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A. Triesman and G. Gelade, “A feature-integration theory of atten-
tion,” Cognitive Psychology, vol. 12, no. 1, pp. 97-136, 1980.
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A feature-integration theory of attention, Cognitive psychology 1980
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A Model of Saliency-Based Visual Attention ( Lmearimen.ng ]

Inputimage

for Rapid Scene Analysis — | T

~— colors _— intensity __—orientations_—
Laurent Itti, Christof Koch, and Ernst Niebur . — T — T =
— 1 — —

Abstract—A visual attention system, inspired by the behavior and the |
neuronal architecture of the early primate visual system, is presented. [ Center-surround differences and normalization
Multiscale image features are combined into a single topographical i |
saliency map. A dynamical neural network then selects attended - Feature - — maps e
locations in order of decreasing saliency. The system breaks down the — — —
complex problem of scene understanding by rapidly selecting, in a =7 (12 maps) (6 maps) "= (24 maps) “=~
computationally efficient manner, conspicuous locations to be analyzed . I I I
in detail. | Across-scale combinations and normalization ]
Index Terms—Visual attention, scene analysis, feature extraction, - I — Conspicuity - I maps I—r
target detection, visual search. |

L

[ Linear combinations
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Each feature is computed by a set of linear “center-surround’
operations akin to visual receptive fields (Fig. 1): Typical visual
neurons are most sensitive in a small region of the visual space
(the center), while stimuli presented in a broader, weaker antago-
nistic region concentric with the center (the surround) inhibit the
neuronal response. Such an architecture, sensitive to local spatial
discontinuities, is particularly well-suited to detecting locations
which stand out from their surround and is a general computa-
tional principle in the retina, lateral geniculate nucleus, and pri-
mary visual cortex [12]. Center-surround is implemented in the

2022 9/90
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A model of saliency-based visual attention for rapid scene analysis. PAMI1998, Itti et al.
Saliency detection: A spectral residual approach. CVPR2007, Hou et.al.
Graph-based visual saliency. NIPS2006, Harel et.al.
State-of-the-art in visual attention modeling. PAMI2013, Boriji et al.
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Graph-Based Visual Saliency ‘N|P52006 ‘

Jonathan Harel, Christof Koch, Pietro Perona
California Institute of Technology
Pasadena. CA 91125

{harel, koch}@klab.caltech.edu, peronalvision.caltech.edu
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Graph-based visual saliency, NIPS 2006, Harel et al.
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Saliency Detection: A Spectral Residual Approach
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Xiaodi Hou and Liqing Zhang
Department of Computer Science, Shanghai Jiao Tong University
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No0.800, Dongchuan Road, Shanghai
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|CVPR 2007 |
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Saliency detection: a spectral residual approach, CVPR 2007, Hou et al.
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Read image from file . e
inImg = imread('img.jpg'); Madab 43{4;6——%124"}' ......
inImg = imZdouble (rgb2gray(inlImg)) ;

inITmg = imresize(inImg, [64, 64], 'bilinear');

5 [ S | ST,

R o 4

myFFT = fft2(inImg);

myLogAmplitude = log(abs (myFFT)) ;

myPhase = angle (myFFT) ;

mySmooth = imfilter (myLogAmplitude, fspecial ('average', 3), 'replicate');
mySpectralResidual = myLogAmplitude - mySmooth;

saliencyMap = abs(1fft2(exp (mySpectralResidual + i*myPhase)))."Z;

T+ = |

saliencyMap = imfilter(saliencyMap, fspecial('disk', 3)):
saliencyMap = matZgray(saliencyMap);
- imshow (saliencyMap, []):
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Spatio-temporal Saliency Detection Using Phase Spectrum of Quaternion

Fourier Transform ‘ CVPR 2008

Chenlei Guo, Q1 Ma and Liming Zhang
Department of Electronic Engineering, Fudan University
No0.220, Handan Road, Shanghai, 200433, China

http://homepage.fudan.edu.cn/~clguo , ma.lance@gmail.com, lmzhang@fudan.edu.cn
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Visual Saliency Based on Scale-Space Analysis

Input Image
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In the Frequency Domain

Jian Li, Student Member, IEEE, Martin D. Levine, Fellow, [EEE,

| TPAMI 2013 |

Xiangjing An, Member, IEEE, Xin Xu Member, IEEE and Hangen He

/09(/’:(11: V)

Spectrum Residual
logAsn(y’ V)=R(u,v)

White Noise
logAw{u,v)=W(u,v)

A(u,v) Inverse Transformed Image
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Convolution of the amplitude spectrum with a low-pass

Gaussian kernel equals a saliency detectot: - -
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Visual saliency based on scale-space analysis in the frequency domain TPAMI 2013, Li et al.
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State-of-the-art in Visual Attention Modeling

Ali Borji, Member, IEEE, and Laurent Iiti, Member, IEEE ‘ TPAMI 2013 ‘

Abstract—Modeling visual attention — particularly stimulus-driven, saliency-based attention — has been a very active research
area over the past 25 years. Many diflerent models of attention are now available, which aside from lending theoretical
contributions to other fields, have demonsirated successful applications in computer vision, mobile robotics, and cognitive
systems. Here we review, from a computational perspective, the basic concepts of attention implemented in these models.
We present a taxonomy of nearly 65 models, which provides a critical comparison of approaches, their capabilities, and
shortcomings. In particular, thirteen criteria derived from behavioral and computational studies are formulated for qualitative
comparison of attention models. Furthermore, we address several challenging issues with models, including biological plausibility
of the computations, correlation with eye movement datasets, bottom-up and top-down dissociation, and constructing meaningful
performance measures. Finally, we highlight cumment research trends in attention modeling and provide insights for future.

Saliency Prediction in the Deep Learning

Era: Successes and Limitations
Ali Borji*, Member, IEEE ‘TPAMI 2021

Abstract—\Visual saliency models have enjoyed a big leap in performance in recent years, thanks to advances in deep learning and
large scale annotated data. Despite enormous effort and huge breakthroughs, however, models still fall short in reaching human-level
accuracy. In this work, | explore the landscape of the field emphasizing on new deep saliency models, benchmarks, and datasets. A
large number of image and video saliency models are reviewed and compared over two image benchmarks and two large scale video
datasets. Further, | identify factors that contribute to the gap between models and humans and discuss the remaining issues that need
to be addressed to build the next generation of more powerful saliency models. Some specific questions that are addressed include: in
what ways current models fail, how to remedy them, what can be leamed from cognitive studies of attention, how explicit saliency
judgments relate to fixations, how to conduct fair model comparison, and what are the emerging applications of saliency models.
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Saliency Prediction in the Deep Learning Era: Successes and Limitations, TPAMI 2021, Borji.
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Saliency Prediction in the Deep Learning Era: Successes and Limitations, TPAMI 2021, Borji.
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(a) Original (b) IT [16] (c) MZ [22 (d) GB [10] (e) SR [12]

Frequency-tuned salient region detection, CVPR 2009, Achanta et al.
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4.1. Requirements for a saliency map

We set the following requirements for a saliency detec-

Frequency-tuned salient region detection, CVPR 2009, Achanta et al.
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Frequency-tuned salient region detection, CVPR 2009, Achanta et al.
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The secrets of salient object segmentation, CVPR 2014, Li et al.
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The secrets of salient object segmentation, CVPR 2014, Li et al.
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[3 A Model of Saliency-Based Visual Attention for Rapid Scene Analysis, IEEE TPAMI 1998, Itti et al.
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* Global contrast

Spatial weighting Region size
S(r) = Z exp(—Ds(1y, 1)) w(r) Dy (13, 17)
TRFTi

Region contrast by sparse histogram comparison.

[#  Global Contrast based Salient Region detection. IEEE TPAMI 2015 (CVPR 2011), Cheng et al.
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[1 Learning to Detect a Salient Object, IEEE TPAMI 2011 (CVPR 2007), Liu et al.
[1 Efficient Salient Region Detection with Soft Image Abstraction, ICCV 2013, Cheng et al.
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*Sparse noises

* Background residing in a low dimensional space with
salient objects as sparse noises

[3 A Unified Approach to Salient Object Detection via Low Rank Matrix Recovery, CVPR 2012, Shen et. al.




— BEMRAMEEH. X BRERIA
BEYK/EBAER: BiE—ERRERER

* Focusness

AR i, .
& 7rv,,: . _— s,
~ ' Cd | r®

Vi « n
|\ - AN
Y

Image Uniqueness Focusness

1 Salient Region Detection by UFO: Uniqueness, Focusness and Objectness, ICCV 2013, Jiang et al.




— BFHENNGEHN. 5K BRIBEIE

EEYER/EBAN: Bke—BET S AR

* Center prior/bias

(a) MSRAIOK (b) PASCAL-S (¢c) THURISK
(d) DUT-OMRON (¢) JuddDB () SED2

[¥ Salient object detection: a benchmark, arXiv 2015, Ali et. al.
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[4  Geodesic saliency using background priors, ECCV, 2012, Wei et al.
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()
Figure 1. An illustration of our approach from images to the fi-
nal saliency map: (a) Input Image (b) objectness detections, (c)
saliency prior from objectness, (d) diverse density scores for pix-
els, (e) the final saliency map, and (f) the segmented object.

[ Category-independent object-level saliency detection, ICCV 2013, Jia et. al.




— RBEHENEER. K. BRKEEIHE
REYR/ R BAER : B EI %YM

* Convexity

@ Concavity Context
Window (CCW)
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[3 Salient object detection using concavity context, ICCV 2011, Lu et al.

2022 36/90



— REHEMNGER. 2K BRERI/E
BEHR/ R BRAED 22k

Salient Object Detection: A Benchmark

Ali Borji, Ming-Ming Cheng., Huaizu Jiang, and Jia Li ‘T|P 2015 ‘
1% 347 1400 275 Lk
Salient Object Detection: A Survey

Ali Borji, Ming—Ming Cheng, Huaizu Jiang and Jia Li

Abstract—Detecting and segmenting salient objects in natural scenes, also known as salient object detection, has attracted a lot
of focused research in computer vision and has resulted in many applications. However, while many such models exist, a deep
understanding of achievementis and issues is lacking. We aim to provide a comprehensive review of the recent progress in this
field. We situate salient object detection among other closely related areas such as generic scene segmentation, object proposal
generation, and saliency for fixation prediction. Covering 256 publications we survey i) roots, key concepts, and tasks, ii) core
technigues and main modeling trends, and iii) datasets and evaluation metrics in salient object detection. We also discuss open
problems such as evaluation metrics and dataset bias in model performance and suggest future research directions.

%A 2565 275 SCHk ‘Computational Visual Media 2019

2022 37/90




— BF AR GIEHN. 5K BREIHEIHE

REAR/ X BN ATHFAE AR 5 R EF 3 1A
AT 454 RT3
> By ERat b B T E AT
> kTR 20154 AEAT 4FAE E.
> AR 8 5 A «T%’PR EAY 2
> % R S
> BARRERE
) SR




— XA EEH. X BRERIE
BEWR/ K BN —— A TSR 5 5 B 5 5] B,

DeepSaliency: Multi-Task Deep Neural Network
Model for Salient Object Detection|TIP 2015

Xi Li, Liming Zhao. Lina Wei, MingHsuan Yang, Fei Wu. Yueting Zhuang, Haibin Ling, and Jingdong Wang
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DeepSaliency: Multi-Task Deep Neural Network
Model for Salient Object Detection|TIP 2015,

respectively set to 64 and 128 respectively set to 256, 512 and 512
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Salient Object Detection in the Deep Learning
Era: An In-Depth Survey  [tpami 2021

Wenguan Wang, Qiuxia Lai, Huazhu Fu, Jianbing Shen, Haibin Ling
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What is an object?, CVPR 2010, Alexe et al.
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Measuring the objectness of image windows. PAMI2012, Alexe,et.Al.
Selective Search for Object Recognition. 1JCV2013, Uijlings et.Al.
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What makes for effective detection proposals?

Jan Hosa_ngl, Rodrigo Benenson!, Piotr Dollar?, and Bernt Schiele!

TMax Planck Institute for Informatics
2 Facebook Al Research (FAIR) ‘ TPAM I 20 16 ‘

Abstract—Current top performing object detectors employ detection proposals to guide the search for objects, thereby avoiding
exhaustive sliding window search across images. Despite the popularity and widespread use of detection proposals, it is unclear which
trade-offs are made when using them during object detection. We provide an in-depth analysis of twelve proposal methods along with
four baselines regarding proposal repeatability, ground truth annotation recall on PASCAL, ImageNet, and MS COCO, and their impact
on DPM, R-CNN, and Fast R-CNN detection performance. Our analysis shows that for object detection improving proposal localisation
accuracy is as important as improving recall. We introduce a novel metric, the average recall (AR), which rewards both high recall and
good localisation and correlates surprisingly well with detection performance. Our findings show common strengths and weaknesses of
existing methods, and provide insights and metrics for selecting and tuning proposal methods.
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2022 Seam carving for content-aware image resizing, ACM SIGGRAPH, 2007 50/90
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Figure 2. The pipeline of the proposed approach. We use brown thick lines to represent information flows between the scales. PSFEM:
progressive salient object features extraction module. NLSEM: non-local salient edge features extraction module. O20GM : one-to-one
guidance module. FF: feature fusion. Spv.: supervision.

EGNet: Edge Guidance Network for Salient Object Detection, ICCV 2019
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RGBD Salient Object Detection via Deep Fusion, TIP 2017
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Figure 1: Typical schemes for RGB-D saliency detection,
(a) Early-fusion. (b) Late-fusion. (c¢) Middle-fusion.

Siamese Network for RGB-D Salient Object Detection and Beyond TPAMI 2021, Fu et al.
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Rethinking rgb-d salient object detection: Models, datasets,
and large-scale benchmarks, TNNLS 2020
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Fig. 3. Architectures of the proposed MV-CNN model. The FCrgp layer (in purple color), which means the fully connected layer of the RGB view
branch trained by the CNNpgg model and the FCp,pyp, layer (in green color) which means the fully connected layer of the depth view branch trained by the
CNNpepth model, are simultaneously connected with a new fully connected (FCpymy) layer (in blue color) with 3136 nodes. Besides, the black arrows indicate
they connect the global structural loss between predicted saliency map and supervised ground truth.

CNNs-Based RGB-D Saliency Detection via Cross-View Transfer and
Multiview Fusion, TCYB 2017
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Figure 2: The architecture of the proposed progressively complementarity-aware fusion network for RGB-D salient object detection.
Pooling layers are onmutted for simplification. The 1x1 convolutional layers between neighboring CA-Fuse blocks are used for feature
combination and dimensionality reduction (detailed parameters are shown in Table 1). Follow the practice in [1], we encode the depth
image 1nto 3-channel HHA representations.

Progressively Complementarity-aware Fusion Network for RGB-D

Salient Object Detecdion, CVPR 2018
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JL-DCEF: Joint Learning and Densely-Cooperative Fusion Framework
for RGB-D Salient Object Detection, CVPR 2020

https://github.com/kerenfu/JLDCF/
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Motion guided attention for video salient object detection, ICCV 2019, Li et al.
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Co-salient Object Detection
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Co-saliency Detection via Looking Deep and Wide, CVPR 2015, Zhang et al.
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Unsupervised CNN-based Co-Saliency Detection with Graphical
Optimization, ECCV 2018
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Saliency Detection on Light Field, CVPR 2014 (& i, B MEUHE£E)
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Focal stack

Scale | Object Num. | Object Types | Object Size | Color Contrast
All-focus LFSD 100 | one (mostly) <100 0.28 0.39
Image
HFUT-Lytro| 255 multiple <250 - - |
i Loss Layer
' Ours 1465 | multple = 1000 0.22 0.30
Table 1. Comparison of the proposed dataset with two existing

datasets in terms of the dataset scale, number of salient objects,
I type of objects, averaged size of objects and the color contrast. ck.

Deep Learning for Light Field Saliency Detection, ICCV 2019
(REF—NREF I FHE+HHRRGBIER)
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https://github.com/kerenfu/LFSOD-Survey/

Light Field Salient Object Detection: A Review and Benchmark, CVM 2022, , Fu et al. ( ~2£id)
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and his colleagues bombarded
the suspension with sound waves
to jostle the cells into place. I

Technology

Al can spot objects evenif they are hidden

CAMOUFLAGED objects are
difficult to detect, for both
humans and artificial
intelligence. But now an Al has
been trained to parse objects
from their backgrounds.

This could have a variety
of applications, such as being
used for search-and-rescue
work, detecting agricultural
pests, medical imaging or in
military settings.

Detecting camouflaged objects
requires visual perception and
knowledge. Until now, many
Als have struggled with this task
because their algorithms rely on
visual cues, such as differences
in colour or easily recognisable
shapes, to identify objects.

To improve on this, [lanbing
Shen at the [nception Institute of
Artificial Intelligence in Abu Dhabi
in the United Arab Emirates and
his colleagues collated a data set
of 10,000 photographs to train
an Al. The data set includes 5066
images of camouflaged objects,
which they have divided into 78
categories, such as "amphibian”,
“aquatic” and "flying".

The photographs included
both naturally camouflaged
animals such as fish and insects
and examples of artificial
camouflage, such as soldiers
in uniform. Although databases
of camouflaged objects already
exist, this data set is the largest,
says Shen.

The team manually labelled
each image of a camouflaged

object to highlight characteristics

such as its shape orwhether it
was partially obstructed by its
surrounding environment.
They then developed an Al
called SINet and trained it on
images from the data set.

The researchers compared
SINet to 12 existing algorithms
built to detect generic objects.
They tested all 13 algorithms
using three existing data sets
of camouflaged objects. SINet

“Many Als struggle to detect
camouflaged objects
because their algorithms
rely on visual cues”

did better than the other 1z at
isolating camouflaged objects and
identifying their correct shape
and nature in both the existing
and the training data sets.
“Without any bells and whistles,
SINet outperforms various state-
of-the-art object detection
baselines on all datasets tested,
making it a robust, general
framework that can help facilitate
future research,” the researchers
write. They are due to present the
work at the CVPR 2020 conference
in Seattle, Washington, in June.
The researchers hope the data
set and algorithm can improve Al's
ability to recognise camouflaged
objects, says Shern. I
Donna Lu

16 May 2020 | New Scientist |17
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Camouflaged Object Segmentation with Distraction Mining, CVPR 2021.

Mutual Graph Learning for Camouflaged Object Detection, CVPR 2021.
Simultaneously Localize, Segment and Rank the Camouflaged Objects, CVPR 2021.
Uncertainty-Aware Joint Salient Object and Camouflaged Object Detection, CVPR
2021.

Implicit Motion Handling for Video Camouflaged Object Detection, CVPR 2022.
Detecting Camouflaged Object in Frequency Domain, CVPR 2022.

Segment, Magnify and Reiterate: Detecting Camouflaged Objects the Hard Way,
CVPR 2022.

Zoom In and Out: A Mixed-scale Triplet Network for Camouflaged Object Detection,
CVPR 2022.

DTA: Physical Camouflage Attacks using Differentiable Transformation Network,
CVPR 2022.

Deep Gradient Learning for Efficient Camouflaged Object Detection, Arxiv 2022.
Towards Deeper Understanding of Camouflaged Object Detection, Arxiv 2022
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