimental classes. Merging the CHASPP module and
edge loss brings stability to the network throughout the entire
process of finding AA.

With the inclusion of different restrictions to the learning
function that it was trained on, the GAN-based VSP with
CHASPP has demonstrated significant gains. Finally, it's rea-
sonable to conclude that adding CHASPP, perceptual loss, and
edge loss to the predicting network would improve perfor-
mance since they allow the network to focus on more critical
futures, utilize the feature, and retain image information.

Abbreviations
AA Attention Area
ANN Atrtificial Neural Network

ASPP Atrous Spatial Pyramid Pooling

AUC Area Under Curve

BN Batch Normalization

CHASPP Cascaded Hierarchical Atrous Spatial Pyramid
Pooling

CNN Convolutional Neural Network

Ccv Computer Vision

DL Deep Learning

EL Edge Loss

EMD Emprical Mode Decomposition

GAN Generative Adversarial Network

GPU Graphical Processing Unit

HVS Human Visual Saliency

KLD Kullback Leibler Divergence

NSS Normalized Scanpath Saliency

PDF Probability Density Function

ROC Receiver Operator Characteristics

SIM Similarity or Histogram Intersection

VGG Visual Geometry Group

VS Visual Saliency

VSP Visual Saliency Prediction
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