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Abstract

Visual attention is an important mechanism in our human vision system, which

filters out redundant and unimportant visual information for selectively process-

ing the most salient or informative regions from the visual field. Visual saliency

computation is about understanding and simulating the behavior of this selective

attention mechanism in a visual scene. Computational models for visual saliency

can provide clues to where people will look in images, what objects are salient in

a scene, and how people will evaluate the perceptual quality of an image. Such

models can be applied to advance a wide range of visual-oriented applications in

image processing and computer vision areas. At present, recent advances in visual

saliency computation are mainly led by the progress in deep learning techniques

and many deep learning-based visual saliency approaches have emerged.

In this thesis, we study the problems of deep learning-based visual saliency compu-

tation, including saliency prediction and salient object detection (SOD). Besides,

saliency-guided image quality evaluation is also investigated to extend our work.

For saliency prediction, existing deep saliency models suffer from either huge com-

putation cost or limited performance gain. We propose an effective yet efficient

saliency model, named Dilated Inception Network (DINet), to characterize the di-

verse and effective saliency-influential factors at different receptive field sizes with

much smaller computation cost. Experimental results on the challenging saliency

prediction datasets demonstrate the outstanding performance of our model in terms

of both speed and accuracy.

For SOD, the saliency maps produced by previous works still suffer from incom-

plete predictions due to the internal complexity of salient objects. To alleviate

this problem, we propose a simple yet effective progressive self-guided loss function

(PSG loss) to create progressive and auxiliary training supervisions for step-wisely

guiding the training process. In our PSG loss, a simulated morphological closing

operation is applied to the network predictions to generate the needed progressive

xi
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supervisions epoch-wisely for characterizing the spatial dependencies of salient ob-

ject pixels. As a result, SOD models can be guided by these generated supervisions

to highlight more complete salient objects step-by-step for alleviating the problem

of incomplete predictions. Experimental results on six widely used SOD bench-

mark datasets show that our loss function not only advances the performance of

existing SOD models without architecture modification but also helps our proposed

framework to achieve state-of-the-art performance.

In the last work, we propose a novel saliency-guided deep neural network (SGDNet)

to incorporate learnable saliency information into image quality evaluation. This

model is the first attempt to jointly optimize the saliency prediction and quality

evaluation sub-tasks in an end-to-end multi-task learning framework. The learned

saliency information from the saliency prediction sub-task is transparent to the

quality evaluation sub-task by providing a kind of spatial attention priors for the

perceptually-consistent feature fusion. The effectiveness of the learned saliency in-

formation and the proposed multi-task framework are validated in the experiments.
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Chapter 1

Introduction

1.1 Background and Motivations

Visual attention mechanism refers to the ability of the human visual system (HVS)

to automatically select the most salient or informative regions from natural scenes

by filtering out redundant and unimportant visual information for further process-

ing. Around 108-109 bits per second of visual data enters into our eyes, as reported

in [13]. Without the help of this visual attention mechanism, the HVS is not able

to handle and process this large volume of data in real-time. Therefore, it is im-

portant to understand and simulate the behavior of visual attention to advance

a wide range of visual-oriented multimedia applications such as image retargeting

[14], image and video compression [15, 16], image quality assessment [17–19], video

summarization [20], virtual reality content design [21], and more. Motivated by

these perception-aware applications, some visual saliency models, which focus on

predicting human eye fixations [13], are firstly emerged and developed to facilitate

them. With the rising need for many object-level computer vision applications,

such as object detection and recognition [22–25], image editing and manipulating

[26, 27], visual tracking [28], and semantic segmentation [29], a new type of visual

saliency task is created by incorporating the high-level concept of salient objects

into the process of visual saliency computation [30]. Saliency models in this new

type aim to segment the entire salient foreground objects from the background [31].

Although both types of saliency models are expected to be applied interchange-

ably, their generated saliency maps are quite different [31]. In particular, fixation

1



2 1.1. Background and Motivations

(a) (b) (c)

Figure 1.1: Sample images and their ground truths for two different visual
saliency computation tasks. (a) Sample images. (b) The ground truths for eye
fixation prediction. (c) The ground truths for salient object detection.

prediction models usually generate sparse blob-like salient regions for reflecting the

fixation distribution, as shown in Fig. 1.1(b), while salient object detection models

often highlight smooth connected areas or binary masks for the salient objects, as

shown in Fig. 1.1(c). Such a difference demonstrates their different characteristics

due to the distinct purposes of visual saliency. Recent studies [32, 33] have ex-

plored the relationship between these two types of saliency maps. Saliency maps

generated by fixation prediction models are instinctive and more consistent with

the visual attention mechanism in natural scene free-viewing. They can be used

as a kind of low-level saliency priors to explicitly indicate the regions of interest

(ROIs) where may exist the salient objects.

The computational visual saliency models generally follow a two-stage processing

pipeline including feature extraction and saliency inference. Before the advent of

deep learning, classic saliency methods usually adopt multiple carefully designed

hand-crafted features and perform the saliency inference by fusing these features
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in a heuristic way [34]. Starting from the success of AlexNet [35] in the image clas-

sification competition [36], deep learning has progressively become the dominant

technique for computer vision as well as other applications. Not surprisingly, recent

advances in both visual saliency prediction and salient object detection are mainly

boosted by the progress in deep learning techniques. As a result, the top of various

benchmarking leaderboards in these two tasks are occupied by those deep learning-

based methods. Compared to conventional approaches, deep learning provides the

powerful capability of automatic feature extraction and aggregation from the la-

beled data and simplifies the processing pipeline by inferring the visual saliency

directly from the input image in an end-to-end manner. As such, it eliminates

the need for repeatedly designing and testing hand-crafted features, alleviates the

heavy dependency on domain knowledge, and hence has been adopted by many

researchers and engineers.

In this thesis, we study the problems of deep learning-based visual saliency com-

putation that range from low-level fixation prediction to high-level salient object

detection. Besides, saliency-guided image quality evaluation is also investigated as

it is a typical application of visual saliency. In the following, we will describe the

existing challenges and introduce our motivations for these problems.

For visual saliency prediction, although deep learning-based saliency models have

shown their superior performance towards the conventional methods, it can be

further improved by fully characterizing the multi-scale saliency-influential factors

[1, 37, 38]. Existing deep saliency models [38–40], which contain some powerful or

simple multi-scale feature extraction modules, usually suffer from either huge com-

putation cost or limited performance gain, respectively. To get rid of this awkward

situation, we propose a new multi-scale feature extraction module, dilated incep-

tion module (DIM), to capture more effective and diverse multi-scale contextual

features at a much lower computation cost. As such, a better trade-off between

the computation cost and performance gain can be achieved.

For salient object detection (SOD), most deep learning-based SOD models use the

binary cross-entropy (BCE) as their training loss. But BCE loss is a typical pixel-

wise loss function which only accounts for the pixel-wise difference between labels

and predictions, ignoring the spatial dependencies of salient object pixels. Models

trained with BCE loss usually have the problem of incomplete predictions, as shown

in Fig. 4.1, since every pixel is predicted individually. Therefore, a more suitable
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training loss is required. Several efforts [41–43] have been made in this direction.

However, their proposed losses are still not specifically designed for capturing the

spatial dependencies among salient pixels. From another perspective, one may

ask: “Can we obtain better performance even trained with the simple BCE loss?”

Compared with the efforts of designing more suitable loss, the investigations on the

training targets are seldom investigated. In this work, we propose to progressively

modify the training supervisions to create a progressive self-guided (PSG) loss for

characterizing the spatial dependencies of salient object pixels. As a result, SOD

models can be guided step-by-step by these progressive supervisions to highlight

more complete salient objects, even trained with the simple BCE loss.

For no-reference image quality assessment (NR-IQA), some recent deep learning-

based IQA methods [44, 45] seek to use a multi-task learning strategy for learning

a better feature representation by jointly optimizing two sub-networks for two

different sub-tasks. However, these methods usually use distortion identification as

the auxiliary sub-task, which cannot accurately identify the diverse and complex

mixtures of distortions that exist in the real-world images, for the primary quality

evaluation sub-task. To solve this limitation, we propose to use visual saliency

prediction to replace it as the auxiliary sub-task for providing more universal yet

closely related perceptual information in the quality evaluation sub-network. The

advantages of our approach are twofold: Firstly, visual saliency always exists when

viewing every image, regardless of its distortion type. As such, the inability of

existing methods on evaluating the qualities of authentically distorted images is

disappeared. Secondly, by incorporating learnable visual saliency information into

image quality evaluation via a multi-task learning framework, the visual importance

dependence is introduced into the deep IQA models as a kind of adaptive spatial

attention priors to further facilitate them. Besides, most of the existing methods

[44–47] suffer from the label noise problem caused by assigning the global quality

label for all the patches cropped from the same input image. We solve it by

implementing an image-based approach that evaluates image quality directly from

the whole input image instead of its local patches to avoid this potential problem.
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1.2 Objective and Scope

The objective of this thesis is to build new deep learning-based computational

models for visual saliency prediction and salient object detection, and explore the

application of the proposed saliency models in image quality assessment. In par-

ticular, we explore the following problems in this thesis:

� To achieve lower computation cost and larger performance gain in visual

saliency prediction.

� To alleviate the problem of incomplete predictions in existing salient object

detection methods.

� To address the visual importance dependence and label noise problems in

existing image quality assessment methods.

1.3 Summary of Contributions

Firstly, based on the analysis of the limitations of existing deep learning-based

visual saliency prediction methods, an effective yet efficient saliency model, named

Dilated Inception Network (DINet), is proposed to achieve a better trade-off be-

tween the computation cost and performance gain. This model is equipped with

our proposed dilated inception module (DIM) to characterize the diverse saliency-

influential factors at different receptive field sizes with a much smaller computation

cost. The scale diversity of the captured multi-scale contextual features is enriched

by introducing paralleled dilated convolutions with various dilation ratios in this

effective and lightweight DIM. In particular, a new visualization method specially

designed for DIM is proposed to verify its effectiveness. Besides, a set of linear

normalization-based probability distribution distance metrics are proposed as loss

functions to optimize our DINet. As such, the saliency prediction task is formu-

lated as a probability distribution prediction problem, consequently leading to an

extra performance gain. The performance of our DINet is evaluated on various

saliency prediction datasets. The peer comparison results indicate that our DINet

can achieve state-of-the-art performance in terms of both accuracy and speed.
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Secondly, to enhance the representation capacity of the CNN models to explicitly

learn the spatial dependencies within the entire salient objects without architec-

ture modification, a simple yet effective progressive self-guided loss function (PSG

loss) is proposed to guide the salient object detection (SOD) model to highlight

more complete salient objects step-by-step. The proposed PSG loss is the first

attempt to create progressive and auxiliary training supervisions for step-wisely

guiding the training process. In our PSG loss, an imitated morphological clos-

ing operation is applied to the network predictions to generate such progressive

training supervisions. As a result, the spatial dependencies of salient object pix-

els are characterized since these generated supervisions are progressively expanded

from their sources. A new multi-scale feature aggregation module, which is com-

posed of our DIM and a branch-wise attention mechanism, is proposed to build

our SOD framework for further improvement. Benefiting from this module, our

SOD framework takes full advantage of adaptive multi-scale feature aggregation

to locate and detect salient objects effectively. The performance of our proposed

SOD model is evaluated on six widely used SOD datasets. The peer comparison

results indicate that our model can achieve state-of-the-art performance with the

help of our proposed PSG loss. Meanwhile, PSG loss can be directly applied to

train other existing SOD models without architecture modification for alleviating

their incomplete prediction problem and thus advancing their performance.

Thirdly, to overcome the inability of existing multi-task CNN-based no-reference

image quality assessment (NR-IQA) methods on evaluating the perceptual quali-

ties of real-world images with authentic distortions, a saliency-guided deep neural

network (SGDNet) is proposed to jointly optimize two sub-tasks including visual

saliency prediction and image quality evaluation with a shared feature extractor.

Related works have reported that saliency information is highly correlated with

image quality while this property is fully utilized in our proposed SGNet by train-

ing the model with more informative labels including proxy saliency maps and

quality scores simultaneously. As such, more discriminant features can be learned

and more accurate mapping from feature representations to quality scores can be

established. Moreover, our SGDNet model is an image-based approach that gen-

erates feature maps from the whole input images instead of their local patches

to avoid the potential label noise problem. The performance of our SGNet is

evaluated on several publicly available IQA datasets. The peer comparison re-

sults indicate that our SGDNet can achieve state-of-the-art performance on both
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authentically and synthetically distorted IQA datasets. Meanwhile, the ablation

study shows that the quality evaluation performance is indeed boosted by incor-

porating saliency information and our multi-task learning framework can further

improve the performance due to its learned adaptive spatial attention priors for

better perceptually-consistent feature fusion.

1.4 Outline of the Thesis

The thesis consists of six chapters and each chapter is summarized as follows.

Chapter 1 gives a brief introduction to the background and motivations of this

thesis, and summarizes the objective and contributions. Chapter 2 reviews the

related works in the literature. Chapter 3 presents our first work which proposes a

dilated inception network (DINet) for visual saliency prediction. Chapter 4 focuses

on the second work which proposes a progressive self-guided loss (PSG loss) for

salient object detection. Chapter 5 describes a saliency-guided deep neural network

(SGDNet) for no-reference image quality assessment. The thesis is concluded in

Chapter 6 and the potential future work is discussed.





Chapter 2

Literature Review

In this chapter, we review the previous works that are related to the research

topics covered in this thesis. In Section 2.1, we review the saliency models for

visual saliency prediction. In Section 2.2, we present other saliency models for

salient object detection. In the last section, we discuss the no-reference image

quality assessment (NR-IQA) methods and explore the relationship between visual

saliency and NR-IQA. An overview of the related work and its relationship to our

research is depicted in Fig. 2.1.

Salient Object 
Detection

(Section 2.2)

Visual Saliency 
Computation and 
Quality Evaluation

Visual Saliency 
Prediction

(Section 2.1)

PSG Loss
(Chapter 4)

DINet
(Chapter 3)

Image Quality 
Assessment 
(Section 2.3)

SGDNet
(Chapter 5)

Figure 2.1: An overview of the related work and its relationship to our research.
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2.1 Visual Saliency Prediction

Visual saliency prediction, also known as eye fixation prediction, aims to compute

a saliency map that topographically represents humans’ attentional priority when

they freely view a given image [48]. In this section, we first review the classic

saliency prediction methods. Then, we present recent advances in saliency predic-

tion by utilizing some emerging deep learning techniques. Finally, we summarize

the existing deep saliency models with multi-scale feature extraction modules for

showing our motivation for this task.

2.1.1 Visual Saliency Prediction Methods before the ad-

vent of Deep Learning

The classic saliency prediction methods can be roughly classified into three typical

categories: i) biologically plausible saliency methods; ii) spectral analysis-based

saliency methods; and iii) machine learning-based saliency methods.

2.1.1.1 Biologically Plausible Saliency Methods

Most of classic saliency prediction models [49–51] are biologically plausible. They

mainly extract multiple low-level hand-crafted features, such as intensity, color,

and so on, and fuse these features in a heuristic way.

One of the seminal works in visual saliency was proposed by Itti et al. [49]. In

their framework, the feature maps are obtained by calculating multi-scale center-

surround differences for color, intensity, and orientation. The final saliency map is

achieved by fusing these feature maps via a linear combination. Later, Harel et al.

proposed a Graph-Based Visual Saliency (GBVS) model in [50]. They follow Itti’s

approach to extract feature maps. Then, a fully connected graph is built for cov-

ering all grid locations of each feature map. In these graphs, weights between two

nodes are assigned proportionally to their feature similarity and spatial distance

for measuring their visual closeness. The resulting graphs are treated as Markov

chains and their equilibrium distribution is further normalized and combined into

the final saliency maps.
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Some of the biologically plausible saliency models are based on the assumption that

the salient regions of a scene should be its most informative parts. In [52, 53], they

introduced a saliency model based on this assumption, which uses Shannon’s self-

information measure for calculating the visual saliency of image regions. Hou and

Zhang [54] proposed an approach based on incremental coding length to measure

the entropy gain of each feature. The final saliency map is obtained by maximizing

these entropy gain.

According to the widely-used MIT saliency benchmark dataset [12], the current

best saliency prediction model without using CNNs is the Boolean Map Saliency

(BMS) model, proposed by Zhang and Sclaroff [51]. In their BMS model, an input

image is encoded by a set of binary images, i.e. the Boolean maps. The boolean

map is generated by randomly thresholding the image’s color channels in Lab color

space. The surroundedness cue is explored by analyzing the topological structure

of Boolean maps. Their underlying idea is that surrounded regions are more likely

to be perceived as foregrounds. Compared to other biologically plausible models,

BMS is superior in terms of both speed and accuracy.

2.1.1.2 Spectral Analysis-based Saliency Methods

Instead of investigating visual saliency in the spatial domain, models in this cate-

gory infer saliency in the frequency domain.

In [55], Hou and Zhang introduced a spectral residual saliency model based on the

idea that similarities imply redundancies. The spectral residual of an input image

is obtained by the difference between its log amplitude spectrum in the Fourier

domain and the averaged spectrum, which is approximated by convolving its log

spectrum with a local average filter. After Inverse Fourier Transform (IFT), the

final saliency map in the spatial domain can be obtained. However, in [56], Guo

et al. pointed out that the saliency map obtained in the above method can be

directly obtained by Phase spectrum of Fourier Transform (PFT) regardless of the

amplitude spectrum value. Base on this finding, they introduced a PFT approach

to generate the saliency map. In [57], it was argued that these spectral analysis-

based methods are equivalent to a local gradient operator followed by Gaussian

blurring, and thus cannot detect large salient regions very well. They proposed a

saliency method based on spectral scale-space analysis to overcome this limitation.
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2.1.1.3 Machine Learning-based Saliency Methods

Most existing saliency models use a set of biologically plausible linear filters for

feature extraction. However, these approaches require many manually-designed

parameters [58–60]. Therefore, some saliency models with free parameters or non-

parametric are proposed by employing machine learning.

In [58], Kienzle et al. used a support vector machine (SVM) to learn a saliency

model from human eye-tracking data directly. Judd et al. [4] proposed a set of

low, mid and high-level image features used to define salient locations and use a

linear SVM to train a saliency model. In [61], Shen et al. described a three-layer

of sparse coding network for predicting visual saliency. They claimed that high-

level concepts such as faces and texts were learned in the last layer and mid-level

features like junctions, textures, and parallelism could be obtained in its second

layer.

Deep learning-based methods can be also classified into this category. We notice

that the study of saliency prediction has greatly developed with the advent of

convolutional neural networks (CNNs). At present, CNN-based saliency models

have defeated the classical saliency models in all saliency prediction benchmarks.

Moreover, the limitation of the aforementioned machine learning-based approaches

is that they are largely dependent on their pre-defined or pre-learned features. In

contrast to them, deep learning-based approaches can learn diverse and comprehen-

sive saliency-influential features directly from the larger-scale datasets. Therefore,

the deep learning-based saliency methods are presented in an individual subsection.

2.1.2 Deep Learning-based Visual Saliency Prediction Meth-

ods

Nowadays, the advances in deep learning have already boosted the progress in

saliency prediction. To the best of our knowledge, the first attempt to use CNNs

to predict visual saliency was introduced by Vig et al. [62]. Their model consists

of three individual and different shallow networks (from one layer to three layers)

for feature extraction. The final saliency map is obtained by feeding these feature

maps into a trained linear SVM. However, this model is inferior to some classic

biologically plausible saliency models such as GBVS [50] and BMS [51] models, due
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to the limited depth of their networks. After that, researchers seek to use deeper

models (e.g. AlexNet [35] in [63, 64], VGGNet [65] in [38, 39], and ResNet [66]

in [40, 67]) as the backbone network and utilize the fully convolutional network

(FCN) [68] framework for fully leveraging the powerful capabilities of deep CNN

(DCNN) models in contextual feature extraction.

The DeepGaze models [63, 69] showed that the deep features from the ImageNet

[36] pre-trained VGGNet can be directly used to predict visual saliency without

fine-tuning. But other works supported that fine-tuning the pre-trained backbone

network can obtain a better performance. In [64], Huang et al. proposed a SAL-

ICON model that uses a shared backbone network applied at two different image

scales for incorporating the multi-scale features. Besides, they used some saliency

evaluation metrics as their loss functions. Pan et al. [70] proposed a saliency

model by using Generative Adversarial Network (GAN). In their model, a gen-

erator and a discriminator are working together for producing the saliency map.

In [39], Kruthiventi et al. introduced an FCN-based saliency model that uses the

inception module [1] to capture the multi-scale features. Wang et al. [38] proposed

a skip-layer-based saliency model with an encoder-decoder architecture. Three dif-

ferent decoders are built by feeding the features from the top of three different

convolutional blocks in the encoder network for multi-level predictions. In [40],

Liu et al. used a spatial contextual LSTM and two different backbone networks

for incorporating both global and scene contexts. Cornia et al. [67] proposed to

use an attentive convolutional LSTM for iteratively refining the predicted saliency

maps. Besides, a linear combination of three different saliency evaluation metrics

is adopted as the overall loss function for further improvement.

Currently, DCNN models utilize some down-sampling operations (e.g. max pool-

ing and convolutions with strides) to reduce the computation cost and enlarge the

receptive fields of their subsequent layers. For simplification, we denote the ratio

of the input image spatial resolution to the output resolution of DCNN by out-

put stride. The more usage of down-sampling operations, the higher output stride.

However, DCNN with a higher output stride also means its feature maps in the

top layers have a relatively smaller spatial resolution. Such limited spatial in-

formation may not support effective dense saliency prediction [40, 67]. A naive

approach, presented in [71, 72], to increase the spatial resolution in top layers is

directly removing some down-sampling operations in their models. But this simple
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approach will unavoidably reduce the receptive field sizes of the subsequent layers.

Because the size of the receptive field affects the amount of contextual information

for the final saliency inference, such a reduction in receptive field size is subop-

timal. Therefore, a trade-off between the spatial resolution of feature maps and

the computation cost should be guaranteed while maintaining suitable receptive

field sizes. Several powerful deep saliency prediction models [39, 40, 67] adopt di-

lated convolutions [2, 73, 74] to increase the receptive field sizes of the top layers,

while compensating for the reduction in receptive field size induced by removing

down-sampling operations.

Previous studies [38, 39] demonstrated that multi-scale contextual features are

essential to the visual saliency prediction. The reason for this conclusion is that

visual information is processed at various scales by human eyes [1, 37]. Table 2.1

provides a comparison of recent deep saliency models and our proposed model–

DINet, which will be presented in Chapter 3. The models with multi-scale inputs

will integrate multi-scale contextual features while some models with single input

still can capture these due to their adopted multi-scale feature extraction modules,

as discussed in the next section.

Most of the existing DCNN-based saliency models directly some the typical pixel-

wise classification or regression loss functions. In [75], Jetley et al. proposed to use

loss functions based on probability distribution (PD) distances with softmax nor-

malization for training saliency models. Their experimental results demonstrated

the improvement by considering saliency maps as probability distributions.

Regarding the center-bias phenomenon, some of the deep saliency models learn the

center-bias explicitly by their carefully designed modules, such as the location bi-

ased convolutional layers in [39]. However, with the help of the large-scale saliency

dataset–SALICON [3], DCNN-based saliency models can learn this bias implicitly

and solely from the training data [75, 76].

2.1.3 Multi-Scale Feature Extraction Architectures in Vi-

sual Saliency Prediction

In Fig. 2.2, we summarize the existing deep architectures aiming at capturing

multi-scale contextual features in saliency prediction. These models can be roughly
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Inception Module

input

output

(c) Inception-based Network

Same spatial 

resolution

input

output

(b) Skip-layer Network

2× up

4× up

input (scale 1)

output

input (scale 2)

(a) Image Pyramid Network

Figure 2.2: Illustrations of existing deep learning architectures to capture
multi-scale information in saliency prediction.

classified into three categories: i) image pyramid network; ii) skip-layer network;

and iii) inception-based network.

2.1.3.1 Image Pyramid Network

The most straightforward way to learn multi-scale feature representations can be

found in [64, 77]. Their idea is to apply duplicate or multiple feature extractor

networks with the multi-scale inputs, as shown in Fig. 2.2(a). The output fea-

tures from different network streams are merged and fed into the following decoder

network for the saliency inference. Such an image pyramid network (IPN) ar-

chitecture with multi-scale inputs indeed can capture the multi-scale contextual

features. Nevertheless, training and testing these models are not efficient in both

computation cost and memory usage due to their multiple feature extractors.

2.1.3.2 Skip-layer Network

Due to the down-sampling operations in the common backbone networks, the fea-

tures obtained from the different layers of the backbone network will have dif-

ferent spatial resolutions and characteristics due to the different receptive fields

[78]. Based on this principle, architectures with skip-layers have been proposed in

[38, 63, 71]. Skip-layer network captures multi-scale contextual features by concate-

nating the outputs of different layers with increasingly larger receptive fields and

output stride, as illustrated in Fig. 2.2(b). More importantly, the skip-layer net-

work can efficiently utilize intermediate features while the conventional approach
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only utilizes the top-most features. Despite the high efficiency, the main problem in

the skip-layer network is that spatial information gradually reduced in the higher

layers due to the usage of down-sampling operations. Direct up-sampling and con-

catenating these feature maps from different layers without feature adaptation will

bring uncertainty and ambiguity into the saliency inference, consequently leading

to a limited performance gain.

2.1.3.3 Inception-based Network

As demonstrated in Fig. 2.2(c), inception-based network [39] avoid the above

problem by utilizing the dilated convolutions and removing some down-sampling

operations in the backbone network. Therefore, the top-most features still have

sufficient spatial information to support the dense prediction. Inception modules,

proposed in the well-known GoogleNet [1], are attached to the top of the backbone

network to capture multi-scale contextual features. The main idea of the incep-

tion module is to use convolutions with multiple kernel sizes. As such, the local

contextual information in different receptive fields can be extracted. In general,

using the inception module can help the saliency model to obtain larger perfor-

mance gain than the skip-layer network and much smaller computation cost than

the IPN-based models. However, the original inception module is still not very

economic in both computation and optimization.

Our work, which will be presented in Chapter 3, is based on this type of network.

In particular, we revise the original inception module to have a more powerful

multi-scale feature extraction capacity in a computationally-friendly manner, as

will be discussed in Section 3.2.3. In addition to the GoogleNet [1], our dilated

inception module also takes the advantage of the atrous spatial pyramid pooling

(ASPP) module in the DeepLab model [2] for semantic segmentation. We apply

those parallel dilated convolutional layers to form our dilated inception module

and thus obtain state-of-the-art saliency prediction performance in terms of both

speed and accuracy.
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2.2 Salient Object Detection

Salient object detection (SOD) aims to segment the entire salient foreground ob-

jects from the background [31]. The saliency maps generated by SOD models

and the results produced by fixation prediction models are quite different. In this

section, we first briefly review the classic SOD methods. Then, we focus on investi-

gating the CNN-based SOD models. In particular, those deep models with feature

aggregation modules are presented. Finally, the loss functions in CNN-based SOD

models are discussed. The main differences between our work in Chapter 4 and

other existing works are shown in this subsection.

2.2.1 Classic SOD Models

The study of saliency detection also starts with Itti’s model [49]. At this early stage,

the saliency models for fixation prediction are interchangeably used in saliency

detection. Until [30], Liu et al. firstly formulated saliency detection or SOD as an

image segmentation problem. Research has shown that SOD, which emphasizes

the object-level integrity of saliency detection results, is more useful and suitable

for a wide range of object-level computer vision applications. After that, numerous

saliency models, especially for SOD, are emerged in the past two decades.

Classic SOD models mainly rely on hand-crafted features and heuristic cues to

detect salient objects. Some typical works are as follows. In Liu’s work [30], they

proposed to use a set of low-level hand-crafted features including multi-scale con-

trast, center-surround histogram, and color spatial distribution to describe a salient

object locally, regionally, and globally. A Conditional Random Field (CRF) was

applied to combine these features effectively for SOD. Goferman et al. [79] used

a patch-based approach to incorporate the global context for detecting the salient

regions. In [80], Wang et al. estimated local saliency by leveraging a dictionary

learned from other images, and global saliency by using a dictionary learned from

other patches of the same image. Cheng et al. [81] proposed a region contrast-

based method which measures global contrast differences and spatial coherence

simultaneously. In [82], Jiang et al. utilized the difference between the regional
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color histogram and object-level shape prior to measuring saliency. Later, they fur-

ther proposed a multi-scale regional features-based approach in [83] for integrating

three different regional features together to obtain the final saliency map.

Besides, several extrinsic cues can be utilized in saliency models as supporting

information to assist the detection of salient objects. As a result, these extrinsic

cues, such as depth cues, temporal relationships, or inter-image correspondence,

are available to extend image saliency detection to RGBD saliency detection, video

saliency detection, or co-saliency detection. A detailed survey of these extended

saliency detection tasks is discussed in [84].

2.2.2 CNN-based SOD Models

Unlike the majority of classic SOD methods based on some heuristic cues, CNN-

based approaches are recently adopted by many researchers due to their powerful

automatic feature extraction capability and end-to-end characteristic. Moreover,

the advances in deep learning techniques have substantially boosted the progress in

CNN-based SOD models. According to a recent survey [85], the CNN-based SOD

models can be roughly classified into two main categories: Multi-layer Perceptron

(MLP)-based methods and Fully Convolutional Network (FCN)-based methods.

Some typical methods of these two categories are as follows.

2.2.2.1 MLP-based Methods

Early CNN-based SOD models attempt to search for salient objects by extracting

features from the local image patches or superpixels and performing the saliency

inference by an MLP-classifier.

In [86], Li et al. proposed to extract multi-scale CNN feature vectors from three

nested windows with an ImageNet pre-trained deep neural network. An MLP is

trained on the top to regress these concatenated multi-scale CNN features into the

region-level saliency. In their model, an input image is decomposed into a set of

non-overlapping regions. The final saliency map of this input image is fused by

multiple region-level saliency maps from the MLP classifier. Zhao et al. [87] used a

deep model with two branches to extract local and global context separately from

two superpixel-centered windows of different sizes. By using two individual MLPs,
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it can output local and global saliency detection results. The final saliency maps

are obtained by fusing these two results via a fully-connected layer in the local

branch. In [88], He et al. extracted two hand-crafted feature sequences, including

color uniqueness sequence and color distribution sequence, as the input features for

each multi-scale superpixel. These hand-crafted features are further processed by

two different CNNs and inferred together by multiplication to produce the binary

saliency scores. The final saliency map is obtained by weighted summing these

inferred saliency scores of all the scales.

However, due to the usage of MLP-classifier, these MLP-based methods suffer

from the loss of spatial information, which unavoidably results in some coarse and

imprecise saliency maps. Moreover, they are also time-consuming as they need to

process all of the local image regions one by one.

2.2.2.2 FCN-based methods

Lately, with the advent of the fully convolutional network (FCN) [68], the latest

SOD models adopt this FCN framework and directly process the whole input image

to overcome the aforementioned drawbacks in MLP-based methods. A summary of

the recent FCN-based SOD models is listed in Table 2.2. Here, we first present some

typical works in this table. Then, those FCN-based models with feature aggregation

modules, which are mostly related to our work in Chapter 4, are discussed in the

latter part.

In [89], Liu et al. used an FCN-based backbone network to get a coarse global

prediction for each image. These coarse predictions, which are integrated with

local context information, are hierarchically and progressively refined by using

recurrent convolutional layers. Li et al. [91] proposed to combine a pixel-wise

prediction from a multi-scale FCN sub-network and a superpixel-wise prediction

from a modified MLP-based sub-network with the shared feature extractor [86].

In [95], Tang et al. proposed a similar approach to combine pixel-level saliency

prediction and superpixel-level saliency estimation with multiple CNNs. Liu et

al. [104] proposed to hierarchically embed global and local pixel-wise contextual

attention modules in a U-Net [108] framework.

Besides, some of the methods adopt the multi-task learning framework into SOD

for further improvement. In [92], Kruthiventi et al. proposed a unified FCN-based
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model for predicting eye fixations and segmenting salient objects. The first branch

learns to infer visual saliency from the top-most features, while the SOD branch

aggregates multi-level features to detect salient objects. Wang et al. [32] followed

this idea and utilized a hierarchy of convolutional LSTMs to iteratively infer the

salient object segmentation. More importantly, the learned fixation map is used

for guiding accurate object-level saliency estimation in a top-down way. In [85],

they further proposed to use salient edge detection, instead of fixation prediction,

as the auxiliary task for the SOD. The edge detection module can provide explicit

edge information, which can be used to locate salient objects and sharpen their

boundaries.

The existing works which are most relevant to our work are the FCN-based models

with feature aggregation modules. At present, many works [106, 108, 109] have

shown that aggregating multi-level and multi-scale features into the saliency in-

ference can further improve the performance of their methods. As such, various

feature aggregation approaches to achieve this goal have emerged.

In [100], Wang et al. proposed a multi-stage saliency model for progressively refin-

ing the coarser saliency maps obtained at the early stages. The pyramid pooling

module is adopted to exploit global context information for feature aggregation.

Zhang et al. [97] aggregated multi-level convolutional features into multiple resolu-

tions by their proposed resolution-based feature combination modules for simulta-

neously incorporating coarse semantics and fine details. These multiple aggregated

features are further fused and refined in a top-down manner with deep supervi-

sion. In [99], Hou et al. introduced a series of short connections to their skip-layer

architectures for fusing the multi-level features extracted from FCN. Luo et al.

[98] proposed to use a multi-resolution grid structure to combine local contrast

and global information. In [105], Zhang et al. proposed an FCN-based saliency

model with multi-path recurrent connections and two attention mechanisms for

selectively integrating contextual information from multi-level features to generate

powerful attentive features. Liu et al. [5] designed a pooling-based feature aggre-

gation module to fuse and refine the multi-level features in a top-down manner.

We observe that most of them directly fused features with different levels by sim-

ply using upsampling followed by sum or concatenation operations. However, as

pointed by [106], some low-level features may contribute less to the performance of
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feature aggregation methods. Such directly fusing may degrade the discrimination

ability of the aggregated features.

To address the above problem, we propose to use a branch-wise attention mech-

anism (BAM) combined with the modified dilated inception module (DIM) [8] to

form our multi-scale feature aggregation module (MS-FAM) [107] for highlighting

the discriminative features and suppressing those features which may confuse the

later saliency inference in an adaptive manner.

2.2.3 Loss Functions in SOD

Most SOD methods use binary cross-entropy (BCE) as their training loss. But

BCE loss is a typical pixel-wise loss function which only accounts for the pixel-wise

difference between labels and predictions. As a result, it does not consider the

spatial relationship of label distribution and equally weights both the foreground

and background pixels. There are two main drawbacks in training SOD models with

BCE loss: Firstly, the foreground pixels are accumulated within the salient objects

which have some clear boundaries away from the background. BCE cannot help

SOD models to uncover this relationship and hence leads to blurry boundaries and

some miss-detected regions within the complete salient objects. Secondly, SOD is a

class-imbalanced task, as evidenced by the fact that the number of salient pixels is

much smaller than the non-salient ones in a labeled saliency map. Models trained

with BCE or other similar pixel-wise losses would have biased prior due to the

biased label distribution and tend to predict unknown pixels as the background,

consequently leading to some incomplete predictions. Some of the recent works

[6, 99, 106] applied the deep supervision by utilizing the ground truth saliency

maps to guide the intermediate predictions with multiple BCE Losses. But the

performance gain of this technique is not obvious as there is lacking guidance

towards characterizing the spatial dependencies.

There are several attempts to alleviate these drawbacks. One possible way is to

seek some more suitable losses in training SOD. In [41], Zhao et al. proposed to

directly maximize the F-measure for SOD. Since F-measure is a widely adopted

evaluation metric in SOD, models trained with their F-measure loss can achieve

better performance and easily adjust the compromise between precision and recall

by changing the β2 factor in this loss. Qin et al. [43] proposed a hybrid loss,
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which is fused by the BCE, SSIM, and IoU losses. Equipped with this hybrid

loss, their SOD models can be able to capture both large-scale and fine structures.

However, most of these alternative losses are not specifically designed for capturing

the structure difference and modeling spatial dependency.

Another way is to introduce multi-task learning loss into SOD, as presented in the

last section. Recent works [5, 43, 85] usually take the edge detection task, instead

of fixation prediction, as an auxiliary task for the SOD. They have shown that

the edge information can be leveraged for locating salient objects and sharpening

their boundaries. However, these methods need to build an additional sub-network

for predicting fixations or detecting the edges which unavoidably increase their

inference time for detecting salient objects.

Our proposed progressive self-guided loss [107] is quite different from the above

approaches. Instead of exploring new losses or introducing multi-task learning

techniques, we address the above-mentioned limitations from a novel perspective

by providing a series of new progressive and auxiliary training supervisions. These

newly training targets are generated from the network predictions but with slightly

better shapes. More importantly, they are not fixed and progressively optimized in

a region growing manner for guiding the SOD models to uncover the spatial depen-

dencies. As such, the SOD model trained with our PSG loss can be progressively

guided to highlight the entire salient objects without architecture modification.

2.3 Image Quality Assessment

Image quality assessment (IQA) aims to evaluate the perceptual quality of a digital

image in a manner that is consistent with human subjective opinions. According to

the accessibility of the pristine reference images, IQA models can be classified into

full-reference (FR) [110–113], reduced-reference (RR) [114–116], and no-reference

(NR) [18, 117–120] three types. Among them, NR-IQA has a broad range of

application scenarios since reference images are not accessible in most practical

applications. In this section, we review some typical NR-IQA methods and discuss

the relationship between visual saliency and NR-IQA. Our work in Chapter 5 is

the first attempt to put saliency prediction and quality evaluation together via a

multi-task learning framework.
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2.3.1 NR-IQA Methods

According to the type of extracted features, NR-IQA methods can be roughly

classified into three groups: Natural Scene Statistics (NSS)-based methods, fea-

ture learning-based methods, and CNN-based methods. NSS-based approaches

are based on the assumption that distortion-free natural images have inherent sta-

tistical regularities and the presence of distortions in natural images will change

such regularities. Complex statistical models for wavelet coefficients [121] or dis-

crete cosine transform coefficients [122] or locally normalized luminance coefficients

[123] were developed for NSS modeling to extract quality-aware features. However,

the NSS-based NR-IQA methods heavily depend on the domain knowledge on NSS

modeling which is too complex to achieve a sufficient understanding.

Different from those NSS-based NR-IQA methods, the quality-aware features are

automatically learned from data in the feature learning-based NR-IQA methods.

According to the utilization of quality information in the feature learning process,

the existing feature learning-based NR-IQA methods can be classified into unsu-

pervised and supervised feature learning schemes. In CORNIA [124] and HOSA

[118], a codebook pre-learned in an unsupervised manner (i.e., K-means cluster-

ing) was used for feature encoding to generate quality-aware features directly from

local normalized image patches. In MSDD [18], multi-stage discriminative dictio-

naries pre-learned in a quality supervised manner were used for feature encoding

to generate quality-aware features. Experimental results have demonstrated the

unique advantages of the feature learning-based NR-IQA methods as compared

to the previous approaches using hand-crafted NSS features. However, with the

advent of deep CNN, there’s no doubt that these feature learning-based methods

were surpassed by the deep CNN-based solutions for NR-IQA.

Kang et al. [46] firstly implemented a shallow CNN model to extract features on

small image patches for NR-IQA. The final quality score of an input image was

computed by averaging the predictions of all patches cropped from it. However, this

method and its successors suffer from the label noise problem caused by assigning

the global quality label for all the patches cropped from the same input image.

To partially represent the region-wise perceptual quality variation, Kim and Lee

[125] proposed to use one of the classical FR-IQA methods to generate local quality

scores for image patches as the local ground truth targets. However, such a strategy
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Figure 2.3: An illustration of our multi-task learning framework.

is not applicable to the real-world authentically distorted images which usually do

not have the corresponding reference versions.

To learn a better feature representation, recent CNN-based NR-IQA methods pro-

posed to adopt the multi-task learning framework. Kang et al. [44] further ex-

tended their work [46] to estimate image quality and distortion type simultaneously

via a classic multi-task CNN. Although these two sub-tasks are jointly optimized,

there is no interaction between these two sub-tasks in their designed network.

To address this problem, Ma et al. [45] proposed a new multi-task deep CNN

model for NR-IQA. In their model, the quality evaluation sub-task depends on

the outputs of the distortion identification sub-task. As such, the distortion type

information is transparent to the primary quality evaluation sub-network for bet-

ter quality evaluation. Our model also follows this pipeline where two sub-tasks

are jointly optimized and have certain dependencies on each other. The main dif-

ference between ours and Ma’s method is that we adopt saliency prediction to

replace their distortion identification as the complementary sub-task for providing

more universal yet closely related perceptual information to support the primary

quality evaluation sub-task. More importantly, the inability of existing multi-task

CNN-based NR-IQA methods on evaluating the qualities of authentically distorted

images is overcome by using our approach. A simple illustration of our proposed

multi-task learning framework is depicted in Fig. 2.3.

2.3.2 Visual Saliency for NR-IQA

It is known that visual attention for different regions in an image is non-uniform

and people tend to focus on visually salient areas while assessing image quality



Chapter 2. Literature Review 27

[17, 113, 126, 127]. The relevance between visual saliency and IQA has been val-

idated by some subjective psychophysical studies [128–130]. Alers et al. [128]

conducted a series of eye-tracking and quality evaluation experiments to explore

their relationship. The subjects in this study were firstly required to label the

qualities of the images with different levels of distortion. With the help of the

eye-tracker, the eye-tracking data of these subjects were also recorded during the

labeling stage. The regions in these images can be classified as the regions of in-

terest (ROI) or background according to the eye-tracking data. After that, a new

set of images with the same original content, but with a different level of quality

for the ROI and background are created for the next round of labeling. Their re-

sults showed that the quality of the manipulated images mainly dependent on the

quality of their ROI. It can demonstrate that the visual distortions that happened

in salient regions are more visually unpleasant than those in non-salient regions.

In [129, 130], Zhang et al. found that the occurrence of distortion in an image

tends to deviate fixation deployment and the extent of distortion determines the

amount of saliency deviation. As a result, visual saliency is also affected by visual

distortions.

Due to the above relevance, the local visual importance measure has been con-

sidered in some NR-IQA methods to capture such spatial attention variations for

better quality evaluation [127, 131–133]. Liu et al. [131] used the ground truth eye-

tracking data as the weighting information in classic IQA metrics. A large amount

of performance gain was achieved by adding such additional saliency information

in them. Zhang et al. [132] utilized the classical visual saliency models to obtain

the local weights (i.e., saliency map) of an image. These local weights were inte-

grated into one of the existing traditional IQA metrics to assess the quality of this

image via the obtained weighted local quality map. By selecting an appropriate

saliency model, these saliency-guided IQA metrics can outperform their original

version significantly. However, even the saliency-guided versions of these classic

NR-IQA methods were still not comparable with those aforementioned CNN-based

approaches.

Most of the CNN-based NR-IQA methods, which are trained on local image patches,

simply assign the subjective quality score of an image to all the local patches

cropped from it as their local quality label for training their networks. Although
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this patch-based training strategy can provide enough training samples for train-

ing a deep NR-IQA model compared to the image-based one, it is still problematic

because the local perceptual quality is not well-defined and not always consistent

with the global quality score [45]. For this consideration, VIDGIQA [127] and

WaDIQaM-NR [133] are proposed to train the deep IQA models by jointly learn-

ing the local visual importance and quality score of each local patch. The learned

local importances are used as the weights for the quality scores of local patches

to estimate the final global quality by weighted averaging. However, these two

local immediate regression targets are jointly optimized only with the single global

quality scores as supervision. We argue that their newly introduced local visual

importance weights are still not well-defined, as evidenced by there are no direct

supervisions for training these local immediate components.

Unlike the above-discussed methods, our SGDNet model is an image-based ap-

proach that generates feature maps from the whole input images instead of their

local patches to avoid the potential problem of label noises. More importantly, we

utilize the proxy saliency maps produced by a teacher saliency model–our DINet

[8], which are trained on the large-scale saliency prediction dataset–SALICON [3],

to serve as the direct supervisions. Therefore, the shortage of training data is

partially alleviated by introducing such more informative labels in the multi-task

learning framework.



Chapter 3

Dilated Inception Network for

Visual Saliency Prediction

3.1 Introduction

Visual saliency prediction1, also known as eye fixation prediction, aims to compute

a saliency map that topographically represents humans’ attentional priority when

they view a given image [48]. Predicting human eye fixations is important to un-

derstand and simulate the behavior of visual attention for advancing a wide range

of visual-oriented multimedia applications such as image retrieval [134], image re-

targeting [14], video summarization [20], image and video compression [15, 16],

visual quality assessment [17–19], virtual reality content design [21], and more.

Most of classic saliency prediction models [49–51] are biologically plausible. They

mainly adopt multiple low-level hand-crafted features, such as intensity, color,

and so on, and combine these features in a heuristic way (e.g. multi-scale center-

surround contrast [49], graph-based random walk [50], etc.). However, these low-

level hand-crafted features and their heuristic combinations are insufficient to rep-

resent the wide variety of factors that contribute to visual saliency [39, 40, 67].

With the advent of Deep Convolutional Neural Network (DCNN), the feature ex-

traction and combination pipeline could be simplified in an end-to-end manner and

a data-driven automatic feature learning is also available. At present, DCNN-based

1The work in this chapter has been published in [8].

29
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saliency models have outperformed the classical saliency prediction models in all

challenging saliency prediction benchmark datasets [3, 4, 10]. Within these DCNN-

based models, the use of multi-scale contextual features [38–40, 72], which aims to

characterize the diverse saliency-influential factors at different receptive field sizes,

make them outstanding. However, these deep saliency models suffer from the huge

computation cost problem caused by fully exploiting the comprehensive feature

representations.

In this work, we propose a DCNN architecture called Dilated Inception Network

(DINet) for visual saliency prediction. To fully exploit the multi-scale contextual

features, an efficient yet effective dilated inception module (DIM) is implemented.

The original inception module [1] utilizes multiple convolutional layers with dif-

ferent kernel sizes to serve as multi-scale feature extractors with various receptive

fields. In contrast, our DIM uses parallel dilated convolutions with different dilation

rates [2] to capture more comprehensive and effective multi-scale contextual fea-

tures with much less computation cost. Our DINet is built by an encoder-decoder

framework where the encoder consists of the DCNN-based backbone network and

our DIM and the decoder network for final saliency inference is a simple fully

convolutional network.

A recent study [75] shows that training a DCNN-based saliency model with their

proposed softmax normalization-based probability distribution (PD) distance met-

rics results in superior performance compared to using commonly-used pixel-wise

regression loss functions. Instead, we further propose a set of linear normalization-

based PD distance metrics as the new learning objectives to outperform both of

them. An extra performance gain is achieved by providing an additional linear reg-

ularization to formulate the saliency prediction task as a PD prediction problem.

The performance of our DINet is evaluated on various saliency prediction bench-

mark datasets. The peer comparison results indicate that our DINet can achieve

state-of-the-art performance in terms of both accuracy and speed. The source

codes of DINet and its pre-trained model are publicly available2.

In summary, the contributions of this work are threefold:

� We propose an efficient and effective dilated inception module (DIM) to cap-

ture the multi-scale contextual features. The scale diversity is enriched by

2https://github.com/ysyscool/DINet
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introducing paralleled dilated convolutions with various dilation ratios at

lower computation cost. In particular, the effectiveness of this DIM can be

further verified by our proposed visualization method and model ablation

analysis.

� A set of linear normalization-based probability distribution distance metrics

are proposed as loss functions to optimize our DINet. An additional linear

regularization is introduced by them, consequently leading to a promising

performance gain.

� The computation cost is further reduced by replacing the deconvolutional

layers with a fully convolutional decoder network. As a result, the whole

model is efficient to achieve real-time performance.

3.2 Dilated Inception Network

In this section, we present the architecture of our DCNN-based saliency prediction

model–DINet (Dilated Inception Network). The whole model is depicted in Fig.3.1.

Our model starts from the Dilated Residual Network (DRN) [74] which is the pri-

mary feature extractor to extract dense feature maps with relatively larger spatial

resolution. Our proposed dilated inception module is attached to the top of the

DRN for capturing the multi-scale features. A simple yet effective decoder network

is employed at the end for saliency inference. Furthermore, since the saliency map

can be viewed as a probability distribution (PD) of human fixations, we propose

a set of linear normalization-based PD distance metrics for training our DINet to

better measure the gaps between our saliency predictions and ground truths.

3.2.1 Dilated Convolution and Dilated Residual Network

3.2.1.1 Dilated Convolution

The main idea of dilated convolution is to insert holes (zeros) in the normal con-

volutional kernels to increase its receptive field with the same computation and

memory cost. Since dilated convolutions are widely used in our model as the core

technique, we simply revisit its concept and properties here.
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Figure 3.1: Architecture of our proposed DINet model for visual saliency pre-
diction.



Chapter 3. DINet 33

In general, for each spatial location i, dilated convolution is defined as:

y[i] =
∑
l

x[i+ r · l]w[l], (3.1)

where y[i] and x[i] denote the output and input on location i, respectively. w is

the convolutional filter and r is the dilation rate to sample the input. Dilated con-

volution is implemented by inserting r − 1 zeros between two consecutive spatial

positions in the original filter w along each spatial dimension. For a k × k con-

volutional kernel, the actual kernel size of a dilated convolution is kd × kd, where

kd = k + (k − 1) · (r − 1). It should be noted that dilated convolution still only

has k × k non-zero kernel parameters. As a result, the standard convolution can

be viewed as a special case of dilated convolution with r = 1. A visual comparison

between the standard convolution and dilated convolution is illustrated in Fig. 3.2.

A dilated 3×3 convolutional kernel with r = 2 sample the feature maps like a 5×5

standard convolutional kernel, which means the receptive fields of the outputs after

these two kernels are roughly the same. With this observation, we can arbitrarily

change the field-of-view (FOV) of dilated convolutional kernels via choosing differ-

ent dilation rates under the same number of parameters. By incorporating dilated

convolutions into the encoder network, the dilated encoder network is capable of

preserving the spatial resolution and compensate for the reduction of receptive

field caused by removing some down-sampling operations in the original encoder

network.

3.2.1.2 Dilated Residual Network

VGG-16 and ResNet-50 are two commonly used backbone networks for saliency

prediction. Besides, both of these two backbone networks have the corresponding

dilated versions. Thanks to the residual learning introduced by He et al. in [66],

ResNet can be trained very deeply for more comprehensive feature extraction.

Existing works also support that (dilated/plain) ResNet-50 based saliency models

perform better than those based on (dilated/plain) VGG-16. In this work, we

directly employ ResNet-50 as our backbone network.

ResNet-50 network has five blocks of convolutional layers. The output stride of the

plain ResNet-50 is 32 which will lead to some ambiguities in dense predictions due

to the huge loss of spatial information. In the dilated ResNet-50 [40, 67], to obtain
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(a) Standard 3×3 Convolution (b) Dilated 3×3 Convolution (rate = 2)

Input OutputKernelInput OutputKernel Input OutputKernelInput OutputKernel

Figure 3.2: A visual comparison between standard convolution (a) and dilated
convolution (b). The blue regions in the inputs can be viewed as the receptive
fields of the pixels in the outputs.

a relatively larger spatial resolution with an affordable computation cost increase,

the configuration of its first three convolutional blocks are kept fixed while the

last two blocks, Conv4 and Conv5, are modified by removing the down-sampling

operations and replacing some of the standard convolutions inside these blocks by

dilated convolutions with dilation rate of 2 and 4, respectively. As a result, the

output stride of dilated ResNet-50 is 8 which results in a good compromise between

the spatial resolution and computation cost.

3.2.2 Decoder Network

In our encoder-decoder framework, the role of the above-mentioned dilated residual

network (DRN) is a basic encoder network. To perform the complete saliency infer-

ence, a decoder network is needed to generate the saliency map from the encoded

features in this DRN. The conventional decoder network is built by stacking decon-

volutional layers which can also help in up-sampling the coarse feature maps into

dense ones. However, up-sampling these coarse feature maps by deconvolutions

inevitably need longer inference time and also bring some non-smoothing patterns

inside them [135]. Thanks to the DRN, the encoded feature maps in our framework

have relatively denser spatial information. As a result, the deconvolutional layers

are not adopted in our decoder network.
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Instead, our designed decoder network is much simpler since it only consists of three

stacked standard convolutional layers with one bilinear up-sampling operation in

the end. The number of convolutional layers is determined by our experiments in

Section 3.3.6.2. In our decoder, the first two layers have 256 3 × 3 convolutional

kernels with the ReLU activation. The last convolutional layer is the prediction

layer, which has only one 3 × 3 convolutional kernel with the sigmoid activation

to generate the down-sampled version of the saliency map. The sigmoid activation

function is used to rescale the outputs of our saliency model into the target value

range. A bilinear up-sampling operation is applied at the end of our model to

generate saliency maps with their original resolutions.

The baseline model for this work is the combination of the DRN and this decoder

network. To further reduce the number of parameters in this baseline model, a

2048× 1× 1× 256 convolutional layer is inserted between them. To our surprise,

the performance of our baseline model has no visible change with such modification.

For constructing our DINet, we replace this newly inserted layer with the proposed

dilated inception module, as presented in the next section.

3.2.3 Dilated Inception Module

The proposed module is derived from the inception module which intends to cap-

ture the multi-scale contextual information from the inputs [1]. The principal idea

of the original inception module is to utilize multiple convolutional layers with

different kernel sizes for working as a multi-scale feature extractor to extract con-

textual features at various receptive field sizes, as shown in Fig. 3.3(a). Unlike the

well-known GoogLeNet [1] which is built by stacking several customized inception

modules with carefully designed topologies, the proposed inception module works

as a single plug-in module in our work to diversify the receptive fields of those

encoded features from the output of DRN.

For simplification, the filter numbers in our inception modules are all fixed to

256. By inserting the original inception module between the DRN and decoder

network, the performance of our new model is improved obviously with acceptable

extra parameters and computations. However, we find that the branch of 1 × 1

convolutional block has a limited influence on final results. Besides, we replace the

max-pooling branch by one 7× 7 convolutional layer after one 1× 1 convolutional



36 3.2. Dilated Inception Network

(c) Basic Dilated Inception Module

Previous layer

Filter 

concatenation

Conv 1×1 Conv 1×1 Conv 1×1

Conv 3×3

(rate = 1)

Conv 3×3

(rate = 3)

Conv 3×3

(rate = 2)

(c) Basic Dilated Inception Module

Previous layer

Filter 

concatenation

Conv 1×1 Conv 1×1 Conv 1×1

Conv 3×3

(rate = 1)

Conv 3×3

(rate = 3)

Conv 3×3

(rate = 2)

(b) Modified Inception Module

Previous layer

Filter 

concatenation

1x1 

Convolutions

1x1 

Convolutions

1x1 

Convolutions
Conv 3×3

Conv 1×1

Conv 5×5

Conv 1×1 Conv 1×1

Conv 7×7 

(b) Modified Inception Module

Previous layer

Filter 

concatenation

1x1 

Convolutions

1x1 

Convolutions

1x1 

Convolutions
Conv 3×3

Conv 1×1

Conv 5×5

Conv 1×1 Conv 1×1

Conv 7×7 

Conv 1×1

Max pooling 3×3

Previous layer

Filter 

concatenation

1x1 

Convolutions

1x1 

Convolutions
Conv 1×1Conv 3×3

Conv 1×1

Conv 5×5

Conv 1×1

(a) Original Inception Module

Conv 1×1

Max pooling 3×3

Previous layer

Filter 

concatenation

1x1 

Convolutions

1x1 

Convolutions
Conv 1×1Conv 3×3

Conv 1×1

Conv 5×5

Conv 1×1

(a) Original Inception Module

(d) Dilated Inception Module-LargerFOV

Previous layer

Filter 

concatenation

Conv 1×1 Conv 1×1 Conv 1×1

Conv 3×3

(rate = α)

Conv 3×3

(rate = γ)

Conv 3×3

(rate = β)

(d) Dilated Inception Module-LargerFOV

Previous layer

Filter 

concatenation

Conv 1×1 Conv 1×1 Conv 1×1

Conv 3×3

(rate = α)

Conv 3×3

(rate = γ)

Conv 3×3

(rate = β)

Previous layer

Conv 3×3

(rate = α) 

Conv 3×3

 (rate = β)

Conv 3×3

 (rate = γ)

Conv 1×1

Sum-fusion

Last layer

(e) Proposed Dilated Inception Module

Previous layer

Conv 3×3

(rate = α) 

Conv 3×3

 (rate = β)

Conv 3×3

 (rate = γ)

Conv 1×1

Sum-fusion

Last layer

(e) Proposed Dilated Inception Module

Conv 3×3

 (rate = δ )

Conv 1×1

Conv 1×1

Previous layer

Conv 3×3

 (rate = β)

Conv 3×3

 (rate = γ)

Sum-fusion

Final result

(f) DeepLab-ASPP Module

Conv 3×3

(rate = α) 

Conv 1×1

Conv 1×1

Conv 1×1

Conv 1×1

Conv 1×1

Conv 1×1
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our final proposed dilated inception module (DIM). Module (f) is the DeepLab-
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dimensionality reduction.
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layer to only investigate the convolutional layers within the inception module, as

shown in Fig. 3.3(b). With the help of the 7× 7 convolutional block, the modified

inception module can extract more diverse and wider field-of-view (FOV) features.

To compare the computation cost intuitively, the number of the parameters of a

256×1×1×256 convolutional layer (without bias term) is denoted as W . Therefore,

7 × 7 convolutional layer in inception module (b) has 72W = 49W parameters to

be determined, which is much larger than 5× 5 convolution with 25W parameters

and 3× 3 convolution with only 9W parameters. The total number of parameters

in the modified inception model needs an additional 32W parameter compared to

the original inception model, which results in larger computation cost and longer

inference time.

Dilated convolutions, as introduced in Section 3.2.1, can be used to replace the

standard convolutions with large kernel sizes under the same receptive field, as

shown in Fig. 3.3(c). 7 × 7 and 5 × 5 convolutions in the modified inception

module can be replaced by 3 × 3 dilated convolutions with a dilation rate of 3

and 2, respectively. By adopting this replacement, this basic dilated inception

module (DIM) can perform similar or even better results as the modified inception

module with (72 + 52 − 2× 32)W = 56W parameters less. It is worth noting that

dilated convolutions in DRN are used in a cascaded way to preserve the spatial

resolution and compensate for the reduction in receptive fields. While in DIM,

dilated convolutions are used in a parallel way to enhance the encoded features

with diverse and comprehensive FOVs.

Besides, the dilation rates of these three parallel dilated convolutions can be ar-

bitrarily changed, as denoted by [α, β, γ]. In our experiments, we empirically set

[α, β, γ] = [4, 8, 16] which has an obvious improvement from the basic dilated or

original inception module. This DIM with larger FOV is depicted in Fig. 3.3(d).

We further reduce the computational complexity of our model by building a bot-

tleneck type of DIM, as shown in Fig. 3.3(e). On the one hand, we use one

single 1× 1 convolutional layer in the top to replace the existing individual ones in

the different branches for dimensionality reduction. On the other hand, the filter

concatenation is replaced by sum-fusion (element-wise addition) which can also

help in dimensionality reduction and efficient computation. As a result, this final

DIM only needs an additional 27W parameters compared to the baseline model.

Furthermore, with the help of this computationally-friendly module, our proposed
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DINet can reach more than 50 FPS inference time for processing the input images

of size 240× 320.

In the literature, the atrous spatial pyramid pooling (ASPP) module [2] also utilizes

parallel dilated convolutions for learning multi-scale feature representations, as

shown in Fig. 3.3(f). In this module, the features extracted at different dilation

rates are further processed in separate branches and sum-fused to generate the

final results. In contrast, our DIM is just a single plug-in module and its outputs

are still features, rather than the final results. Since these two modules share the

same idea of using the parallel dilated convolutions, it is also reasonable to use the

ASPP module to replace our DIM and its followed decoder network for saliency

prediction. Directly insert this ASPP module on the top of DRN cannot guarantee

that every pixel in the final results is in the range of [0,1]. We add an extra linear

scaling operation after sum-fusion to solve this. ASPP module has two variants:

ASPP-S and ASPP-L. The only difference between these two variants is the setting

of dilation rates. ASPP-S has smaller dilation rates ([α, β, γ, θ] = [2, 4, 8, 12]) while

ASPP-L has larger rates ([6, 12, 18, 24]). The information of these two ASPP-based

saliency models is reported in the last two rows in Table 3.1. As observed from this

table, with the help of huge extra parameters, the model (DRN + ASPP-S) can

obtain similar performance to our DINet. Compared to the ASPP module, our DIM

only need one simple decoder network to generate the saliency predictions since

we have the sum-fusion before the decoder rather than after it. Another reason

for longer inference time in the ASPP-based model is that our DIM performs the

1 × 1 convolution before the dilated convolutions for dimension reduction while

ASPP directly uses dilated convolutions to process these features from DRN. In

particular, the difference between the dilated convolutions part of ASPP and our

DIM in #parameters is 8× 32 × 4 = 288W versus 8 + 32 × 3 = 35W .

Besides, we also investigate other existing multi-scale context feature extraction

frameworks, such as image pyramid network (IPN) with shared backbone network

and skip-layer network, into our baseline model. The overall comparison among

these models are listed in Table 3.1. The extra params (%) term indicates the

percentage of the number of additional parameters involved when using this model

compared to the baseline model. The best validation loss term means that the

smallest loss results of the models evaluated on SALICON validation dataset [3].
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The loss function used here is the linear normalization-based total variation dis-

tance, as discussed in the next section. The detailed evaluation results correspond-

ing to these loss values are reported in Table 3.4. The average inference time term

is the average time of these models for predicting 5,000 validation images with 5

repeats under the same experimental conditions. Among these models in Table 3.1,

our DINet achieves a relatively good trade-off between the validation performance

and inference speed.

3.2.4 Loss Function

Most saliency models directly predict saliency maps via optimizing loss functions

designed for pixel-wise regression/classification. However, the saliency map can

be viewed as a probability distribution (PD) of human fixations over the whole

image [75]. Pixel-wise prediction, where each pixel is predicted individually, may

suffer from the global inconsistency problem as it ignores the spatial relationship

between the pixels. Therefore, it is reasonable to use off-the-shelf PD distance

metrics as loss functions for training deep saliency models. To convert the pre-

dicted saliency maps and their corresponding ground truths into the probability

distributions, a normalization method should be applied first. Here, we improve

the existing method [75] by replacing their softmax normalization with a simple

linear regularization.

Base on the validation experiments in Section 3.3.4, the total variation distance is

selected as the final PD loss function for training our DINet. Besides, the unnor-

malized version of total variation distance is the `1-norm loss which is a typical

regression loss. Due to these two factors, we use this loss function as an example

to illustrate the differences between our proposed linear normalization-based loss

function and the existing two types. The total variation distance or `1-norm can

be broadly formulated by the following equation:

L(p,g) =
∑
i

|pi − gi|, (3.2)

where p is the predicted result and g is the ground truth. The definitions of these

two terms are different in each loss function, as listed in the following:
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In `1-norm (unnormalized loss function),

pi = xpi , gi = xgi . (3.3)

In softmax normalization-based loss function,

pi =
exp(xpi )∑N
i=1 exp(x

p
i )
, gi =

exp(xgi )∑N
i=1 exp(x

g
i )
. (3.4)

In our linear normalization-based loss function,

pi =
xpi∑N
i=1 x

p
i

, gi =
xgi∑N
i=1 x

g
i

, (3.5)

where x = (x1, ..., xi, ..., xN) is the set of raw saliency response values for either

the predicted saliency map (xp) and the ground truth saliency map (xg).

The experimental results in Section 3.3.4 illustrate that our proposed linear normalization-

based loss functions perform better than both softmax normalization-based and

unnormalized ones. According to the following theorem, for an array whose val-

ues range from 0 to 1, the softmax will de-emphasize the maximum values among

them while the linear normalization still maintains their initial proportion. Since

the ground truth saliency map is an array xg ∈ [0, 1]N , the existing loss functions

coupled with softmax normalization cannot accurately measure the gaps between

the predicted probability distribution and its corresponding ground truth.

Theorem. Given an array x ∈ [0, 1]N , using Equation (3.4) and Equation (3.5)

to normalize this array separately, denote the range of the elements of this two

normalized arrays as [as, bs] and [al, bl], respectively. Then, we have:

[as, bs] ⊂ [al, bl].

Proof. It is obvious that both these normalization functions are monotonic increas-

ing functions. We also note that x ∈ [0, 1]N . So, we get the minimum normalized

response when xi = 0 and get the maximum when xi = 1. Considering that we

have as = exp(0)∑
i exp(xi)

= 1∑
i e

xi
> 0 = 0∑

i xi
= al. Now we only need to prove bl ≥ bs.
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In fact, we have:

bl − bs =
1∑
i xi
− e∑

i e
xi

=

∑
i(e

xi − exi)∑
i xi

∑
i e
xi
.

Recall that xi ∈ [0, 1], it is easy to prove that exi − exi ≥ 0 for every xi ∈ [0, 1]. So

we have bl ≥ bs.

3.3 Experiments

In this section, we apply the proposed DINet for visual saliency prediction and

report its experimental results on several public saliency prediction benchmark

datasets. The effectiveness and efficiency of our method are validated qualitatively

and quantitatively.

3.3.1 Saliency Prediction Benchmark Datasets

For evaluating the saliency prediction model, three popular saliency prediction

benchmark datasets are adopted. The detailed information of these saliency bench-

mark datasets are presented as follows:

� SALICON [3] contains 10,000 training images, 5,000 validation images, and

5,000 test images, taken from the Microsoft COCO dataset [136]. The spatial

resolution of each image in this dataset is 480 × 640. At present, it is the

largest public dataset for visual saliency prediction. The ground truths of

training and validation datasets are available while the ground truths for the

test images are held out. For evaluation on its test dataset, researchers need

to submit their results on the SALICON challenge website3. Besides, the

evaluation protocols and codes are available in the website4.

� MIT1003 [4] consits of 1,003 images collected from the Internet. The ground

truths for this dataset are created from eye-tracking data of 15 users. The

3https://competitions.codalab.org/competitions/3791
4https://github.com/NUS-VIP/salicon-evaluation
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evaluation codes for this dataset are available in the MIT Saliency Benchmark

website5.

� MIT300 [10] contains 300 images, including both indoor and outdoor sce-

narios. The ground truths for this entire dataset are held out. Researchers

can only submit the results of their models to the MIT Saliency Benchmark

website5 for evaluation. Currently, the MIT1003 dataset is usually viewd as

the training and validation sets for this dataset.

3.3.2 Evaluation Metrics for Saliency Prediction

There are many evaluation metrics to measure the agreement between model pre-

dictions and human eye fixations. Following existing works [137, 138], we conduct

our quantitative experiments by adopting four widely used saliency evaluation met-

rics, including AUC (Area Under the ROC curve), sAUC (shuffled AUC), NSS

(Normalized Scanpath Saliency), and CC (Linear Correlation Coefficient). For the

sake of simplification, we denote the predicted saliency map as P, the ground truth

saliency map as G, and the ground truth fixation map as Q. G is obtained by using

a Gaussian blur to process Q. The information of these four evaluation metrics is

listed in Table 3.2 according to their characteristics.

� AUC and sAUC: AUC evaluates the binary classification performance of

the predicted saliency map P, where fixation and non-fixation points in its

corresponding Q are divided into the positive set and negative set, respec-

tively. By using a specific threshold, P can be classified into the salient

and non-salient regions. The ROC curve is obtained by varying this thresh-

old from 0 to 1. Finally, the AUC metric can be calculated by using this

ROC curve. Shuffled AUC (sAUC) is introduced to alleviate the influence of

center-bias. Differ in AUC, the fixation points of other images in this dataset

is used as the negative set in computing sAUC values. However, these two

AUC-based metrics have a limitation in penalizing false positives, as reported

in [39, 40, 67].

� NSS is a specific value-based saliency evaluation metric. This metric is

computed by taking the mean of P̄ at the human eye fixations Q:

5http://saliency.mit.edu/
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Table 3.2: Summary of saliency evaluation metrics

Metrics Category Ground Truth

AUC (area under the ROC curve) Location-based Fixation Map (Q)
sAUC (shuffled AUC) Location-based Fixation Map (Q)
NSS (Normalized Scanpath Saliency) Value-based Fixation Map (Q)
CC (Linear Correlation Coefficient) Distribution-based Saliency Map (G)

NSS =
1

N

N∑
i=1

P̄ (i)×Q(i), (3.6)

where N is the total number of human eye fixations, P̄ is the unit normalized

saliency map P .

� CC is a statistical metric for measuring the linear correlation between two

random variables. For saliency prediction evaluation, the predicted saliency

maps (P) and ground truth density maps (G) are treated as two random

variables. Then, CC is calculated by the following equation:

CC =
cov(P,G)

σ(P )× σ(G)
, (3.7)

where cov( · , · ) and σ( · ) refer to the covariance and standard deviation,

respectively.

3.3.3 Implementation Details

Our model is implemented by using Keras [139]. During training, the weights in

Dilated ResNet-50 (DRN) are initialized from the ImageNet-pretrained ResNet-50

model. The weights of the remaining layers are initialized by the default setting

of Keras. The whole model is trained with widely used Adam optimizer [140] with

an initial learning rate of 10−4. This learning rate will be scaled down by a factor

of 0.1 after every two epochs. A mini-batch of 10 images is used in each iteration.

Our DINet is trained with 10,000 training images from the training dataset of

SALICON [3]. The validation part of SALICON is used to validate our model.

For the MIT1003 dataset [4], we directly use the model trained on the SALICON

dataset to evaluate the generalization performance of our model on this dataset.
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For testing on the MIT300 dataset [10], we fine-tune our model in the MIT1003

dataset by following the same evaluation protocol in [40, 67]. It is worth mentioning

that our DINet can achieve the processing speed as little as 0.02s and 0.03s for one

input image of size 240× 320 and 320× 480, respectively, by using one single GTX

1080 Ti GPU.

3.3.4 Loss Function Analysis

In this subsection, we compare the performance of our baseline models trained by

our proposed probability distribution (PD) distance metrics with linear normal-

ization to those trained on standard regression loss functions and softmax nor-

malization based statistical distances. Following [75], some PD distance metrics,

including KL divergence (KLD), χ2 divergence, Total Variation distance (TV dis-

tance), Cosine distance, and Bhattacharyya distance, are picked as one of the loss

functions in our experiments.

Table 3.3 presents the experimental results for each loss function, as measured by

the overall performance with respect to the four aforementioned evaluation metrics

on SALICON validation dataset. These results support that: (i) Generally, the loss

functions based on PD distance metrics perform better than standard regression

loss functions, such as BCE, `1-norm, and `2-norm in our experiments; (ii) For a

specific statistical distance based loss function, our proposed linear normalization

method is more compatible than the softmax normalization as it can measure the

distance between the predicted PD and its target in a more proper way; (iii) Using

NSS loss function alone can obtain an extremely high NSS score while this loss

function is not very good at other three evaluation metrics.

The first two observations have been discussed in Section 3.2.4. The reason for (iii)

can be illustrated by Table 3.2. NSS is a value-based saliency evaluation metric

since it is computed by the average of the normalized saliency values at eye fixation

locations. In other words, a saliency map with a higher NSS score is more like a

fixation map which is not similar to the fixation density map, i.e. saliency map.

Conversely, another three evaluation metrics (CC, AUC, sAUC) prefer the latter

one. Therefore, it is difficult to use one single loss function to train the DCNN

model for obtaining a promising result on both NSS and other evaluation metrics.
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Table 3.3: Performance comparison of the baseline models trained with differ-
ent loss functions on SALICON validation dataset [3].

Loss function CC sAUC AUC NSS

Linear normalization vs. softmax normalization
Total Variation distance (linear) 0.843 0.788 0.885 3.077
Total Variation distance (softmax) 0.826 0.786 0.888 2.906
Bhattacharyya distance (linear) 0.839 0.786 0.881 3.077
Bhattacharyya distance (softmax) 0.828 0.785 0.884 2.992
KLD (linear) 0.842 0.788 0.886 3.070
KLD (softmax) 0.827 0.785 0.884 2.968
χ2 divergence (linear) 0.826 0.790 0.886 2.994
χ2 divergence (softmax) 0.826 0.786 0.883 2.968
Cosine distance (linear) 0.835 0.789 0.885 3.048
Cosine distance (softmax) 0.828 0.786 0.887 2.999

Standard regression loss
BCE 0.826 0.785 0.885 2.963
Euclidean (`2-norm) 0.824 0.781 0.884 2.958
`1-norm 0.810 0.783 0.874 2.960

Evaluation metric-based loss
NSS 0.733 0.782 0.860 3.411

3.3.5 Model Visualization

We verify the effectiveness of our DIM by individually visualizing the response of

each dilated convolutional branch. This visualization experiment is achieved by

adding a new decoder network without non-linear activations at the end of our

DIM. Both the additional decoder and the original decoder are jointly trained with

the same loss and the same inputs from the DIM. Since this additional decoder is

equivalent to a linear operator, the joint decoded output in this decoder can be

decoupled into a linear combination of the outputs which are obtained from the

individual branches. Moreover, the input dimension of our decoder is the same

as the output dimension of every branch in our DIM (all are equal to 256). The

individual response of each branch can be easily obtained by feeding this additional

decoder with the features learned in this specific branch. By visualizing both joint

and individual saliency prediction results, we can analyze the contributions of these

dilated convolutional branches in our DIM.

Fig. 3.4 shows the saliency prediction results of five validation images. The first

three columns present the saliency maps independently predicted by branch-α, -β
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Branch α  Branch β   Branch γ   Sum-Fusion GT

Figure 3.4: Influence of each dilated convolutional branch in the DIM to visual
saliency. In each column, images are the saliency prediction results by using the
features captured from the above indicated branch. GT: Ground Truth.

and -γ, and the fourth column shows the final saliency maps by sum-fusing the

outputs of these branches. In general, all of these predicted saliency maps are

consistent with the ground truths. Besides, branches with different receptive fields

learn to focus on different parts of an input image, as demonstrated in the second

and the third rows. In particular, the branch γ, denoted by bγ, with the largest

dilation rate, learns the center-bias implicitly without any additional supervision.

These learned center-bias patterns compensate for the negligence on the center

salient regions from the other two branches, bα and bβ, and produce a more accurate

saliency prediction result. On the other hand, bγ sometimes generates false alarms

in the center regions with low confidence. In this case, as shown in the last two rows

of Fig. 3.4, the previous two branches bα and bβ can help in reducing this unwanted

side-effect on the final fusion results. These three branches in our DIM work in

a collaborative manner. The results by using the features from a single branch

are no need to be perfect for all possible cases. These incomplete predictions will
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Table 3.4: Model ablation analysis on SALICON validation dataset [3].

Model CC sAUC AUC NSS

Influence of backbone network
ResNet + Decoder 0.776 0.762 0.879 2.456
Baseline (DRN + Decoder) 0.843 0.788 0.885 3.077

Influence of decoder network
DRN + Decoder(1 Conv layer) 0.838 0.785 0.883 3.052
DRN + Decoder(2 Conv layers) 0.841 0.787 0.884 3.067
DRN + Decoder(4 Conv layers) 0.843 0.788 0.885 3.072
DRN + Decoder(1 Deconv + 1 Conv layers) 0.841 0.787 0.884 3.064
DRN + Decoder(2 Deconv + 1 Conv layers) 0.841 0.788 0.884 3.067
DRN + Decoder(3 Deconv + 1 Conv layers) 0.841 0.787 0.885 3.061

Effectiveness of multi-scale features
ResNet + Skip-layer + Decoder 0.841 0.786 0.885 3.053
Baseline + IPN 0.849 0.787 0.885 3.086
Baseline + Skip-layer 0.847 0.788 0.886 3.084
Baseline + Inception(a) 0.850 0.788 0.886 3.094
Baseline + Inception(a) - 1×1 Branch 0.849 0.789 0.886 3.091
Baseline + Inception(b) 0.852 0.790 0.886 3.107
Baseline + Inception(c) 0.852 0.790 0.886 3.111
Baseline + Inception(d) 0.854 0.790 0.887 3.114
DINet (Baseline + Inception(e)) 0.853 0.789 0.887 3.117
DRN + ASPP-S 0.853 0.789 0.887 3.112
DRN + ASPP-L 0.852 0.789 0.887 3.102

Influence of training image size
DINet (240× 320) 0.853 0.789 0.887 3.117
DINet (320× 480) 0.858 0.790 0.887 3.143
DINet (480× 640) 0.854 0.789 0.886 3.128
DINet (ensemble) 0.867 0.792 0.889 3.168

be ensembled by the sum-fusion to become more comprehensive and reliable final

results, which can be also supported by the quantitative results in Table 3.6.

3.3.6 Ablation Study

In this section, we conduct a series of ablation analyses to evaluate the contribution

of each component in our DINet on the SALICON validation dataset. The complete

ablation results are presented in Table 3.4. It should be noted that all of the models

in this table are trained by the proposed linear normalization-based total variation

distance loss function.
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3.3.6.1 Influence of the backbone network

Our baseline model is built on the DRN where the output stride is equal to 8. As

mentioned in Section 2.1.2, the output stride of original ResNet is 32 which means

that less spatial information is included in the output of this backbone network and

thus leads to unsatisfactory performance. To verify this statement, we compare our

baseline model (DRN + decoder) with a more basic model (ResNet + decoder).

From the first part of Table 3.4, we can conclude that output stride is one of the

key elements for the dense prediction tasks. There is a significant performance gain

by replacing the original ResNet with DRN.

3.3.6.2 Influence of the decoder network

In our baseline model, our designed decoder network is just three convolutional

layers and one bilinear up-sampling layer in the end. The reason for using three

convolutional layers is determined by the experiments. We have tried to use a dif-

ferent number of convolutional or deconvolutional layers before the prediction layer

(one convolutional layer followed by a sigmoid activation) to form other decoder

networks. These results are reported in the second part of Table 3.4. As we can

see that the models with these decoders cannot get good results as our original

decoder, i.e. Decoder(3 Conv layers).

3.3.6.3 Effectiveness of multi-scale features

DINet uses the proposed DIM to capture multi-scale contextual features. To sup-

port the conclusions in [39, 40, 64] that integrating multi-scale features can further

improve saliency detection performance, we incorporate existing alternative multi-

scale feature extraction modules, including IPN, skip-layer, inception, and ASPP,

into our baseline or backbone network. From the third part of Table 3.4, we can

observe that the saliency prediction performance indeed boosted by incorporating

the multi-scale features. Especially, when the backbone network is not DRN, the

multi-scale features can reduce the performance drop significantly, by comparing

two models with the plain ResNet backbone network, i.e. ResNet + Decoder and

ResNet + Skip-layer + Decoder. In all these multi-scale saliency prediction frame-

works, our proposed inception(d) and (e) obtain the outstanding results among
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them. For the reason that inception(e) is more efficient in terms of #parameters

and inference time, as illustrated by Table 3.1, we pick this version of DIM to form

our DINet.

3.3.6.4 Influence of training image size

The previous experimental results on SALICON validation dataset are all obtained

from 240× 320 images, whose size is the half resolution of the original SALICON

images. Here we want to see the performance of our DINet models which are trained

by images with different spatial resolution. From Table 3.4, we find that the DINet

trained by input images of size 320× 480 can obtain the best performance among

these three models. This model will be directly fine-tuned on the MIT1003 dataset

for the evaluation of the MIT300 dataset. Note that these evaluation results are

the average scores, there are some validation images that perform better in other

DINets (240 × 320 or 480 × 640). To characterize this phenomenon, we adopt

a simple ensemble learning metric, i.e. average voting, to further improve the

performance of our model. By using the average results from these three different

models, this ensemble model obtains the best scores in our model ablation analysis.

3.3.6.5 Ensemble learning for improving NSS

However, our best model, which is trained by a single total variation distance loss

function, still cannot beat two existing works [40, 67] in NSS metrics, as shown in

Table 3.5. These two existing models use the NSS itself as one of the loss functions

for training. To further improve our performance on NSS metrics, we use the same

ensemble learning method as above to combine the results of two DINet models

which are trained by using two different loss functions (total variation distance

with linear normalization and NSS) separately. The last ensemble model in this

table is our final submission to the SALICON test dataset which results in a good

comprise between NSS and another three evaluation metrics.

3.3.6.6 Ablation analysis on DIM

We further verify the effectiveness of our DIM by conducting two additional quan-

titative experiments. In the first experiment, we evaluate the performance of a
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Table 3.5: Performance comparison of our DINet models trained with different
loss functions on SALICON validation dataset [3].

Model CC sAUC AUC NSS
DINet (TV distance) 0.867 0.792 0.889 3.168
DSCLSTM [40] 0.835 0.788 0.887 3.221
SAM-ResNet [67] 0.844 0.787 0.886 3.260
DINet (NSS) 0.724 0.782 0.861 3.600
DINet (ensemble NSS and TV distance)) 0.862 0.792 0.886 3.310

Table 3.6: Dilated inception module ablation analysis within a trained DINet
with two decoders on SALICON validation dataset [3].

Type bα bβ bγ CC sAUC AUC NSS

The results on additional decoder network
0 branch 0.752 0.794 0.858 2.729

1 branch
X 0.833 0.799 0.882 3.012

X 0.811 0.793 0.864 3.025
X 0.801 0.759 0.873 2.967

2 branches-sum
X X 0.831 0.799 0.879 3.035
X X 0.804 0.799 0.869 3.036

X X 0.813 0.800 0.872 3.032
3 branches-sum X X X 0.853 0.789 0.886 3.098

The results on original decoder network
3 branches-sum X X X 0.853 0.789 0.887 3.107

Table 3.7: Dilated inception module ablation analysis with individual trained
variants of DINet on SALICON validation dataset [3].

Type bα bβ bγ CC sAUC AUC NSS
0 branch 0.843 0.788 0.885 3.077

1 branch
X 0.847 0.790 0.886 3.080

X 0.849 0.788 0.887 3.086
X 0.851 0.788 0.887 3.095

2 branches-sum
X X 0.852 0.788 0.887 3.099
X X 0.853 0.788 0.886 3.098

X X 0.852 0.788 0.887 3.103
3 branches-sum X X X 0.853 0.789 0.887 3.117
3 branches-concat X X X 0.854 0.789 0.887 3.116

trained DINet with two decoders mentioned in the visualization experiment to in-

vestigate the contribution of each dilated convolutional branch in our DIM respec-

tively. In the second experiment, we make a comparison among a set of variants of

DINet to explore the impact of the number of parallel dilated convolutional layers.
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Table 3.6 shows the results of the first experiment. Each row in this table repre-

sents the evaluation results by using the outputs from the indicated branch(es) as

the input to a trained decoder. As we can see that, 1 branch type of DIM will

learn different bias under its specific receptive fields to help in predicting visual

saliency. Specifically, bα prefers the results with higher sAUC scores, while bβ is

more interested in the NSS metric. By comparing the results between the row of 3

branches-sum and the rows in 2 branches-sum type on the first part of this table,

we can observe that the performance drop dramatically with the absence of any

one branch, which means every branch in our DIM has its irreplaceable impact on

the final results. These three branches in our DIM work in a collaborative manner.

Even if the performance by using any individual branch is not comparable to the

performance of our baseline model, their fused results can deal with the diverse

images with different patterns of salient regions. Moreover, the results on the last

row show that the features used in the additional decoder can still be decoded by

our original decoder with only a little bit of performance drop in the NSS metric.

It can guarantee the generality of the above conclusions.

Table 3.7 compares the performance of several variants of DINet. Each row in this

table means the evaluation results by testing the individual trained variant which

has the indicated branch(es). Especially, the model in the type of 3 branches-sum

is the proposed DINet, while the model in 0 branch type is our baseline model.

This table shows that using more branches (from 0 to 3), which means using more

comprehensive features, will lead to higher performance on evaluation metrics.

Besides, in the 1 branch type of DINet, using dilated convolution with a larger

dilation rate before the decoder network can achieve a better performance than

using a smaller one. It can be credited to the larger size of receptive fields which

represent the longer range of dependencies in captured features. Moreover, using

concatenation to replace our element-wise addition has a limited impact on the final

results, as presented in the last two rows in this table. Mathematically, element-

wise addition followed by a convolution layer is a special case of concatenation

followed by another convolution layer [141], which can be used to explain this

limited difference in evaluation results. In summary, both of these two experiments

can verify that the performance gain of our DIM is realized by the corporation of

these three parallel dilated convolutional branches.
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3.3.6.7 DIM and Global Features

The convolution operation is a typical local operation that computes the responses

at a position as a weighted sum of the features at its adjacent positions in the

convolutional kernel. As a result, the multi-scale features extracted by our DIM

belong to local features. Although our local features have various receptive fields,

they cannot replace the global features which can represent the interactions between

any two positions, regardless of their positional distance. Recently, non-local block

(NLB) [142] is proposed to simulate the non-local operation for the global feature

extraction. We can combine this NLB into our DIM for building a more powerful

feature refinement module.

Because NLB can maintain the tensor size of the input features, the insertion

location of NLB can be flexible. We can use this module as the fourth branch in

our DIM. There are two feature fusion ways between this NLB and the three original

branches in DIM: sum and concatenation. The results of these two new models and

our original DINet are presented in Table 3.8. We can see that using the concat

version of the new module can outperform our DIM on CC, sAUC, and NSS three

evaluation metrics. These results can be used to validate the effectiveness of global

features. The results of the sum version are close to the original results, which

means that the non-local features obtained by NLB should be separated from the

local features. Simply fusing them cannot obtain a promising performance gain.

Besides, we also try to combine the DIM and NLB sequentially. But the results

are not as good as the original DINet. It can also verify that the global features

obtained by NLB indeed have different properties towards the features learned in

DIM.

It should be noted that our proposed DINet [8] still uses the original DIM. This

section is newly added to demonstrate that our work can be further improved by

incorporating global features.

3.3.7 Performance Comparison

To demonstrate the effectiveness of our proposed DINet model in predicting visual

saliency, we quantitatively compare our method with other deep saliency models

on SALICON, MIT1003, and MIT300 datasets.
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Table 3.8: DIM and NLB combination experiment results on SALICON vali-
dation dataset [3].

Model CC sAUC AUC NSS
DINet (DRN + DIM + Decoder) 0.853 0.789 0.887 3.117
DRN + sum(DIM,NLB) + Decoder 0.853 0.789 0.886 3.120
DRN + concat(DIM,NLB) + Decoder 0.855 0.790 0.887 3.127
DRN + DIM + NLB + Decoder 0.852 0.789 0.886 3.110
DRN + NLB + DIM + Decoder 0.847 0.785 0.885 3.083

Table 3.9: Comparison results on SALICON test dataset [3].

Models CC sAUC AUC NSS
DINet (Ours) 0.860 0.782 0.884 3.249
SAM-ResNet [67] 0.842 0.779 0.883 3.204
DSCLRCN [40] 0.831 0.776 0.884 3.157
SAM-VGG [67] 0.825 0.774 0.881 3.143
SalGAN [70] 0.781 0.772 0.781 2.459
SU [92] 0.780 0.760 0.880 2.610
PDP [75] 0.765 0.781 0.882 -
ML-Net [71] 0.743 0.768 0.866 2.789
MxSalNet [72] 0.730 0.771 0.861 2.767
Deep Convnet [143] 0.622 0.724 0.858 1.859
Shallow Convnet [143] 0.562 0.658 0.821 1.663
DeepGazeII [69] 0.479 0.787 0.867 1.271

Table 3.9 shows the evaluation results on SALICON test dataset. The results of

other models come from their papers or the leaderboard of this dataset. In this

table, the results in bold indicate the best performance method on each evaluation

metric. As it can be observed, our DINet outperforms all competitors on CC,

AUC, and NSS three metrics. The DeepGazeII [69] model gets the best sAUC

score and relatively lower scores on other metrics. However, the saliency maps

generated by this model actually are very blurred/hazy and visually different from

the ground truths, as shown in the left part of Fig. 3.5. This is because AUC-

based metrics mainly relied on true positives without significantly penalizing false

positives [39, 67].

The results on MIT1003 are reported in Table 3.10. We directly use the DINet

trained on SALICON dataset to evaluate the generalization performance of our

model on the whole MIT1003 dataset, as done in [38]. Our model also achieves
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Table 3.10: Comparison results on MIT1003 dataset [4].

Model CC sAUC AUC NSS
DINet (w/o finetune) 0.67 0.70 0.88 2.40
DVA [38] 0.64 0.77 0.87 2.38
GBVS [50] 0.42 0.66 0.83 1.38
eDN [62] 0.41 0.66 0.85 1.29
Mr-CNN [144] 0.38 0.73 0.80 1.36
BMS [51] 0.36 0.69 0.79 1.25
ITTI [49] 0.33 0.66 0.77 1.10

Table 3.11: Comparison results on MIT1003 validation dataset [4].

Model CC sAUC AUC NSS
DINet (w finetune) 0.87 0.77 0.91 3.27
SAM-ResNet [67] 0.77 0.62 0.91 2.89
SAM-VGG [67] 0.76 0.61 0.91 2.85
DeepFix [39] 0.72 0.74 0.90 2.58

DINet (w/o finetune) 0.67 0.72 0.89 2.50

Table 3.12: Comparison results on MIT300 dataset [10].

Model CC sAUC AUC NSS
DSCLRCN [40] 0.80 0.72 0.87 2.35
DINet (Ours) 0.79 0.71 0.86 2.33
SAM-ResNet [67] 0.78 0.70 0.87 2.34
DeepFix [39] 0.78 0.71 0.87 2.26
SAM-VGG [67] 0.77 0.71 0.87 2.30
SALICON [64] 0.74 0.74 0.87 2.12
SalGAN [70] 0.73 0.72 0.86 2.04
PDP [75] 0.70 0.73 0.85 2.05
DVA [38] 0.68 0.71 0.85 1.98
ML-Net [71] 0.67 0.70 0.85 2.05
SalNet [143] 0.58 0.69 0.83 1.51
BMS [51] 0.55 0.65 0.83 1.41
DeepGazeII [69] 0.52 0.72 0.88 1.29
GBVS [50] 0.48 0.63 0.81 1.24
Mr-CNN [144] 0.48 0.69 0.79 1.37
eDN [62] 0.45 0.62 0.82 1.14
ITTI [49] 0.37 0.63 0.75 0.97
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Image GT DINet SAM-ResNet DSCLRCN

Figure 3.6: Some failure cases of our DINet and two competitors. Images are
from SALICON validation dataset [3].

promising results on this dataset which verifies its robustness and generality. Qual-

itative comparison results of our model with other deep saliency models on SAL-

ICON validation and MIT1003 datasets can be found in Fig.3.5. This figure can

also support that our results match the ground truth saliency maps best among all

the compared models in both two datasets.

For the evaluation on MIT300 dataset, we first fine-tune our DINet in the MIT1003

dataset. The fine-tuned results are shown in Table 3.11, As we can see, the per-

formance of our model improves significantly after fine-tuning which can also out-

perform other existing fine-tuned models. The results on the MIT300 dataset are

presented in Table 3.12. Different in the previous two datasets, our DINet can not

outperform the DSCLRCN model [40]. Our model may over-fitted on MIT1003

dataset which leads to lower generalization performance on the MIT300 dataset.

Both the DSCLRCN model and our DINet use multi-scale features to further im-

prove saliency prediction performance. Besides, the DSCLRCN model incorporates

the global context and scene context by using a spatial LSTM [145] method and

additional Places-CNN [146] backbone network to achieve this performance. Con-

sequently, their model is more complex and much slower than our method. When

predicting visual saliency on an image with a size of 480 × 640, the DSCLRCN

model needs 0.27s while our DINet needs only 0.06s.

However, despite the good results, there are still a small number of failure cases, as

shown in Fig. 3.6. These bad cases are caused by the fact that so many objects are

cumulated in a single image. Within them, the relative importance of these objects

cannot be fully learned by simply utilizing the multi-scale contextual features with-

out a higher level of visual understanding. Therefore, some non-salient regions are
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highlighted (like the first row) or some salient regions are missed, as shown in the

second row. Note that SAM and DSCLRCN models suffer from the same problem

as ours. It can be concluded that even the state-of-the-art deep saliency models still

cannot fully understand the relative importance of image regions in such semanti-

cally rich scenes. To further approach human-level performance, saliency models

will need to discover increasingly higher-level concepts in images for determining

an appropriate amount of visual attention on a certain image region.

3.4 Summary

In this work, we have proposed a dilated inception network for visual saliency pre-

diction. The multi-scale saliency-influential factors are captured by an efficient

and effective dilated inception module. In particular, a new visualization method

specially designed for DIM is proposed to verify its effectiveness. The whole model

works in a fully convolutional encoder-decoder architecture, which is trained end-

to-end and lightweight for time-efficiency. Furthermore, we adopted a set of linear

normalization-based probability distribution distance metrics as loss functions to

formulate the saliency prediction task as a probability distribution prediction prob-

lem. With such loss functions, our models can perform better than those trained by

using either standard regression loss functions or existing softmax normalization-

based probability distribution distance metrics. Experimental results on the chal-

lenging saliency prediction benchmark datasets have demonstrated the outstanding

performance of our model concerning other relevant saliency methods. In the next

chapter, we will present our second work for salient object detection.



Chapter 4

Progressive Self-Guided Loss for

Salient Object Detection

4.1 Introduction

Salient object detection (SOD)1 aims to segment the entire salient foreground ob-

jects from the background [31]. It is an important pre-processing step for many

object-level computer vision applications, such as object detection and recognition

[22, 25], image editing and manipulating [26, 27], visual tracking [28], semantic

segmentation [29] and image retrieval [147].

Early SOD methods [81, 83, 90] mainly rely on hand-crafted features and heuristic

clues to separate foreground and background regions. However, due to the lack

of high-level semantic information, these methods are unreliable when detecting

salient objects in cluttered and complex scenes. Lately, convolutional neural net-

works (CNNs), especially the fully convolutional networks (FCNs) [68], lead the

recent advances in SOD [85]. Owing to the powerful capacity of extracting high-

level semantic information, these FCN-based SOD methods have shown superior

performance than conventional methods. However, their predicted saliency maps

still suffer from incomplete predictions, as shown in Fig. 4.1. We can observe that

even the best existing works still cannot uniformly detect the entire salient objects.

Their predictions contain several miss-detected or untrustworthy detected regions,

like ’holes’, within the salient objects. The key issue is that strong appearance

1The work in this chapter is submitted as [107].
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(a) Image (b) GT (c) PoolNet (d) EGNet (e) Ours

Figure 4.1: Visual examples of our method and two relevant existing methods
(best viewed digitally with zooming). GT means the ground truth saliency map
annotated by humans. Results generated by PoolNet [5] and EGNet [6] suffer
from the problem of incomplete predictions. More examples are presented in
Fig. 4.5.

changes may happen in the interiors of the salient objects. A common way to ad-

dress this problem is to find more discriminate feature representations and effective

feature aggregation strategies [5, 6, 106].

In this work, we present a new way to address the above-mentioned problem by

investigating the training loss. Most FCN-based SOD models use the binary cross-

entropy (BCE) as their training loss. But BCE loss is a typical pixel-wise loss

function which only accounts for the pixel-wise difference between labels and pre-

dictions, ignoring the spatial dependencies of salient object pixels. Models trained

with BCE loss usually have the problem of incomplete predictions since every pixel

is predicted individually. Therefore, a more suitable training loss is required. Sev-

eral efforts [41–43] have been made along this direction. However, their proposed

losses are not specifically designed for capturing the spatial dependencies among

salient pixels. In this work, we focus on progressively modifying the training su-

pervision to create a Progressive Self-Guided (PSG) loss. Unlike the existing works

which utilize the labeled saliency maps only or consider additional labels from other

related tasks [5, 43, 85], we propose to further process the current network predic-

tions for creating a series of new auxiliary training supervisions in the loss function.

The principal idea is that the training process of a SOD model can be decomposed
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into several steps. For each step, this model will be provided with some feasible

training targets for reducing the training difficulty. As such, its outputs can be

progressively optimized during this step-wise training. Specifically, a morphologi-

cal closing operation, which can help to remove small holes inside the foreground

objects, is applied to the current network predictions to generate the new auxiliary

training supervisions as part of the overall loss function. The obtained auxiliary

training supervisions are similar but more complete than the current-stage network

predictions, hereby providing some incentives to the SOD model for approaching

them. More importantly, these newly created training targets are keeping refined

from the progressively optimized network predictions during training. In such a

manner, the spatial dependencies of salient object pixels are implicitly character-

ized. Consequently, the SOD model can be guided by these progressive supervisions

to highlight more complete salient objects step-by-step, even trained with the sim-

ple BCE loss.

Besides the progressive supervisions, we also propose a new multi-scale feature

aggregation module (MS-FAM) to capture and aggregate the multi-scale features

adaptively. In this module, the local context information at different scales is ex-

tracted by using parallel dilated convolutions [8, 148] and then sum-fused by apply-

ing a branch-wise attention mechanism to characterize their respective importance

adaptively. To demonstrate its effectiveness in SOD, we build an encoder-decoder

network equipped with these MS-FAMs. In particular, the encoder network is

adapted from the feature pyramid network (FPN) [109] architecture where multi-

ple MS-FAMs are inserted to achieve the adaptive multi-scale feature aggregation

for further improvement.

Our DINet [8], presented in Chapter 3, is also an FCN-based architecture. It

means it can be directly applied to SOD. However, according to our validation

experiments in Section 4.3.6, DINet is not good as existing works [5, 6] which are

specifically designed for SOD. The main reason is that our DINet is a lightweight

architecture, which is suitable for a simpler dense prediction task like eye fixation

prediction. While for SOD, a more complex yet effective architecture is needed to

defeat other counterparts. Therefore, we propose a new SOD architecture in this

work instead of keeping using DINet.

The performance of our proposed SOD model is evaluated on six widely used bench-

mark datasets. The peer comparison results indicate that our model can achieve
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state-of-the-art performance with the help of our proposed PSG loss. Meanwhile,

the PSG loss can be directly applied to train other existing SOD models without

architecture modification for better alleviating their incomplete prediction prob-

lem.

In this work, our contributions can be summarized as follows:

� We propose a novel progressive self-guided (PSG) loss to alleviate the problem

of incomplete predictions in the existing SOD models. To the best of our

knowledge, this self-guided loss is the first attempt to supervise the SOD

model with its own intermediate predictions. As such, the progressive and

auxiliary training supervisions are created for step-wisely guiding the training

process.

� We propose to apply a simulated morphological closing operation on the

network predictions to generate the above auxiliary training supervisions.

As a result, the spatial dependencies of salient object pixels are progressively

characterized since these generated supervisions are progressively expanded

from their sources. Consequently, such progressive training supervisions can

guide the SOD models to highlight more complete salient objects step-by-

step.

� A new multi-scale feature aggregation module is proposed to build our SOD

architecture for further improvement. Benefiting from this module, our SOD

architecture takes full advantage of adaptive multi-scale feature aggregation

to locate and detect salient objects effectively.

4.2 Progressive Self-Guided Loss and Our SOD

Architecture

In this section, we first present the main idea of our progressive self-guided (PSG)

loss. Fig. 4.2 gives a simplified illustration of our training losses. Then, an overview

of our proposed SOD architecture is described.
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Training Losses

Dilation ‘Erosion’

Intersection
Operation

SOD Model

Figure 4.2: An illustration of our training losses. In PSG loss (Laux), the
predicted saliency map (SMpred) is firstly morphological dialted to expand the
boundaries of the detected regions and fill the ’holes’ within them, and then
morphological eroded by using the intersection operation with the ground truth
(SMgt) to obtain a correct and more complete progressive training supervision
(SMpgt).

4.2.1 Progressive Self-Guided Loss

4.2.1.1 Motivation and Formulation

Current supervised learning frameworks for SOD use the pairs of the input images

and their corresponding labeled saliency maps for training. The training loss of

these SOD models mainly focuses on computing the difference between the network

predictions and the labeled saliency maps. In other words, given a set of N training

images I and the corresponding ground truth saliency maps SMgt, the training loss

Lmain used by existing works can be described by:

Lmain = L(SMpred, SMgt) = L(M(I; θ), SMgt), (4.1)

where SMpred =M(I; θ) represents the predicted saliency maps SMpred obtained

by feeding the input images I to a SOD model M under the parameter setting θ.

L( · , · ) indicates one of the loss computation formulas.

However, as discussed in Section 2.2.3, no suitable loss function L( · , · ) can ex-

actly describe the spatial dependencies of salient object pixels in the SMgt, which

results in the problem of incomplete predictions. Compared with the efforts of

designing more suitable loss, the investigations on the training targets are seldom
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investigated. Some of the recent works [6, 99, 106] applied deep supervision by uti-

lizing the SMgt to guide the intermediate predictions. But the performance gain

of this technique is not obvious as there is lacking guidance towards characteriz-

ing the spatial dependencies. Our idea is to decompose the training process of a

SOD model into several steps. For each step, this SOD model will be provided

with feasible and step-wise training targets for exploring the spatial dependencies.

Such progressive and auxiliary training targets (SMpgt) can be generated by fur-

ther processing the current network predictions (SMpred). The desirable auxiliary

training targets should be similar but more complete than the network predictions

for providing some incentives for approaching them. In a nutshell, our PSG loss

can be described by:

Laux = L(SMpred, SMpgt) = L(SMpred, f(SMpred)), (4.2)

where f( · ) denotes a kind of processing method used for generating the SMpgt.

Note that, the same L( · , · ) is used in this auxiliary loss function as the Lmain for

simplification.

The proposed PSG loss is an auxiliary loss that cannot be used as the sole loss

for training the SOD models. If the SMpred are filled by zeros, it will be hard to

make the SMpgt different from them. In this case, PSG loss will be trapped in the

zero value, consequently leading to zero gradients. Therefore, PSG loss should be

coupled with a normal training loss Lmain for training the SOD models. Therefore,

the overall loss is formulated as follows:

Loverall = Lmain + αLaux, (4.3)

where α is a non-negative parameter which is used to control the relative impor-

tance of the PSG loss. The remaining parts of this section cover the choice of

the loss computation formula L( · , · ) and the implementation of the processing

method f( · ).

4.2.1.2 Hybrid Loss Computation

Following [43], we apply a hybrid loss to compute the difference between the net-

work predictions and one of the training targets. This hybrid loss can be defined
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as:

L( · , · ) = Lbce( · , · ) + Ldice( · , · ), (4.4)

where Lbce( · , · ) and Ldice( · , · ) denote the BCE and Dice loss [42], respectively.

The detailed computation formula for these two loss are as follows:

Lbce(X, Y ) = − 1

N

N∑
i=1

[yi · log(xi) + (1− yi) · log(1− xi))], (4.5)

Ldice(X, Y ) = 1− 2
∑N

i=1 xiyi∑N
i=1 xi +

∑N
i=1 yi

, (4.6)

where X represents the one of the predicted results SMpred, Y is the corresponding

SMgt or SMpgt, and N is the total number of pixels in X or Y .

BCE loss can help with the convergence of all pixels, regardless of their labels.

Dice loss is used to measure the overlap degree between X and Y . By taking

this loss into consideration, our SOD model can obtain a better F-measure score.

Our validation experiments show that using this hybrid loss instead of using any

individual loss in these two choices can achieve better performance.

4.2.1.3 Morphological Closing Operation and Our Simulated Version

Morphology refers to a set of image processing operations that process images

based on shapes [149]. In a morphological operation, the value of each pixel in the

output image is based on a comparison of the corresponding pixel in the input image

with its neighbors by applying a structuring element as the comparison window.

There are two basic morphological operations: dilation and erosion. The former

adds pixels to the boundaries of objects in an image, while erosion removes pixels

on object boundaries. The closing operation means dilation followed by erosion

operation which can be used in removing small holes inside the foreground objects.

This closing operation can be directly applied to the results of existing SOD models

presented in Fig. 4.1 as a kind of post-processing methods for completing them.

However, it is time-consuming to perform this post-processing for every prediction

as the optimized size of the structuring element is not unified in the test datasets.
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We prefer to embed this post-processing into the training loss for creating the

progressive training supervisions to teach the SOD models.

The morphological dilation operation can be directly replaced by the max-pooling

operation where the kernel in the max-pooling is exactly the same as the structuring

element in the dilation operation. However, the erosion operation does not have

ready-made alternatives. The erosion operation is used to shrink the object regions

which are enlarged by the dilation operation. If we discard the erosion operation,

some of the regions in the SMpgt in the later training epochs will lie outside of the

SMgt, which results in wrong training guidance. After careful consideration, we

decide to use the intersect operation between the network predictions and the SMgt

as the approximate alternative function of the erosion operation. There are two

advantages to adopt this approximated operation: on the one hand, using SMgt

to intersect with the network predictions can always maintain the relationship of

SMpgt ⊆ SMgt, which is essential to keep the correct supervision. Using the strict

closing operation to process the SMpred may break the above relationship and lead

to some side effects. On the other hand, the information of the SMgt is transparent

to the SOD models during the training stage. Benefiting from this information, the

predicted regions in the early training epochs are enlarged without any shrinkage

in a reasonable margin for advancing the training convergence. To sum up, our

simulated morphological closing operation can be described by:

f(SMpred) = e(d(SMpred)) ≈ maxpool(SMpred) ∩ SMgt, (4.7)

where dilation operation d( · ) is equal to the max-pooling operation maxpool( · )

and erosion operation e( · ) is approximated by the intersect operation with the

SMgt.

Fig. 4.3 presents a visual example to illustrate the effectiveness of our PSG loss.

For the incomplete regions in SMpred, the dilation operation in PSG loss expand

them in a region growing manner for guiding the training in the next epoch. While

for the incorrectly predicted pixels, the intersection operation can help to avoid

wrong guidance. In such PSG loss, the SOD model will be encouraged to detect

the mis-detected pixels in the neighboring regions of the current predictions with

a higher priority. This is because the loss penalty weight in these pixels is (1+ α)

rather than 1 in other mis-detected yet separate pixels. As a result, the spatial

dependencies of salient object pixels are characterized in our PSG loss and the
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Epoch 1 Epoch 2 Epoch 3 Epoch 99

Figure 4.3: A visual example to show the epoch-wise difference between the
SMpred and SMpgt in the PSG loss. The results of the models from the first
three epochs and the last epoch are presented.
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Figure 4.4: An overall framework of our proposed SOD model. GAP and
FC are the abbreviation of global average pooling and fully-connected layer,
respectively. FM5 denotes the group of feature maps with the same spatial size
as the output of Conv5, and so on.

SOD model can be guided to fit the training samples in such a progressive region-

growing way. Moreover, the progressive manner can be partially reflected by the

similarity of the current SMpgt and SMpred in the next epoch and the shrinkage of

the residual maps between the current SMpgt and SMgt in Fig. 4.3.
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4.2.2 Architecture Overview

An overview of our proposed SOD architecture is depicted in Fig. 4.4. Our model

consists of three key components: feature pyramid network (FPN) [16], multi-scale

feature aggregation module (MS-FAM), and decoder network.

4.2.2.1 Feature Pyramid Network

We apply an FPN-like framework as the encoder network for feature extraction.

The construction of the FPN involves a bottom-up pathway, a top-down path-

way, and lateral connections. The bottom-up pathway (from Conv1 to Conv5) is

the stage for multi-level feature extraction. The output of the last layer of each

convolutional block (except Conv1) in this pathway will be used as the source of

feature maps for the feature aggregation in the top-down pathway (from FM5 to

FM2) via using lateral connections (LCs). Each LC aggregates feature maps of the

same level (spatial size) from the bottom-up pathway and the top-down pathway.

Instead of making multi-level predictions like in the original FPN, we only use the

final aggregated feature maps in FM2 to feed the decoder network for saving the

inference time.

4.2.2.2 Multi-scale Feature Aggregation Module

To explicitly incorporate the multi-scale features for further improvement, we insert

several multi-scale feature aggregation modules (MS-FAMs) before the LCs in our

encoder network. In MS-FAM, the local context information at different scales

is extracted by using parallel dilated convolutions with different dilation rates.

For enhancing the discrimination ability of the aggregated features, we propose

to apply a branch-wise attention mechanism (BAM) to characterize the respective

importance of these multi-scale local features adaptively. It is achieved by adapting

a SE block [150] from modeling the channel-wise feature dependencies to weighting

the importance of each dilated branch individually. Specifically, the outputs of this

attention mechanism are three separate scalars (W1,W2,W3) in the range of 0 to 1.

These branch-wise scalars are the learned weights for their corresponding dilated

branches to make the sum-aggregated features more discriminative and adaptive.
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Moreover, a shortcut connection [66] is applied at the end of our MS-FAM to make

it easier to optimize.

In general, the function of our MS-FAM is to further refine the feature maps ob-

tained from the convolutional blocks in FPN for generating more powerful multi-

scale feature maps of the same tensor size. Since our MS-FAM can maintain the

tensor size of the input features, the insertion location of this module can be flexible

in a fully convolutional network (FCN). In this work, three individual MS-FAMs

are inserted at three connection paths between Conv3-5 and FM3-5, as depicted in

Fig. 4.4.

This MS-FAM can be viewed as an advanced version of our dilated inception mod-

ule (DIM) presented in Chapter 3. The major difference between these two modules

is the usage of BAM. It means that the effectiveness of MS-FAM can be proved

by our DIM and MS-FAM can be used in visual saliency prediction with great

potential.

4.2.2.3 Decoder Network

The decoder network in our framework is used to convert the aggregated features

into saliency maps. Our basic FCN-based decoder network is built by stacking six

convolutional layers and one bilinear up-sampling layer in the end. In addition, we

can incorporate our MS-FAMs into this basic decoder network for building a more

powerful one. The detailed configuration for this part is summarized in Sec. 4.3.3.

4.3 Experiments

4.3.1 SOD Datasets

To evaluate the performance of our method, we conduct extensive experiments on

six widely used SOD benchmark datasets: ECSSD [37], PASCAL-S [151], DUT-

OMRON [90], HKU-IS [86], SOD [152], and DUTS [101]. The detailed information

of these six datasets is presented as follows:
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� ECSSD [37] contains 1,000 images with semantically meaningful but struc-

turally complex natural contents. The pixel-wise ground truths are annotated

by five subjects.

� PASCAL-S [151] is composed by 850 images selected from the validation

dataset of PASCAL VOC 2010 [94].

� DUT-OMRON [90] consists of 5,168 images of relatively complex back-

grounds and high content variety. Each image is carefully labeled by five

users.

� HKU-IS [86] contains 4,447 images with complex scenes that typically con-

tain multiple salient objects with relatively diverse spatial locations.

� SOD [152] consists of 300 challenging images from the Berkeley segmentation

dataset [153]. Most of the images in this dataset have multiple salient objects

with low contrast.

� DUTS [101] is currently the largest SOD benchmark. The images in this

dataset are divided into two non-overlapping subsets: DUTS-TR and DUTS-

TE. The former one contains 10,553 images designed for training and the

latter has 5,019 test images. The training images are selected from the Im-

ageNet DET train/val dataset [36], and the test images from the ImageNet

test dataset [36] and the SUN dataset [154]. Following the recent works

[5, 6, 103, 104, 106], we use the DUTS-TR dataset for training our SOD

models and keep the remaining datasets for test.

4.3.2 Evaluation Metrics for SOD

There are three widely adopted evaluation metrics, including precision-recall (PR)

curves, F-measure and mean absolute error (MAE), for evaluating the performance

of SOD models.

� Precision-Recall (PR) is calculated based on the comparison between the

binarized saliency map and the ground truth:

Precision =
TP

TP + FP
, Recall =

TP

TP + FN
, (4.8)
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where TP, FP, FN denote true-positive, false-positive, and false-negative,

respectively. To get the binary saliency map, a set of thresholds ranging

from 0 to 255 is applied to the raw saliency map, each threshold will produce

a pair of Precision-Recall value to form a PR curve for visualizing the model

performance.

� F-measure, denoted as Fβ, comprehensively considers both precision and

recall by computing the weighted harmonic mean of them:

Fβ =
(1 + β2)× Precision×Recall
β2 × Precision+Recall

, (4.9)

where β2 is empirically set to 0.3 to weight more on precision. Instead of

reporting the whole F-measure plot, the maximum Fβ (maxF) values are

reported as done in recent works.

� MAE is used to measure the average pixel-wise absolute error between the

predicted saliency map SMpred ∈ [0, 1]W×H and its ground truth SMgt ∈
{0, 1}W×H :

MAE =
1

W ×H

W∑
i=1

H∑
j=1

|SMpred(i, j)− SMgt(i, j)|. (4.10)

4.3.3 Implementation Details

Our SOD model and PSG loss are implemented in Pytorch. The backbone network

used in this paper is ResNet-50. The input images to our models are all resized to

352× 352 for both training and test. The α used in computing the total loss is set

to 1 for equally treating Lmain and Laux. The feature dimension in our MS-FAMs

is fixed to 64. Our decoder network consists of three stacked MS-FAMs, two 3× 3

convolutional layers, one 1 × 1 convolutional layer for the final prediction, and

one bilinear up-sampling layer in the end. In the basic one, these MS-FAMs are

degraded by 1× 1 convolutional layers with ReLU.

During training, we apply the random horizontal flipping to the training images for

data augmentation. The weights in the backbone network are initialized from its

ImageNet pre-trained model. The weights of the remaining layers are initialized by

the default setting of Pytorch. Our models used in the experiments are trained with
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Table 4.1: Performance comparison on six widely used SOD datasets. The
symbols ↑ and ↓ denote that a score being larger and smaller is better, respec-
tively. In each column, the best three results are marked in red, green, and blue,
respectively.

Model Backbone
ECSSD [37] PASCAL [151] DUT-O [90] HKU-IS [86] SOD [152] DUTS-TE [101]

maxF↑ MAE↓ maxF↑ MAE↓ maxF↑ MAE↓ maxF↑ MAE↓ maxF↑ MAE↓ maxF↑ MAE↓
VGG-based

DCL [91] VGG-16 0.900 0.078 0.853 0.113 0.804 0.086 0.907 0.055 0.818 0.193 0.823 0.148
UCF [96] VGG-16 0.912 0.070 0.863 0.115 0.810 0.120 0.907 0.061 0.836 0.164 0.838 0.111
Amulet [97] VGG-16 0.916 0.060 0.871 0.100 0.825 0.097 0.913 0.050 0.819 0.141 0.846 0.084
NLDF [98] VGG-16 0.907 0.065 0.857 0.098 0.798 0.079 0.908 0.048 0.823 0.123 0.842 0.065
DSS [99] VGG-16 0.892 0.055 0.816 0.093 0.776 0.063 0.894 0.040 0.751 0.121 0.840 0.056
PAGRN [105] VGG-19 0.907 0.064 0.851 0.089 0.767 0.071 0.907 0.047 0.767 0.145 0.850 0.055

ResNet-based
SRM [100] ResNet-50 0.919 0.056 0.870 0.084 0.812 0.069 0.913 0.046 0.821 0.126 0.858 0.058
PAGENet [85] ResNet-50 0.920 0.046 0.870 0.076 0.833 0.062 0.917 0.036 0.797 0.110 0.869 0.051
PiCANet [104] ResNet-50 0.933 0.048 0.889 0.075 0.840 0.064 0.925 0.044 0.840 0.103 0.886 0.050
DGRL [103] ResNet-50 0.919 0.043 0.871 0.075 0.808 0.062 0.911 0.036 0.761 0.103 0.858 0.049
BASNet [43] ResNet-34 0.922 0.040 0.870 0.076 0.841 0.057 0.918 0.033 0.778 0.112 0.876 0.047
CPD [106] ResNet-50 0.933 0.040 0.881 0.071 0.826 0.056 0.922 0.033 0.820 0.110 0.878 0.043
PoolNet [5] ResNet-50 0.932 0.042 0.884 0.075 0.837 0.055 0.929 0.032 0.844 0.100 0.892 0.040
EGNet [6] ResNet-50 0.937 0.041 0.886 0.074 0.840 0.053 0.929 0.031 0.846 0.097 0.896 0.039

Ours ResNet-50 0.940 0.035 0.896 0.062 0.844 0.054 0.934 0.028 0.828 0.097 0.896 0.037

Adam optimizer with an initial learning rate of 5 × 10−5. This learning rate will

be scaled down by a factor of 0.1 after half of the training epochs. The batch size

is set to 20 and the total number of training epoch is 99. It is worthy to mention

that the average inference time of our method is 0.015s to process an image of size

352 × 352 by using a GTX 1080Ti GPU. The source codes of our method will be

made publicly available.

4.3.4 Performance Comparison

We compare our method with 14 recent FCN-based SOD models: DCL [91], UCF

[96], Amulet [97], PAGRN [105], DSS [99], NLDF [98], PiCANet [104], SRM [100],

PAGENet [85], DGRL [103], BASNet [43], CPD [106], PoolNet [5] and EGNet [6].

Among them, the former six models are VGG-based while the latter eight models

are ResNet-based. For fair comparisons, all the saliency maps of the above methods

are released by the authors or generated by using the available source codes. The

evaluation codes are adopted from [5, 6, 99] with the necessary rectification (We

note that their original codes will output the precision and recall in the wrong

order and thereby return a wrong Fβ result).

In Table 4.1, we present the quantitative performance comparison results on the

six SOD datasets. For maxF and MAE results on each dataset, the best three

models are highlighted in red, green, and blue, respectively. From this table, we
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(a) Image

(b) GT

(c) SRM

(d) PAGENet

(e) PiCANet

(f) DGRL

(g) BASNet

(h) CPD

(i) PoolNet

(j) EGNet

(k) Ours

Figure 4.5: Visual comparisons of our method and other ResNet-based models
on some representative examples (best viewed digitally with zooming).

can observe that our method achieves state-of-the-art performance on almost all

benchmark datasets, except on the SOD dataset [152]. Fig. 4.5 shows a visual

comparison of the results of our method against other ResNet-based models. As

we can see that the detected salient objects by using our method are more complete

than other competitors.
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Figure 4.6: Performance comparison with PR-curve on four SOD benchmarks.
Ours model obtains promising performance on three of them. Best viewed in
color.

Besides, the precision-recall curves of ResNet-based methods on the first four

datasets are provided in Fig. 4.6. We can see that our method outperforms its

counterparts on ECSSD, PASCAL-S, and HKU-IS datasets. While for the DUT-O

dataset, although our model has the best maxF value, its PR curve is not promising

on this dataset. It should be emphasized that this drawback mainly results from

our architecture. If we plot the PR curve of our model without trained with PSG

loss on the DUT-O dataset, we will obtain a worse curve.
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Table 4.2: Model ablation analysis of our method with maxF (higher is better)
and MAE (lower is better) on six SOD benchmarks. In each column, the best
two results are marked in red and green, respectively.

Model Variants
PSG Loss

ECSSD [37] PASCAL [151] DUT-O [90] HKU-IS [86] SOD [152] DUTS-TE [101]
MS-FAMs
in Encoder

MS-FAMs
in Decoder

maxF↑ MAE↓ maxF↑ MAE↓ maxF↑ MAE↓ maxF↑ MAE↓ maxF↑ MAE↓ maxF↑ MAE↓

Effectiveness of MS-FAM
0.926 0.043 0.883 0.067 0.816 0.058 0.925 0.031 0.807 0.111 0.880 0.040

X 0.930 0.042 0.881 0.068 0.818 0.055 0.922 0.031 0.820 0.109 0.881 0.039
X 0.930 0.038 0.890 0.066 0.831 0.054 0.930 0.029 0.830 0.101 0.887 0.038
X X 0.936 0.038 0.888 0.065 0.830 0.054 0.930 0.028 0.819 0.104 0.890 0.036

Effectiveness of PSG Loss
X 0.926 0.042 0.877 0.068 0.817 0.055 0.926 0.030 0.812 0.111 0.881 0.039

X X 0.930 0.040 0.884 0.064 0.824 0.053 0.926 0.030 0.805 0.107 0.884 0.038
X X 0.935 0.036 0.890 0.063 0.832 0.054 0.930 0.029 0.807 0.102 0.891 0.036
X X X 0.940 0.035 0.896 0.062 0.844 0.054 0.934 0.028 0.828 0.097 0.896 0.037

4.3.5 Ablation Study

In this subsection, we conduct a series of ablation experiments to analyze the

contribution of two key components, including the multi-scale feature aggregation

module (MS-FAM) and progressive self-guided (PSG) loss, in our method. The

quantitative results of our ablation study on the six SOD benchmarks are sum-

marized in Table 4.2. Our baseline model, as shown in the first row of this table,

consists of an FPN-like encoder and a fully convolutional decoder network without

MS-FAMs. Our MS-FAM is a flexible convolutional module for extracting and fus-

ing the multi-scale features, which can be applied in both the encoder and decoder

network. As a result, we have four model variants as the subjects in this ablation

study.

4.3.5.1 Effectiveness of MS-FAM

As shown in Table 4.2, the models equipped with MS-FAMs can easily outperform

the baseline model in most of the test datasets, regardless of the application location

of MS-FAMs. These results verify the conclusion in many SOD papers [86, 97,

99] that the SOD performance indeed boosted by incorporating the multi-scale

features.

Moreover, the model with MS-FAMs used in the encoder network can achieve

better results in all test benchmarks than the one with MS-FAMs used in the

decoder. It means that multi-scale features should be better incorporated into

the encoder network before the saliency inference stage. The model in the fourth

row of Table 4.2 is the final architecture of our SOD model. It can be used to
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illustrate that making a powerful decoder network can also help in improving the

SOD performance.

The branch-wise attention mechanism (BAM) plays an important role in our MS-

FAM. If we discard it by only applying the parallel dilated convolutions with sum-

aggregation in MS-FAM, the performance of our final architecture will drop by

1.8% in the SOD dataset and 1.0% in the PASCAL-S dataset, in terms of maxF.

As a result, our model will be surpassed by some existing works in Table 4.1.

4.3.5.2 Effectiveness of PSG Loss

PSG loss can be applied to the above-mentioned model variants for guiding their

training. From Table 4.2, we can observe that the model trained with PSG loss

can surpass its normally trained version in most benchmarks, convincingly demon-

strating the effectiveness of this loss. We note that there are several ’abnormal’

values in the SOD dataset [152] that some of the model variants trained with PSG

loss will obtain a worse result. We guess that the SOD dataset only has 300 images

for testing which may have a different label distribution from the training images

in the DUTS-TR dataset. Comparing Table 4.1 with 4.2, our SOD model cannot

achieve the state-of-the-art performance without the help of the PSG loss.

The kernel size of max-pooling used in our PSG loss is one of the most important

hyper-parameters for designing it. The current setting is using a 3×3 max-pooling

layer for the morphological dilation. We find that the performance of using 5 × 5

or even larger size of max-pooling is not good as using this one, but still better

than not using PSG loss. Obviously, using a larger size of max-pooling will result

in larger shape changes between the SMpred and SMpgt. One possible explanation

is that the difference by using a larger size of max-pooling is out of the learning

capacity of our SOD model in one training epoch which makes it hard to optimize.

4.3.5.3 PSG Loss with other training losses

Besides the hybrid loss (BCE + Dice) used in the existing experiments, our PSG

can work with other training losses as well. We choose the fourth model variant

(Model4), i.e. the model with MS-FAMs in both encoder and decoder, in our
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ablation study as the experiment subject in this part. Five commonly used seg-

mentation training losses, such as `1-norm, `2-norm, KLD, Dice, and BCE loss, are

individually used to validate the generalization ability of PSG loss. The results are

presented in Table 4.3. For each loss coupled with our PSG loss, the improved or

degraded results are marked in red or green, respectively. We can easily find that

the performance of Model4 trained with a specific training loss can be boosted by

incorporating the PSG loss.

Table 4.3: Performance comparison of the training losses and the losses com-
bined with our PSG loss. For each loss coupled with our PSG loss, the improved
or degraded results are marked in red or green, respectively.

Loss PSG Loss
ECSSD [37] PASCAL [151] DUT-O [90] HKU-IS [86] SOD [152] DUTS-TE [101]

maxF↑ MAE↓ maxF↑ MAE↓ maxF↑ MAE↓ maxF↑ MAE↓ maxF↑ MAE↓ maxF↑ MAE↓

`1-norm
0.920 0.038 0.861 0.065 0.797 0.054 0.920 0.029 0.766 0.100 0.867 0.038

X 0.925 0.038 0.875 0.062 0.811 0.052 0.921 0.029 0.762 0.105 0.878 0.036

`2-norm
0.927 0.042 0.878 0.067 0.815 0.056 0.923 0.033 0.821 0.105 0.877 0.041

X 0.933 0.042 0.881 0.069 0.824 0.056 0.927 0.032 0.836 0.103 0.885 0.040

KLD
0.935 0.041 0.889 0.067 0.829 0.054 0.929 0.032 0.837 0.103 0.891 0.038

X 0.937 0.041 0.892 0.067 0.835 0.056 0.930 0.032 0.838 0.105 0.892 0.040

Dice
0.919 0.039 0.872 0.065 0.797 0.053 0.920 0.029 0.730 0.101 0.871 0.038

X 0.924 0.037 0.886 0.069 0.840 0.060 0.922 0.028 0.754 0.098 0.883 0.041

BCE
0.935 0.040 0.886 0.066 0.828 0.054 0.931 0.031 0.841 0.102 0.888 0.037

X 0.937 0.039 0.891 0.065 0.836 0.054 0.933 0.030 0.833 0.104 0.889 0.039

BCE + Dice
0.936 0.038 0.888 0.065 0.830 0.054 0.930 0.028 0.819 0.104 0.890 0.036

X 0.940 0.035 0.896 0.062 0.844 0.054 0.933 0.028 0.828 0.097 0.896 0.037

4.3.5.4 Post-processing vs. PSG Loss

We also try to use the normal morphological closing operation as the post-processing

method for refining the results of our models. Specifically, the fourth model vari-

ant, i.e. the model with MS-FAMs in both encoder and decoder, in our ablation

study is chosen as the subject. We find that the evaluation performance of using

a unified small kernel size of the closing operation, such as 3× 3, 5× 5, and 7× 7,

on all of the testing images, are roughly the same as the results of non-using. But

it doesn’t mean that the morphological closing post-processing is useless. In fact,

there is an optimal kernel size for refining a specific image. This kernel size should

be dependent on the size of its incomplete regions. As shown in the first row im-

ages in Fig. 4.7, using a small kernel of closing cannot complete the big ’holes’

predicted by our subject model. For this type of image, a larger kernel is more

suitable. For other images in Fig. 4.7, simply using a larger kernel of closing will

worse the performance by wrongly merging the non-salient pixels into the salient

regions. It usually occurs in the images contain some salient objects with clear but

close boundaries. Moreover, closing operations cannot rectify false positives. In
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Table 4.4: Performance comparison of the original models and the models
retrained with our PSG loss. The symbol + denotes the retrained one. For
each retrained model, the improved and degraded results are marked in red and
green, respectively.

Model
ECSSD [37] PASCAL [151] DUT-O [90] HKU-IS [86] SOD [152] DUTS-TE [101]

maxF↑ MAE↓ maxF↑ MAE↓ maxF↑ MAE↓ maxF↑ MAE↓ maxF↑ MAE↓ maxF↑ MAE↓
CPD 0.933 0.040 0.881 0.071 0.826 0.056 0.922 0.033 0.820 0.110 0.878 0.043
CPD+ 0.933 0.039 0.884 0.067 0.834 0.055 0.925 0.032 0.826 0.106 0.883 0.042
EGNet 0.937 0.041 0.886 0.074 0.840 0.053 0.929 0.031 0.846 0.097 0.896 0.039
EGNet+ 0.937 0.041 0.888 0.074 0.842 0.054 0.931 0.031 0.852 0.101 0.900 0.038

Ours 0.934 0.038 0.888 0.065 0.830 0.054 0.930 0.028 0.819 0.104 0.890 0.036
Ours+ 0.940 0.035 0.896 0.062 0.844 0.054 0.934 0.028 0.828 0.097 0.896 0.037
DINet 0.929 0.044 0.881 0.069 0.825 0.058 0.923 0.034 0.830 0.100 0.881 0.040
DINet+ 0.932 0.041 0.885 0.067 0.830 0.058 0.926 0.032 0.822 0.101 0.883 0.042

this case, using a larger kernel of closing is also a bad choice. By comparing the

results of using post-processing and those of using PSG loss, we can see that the

accuracy of raw prediction is more important than the choice of the post-processing

parameter.

To summarize, the performance of using the closing operation as post-processing

is not as good as conducting it in the loss function. There are two main drawbacks

for the former manner: firstly, the post-processing result is sensitive to the choice

of kernel size. In PSG loss, a fixed and small kernel can be adopted as the model

is progressively guided and the testing result can be iteratively optimized through

the epochs. Secondly, the post-processing does not always yield better results. In

PSG loss, correct auxiliary supervisions can be always guaranteed with the prior

knowledge of SMgt.

4.3.6 Application in Existing Methods

Our proposed PSG loss is an auxiliary loss function that can be directly applied

in training any end-to-end SOD models without architecture modification. In this

paper, we try to apply our PSG loss into two recent SOD methods: CPD [106]

and EGNet [6], for evaluating the generalization ability of this loss. These two

models are retrained by using their released source codes as well as the default

training settings. In Table 4.4, we report the quantitative results of the original

models and the models retrained with our PSG loss. We can see that PSG loss

can further improve the performance of the CPD and EGNet models on almost all

SOD benchmarks.
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Since SOD is still a dense prediction task, our proposed DINet [8], which is pre-

sented in Chapter 3, can be retrained for detecting salient objects as well. From

Table 4.4, we can observe that our PSG loss can also help our DINet in improving

its performance on SOD. Although DINet only requires 0.007s to process an image

of size 352 × 352, the performance gap between DINet and this new work is not

marginal. SOD is more complex than the visual saliency prediction task as the

labeled saliency maps in SOD is more dense and structured. Even though DINet

has a more powerful backbone network, i.e. Dilated ResNet-50 (DRN), its feature

aggregation module and decoder network are at a distinct disadvantage against our

new model. Owing to its simple architecture, DINet cannot obtain state-of-the-art

performance in SOD. This is the main reason why we propose a new model for

SOD instead of keeping using DINet.

4.4 Summary

In this work, we have proposed a simple yet effective progressive self-guided (PSG)

loss for assisting the training of deep learning-based salient object detection (SOD)

models. Our PSG loss simulates the morphological closing operation on the model

predictions for creating progressive and auxiliary training supervisions epoch-wisely.

The effectiveness and the generalization ability of this loss have been validated in

our experiments. Moreover, we also propose a new multi-scale feature aggregation

module (MS-FAM) to build our SOD models. Experimental results on six widely

used SOD benchmark datasets have demonstrated the outstanding performance

of our method with respect to other FCN-based models. In the future, we will

consider promoting our PSG loss into other dense prediction tasks and investi-

gate other post-processing techniques into this loss for further improvements. In

the next chapter, we will present our last work for saliency-guided image quality

evaluation.
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(a)

(b)

(c)

(a)

(d)

(e)

(f)

(g)

(h)

Figure 4.7: Visual comparisons of our model with different kernel sizes of
closing operation and PSG Loss (best viewed digitally with zoom). (a) Image,
(b) GT, (c) Model4, (d)-(g) Model4 + 3 × 3, 5 × 5, 7 × 7, and 13 × 13 closing,
respectively. (h) Ours (Model4 + PSG Loss). Model4 denotes the fourth model
variant in Table 4.2.



Chapter 5

Saliency-Guided Deep Neural

Network for No-Reference Image

Quality Assessment

5.1 Introduction

Image quality assessment (IQA)1 aims to evaluate the perceptual quality of a digital

image in a manner that is consistent with human subjective opinions. It is a

fundamental problem in many perceptual-based visual media applications, such as

image deblurring [156, 157], image compression [158], image super-resolution [159],

and more. According to the accessibility of the pristine reference images, IQA

models can be classified into full-reference (FR) [110–113], reduced-reference (RR)

[114–116], and no-reference (NR) [18, 117–120] three types. Among them, NR-IQA

has a broad range of application scenarios since reference images are not accessible

in most practical applications, especially for evaluating the qualities of real-world

images with authentic distortions.

Traditional NR-IQA methods generally follow a two-stage processing pipeline in-

cluding feature extraction and quality regression. Related works have shown that

the performance of these NR-IQA models heavily depends on their carefully de-

signed quality-aware features based on the domain knowledge of natural scene

1The work in this chapter has been published in [155].

81



82 5.1. Introduction

statistics (NSS) [121–123] and human visual properties [117, 160]. Lately, with the

advent of deep convolutional neural network (CNN), these hand-crafted feature-

based NR-IQA models are surpassed by deep CNN-based models due to the power-

ful capacity of deep CNN architectures in jointly optimizing the feature extraction

and quality regression modules in a data-driven manner.

To learn a better feature representation, some recently proposed deep IQA mod-

els seek to use a multi-task learning strategy where an auxiliary sub-task and a

primary sub-task (i.e., quality evaluation) are jointly optimized in an end-to-end

manner. With the help of such an auxiliary yet closely related sub-task, these mod-

els can learn more discriminant feature representations from the input raw data to

improve their quality evaluation performance effectively. For example, the recent

MEON model in [45] considered distortion identification as the auxiliary sub-task.

This sub-task intends to make use of the distortion category information which

is available in the legacy IQA datasets with some common synthetic distortions

[11, 161, 162]. However, the massive Internet images captured by real cameras

are usually afflicted by complex mixtures of multiple authentic distortions [7, 163],

which cannot be well-simulated by the limited algorithm-generated distortions in

these legacy IQA datasets. As a result, such a distortion identification sub-task

cannot accurately identify the complex mixtures of distortions existing in authen-

tically distorted images and may lead to performance degradation when applying

to evaluate the real-world images with diverse authentic distortions.

To address the above-mentioned limitation of the existing multi-task deep CNN-

based NR-IQA models, we propose to use visual saliency prediction to replace their

distortion identification as the auxiliary sub-task for providing more universal yet

closely related perceptual information to facilitate quality evaluation. Compared

with the distortion identification sub-task, visual saliency always exists when view-

ing every image, regardless of its distortion type. More importantly, related work

[113] has reported that saliency information is highly correlated with image quality.

The rationale is that human beings tend to focus on visually salient areas while

assessing image quality [17, 126, 127]. This inspires us to incorporate the visual

saliency prediction as the auxiliary sub-task to learn a powerful multi-task deep

IQA model for the quality evaluation on the authentically distorted images. Fig.

5.1 presents some Internet images along with the estimated saliency maps by using

our proposed saliency prediction model–DINet [8]. Images (a)-(c) are obviously
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(a) MOS: 1.096 (b) MOS: 1.193 (c) MOS: 1.804 (d) MOS: 2.510 (e) MOS: 3.193 (f) MOS: 4.238(a) MOS: 1.096 (b) MOS: 1.193 (c) MOS: 1.804 (d) MOS: 2.510 (e) MOS: 3.193 (f) MOS: 4.238

Figure 5.1: Examples of Internet images and their saliency maps with different
image quality levels. The images in the first row are from KonIQ-10k dataset [7],
and larger MOS (mean opinion score) shown in the bottom indicates better sub-
jective perceptual quality. Their saliency maps in the second row are generated
by our DINet [8] and fused with the original images where a pixel with brighter
intensity indicates a higher probability of attracting human visual attention.

with low visual quality due to the severe distortions/blurs on the salient regions.

Image (d) is slightly better yet still has distortions on its attended areas. The

quality of image (e) is not as good as image (f) because the second most salient

object (i.e., the man in the rear) is not that clear.

The proposed saliency-guided deep neural network (SGDNet) inherits the same

idea of other saliency-based NR-IQA methods [127, 133] by estimating saliency

maps as a kind of local weighting functions to measure the local visual importance

dependence for facilitating quality evaluation, but it differs greatly from these two

relevant works in two main aspects. On the one hand, their immediate visual

saliency targets are optimized only with the single global quality scores as supervi-

sions while these targets in our SGDNet have the direct supervisions, provided by

our proposed saliency model [8] in the Chapter 3. On the other hand, the outputs

of our saliency prediction sub-task are transparent to the quality evaluation task

by working as a kind of spatial attention priors/masks on the extracted features

from the whole image for feature fusion. As a result, our method is an end-to-end

image-based approach that avoids using the problematic local patch quality scores

as labels in the training process.

The performance of our SGNet is evaluated on several publicly available IQA bench-

mark datasets. The peer comparison results indicate that our SGDNet can achieve

state-of-the-art performance on both authentically and synthetically distorted IQA

datasets. Meanwhile, the ablation study shows that the quality evaluation perfor-

mance is indeed boosted by incorporating saliency information and our multi-task
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learning framework can further improve the performance due to its learned adaptive

spatial attention priors for better perceptually-consistent feature fusion.

In this work, our contributions can be summarized as follows:

� We propose an end-to-end optimized SGDNet to incorporate learnable saliency

information into the challenging NR-IQA task. To the best of our knowledge,

it is the first attempt to optimize the saliency prediction and quality eval-

uation sub-tasks together in an end-to-end multi-task learning framework

for alleviating the overfitting problem. The proposed SGDNet is particularly

suitable to blindly evaluate the perceptual qualities of real-world images with

authentic distortions.

� Our SGDNet is trained with more informative labels including saliency maps

and global quality scores simultaneously for better quality evaluation. More

importantly, the learned saliency information from the saliency prediction

sub-task is transparent to the primary quality regression sub-task by provid-

ing a kind of adaptive spatial attention priors for the perceptually-consistent

feature fusion.

5.2 Saliency-Guided Deep Neural Network

5.2.1 Overview

We propose an end-to-end multi-task saliency-guided deep CNN model for NR-

IQA. It consists of two sub-tasks including visual saliency prediction and image

quality evaluation which are jointly optimized with a shared feature extractor. In

the literature, there are some IQA datasets [129, 164, 165] that provide saliency

maps, in addition to the MOS (mean opinion scores), to investigate the interaction

of visual saliency and quality evaluation. However, the scale of these datasets

is too small for training a powerful saliency prediction model. Considering that,

our saliency prediction sub-network is trained with proxy saliency maps produced

by a teacher saliency model–our DINet [8], which are trained on the large-scale

saliency prediction dataset–SALICON [3]. To verify the effectiveness of these proxy

saliency maps, we implement another saliency-guided deep CNN model, called
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Figure 5.2: Architectures of two variants of proposed saliency-guided deep
CNN models. (1) Direct SGDNet (without the saliency prediction sub-network
indicated by dashed lines); (2) (Multi-task) SGDNet: use a saliency prediction
sub-network to predict saliency map under the supervision of target saliency
map and then incorporate this learned saliency map with the extracted features
to evaluate the image quality. Definitions of notations used in this figure are
described in Sections 5.2.2 and 5.2.3.

Direct SGDNet, which directly uses the proxy saliency maps as the additional

model input to provide a kind of saliency guidance for improving the accuracy of

quality evaluation. The architectures of these two models are depicted in Fig. 5.2.

For these two models, either the proxy or learned saliency maps are served as the

spatial attention priors to fuse the extracted features from the whole input images.

As such, the visual importance dependence of local regions over the whole image

is modeled and a perceptually-consistent feature fusion is achieved.

5.2.2 Problem Formulation and Modeling

For an input image I, an NR-IQA model M is used to estimate the perceptual

quality of this image Qest:

Qest =M(I; θ), (5.1)

where θ indicates all of the parameters of this model. Denote the ground truth

quality of this image as Qgt, the training objective of this model M is to find the

optimal parameter setting θ̂ so that the quality evaluation loss Lq between the Qest

and Qgt of all test images in the evaluated dataset is in its minimum. Due to our

preliminary experiments, we consider the `1-norm instead of widely used `2-norm
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as our Lq:

Lq =
1

N

N∑
i=1

‖ Qest,i −Qgt,i ‖1, (5.2)

where the subscript i of Qest,i and Qgt,i represent the estimated quality score and

ground truth quality label of i-th image, respectively. Without loss of generality,

we ignore this subscript in the following statements for simplification.

To be specific, we divide the pipeline of our end-to-end deep CNN-based NR-IQA

model into several stages according to the change in feature dimension. Firstly, we

use a deep CNN (DCNN) as the feature extractor to get the raw CNN features fraw

directly from the input image I with a size of h×w×3. In our implementation, we

use one of two commonly used backbone networks, VGG-16 [65] and ResNet-50 [66].

Within these two backbone networks, their fully connected layers are discarded

since we need the feature maps with spatial information for further feature fusion.

The spatial dimension of these feature maps generated from the last layer of any

of these two backbones is h
32
× w

32
. To ensure the output channels of these feature

maps are also the same, an extra 1×1×512 convolutional layer is added, which can

also perform the feature adaption, at the end of the backbone network. We treat

this modified network as our feature extractor and use the DCNN( · ) to denote

this mapping: Rh×w×3 → R h
32

× w
32

×512. Therefore, this feature extraction processing

can be simply represented by:

Feature Extraction: fraw = DCNN(I; θ1), (5.3)

where θ1 indicates the weights of the convolutional layers within this DCNN. These

raw features fraw can be further processed to become more discriminative feature

maps fm by fusing the saliency information with them as our models, which will

be detailed in the next section. As a comparison, we build our baseline model by

direct feeding these raw features to the remaining quality evaluation sub-network.

It means fm = fraw in this baseline model. End-to-end CNN-based NR-IQA models

usually adopt a multi-layer perceptron (MLP) to regress the image/patch features

into a subjective quality score. However, feature maps fm cannot be directly fed

into the MLP. A conversion from feature maps fm to the image feature vector fv is

required. Here, we empirically choose the global average pooling (GAP) to perform

this conversion: R h
32

× w
32

×512 → R512. Our quality evaluation sub-network can be

written in the following simultaneous equations, where θ2 indicates the parameters
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inside the MLP.

Quality Evaluation:

fv = GAP (fm),

Qest = MLP (fv; θ2).
(5.4)

5.2.3 Direct and Multi-task SGDNet

In the feature fusion stage, we propose to incorporate the saliency information

into the raw extracted features for getting perceptually-consistent feature maps

fm. Considering that a saliency map is used to measure the visual importance of

local regions within its corresponding input image, we implement this property by

using element-wise multiplication ⊗ to combine the raw features fraw and saliency

map Sm together, as shown in Eq. 5.5. As such, this saliency map will be treated

as spatial attention prior, where the value of each pixel belongs to [0,1], to re-

weight the raw features of the corresponding input image in its spatial domain for

a perceptually-consistent feature fusion. Note that the spatial dimension of raw

feature maps is not matched with the original size of the generated saliency map,

we need to resize the original saliency map with a down-sampling rate of 32 to

make this multiplication meaningful.

Feature Fusion: fm = fraw ⊗ Sm. (5.5)

The roles of these obtained saliency maps in our two variants of SGDNets are

different. In our Direct SGDNet, saliency maps are directly used as one of the model

inputs for providing additional guidance. By contrast, our Multi-task SGDNet

takes these saliency maps as the immediate regression targets by using a shallow

CNN (SCNN) as the saliency prediction sub-network to predict them, as shown in

Fig. 5.2. In other words, both of these two variants of SGDNets are all using the

Sm as the spatial attention prior. The difference between them is that Sm is learned

before the feature fusion in the multi-task version or directly provided in the direct

one. The processing of our saliency prediction sub-network can be represented by:

Saliency Prediction: Sm = SCNN(fraw; θ3), (5.6)

where θ3 indicates the parameters of this SCNN. For predicting visual saliency

within this SCNN, a saliency prediction loss Ls should be taken into consideration
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to measure the gap between the predicted saliency prior and its corresponding proxy

ground truth saliency map. By viewing the saliency map as a kind of probability

distribution, as done in Chapter 3, we adopt the total variation distance as this

Ls:

Ls(xp, xg) =
1

2

N∑
i=1

| xpi∑N
i=1 x

p
i

− xgi∑N
i=1 x

g
i

|, (5.7)

where x = (x1, ..., xi, ..., xN) is the set of raw saliency response values for either

the predicted saliency map (xp) and the ground truth saliency map (xg). We have

also tried other probability distribution distance metrics, such as Kullback-Leibler

divergence, as this saliency prediction loss and observed a similar performance.

For jointly optimizing this multi-task SGDNet, an overall loss function should be

defined. Here we simply use a linear combination of Lq and Ls to represent our

optimization target of this SGDNet:

θ̂ = arg min
θ

(Lq + αLs), (5.8)

where θ = (θ1; θ2; θ3) in this model and α is a non-negative parameter to control

the relative importance of the saliency prediction sub-task.

5.2.4 Spatial Attention and Channel-wise Attention

As introduced in [9], CNNs extract features by fusing spatial and channel-wise

information together, which means there are some inter-dependencies between the

channels of CNN features. The channel-wise attention (CA) mechanism is explic-

itly modeled by their proposed Squeeze-and-Excitation (SE) block to selectively

emphasize informative feature channels and suppress less useful ones. Since spatial

attention and channel-wise attention are intended to re-calibrate the CNN features

in the spatial and channel dimensions separately, we can further extend our model

with the CA mechanism for obtaining a more comprehensive feature representa-

tion. Here, one SE block [9] is directly plugged into our framework for modeling

CA, as depicted in Fig. 5.3. In this case, the previous feature fusion stage should

be modified by:

Feature Fusion with CA:

fCA = SE(fraw; θ4),

fm = fCA ⊗ Sm.
(5.9)
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Feature Fusion with CA

      

  

 

 

   

Figure 5.3: Illustration of feature fusion with channel-wise attention (CA) in
our framework. Within the SE block [9], FC block with an activation function
name indicated in the bottom represents the fully-connected layer followed with
that specific activation layer.

where θ4 represents the parameters within this SE block. To avoid unnecessary

interactions between the spatial attention and channel-wise attention in our ar-

chitecture, the raw features from the feature extractor are processed with these

two attention mechanisms separately in a parallel manner. Our experimental re-

sults show that incorporating CA can improve the performance of our baseline

model, but not as good as our proposed spatial attention, which is learned from

the saliency prediction sub-network.

5.3 Experiments

5.3.1 IQA Datasets

We perform experiments on two types of image quality datasets covering the syn-

thetic and authentic distortions, respectively. In the former type of IQA datasets,

including LIVE [161], CSIQ [162], and TID2013 [11], the distorted images are gen-

erated by simulating a single type of synthetically introduced distortion, such as

JPEG compression, Gaussian blur, or white noise, with several pre-defined distor-

tion levels on the pristine images. However, massive real-world images suffer from a

mixture of diverse and complex authentic distortions that cannot be well-simulated
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by the above synthetic distortions. Therefore, new IQA datasets, including CLIVE

[163] and KonIQ-10k [7], have been generated to investigate the images with au-

thentic distortions. In CLIVE, images are captured by a wide variety of mobile

camera devices under highly diverse conditions. In KonIQ-10k, images are sampled

from the massive quantity of Internet images and then filtered to ensure the con-

tent diversity and distortion authenticity. Both CLIVE and KonIQ-10k datasets

have no reference images, and thus only NR-IQA methods can be used to evalu-

ate them. For better readability, we provide a detailed information summary of

the above IQA datasets in Table. 5.1. It should be noted that the subjective

score types, subjective score ranges, and image resolutions of these datasets are

not unified.

Table 5.1: Information summary of IQA datasets

Dataset Year # Reference images # Distorted images Distortion Type # Distortion Types Score type Score range Image Resolution

LIVE [161] 2006 29 779 synthetic 5 DMOS [0,100] mostly 512× 768
CSIQ [162] 2009 30 866 synthetic 6 DMOS [0,1] 512× 512

TID2013 [11] 2013 25 3000 synthetic 24 MOS [0,9] 384× 512
CLIVE [163] 2016 N/A 1162 authentic N/A MOS [0,100] mostly 500× 500

KonIQ-10k [7] 2017 N/A 10073 authentic N/A MOS [1,5] 768× 1024

5.3.2 Evaluation Metrics for IQA

Two commonly used evaluation metrics, Spearman rank order correlation coeffi-

cient (SRCC) and Pearson linear correlation coefficient (PLCC), are adopted to

benchmark the IQA models. Both metrics measure the correlation between a set

of objective quality scores Qest estimated/predicted by IQA algorithms and a set

of subjective quality scores Qgt provided by subjective experiments.

SRCC(Qest, Qgt) = 1− 6
∑
d2i

N(N2 − 1)
, (5.10)

PLCC(Qest, Qgt) =
cov(Qest, Qgt)

σ(Qest)σ(Qgt)
, (5.11)

where N is the total number of images for evaluating; di is the rank difference be-

tween the Qest and Qgt of the i-th image; cov( · , · ) and σ( · ) refer to the covariance

and standard deviation, respectively. Generally, SRCC measures the prediction

monotonicity, and PLCC measures the prediction accuracy. For both metrics, a
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higher value close to 1 indicates the higher performance of a specific IQA method.

Some of the methods use a nonlinear function to map their raw model predictions

to the MOS scale on the tested dataset for obtaining higher PLCC scores. But it

is not adopted in our work since our SGDNet can obtain desirable results on that

scale.

5.3.3 Implementation Details

Our SGDNet model is implemented by Keras [139]. The backbone network of

SGDNet is VGG-16 or ResNet-50. In our saliency prediction sub-network, the

SCNN module is simply implemented by one 1 × 1 convolutional layer which can

achieve the mapping from the raw features to the saliency maps. Moreover, the

MLP applied in the remaining quality evaluation sub-network consists of 3 hidden

layers with neuron sizes 1024, 1024, and 1. The α used in computing the overall

loss is set to 0.25 for highlighting the importance of the quality evaluation task.

During training, the weights in the backbone network are initialized from its Im-

agenet [36] pre-trained model. The weights of the remaining layers are initialized

by the default setting of Keras. All of the models in our experiment are trained

with the widely used Adam optimizer with an initial learning rate of 10−4. This

learning rate will be scaled down by a factor of 0.1 after every five epochs without

validation loss decreasing. For each dataset, except KonIQ-10k, all of the images

are resized to the dominant image resolution of this dataset for mini-batch train-

ing. Because of the limited GPU memory, the batch size varies according to the

resolution of input images. It is worthwhile mentioning that our SGDNet takes

only 0.020s for evaluating the image quality of one input image of size 384 × 512

by using one single GTX 1080 Ti GPU. The source codes of our SGDNet and its

pre-trained models are publicly available2.

2https://github.com/ysyscool/SGDNet
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Table 5.2: Performance comparison on four individual datasets. In each col-
umn, the best and second best results are highlighted in boldface and boldface
italic, respectively.

Methods
LIVE [161] CSIQ [162] TID2013 [11] CLIVE [163] Weighted Average

SRCC PLCC SRCC PLCC SRCC PLCC SRCC PLCC SRCC PLCC
BLIINDS-II [122] 0.912 0.916 0.780 0.832 0.536 0.628 0.463 0.507 0.608 0.673
DIIVINE [121] 0.925 0.923 0.835 0.817 0.549 0.654 0.509 0.558 0.634 0.695
BRISQUE [123] 0.939 0.942 0.775 0.781 0.572 0.651 0.607 0.645 0.659 0.708
IL-NIQE [168] 0.902 0.908 0.821 0.865 0.521 0.648 0.594 0.589 0.631 0.703
CORNIA [124] 0.942 0.943 0.714 0.781 0.549 0.613 0.618 0.662 0.640 0.692
HOSA [118] 0.948 0.949 0.781 0.841 0.688 0.764 0.659 0.678 0.731 0.783
Kang’s CNN [46] 0.956 0.956 - - - - - - - -
BIECON [125] 0.961 0.962 0.825 0.838 0.721 0.765 0.595 0.613 0.743 0.771
DIQaM-NR [133] 0.960 0.972 - - 0.835 0.855 0.606 0.601 - -
WaDIQaM-NR [133] 0.954 0.963 - - 0.761 0.787 0.671 0.680 - -
VIDGIQA [127] 0.969 0.973 - - - - 0.701 - - -
ResNet-50 + fine-tuning [166] 0.950 0.954 0.876 0.905 0.712 0.756 0.819 0.849 0.790 0.823
Imagewise CNN [166] 0.963 0.964 0.812 0.791 0.800 0.802 0.663 0.705 0.796 0.803
DIQA [167] 0.975 0.977 0.884 0.915 0.825 0.850 0.703 0.704 0.830 0.848
SGDNet (ours) 0.969 0.965 0.883 0.903 0.873 0.861 0.851 0.872 0.883 0.883

5.3.4 Performance Comparison

5.3.4.1 Performance on Individual Datasets

In this part, we conduct individual dataset evaluation on four IQA datasets, in-

cluding LIVE [161], CSIQ [162], TID2013 [11], and CLIVE [163]. Among them,

the first three datasets are for synthetic distortions while CLIVE is for authentic

distortions. The KonIQ-10k dataset is not adopted in this experiment as it is not

used by most of the compared methods. Following the experimental setting of

[166], for each individual dataset, we randomly divide it into two subsets according

to the reference images, 80% of the data for training and the remaining for test.

Then, the corresponding distorted images can be divided into two subsets with

non-overlapping image contents. The SRCC and PLCC results of our method are

averaged after ten repetitions of this random process.

In Table 5.2, we compare the performance of our ResNet-based SGDNet with six

traditional NR-IQA methods, shown in the first six rows, and eight CNN-based

NR-IQA methods, starting from the Kang’s CNN [46] to the up-to-date DIQA

[167]. Although the MEON [45] model is one of the most relevant methods to our

SGDNet, it is not included in this performance comparison because it has a quite

different experimental setup from the methods listed in this table.

For SRCC and PLCC scores on each dataset, the best and second-best models

among these NR-IQA methods are highlighted in boldface and boldface italic,
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respectively. Moreover, the weighted average results over these four datasets are

also reported in the last two columns of Table 5.2. The weight of each database is

proportional to the number of distorted images in that database. From this table,

we can conclude that our method achieves state-of-the-art performance on both

authentically and synthetically distorted IQA datasets.

Besides, we can observe that CNN-based methods are generally superior to tra-

ditional methods. Among those existing NR-IQA methods, except for several

ResNet-based models, the performance results on the CLIVE dataset is much lower

than on the other three synthetically distorted datasets. We interpret this phe-

nomenon as follows. The real-world images with diverse authentic distortions in

the CLIVE dataset have a much wider range of image contents which cannot be

well handled by those traditional NR-IQA methods without using the deep CNN

features. With the help of the ResNet-50 backbone network for feature extraction

and the incorporation of saliency information learned by our multi-task framework,

our SGDNet largely outperforms all of the compared methods in this authentically

distorted IQA dataset. Apart from the CLIVE dataset, our model also achieves

competitive performance on the other three synthetically distorted IQA datasets,

especially on the TID2013 dataset. Our model is not as good as DIQA [167] on

the LIVE and CSIQ datasets. The patch-based training strategy used in DIQA is

more suitable for the evaluation of these two relatively small datasets with limited

synthetic distortions but is not reliable for the evaluation of the CLIVE dataset.

5.3.4.2 Performance on Individual Distortion Types

Following [45, 167], we train and test our SGDNet on the full TID2013 database to

investigate its behaviors on individual distortion types. The detailed experimen-

tal setting is the same as the individual dataset evaluation. The SRCC results of

this study are reported in Table 5.3. We observe similar results by using PLCC

as the evaluation metric. From this table, we can see that SGDNet achieves the

best two performing models on most distortion types, as well as the best overall

performance. Specifically, most existing methods are not good at several distortion

types in TID2013, such as local block-wise distortions, mean intensity shift, con-

trast change, and change of color saturation. SGDNet performs relatively better

on these particular distortions which makes it superior in the overall comparison.
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Table 5.4: SRCC results in the cross dataset evaluation. In each column, the
top result is highlighted in boldface.

Methods CSIQ [162] TID2013 [11] CLIVE [163]
BLIINDS-II [122] 0.577 0.393 0.119
DIIVINE [121] 0.590 0.355 0.465
BRISQUE [123] 0.548 0.358 0.313
CORNIA [124] 0.649 0.360 0.443
VIDGIQA [127] 0.641 0.415 0.315
DIQaM-NR [133] 0.681 0.392 -
WaDIQaM-NR [133] 0.704 0.462 -
SGDNet (ours) 0.719 0.532 0.455

Besides, non-eccentricity pattern noise and chromatic aberrations are the disad-

vantaged subjects of our model. We can further improve SGDNet by investigating

these noise patterns.

5.3.4.3 Cross Dataset Evaluation

To test the generalization ability of our method, our proposed model is trained on

the entire LIVE dataset and evaluated on the whole TID2013, CSIQ, and CLIVE

datasets. Note that the score ranges and score types are not unified in these four

datasets as shown in Table 5.1, we choose the settings of CSIQ as our standard

in these experiments. Therefore, subjective scores on the other three datasets

are linearly scaled to the range of [0,1]. For the MOS values in TID2013 and

CLIVE, they are further reversed as 1 −MOS to meet this standard. Although

our model can process input images with arbitrary sizes, we find that the cross

dataset performance of our model achieves the local extrema by resizing all of the

training and test images to 384× 512. The results of the cross dataset evaluation

are reported in Table 5.4 where we can observe that our proposed SGDNet model

has a promising generalization ability compared to other methods.

5.3.4.4 Performance on KonIQ-10k dataset

Recently, the authors of KonIQ-10k dataset [7] benchmarked some traditional NR-

IQA methods and two recent CNN models, i.e., DeepRN [170] and KonCept512 [7],

in their dataset. By following their training/test dataset division, we report our

methods and retrained KonCept512 in Table 5.5. Our ResNet-based SGDNet can
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Table 5.5: Performance comparison on KonIQ-10k test dataset [7]

Method BLIINDS-II [122] BRISQUE [123] CORNIA [124] HOSA [118] DeepRN [170] KonCept512 [7] SGDNet SGDNet
Backbone - - - - ResNet-101 InceptionResNetV2 ResNet-50 InceptionResNetV2
SRCC 0.585 0.705 0.780 0.805 0.867 0.900 0.899 0.909
PLCC 0.598 0.707 0.808 0.828 0.880 0.920 0.917 0.929

Table 5.6: Model ablation analysis on KonIQ-10k dataset [7]

Model Type
Backbone Network Saliency Information

CA
Performance

VGG-16 ResNet-50 saliency input saliency output SRCC ↑ PLCC ↑ MAE ↓

Baseline
X 0.817 0.822 0.2714

X 0.808 0.816 0.2532

Baseline + CA
X X 0.827 0.853 0.2623

X X 0.833 0.851 0.2370

Direct SGDNet
X X 0.843 0.874 0.2017

X X 0.869 0.890 0.1938

Direct SGDNet + CA
X X X 0.851 0.880 0.1963

X X X 0.880 0.899 0.1830

SGDNet
X X 0.870 0.890 0.1881

X X 0.897 0.917 0.1684

SGDNet + CA
X X X 0.878 0.896 0.1846

X X X 0.903 0.920 0.1639

obtain a very close performance towards the KonCept512 model which is equipped

with a more powerful InceptionResNetV2 [171] backbone network. By changing

our backbone to this powerful one, SGDNet can outperform KonCept512 by a clear

margin.

5.3.5 Ablation Study

To evaluate the contribution of each component in our SGDNet, we conduct a series

of ablation experiments on the KonIQ-10k dataset [7]. KonIQ-10k is the current

largest IQA dataset of authentically distorted images and is suitable for evaluating

the performance of different CNN-based NR-IQA models. For this dataset, we

randomly pick 8,073 out of the total 10,073 images as the training set and the

remaining images as the test set. All of the images and their original saliency

maps are resized to 384 × 512 for accelerating the training process and using a

relatively large batch size (20 in this case) for training. The major ablation results

are presented in Table 5.6. Apart from the introduced SRCC and PLCC, MAE is

also used as the evaluation metric in this study, as it is also the quality evaluation

loss that can represent the goodness of fit of these models in this table. Different

from the SRCC and PLCC, the lower MAE value indicates a better performance.
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5.3.5.1 Influence of the backbone network

In this ablation experiment, we implemented our model with two different back-

bone networks including VGG-16 [65] and ResNet-50 [66]. It is widely accepted

that ResNet-50 is more powerful than VGG-16, as it can be trained very deeply for

more comprehensive feature extraction with the help of residual learning. In our

case, we compare the models listed in Table 5.6 with different backbone networks.

In our baseline models, some VGG-based models have better performance concern-

ing SRCC or PLCC. The reason is that SRCC and PLCC scores may not be always

consistent with our quality evaluation loss. In our proposed saliency-guided mod-

els, including Direct SGDNet and (Multi-task) SGDNet, the ResNet-based models

perform better than their VGG-based versions on all of the three evaluation met-

rics.

5.3.5.2 Effectiveness of saliency information

We incorporate the saliency information in two different ways. In our Direct

SGDNet, the obtained saliency maps are served as one of the model inputs. Ex-

tracted features from the backbone network are further fused with these fixed

saliency maps. As a comparison, our SGDNet is built on an end-to-end multi-task

framework and these saliency maps are the target outputs of our proposed saliency

prediction sub-network. The predicted saliency maps of our sub-network have the

same function as the fixed ones for providing the spatial attention priors. From

Table 5.6, we can observe that the quality evaluation performance indeed boosted

by incorporating the saliency information. Moreover, by comparing the Direct

SGDNet and SGDNet with the same configuration of the backbone and CA, we

can find the latter model is always better. It means that our end-to-end multi-

task learning framework can further improve the boosted performance achieved by

simply using the saliency information as the additional model input.

Fig. 5.4 provides some examples to compare those targets and learned saliency

maps. Saliency maps generated by our DINet[8] have some undesirable responses on

the image centers because this saliency model is trained on the saliency prediction

datasets where center-bias priors are implicitly learned. Our saliency prediction

sub-network can skip this trap by jointly training with the quality evaluation sub-

network while the center regions in these input images are not appealing to the
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Input Image Target Saliency Map Learned Saliency MapInput Image Target Saliency Map Learned Saliency Map

Figure 5.4: Examples of input images, target saliency maps generated by [8],
and predicted saliency maps by our proposed saliency prediction sub-network.

later quality evaluation sub-network. Therefore, we conclude that the saliency

maps learned in SGDNet are more adaptive and suitable than those fixed ones.

5.3.5.3 Influence of channel-wise attention

Besides modeling the spatial attention by using the saliency information, our

method can be further extended by incorporating the channel-wise attention (CA)

module, as described in Section 5.2.4. From Table 5.6, in the baseline models,

the introduced CA module [9] can improve the performance by a large margin

(more than 3.7% on PLCC and 1.2% on SRCC). However, we also observe that the

spatial attention prior is more powerful than CA by comparing the models in the
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Table 5.7: PLCC results of saliency models on KonIQ-10k IQA dataset [7] with
our ResNet-based SGDNet and MIT300 saliency dataset [12] with themselves.

Saliency models KonIQ-10k MIT300
DINet [8] 0.917 0.79
SAM [67] 0.914 0.78
Our SOD model [107] 0.912 -
SalGAN [70] 0.911 0.73
DVA [38] 0.903 0.68
(no saliency model) 0.816 -

second and third types in Table 5.6. It can be explained that incorporating saliency

information can lead to a more perceptually-consistent feature fusion while incor-

porating CA can only explicitly modeling the inter-dependencies between feature

channels which is not much related to the quality evaluation task. Furthermore,

by fusing the spatial and channel-wise features together, our extended SGDNet

(SGDNet + CA) can achieve slightly higher results when comparing with the orig-

inal model.

5.3.6 Influence of the Saliency Model

Intuitively, the performance of our SGDNet is also affected by the teacher saliency

model, which produces the proxy saliency maps for training our saliency predic-

tion sub-network. To explore the influence of this fact, we test other three most

relevant saliency models, including SAM [67], SalGAN [70], and DVA [38], to re-

place the currently used DINet [8]. Since PLCC is the common evaluation metric

on both quality evaluation and saliency prediction, we report the PLCC results

of different saliency models with our ResNet-based SGDNet on KonIQ-10k IQA

dataset [7] and their own performance on MIT300 saliency benchmark dataset [12]

in Table 5.7. By comparing the results in the second column, we can find that

the effectiveness of saliency information is still validated by using different saliency

models. Moreover, the performance of our SGDNet has a positive correlation with

the performance of the used saliency models in the MIT300 saliency benchmark

dataset [12]. Specifically, using SAM, SalGAN, or DVA to replace DINet will lead

to performance degradations by 0.3%, 0.6%, 1.5%, respectively. It can be fore-

seen that our SGDNet can be further improved with the advent of more powerful

saliency prediction models.
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Besides the visual saliency prediction models, we also try to use our SOD model

[107] to generate such proxy saliency maps for the saliency prediction sub-task in

our SGDNet. The PLCC result of this approach is also presented in Table 5.7.

We can find that although our SOD model outperforms our DINet in many SOD

benchmark datasets, as shown in Chapter 4, DINet is more suitable than this SOD

model in evaluating image quality. SOD model can provide much more complete

and accurate saliency priors for the salient objects. However, not all of these regions

are perceptually-consistent with image quality. In other words, the saliency maps

provided by the SOD model contain several regions that are redundant in evaluating

image quality. Therefore, for perception-aware applications, visual saliency based

on human fixations can better represent the perceptually-consistent information.

5.4 Summary

In this work, we have proposed a novel saliency-guided deep neural network (SGDNet)

for no-reference image quality assessment (NR-IQA). The whole model is built on

an end-to-end multi-task learning framework where two sub-tasks, including visual

saliency prediction and image quality evaluation, are jointly optimized and have

certain dependencies on each other. The effectiveness of incorporating learnable or

fixed saliency information and our multi-task framework for CNN-based NR-IQA

have been validated by a series of ablation studies. Moreover, our method over-

comes the inability of existing multi-task CNN-based NR-IQA methods on evalu-

ating the perceptual qualities of real-world images with authentic distortions. Ex-

perimental results on both authentically and synthetically distorted IQA datasets

have demonstrated the outstanding performance of our model with respect to other

relevant NR-IQA methods. In the future, we will consider a new spatial attention

mechanism that can learn the spatial attention maps from the image itself instead

of using a proxy saliency map as supervision.
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Conclusions and Future Work

6.1 Conclusions

In this thesis, we have presented our research work on building new deep learning-

based computational models for visual saliency computation and quality evaluation.

In the literature, there are two types of saliency models for different tasks, including

visual saliency prediction and salient object detection (SOD). Currently, the pop-

ular deep learning-based saliency models for these two tasks are all based on fully

convolutional network architecture, which means that both types of saliency mod-

els can be applied interchangeably. However, as shown in Section 4.3.6, we find that

our fixation prediction model applied in SOD is not good as some existing works

which are specifically designed for SOD. The architectures of the saliency models

for fixation prediction are much simpler than those for SOD with multiple feature

aggregation modules and powerful refinement modules. It is reasonable since SOD

is more complex toward the visual saliency prediction task as the labeled saliency

maps in SOD is more dense and structured. While for a perception-aware applica-

tion like image quality assessment, saliency prediction models are more useful than

those SOD approaches in providing better perceptually-consistent information. For

each individual research work, our main contributions are summarized as follows.

In Chapter 3, we have proposed a dilated inception network for visual saliency

prediction. It captures diverse multi-scale contextual features effectively with

very limited extra parameters by the proposed dilated inception module. The

whole model works in a fully convolutional encoder-decoder architecture, which

101
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is trained end-to-end and lightweight for time-efficiency. Besides, a set of linear

normalization-based probability distribution distance metrics are proposed as loss

functions to optimize our DINet. As such, the saliency prediction task is for-

mulated as a probability distribution prediction problem, consequently leading to

an extra performance gain. Experimental results on several challenging saliency

benchmark datasets have demonstrated that our DINet with proposed loss func-

tions can achieve state-of-the-art performance with shorter inference time.

In Chapter 4, we have proposed a simple yet effective progressive self-guided loss

to facilitate deep learning-based salient object detection. The proposed progressive

self-guided loss imitates a morphological closing operation on the model predictions

for creating progressive and auxiliary training supervisions epoch-wisely to step-

wisely guide the training process. We have demonstrated that this new loss function

can guide the salient object detection model to highlight more complete salient

objects step-by-step and meanwhile help to uncover the spatial dependencies of

the salient object pixels in a region growing manner. Experimental results on

six widely used SOD benchmark datasets have shown that our loss function not

only advances the performance of existing deep learning-based models without

architecture modification but also helps our proposed framework to achieve state-

of-the-art performance.

In Chapter 5, we have proposed a novel saliency-guided deep neural network for

no-reference image quality assessment. The whole model is built on an end-to-

end multi-task learning framework where two sub-tasks, including visual saliency

prediction and image quality evaluation, are jointly optimized and have certain

dependencies on each other. The effectiveness of incorporating saliency information

and our multi-task framework has been validated by a series of ablation studies.

Moreover, our method overcomes the inability of existing multi-task CNN-based

methods on evaluating the perceptual qualities of real-world images with authentic

distortions. Experimental results on both authentically and synthetically distorted

image quality assessment datasets have demonstrated the outstanding performance

of our model concerning other relevant methods.
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6.2 Future Work

This thesis focuses on building new deep learning-based computational models for

basic visual saliency computation and saliency-guided image quality assessment.

There are many interesting applications of visual saliency waited to be investi-

gated. Besides, the possible extensions of visual saliency computation and quality

evaluation are also not explored in this thesis. Based on our current works and the

tracking of the latest works in the related areas, we believe the following research

directions can further extend this thesis.

� Visual saliency in 360° video. The rapid development of virtual reality

(VR) has been witnessed in recent years. 360° video, which is an essential

type of VR content, is also growing rapidly and available in our daily life [172].

It is essential to build some new visual saliency models to understand and

analyze the behavior of a human in VR scenes. Accurate saliency prediction

can enable bandwidth-efficient 360° video streaming, where the client only

downloads the salient video portions that the user is likely to view in high

quality while the remaining portions are ignored or fetched in low-quality

[173].

� Visual saliency in 3D point cloud. The 3D point cloud is one of the

most important 3D data representations for newly-emerged computer vision

applications, such as robot perception, augmented reality, and identity recog-

nition [174, 175]. Visual saliency can be introduced and applied to the 3D

scenarios for identifying the visually important or machine-perception-aware

points from a specific point cloud. Such information may be useful in the

point cloud simplification and compression.

� Driver attention prediction. Robust driver attention prediction is chal-

lenging yet essential for safe and autonomous driving. Recently, several large-

scale datasets [176, 177] for this problem have emerged. Visual saliency mod-

els can be applied to this task for predicting driver attention under various

occasions, weather, and light conditions.

� Instance-level salient object segmentation. In the common salient ob-

ject detection task, we only segment the salient objects from the background

and treat this task as a binary segmentation problem. A more challenging
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and more useful task is to perform the instance-level segmentation for salient

objects [178]. The next generation of salient object detection methods needs

to perform more detailed parsing within detected salient regions to achieve

this goal. Moreover, our proposed progressive self-guided loss should be mod-

ified to properly separate overlapping objects in this challenging task.

� Perception-aware image restoration. Existing image quality methods

only provide a single quality value for a given image. However, a large num-

ber of image processing and computer graphics applications require localized

information on the image distortions [179]. One possible direction is to extend

the current image quality methods by outputting the locations of distorted

regions additionally and providing some modification suggestions for the fol-

lowing perceptual image restoration.



Publications

Journal Articles

� Sheng Yang, Guosheng Lin, Qiuping Jiang, and Weisi Lin. ”A dilated in-

ception network for visual saliency prediction.” IEEE Transactions on Mul-

timedia (2019).

� Sheng Yang, Weisi Lin, Guosheng Lin, Zichuan Liu, and Qiuping Jiang.

”Progressive Self-Guided Loss for Salient Object Detection.” In Submission,

2020.

� Qiuping Jiang, Zhenyu Peng, Sheng Yang, and Feng Shao. ”Authentically

Distorted Image Quality Assessment by Learning From Empirical Score Dis-

tributions.” IEEE Signal Processing Letters 26, no. 12 (2019): 1867-1871.

Conference Proceedings

� Sheng Yang, Qiuping Jiang, Weisi Lin, and Yongtao Wang. ”SGDNet: An

End-to-End Saliency-Guided Deep Neural Network for No-Reference Image

Quality Assessment.” In Proceedings of the 27th ACM International Confer-

ence on Multimedia, pp. 1383-1391. 2019.

� Jingwen Hou, Sheng Yang, and Weisi Lin. ”Object-level Attention for

Aesthetic Rating Distribution Prediction.” In Proceedings of the 28th ACM

International Conference on Multimedia, pp. 816-824. 2020.

� Sheng Yang and Weisi Lin. ”Predicting visual saliency via a dilated incep-

tion module-based model.” In International Workshop on Advanced Image

Technology (IWAIT) 2019, vol. 11049, p. 110491D. International Society for

Optics and Photonics, 2019.

105



106 Publications

� Zichuan Liu, Guosheng Lin, Sheng Yang, Fayao Liu, Weisi Lin, and Wang

Ling Goh. ”Towards robust curve text detection with conditional spatial

expansion.” In Proceedings of the IEEE Conference on Computer Vision and

Pattern Recognition, pp. 7269-7278. 2019.

� Zichuan Liu, Guosheng Lin, Sheng Yang, Jiashi Feng, Weisi Lin, and Wang

Ling Goh. ”Learning Markov Clustering Networks for Scene Text Detection.”

In Proceedings of the IEEE Conference on Computer Vision and Pattern

Recognition, pp. 6936-6944. 2018.



Bibliography

[1] Christian Szegedy, Wei Liu, Yangqing Jia, Pierre Sermanet, Scott Reed,
Dragomir Anguelov, Dumitru Erhan, Vincent Vanhoucke, and Andrew Ra-
binovich. Going deeper with convolutions. In Proceedings of the IEEE con-
ference on computer vision and pattern recognition, pages 1–9, 2015. xvii, 3,
13, 14, 17, 30, 35, 36

[2] Liang-Chieh Chen, George Papandreou, Iasonas Kokkinos, Kevin Murphy,
and Alan L Yuille. Deeplab: Semantic image segmentation with deep con-
volutional nets, atrous convolution, and fully connected crfs. arXiv preprint
arXiv:1606.00915, 2016. xvii, 14, 17, 30, 36, 38

[3] Ming Jiang, Shengsheng Huang, Juanyong Duan, and Qi Zhao. Salicon:
Saliency in context. In Proceedings of the IEEE conference on computer
vision and pattern recognition, pages 1072–1080, 2015. xvii, xix, 14, 21, 28,
30, 38, 42, 44, 46, 48, 51, 54, 55, 57, 84
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