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FANet: Features Adaptation Network for 360◦

Omnidirectional Salient Object Detection
Mengke Huang , Zhi Liu , Senior Member, IEEE, Gongyang Li , Xiaofei Zhou, and Olivier Le Meur

Abstract—Salient object detection (SOD) in 360◦ omnidirec-
tional images has become an eye-catching problem because of the
popularity of affordable 360◦ cameras. In this paper, we propose
a Features Adaptation Network (FANet) to highlight salient ob-
jects in 360◦ omnidirectional images reliably. To utilize the feature
extraction capability of convolutional neural networks and cap-
ture global object information, we input the equirectangular 360◦

images and corresponding cube-map 360◦ images to the feature
extraction network (FENet) simultaneously to obtain multi-level
equirectangular and cube-map features. Furthermore, we fuse
these two kinds of features at each level of the FENet by a projection
features adaptation (PFA) module, for selecting these two kinds of
features adaptively. Finally, we combine the preliminary adapta-
tion features at different levels by a multi-level features adapta-
tion (MLFA) module, which weights these different-level features
adaptively and produces the final saliency maps. Experiments show
our FANet outperforms the state-of-the-art methods on the 360◦

omnidirectional SOD datasets.

Index Terms—360◦ omnidirectional image, salient object
detection, equirectangular and cube-map projection, projection
features adaptation, multi-level features adaptation.

I. INTRODUCTION

SALIENT object detection (SOD), which aims to capture the
most visually attractive objects in an image, is an underlying

vision problem and plays an important role in a wide range of
applications such as image/video segmentation [1]–[6], image
retargeting [7] and visual tracking [8], [9]. Conventional image
SOD models [10]–[15] have reached good performance in the
limited field-of-view (FoV) scenes with the rapid development
of the convolutional neural networks (CNNs). Due to the sphere-
to-plane projection distortion, however, adopting these conven-
tional CNNs based SOD models directly to 360◦ omnidirectional
images, which exhibit the real 3D world, may fail to highlight
salient objects in these images.

Equirectangular projection (ERP) [16] is one of the most
common methods for storing 360◦ omnidirectional images as
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standard 2D images. The equirectangular 360◦ images display
the global object information on the 2D plane, but in these
images, the undesirable distortion caused by the sphere-to-plane
projection falsifies the real semantic information. Although sev-
eral non-CNN algorithms [17]–[19] have been proposed to cope
with inappropriate distortions, most existing CNNs based SOD
models may not be able to highlight precise salient objects from
the distorted semantic information because CNNs are sensitive
to the regular-grid data instead of the distorted data [20]. To
deal with this distortion in equirectangular 360◦ images, Li et
al. [21] proposed a distortion-adaptive module which convolves
different image blocks with different convolutional kernels to
overcome the distortion mentioned above. Nevertheless, these
image blocks obtained by cutting equirectangular 360◦ images
directly may not conform with the real 360◦ omnidirectional
scenes.

Compared with ERP, cube-map projection (CMP) [16] by
dividing a 360◦ omnidirectional image into six faces of a cube
introduces less geometric distortion, and this projection is an
intuitively approximate representation of real 360◦ scenes. Thus,
the cube-map images, which are mapped from equirectangular
360◦ images by the equirectangular to cube-map projection
(E2C), can be treated as semantically-related but less-distorted
augmented data for training, and these images are approxi-
mated as regular-grid data which can be processed by CNNs
more accurately. In this perspective, although it contains fewer
data compared with most standard 2D image SOD benchmark
datasets [22]–[25], the 360-SOD [21] dataset, which is the
largest dataset for 360◦ omnidirectional image SOD at present,
can be augmented by E2C during training. As mentioned in [26],
however, CMP may lead to the discontinuities of objects on the
boundaries of the cube’s faces.

For leveraging the respective advantages of the features,
which are extracted from equirectangular and cube-map 360◦
images by CNN, to overcome the deficiency caused by only
exploiting one of the above two types of features, we propose
two features adaptation modules for fusing the features of
equirectangular and cube-map 360◦ images adaptively at each
level of CNN and then integrating the fused multi-level features
adaptively for detecting salient objects in 360◦ omnidirectional
images robustly. The main contributions of our work are
three-fold:

1) We propose a novel end-to-end Features Adaptation Net-
work (FANet), whose inputs are the 2D equirectangular
360◦ image and its corresponding six cube-map images,
for 360◦ omnidirectional image SOD.

2) We propose a Projection Features Adaptation (PFA) mod-
ule to select and fuse features extracted from equirect-
angular and cube-map 360◦ images adaptively, and we
equip the PFA module to each level of backbone feature
extraction network.
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Fig. 1. The overview of our FANet. The weight-shared feature extraction network (FENet) is responsible for extracting multi-level features of input images.
Next, the features of equirectangular and cube-map 360◦ images are fused in the projection features adaptation (PFA) modules at each level. Finally, the multi-level
features adaptation (MLFA) module combines the fused features to generate the final saliency map.

Fig. 2. The structure of the FENet. The input channels of above 1× 1 con-
volutional layers from top to bottom are 256, 512, 1024 and 2048, respectively.
Their output channels are 128.

3) We propose a Multi-Level Features Adaptation (MLFA)
module to weight and integrate features generated from
PFA modules selectively in order to produce the high-
quality saliency maps.

II. PROPOSED METHOD

A. Feature Extraction Network

We denote the 2D equirectangular 360◦ image as IE ∈
R3×H×W , and the corresponding 90◦-FoV cube-map represen-
tation IC can be transformed by the equirectangular to cube-
map (E2C) projection PE→C . In fact, IC is the set of the six
planes {IBC , IDC , IFC , I

L
C , I

R
C , I

T
C}, and each plane IiC ∈ R3×w×w

(i ∈ {B,D,F, L,R, T}) represents the back, down, front, left,
right and top faces of the cube respectively, where w is the edge
length of the cube. For extracting features of IE and IC , we input
these images to the feature extraction network (FENet) NFE

presented in Fig. 2 with the shared weights. In NFE , we adopt
ResNet [27] based feature pyramid network (FPN) [28], which
is a valid CNN structure for object detection. In addition, as the

DeepLab [29] described, we set the dilation rates in the backbone
ResNet’s last two residual blocks to two for larger receptive
field. Hence, the outputs ofNFE at each level can be represented
byFl

n = NFE(IE , IC)(n ∈ {IE , IC}, l ∈ {1, 2, 3, 4}), and the
channel of Fl

n is 128.
Compared with Fl

IE
, Fl

IC
include more plausible spatial

detailed information because the less-distorted cube-map 360◦
images are appropriate for inferring by FENet.

B. Projection Features Adaptation Module

For utilizing the global object information and less-distorted
details in the features of equirectangular and cube-map 360◦
images, we design the projection features adaptation (PFA)
module through attention mechanism to select and fuse the
features Fl

n at each level adaptively as shown in Fig. 1.
Specifically, we denote inverse projection of PE→C , cube-

map to equirectangular (C2E) projection, is PC→E , which can
be extended to high-dimensional tensors. Next, the features Fl

IC
are fed into the C2E projection block (C2EB), which includes
PC→E and a following 3× 3 convolutional layer. The C2EB is
for re-projecting the cube-map features containing more reliably
spatial details to Fl

C2E which match the spatial sizes of Fl
IE

,
i.e.Fl

C2E = Conv3×3(PC→E(F
l
IC
)), where Conv3×3(·) repre-

sents the 3× 3 convolutional layer. Hence, Fl
IE

and Fl
C2E can

be concatenated and fed into a multi-scale fusion (MSF) block
which is similar with the atrous spatial pyramid pooling (ASPP)
module in [29] for capturing multi-scale spatial information,
whereas the difference between ASPP and MSF is that we add
a 1× 1 convolutional layer Conv1×1(·) before the four parallel
dilated convolutional layers to reduce the concatenated channel
from 256 to 128.

To emphasize the global and detailed spatial features in Fl
IE

and Fl
C2E adaptively, we exploit the fused multi-scale features

Fl
f = MSF (Concat(Fl

IE
,Fl

C2E)) to infer the spatial attention
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Al
s ∈ R2×h×w by Al

s = σ(Conv1×1(F
l
f )), where Concat(·)

and σ(·) represent concatenation operation and channel-wise
Softmax activation function respectively, and the Conv1×1(·)
reduces the channel from 128 to 2. By this Softmax function, the
spatial attention scores of each position (x, y) in both channels
of Al

s add up to 1:

Al
s1
(x, y) +Al

s2
(x, y) = 1, (1)

where Al
s1

∈ R1×h×w and Al
s2

∈ R1×h×w (0 ≤ Al
s1
(x, y),

Al
s2
(x, y) ≤ 1) are the channel features of Al

s and adapt Fl
IE

and Fl
C2E by the spatial attention scores.

Simultaneously, through Al
C = δ(Conv1×1(Concat

(AvgPool(Fl
f ),MaxPool(Fl

f ))), the channel attention
Al

c ∈ Rc×1×1 is also inferred, where δ(·), AvgPool(·) and
MaxPool(·) represent sigmoid activation function, average
pooling operation and maximum pooling operation respectively,
and the Conv1×1(·) reduces the channel from 256 to 128. Next,
we broadcast the channel attention scores along the spatial
dimension and vice versa to facilitate computation. After the
broadcast, the channel attention scores Al

c and the spatial
attention scores Al

s1
, Al

s2
, which are learned from the fused

multi-scale features Fl
f , multiply Fl

IE
and Fl

C2E respectively
and select credible spatial and channel information in Fl

IE

and Fl
C2E adaptively. Furthermore, the multiplied features are

fused by the Concat(·) and MSF block, and the feature of PFA
is computed as:

Fl
PFA = MSF (Concat(Al

c ⊗Al
s1

⊗ Fl
IE
,

Al
c ⊗Al

s2
⊗ Fl

C2E)),
(2)

where ⊗ denotes the element-wise multiplication. As Eq. 2,
for selecting the global object information and spatial details
in Fl

IE
and Fl

C2E adaptively, the spatial features of Fl
IE

or
Fl

C2E , which contribute or affect the inference of the model,
are retained or suppressed by the element-wise multiplication
with higher or lower spatial attention scores (Al

s1
or Al

s2
).

Furthermore, Al
c, which emphasize the consistent inter-channel

relationship of features in Fl
IE

and Fl
C2E adapted by Al

s1
and

Al
s2

, conduct element-wise multiplication with these adapted
features respectively to refine them in channel dimension.

At the end of this module, we concatenate Fl
f and Fl

PFA

and reduce the channel of the concatenated feature from 256
to 128 by a Conv1×1(·) to obtain the output of PFA module
Fl

A = Conv1×1(Concat(Fl
f ,F

l
PFA)).

C. Multi-Level Features Adaptation Module

As presented in Fig. 1, for combining these four featuresF1∼4
A

at different levels selectively, we exploit different weights and a
common spatial attention for each feature to adapt and integrate
these features in the multi-level features adaptation (MLFA)
module, and the final saliency map is generated at the end of
MLFA module.

To be more specific, F1
A is concatenated with the features,

F2
A,F

3
A and F4

A, which are processed through up-sampling
operation U(·) at first, and the channel of concatenated features
is reduced from 512 to 128 by a Conv1×1(·) to get Fc. After
that, the separate weights Wl ∈ R4×1×1 for F1∼4

A is learned by
σ(·),AvgPool(·) andMaxPool(·) on the featureFc, i.e.Wl =
σ(Conv1×1(Concat(AvgPool(Fc),MaxPool(Fc)))), where

0 ≤ Wl ≤ 1,
∑4

l=1 W
l = 1 and theConv1×1(·) is for reducing

the channel from 256 to 4.
Meanwhile, the common spatial attention mapAs ∈ R1×h×w

is learned by As = δ(Conv1×1(Fc)), where Conv1×1(·) re-
duces the channel from 128 to 1. As mentioned in Section II-B,
we also broadcast Wl along the spatial and channel dimension,
and spatial attentionAs is broadcasted along channel dimension.
Next, through a Concat(·) and a Conv1×1(·) for reducing
the channel from 512 to 128, the weights Wl of F1∼4

A and
the common spatial attention As multiply the corresponding
features at different levels to obtain the multi-level adaptive
features

FMLFA = Conv1×1(Concat(

As ⊗W1 ⊗ F1
A,As ⊗W2 ⊗ U(F2

A),

As ⊗W3 ⊗ U(F3
A),As ⊗W4 ⊗ U(F4

A))).

(3)

These learnable weights increase or reduce importance of the
features at different levels adaptively, i.e. the weighted F1∼4

A

by Wl are features which are more beneficial for the final
prediction. Furthermore, the spatial attention As, which keeps
the common spatial information of weighted F1∼4

A at each level,
improves the reliability of these weighted features.

Lastly, FMLFA and Fc concatenate with each other, and the
final saliency map S is produced from the concatenated feature
after a Conv3×3(·) for reducing channel from 256 to 128 and a
Conv1×1(·) with a sigmoid activation function δ(·).

D. Implementation Details

We adopt the summation of cross-entropy lossLCE and mean
absolute error loss LMAE as the loss function Lj

S = LCE +
LMAE(j ∈ {0, 1, 2, 3, 4}). For capturing more precise features,
we impose auxiliary loss functions L1

S, L2
S, L3

S and L4
S on F1∼4

A
for deep supervisions as shown in Fig. 1. Therefore, the total
loss function is Ltotal =

∑4
j=0 Lj

S.
We implement our model by PyTorch [30] framework in a

workstation with a NVIDIA Titan RTX GPU (24G memory).
The weights of backbone ResNet in FENet are initialized by
the pre-trained ResNet-50 [27] model on ImageNet [31], and
the normal distribution proposed in [32] is adopted to initialize
the weights of newly added convolutional layers. We also resize
input equirectangular 360◦ images to 1024× 512, and the size of
input cube-map 360◦ images is 256× 256. We utilize stochastic
gradient descent (SGD) algorithm for training the model in an
end-to-end way. The training batch size is set to 4 and the initial
learning rate with momentum 0.9 and weight decay 0.0005 is
set to 0.002. More than that, the learning rates of layers except
backbone ResNet-50 are set to 10 times larger and the ‘poly’
learning rate policy described in [33] is adopted. At last, the
model converges after 40 epochs (about 3.5h). Our code is
available at https://github.com/DreaMKHuang/FANet.git.

III. EXPERIMENTS

A. Datasets and Evaluation Metrics

1) Datasets: We evaluate our FANet on two public datasets.
360− SOD [21] consists of 500 equirectangular 360◦ im-
ages including 400 training images and 100 testing images.
F− 360iSOD [34] contains 107 equirectangular 360◦ images.

2) Evaluation Metrics: We utilize the training set of 360-SOD
to train our FANet and adopt S-measure (S) [35], mean absolute
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Fig. 3. Visual comparisons to the state-of-the-art methods.

TABLE I
QUANTITATIVE PERFORMANCE OF FANET AND THE STATE-OF-THE-ART

RESULTS INCLUDING FIVE METRICS ON THE 360-SOD AND F-360ISOD
DATASETS. THE TOP THREE RESULTS ARE SHOWN IN RED, BLUE, AND GREEN.

↑ AND ↓ REPRESENT LARGER AND SMALLER IS BETTER, RESPECTIVELY.

error (MAE) [36], adaptive E-measure (E) [37], adaptive F-
measure (Fβ , β

2 = 0.3) [38] and weighted F-measure (Fw
β ) [39]

as the quantitative evaluation metrics.

B. Comparison With the State-of-the-Arts

We compare our model with five state-of-the-art CNN-based
SOD models on F-360iSOD and the testing set of 360-SOD.
Concretely, these models for comparison include four SOD mod-
els for standard 2D images, i.e. R3Net [14], MLFI-MSFF [10],
CPDNet [12], GCPANet [13], and one SOD model for 360◦
omnidirectional images, i.e. DDS [21]. For a fair comparison,
following [21], we fine-tune these four SOD models for standard
2D images on the training set of 360-SOD. As for DDS, we use
the saliency maps and the parameters provided by the authors.

1) Qualitative Performance Comparison: We show some typ-
ical results in Fig. 3. Specifically, it can be seen that most of the
methods perform well in the 1st row of Fig. 3, which has a simple
scene. In some cases including ambiguous objects as shown in
the 2nd and 3rd rows of Fig. 3, our model can detect accurate
objects and suppress inconspicuous objects. In comparison, our
model can capture more complete salient objects in 4th and 5th
rows of Fig. 3, and our model can highlight small and distorted
salient objects more robustly as illustrated in the last two rows
of Fig. 3.

2) Quantitative Performance Comparison: We also provide
the S-measure, MAE, adaptive E-measure, adaptive F-measure
and weighted F-measure of our FANet and the state-of-the-arts
on 360-SOD and F-360iSOD in Table I. Although the results
of R3Net, MLFI-MSFF, CPDNet and GCPANet are generated
by the fine-tuned models on 360-SOD, they cannot segment
salient objects precisely due to the lack of solutions for distortion
mitigation, and the model DDS designed for equirectangular
360◦ images is able to perform better than these SOD models
for 2D images. Our results demonstrate that incorporating the

TABLE II
ABLATION ANALYSIS OF THE PROPOSED FANET ON THE 360-SOD DATASET.

THE BEST RESULT IN EACH COLUMN IS Bold.

corresponding less-distorted cube-map images and fusing the
equirectangular and cube-map features is effective and better-
performing. In addition, the average running time of FANet for
processing an equirectangular 360◦ image with a resolution of
1024× 512 is 0.26s.

C. Ablation Study

In this section, we conduct experiments to assess 1) the
importance of fusion features from two different projections,
2) the effectiveness of PFA module and MLFA module, and 3)
the influence of auxiliary losses for deep supervision. We change
one component each time to assess individual contributions. All
the variant models are retrained with the same hyper-parameters
and training set as described in Section II-D.

We present the quantitative performance in Table II. Specif-
ically, w/o CMP does not include cube-map 360◦ images in
the input data, w/o ERP does not include equirectangular 360◦
images in the input data, w/o PFA deletes the projection features
adaptation in the PFA module, w/o MLFA deletes the MLFA
module and w/o AL is without the auxiliary losses on the features
fused by PFA module.

In more details, because of the lack of features from another
different projection, w/o CMP and w/o ERP do not include the
PFA module but still adopt MLFA module to select multi-level
features adaptively. To illustrate the effectiveness of projection
features adaptation in the PFA module, in w/o PFA, we still
conduct the MSF block but remove the projection features
adaptation in the PFA module. From Table II, we found that
selecting and fusing features of equirectangular and cube-map
360◦ images at each level adaptively, weighting and combining
the multi-level fused features and auxiliary losses can further
improve the performance.

IV. CONCLUSION

In this letter, we propose a Features Adaptation Network
(FANet). The FANet includes two important modules, the pro-
jection features adaptation (PFA) module and the multi-level fea-
tures adaptation (MLFA) module. The PFA module introduces
the attention mechanism to emphasize and fuse the features
from equirectangular and cube-map projections adaptively at
different levels of the feature extraction network (FENet). Next,
the features fused by PFA modules are integrated by different
adaptive weights for different levels and a common spatial
attention, and the final saliency map is generated at the end
of the MLFA module. Experimental results demonstrate that
our FANet significantly outperforms five state-of-the-arts on
the 360◦ omnidirectional image SOD datasets in terms of five
evaluation metrics.

Authorized licensed use limited to: SHANGHAI UNIVERSITY. Downloaded on December 19,2022 at 08:09:13 UTC from IEEE Xplore.  Restrictions apply. 



HUANG et al.: FANet: FEATURES ADAPTATION NETWORK FOR 360◦ OMNIDIRECTIONAL SALIENT OBJECT DETECTION 1823

REFERENCES

[1] L. Ye, M. Rochan, Z. Liu, and Y. Wang, “Cross-modal self-attention
network for referring image segmentation,” in Proc. IEEE/CVF Conf.
Comput. Vis. Pattern Recognit., 2019, pp. 10 494–10 503.

[2] D.-P. Fan, W. Wang, M.-M. Cheng, and J. Shen, “Shifting more attention
to video salient object detection,” in Proc. IEEE/CVF Conf. Comput. Vis.
Pattern Recognit., 2019, pp. 8546–8556.

[3] G. Li, Z. Liu, R. Shi, and W. Wei, “Constrained fixation point based
segmentation via deep neural network,” Neurocomputing, vol. 368,
pp. 180–187, 2019.

[4] P. Zhang, P. Yan, J. Wu, J. Liu, and F. Shen, “Unsupervised saliency
detection in 3-D-video based on multiscale segmentation and refinement,”
IEEE Signal Process. Lett., vol. 25, no. 9, pp. 1384–1388, Sep. 2018.

[5] Z. Liu, W. Zou, L. Li, L. Shen, and O. Le Meur, “Co-saliency detection
based on hierarchical segmentation,” IEEE Signal Process. Lett., vol. 21,
no. 1, pp. 88–92, Jan. 2014.

[6] J. Li, S. He, H. Wong, and S. Lo, “Proposal-driven segmentation for
videos,” IEEE Signal Process. Lett., vol. 26, no. 8, pp. 1098–1102, Aug.
2019.

[7] J. Sun and H. Ling, “Scale and object aware image retargeting for thumb-
nail browsing,” in Proc. Int. Conf. Comput. Vis., 2011, pp. 1511–1518.

[8] Z. Chi, H. Li, H. Lu, and M. Yang, “Dual deep network for visual tracking,”
IEEE Trans. Image Process., vol. 26, no. 4, pp. 2005–2015, Apr. 2017.

[9] C. Ma, Y. Xu, B. Ni, and X. Yang, “When correlation filters meet convo-
lutional neural networks for visual tracking,” IEEE Signal Process. Lett.,
vol. 23, no. 10, pp. 1454–1458, Oct. 2016.

[10] M. Huang, Z. Liu, L. Ye, X. Zhou, and Y. Wang, “Saliency detection via
multi-level integration and multi-scale fusion neural networks,” Neuro-
computing, vol. 364, pp. 310–321, 2019.

[11] G. Li, Z. Liu, and H. Ling, “ICNet: Information conversion network for
RGB-D based salient object detection,” IEEE Trans. Image Process., vol.
29, pp. 4873–4884, 2020.

[12] Z. Wu, L. Su, and Q. Huang, “Cascaded partial decoder for fast and accurate
salient object detection,” in Proc. IEEE/CVF Conf. Comput. Vis. Pattern
Recognit., 2019, pp. 3902–3911.

[13] Z. Chen, Q. Xu, R. Cong, and Q. Huang, “Global context-aware progres-
sive aggregation network for salient object detection,” in Proc. Thirty-
Fourth AAAI Conf. Artif. Intell., 2020, pp. 10 599–10 606.

[14] Z. Deng et al., “R3Net: Recurrent residual refinement network for saliency
detection,” in Proc. 27th Int. Joint Conf. Artif. Intell., 2018, pp. 684–690.

[15] G. Li, Z. Liu, L. Ye, Y. Wang, and H. Ling, “Cross-modal weighting
network for RGB-D salient object detection,” in Proc. Eur. Conf. Comput.
Vis., pp. 1–17, 2020.

[16] T. Maugey, O. Le Meur, and Z. Liu, “Saliency-based navigation in omni-
directional image,” in Proc. IEEE 19th Int. Workshop Multimedia Signal
Process., 2017, pp. 1–6.

[17] M. Lourenco, J. P. Barreto, and F. Vasconcelos, “sRD-SIFT: Keypoint
detection and matching in images with radial distortion,” IEEE Trans.
Robot., vol. 28, no. 3, pp. 752–760, Jun. 2012.

[18] A. Furnari, G. M. Farinella, A. R. Bruna, and S. Battiato, “Distortion
adaptive sobel filters for the gradient estimation of wide angle images,” J.
Vis. Commun. Image Representation, vol. 46, pp. 165–175, 2017.

[19] J. Cruz-Mota, I. Bogdanova, B. Paquier, M. Bierlaire, and J.-P. Thiran,
“Scale invariant feature transform on the sphere: Theory and applications,”
Int. J. Comput. Vis., vol. 98, no. 2, pp. 217–241, 2012.

[20] J. Dai et al., “Deformable convolutional networks,” in Proc. IEEE Int.
Conf. Comput. Vis., 2017, pp. 764–773.

[21] J. Li, J. Su, C. Xia, and Y. Tian, “Distortion-adaptive salient object
detection in 360◦ omnidirectional images,” IEEE J. Sel. Topics Signal
Process., vol. 14, no. 1, pp. 38–48, Jan. 2020.

[22] M.-M. Cheng, G. Zhang, N. J. Mitra, X. Huang, and S. Hu, “Global contrast
based salient region detection,” in Proc. IEEE Conf. Comput. Vis. Pattern
Recognit., 2011, pp. 409–416.

[23] R. Zhao, W. Ouyang, H. Li, and X. Wang, “Saliency detection by
multi-context deep learning,” in Proc. IEEE Conf. Comput. Vis. Pattern
Recognit., 2015, pp. 1265–1274.

[24] L. Wang et al., “Learning to detect salient objects with image-level
supervision,” in Proc. IEEE Conf. Comput. Vis. Pattern Recognit., 2017,
pp. 3796–3805.

[25] Q. Yan, L. Xu, J. Shi, and J. Jia, “Hierarchical saliency detection,” in Proc.
IEEE Conf. Comput. Vis. Pattern Recognit., 2013, pp. 1155–1162.

[26] H. Cheng, C. Chao, J. Dong, H. Wen, T. Liu, and M. Sun, “Cube padding for
weakly-supervised saliency prediction in 360◦ videos,” in Proc. IEEE/CVF
Conf. Comput. Vis. Pattern Recognit., 2018, pp. 1420–1429.

[27] K. He, X. Zhang, S. Ren, and J. Sun, “Deep residual learning for image
recognition,” in Proc. IEEE Conf. Comput. Vis. Pattern Recognit., 2016,
pp. 770–778.

[28] T. Lin, P. Dollr, R. Girshick, K. He, B. Hariharan, and S. Belongie, “Feature
pyramid networks for object detection,” in Proc. IEEE Conf. Comput. Vis.
Pattern Recognit., 2017, pp. 936–944.

[29] L. Chen, Y. Zhu, G. Papandreou, F. Schroff, and H. Adam, “Encoder-
decoder with atrous separable convolution for semantic image segmenta-
tion,” in Proc. Eur. Conf. Comput. Vis., 2018, pp. 833–851.

[30] A. Paszke et al. “PyTorch: An imperative style, high-performance deep
learning library,” in Proc. Adv. Neural Inform. Process. Syst. 32, 2019, pp.
8026–8037.

[31] J. Deng, W. Dong, R. Socher, L. Li, K. Li, and F.-F. Li, “ImageNet: A
large-scale hierarchical image database,” in Proc. IEEE Conf. Comput.
Vis. Pattern Recognit., 2009, pp. 248–255.

[32] K. He, X. Zhang, S. Ren, and J. Sun, “Delving deep into rectifiers:
Surpassing human-level performance on imagenet classification,” in Proc.
IEEE Int. Conf. Comput. Vis., 2015, pp. 1026–1034.

[33] L. Chen, G. Papandreou, I. Kokkinos, K. Murphy, and A. L. Yuille,
“DeepLab: Semantic image segmentation with deep convolutional nets,
atrous convolution, and fully connected CRFs,” IEEE Trans. Pattern Anal.
Mach. Intell., vol. 40, no. 4, pp. 834–848, Apr. 2018.

[34] Y. Zhang, L. Zhang, W. Hamidouche, and O. Deforges, “A fixation-based
360◦ benchmark dataset for salient object detection,” in Proc. IEEE Int.
Conf. Image Process., 2020, pp. 3458–3462.

[35] D.-P. Fan, M.-M. Cheng, Y. Liu, T. Li, and A. Borji, “Structure-measure: A
new way to evaluate foreground maps,” in Proc. IEEE Int. Conf. Comput.
Vis., 2017, pp. 4558–4567.

[36] A. Borji, M.-M. Cheng, H. Jiang, and J. Li, “Salient object detection: A
benchmark,” IEEE Trans. Image Process., vol. 24, no. 12, pp. 5706–5722,
Dec. 2015.

[37] D.-P. Fan, C. Gong, Y. Cao, B. Ren, M.-M. Cheng, and A. Borji,
“Enhanced-alignment measure for binary foreground map evaluation,” in
Proc. 27th Int. Joint Conf. Artif. Intell., 2018, pp. 698–704.

[38] R. Achanta, S. Hemami, F. Estrada, and S. Susstrunk, “Frequency-tuned
salient region detection,” in Proc. IEEE Conf. Comput. Vis. Pattern Recog-
nit., 2009, pp. 1597–1604.

[39] R. Margolin, L. Zelnik-Manor, and A. Tal, “How to evaluate foreground
maps?” in Proc. IEEE Conf. Comput. Vis. Pattern Recognit., 2014,
pp. 248–255.

Authorized licensed use limited to: SHANGHAI UNIVERSITY. Downloaded on December 19,2022 at 08:09:13 UTC from IEEE Xplore.  Restrictions apply. 



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /sRGB
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
    /Algerian
    /Arial-Black
    /Arial-BlackItalic
    /Arial-BoldItalicMT
    /Arial-BoldMT
    /Arial-ItalicMT
    /ArialMT
    /ArialNarrow
    /ArialNarrow-Bold
    /ArialNarrow-BoldItalic
    /ArialNarrow-Italic
    /ArialUnicodeMS
    /BaskOldFace
    /Batang
    /Bauhaus93
    /BellMT
    /BellMTBold
    /BellMTItalic
    /BerlinSansFB-Bold
    /BerlinSansFBDemi-Bold
    /BerlinSansFB-Reg
    /BernardMT-Condensed
    /BodoniMTPosterCompressed
    /BookAntiqua
    /BookAntiqua-Bold
    /BookAntiqua-BoldItalic
    /BookAntiqua-Italic
    /BookmanOldStyle
    /BookmanOldStyle-Bold
    /BookmanOldStyle-BoldItalic
    /BookmanOldStyle-Italic
    /BookshelfSymbolSeven
    /BritannicBold
    /Broadway
    /BrushScriptMT
    /CalifornianFB-Bold
    /CalifornianFB-Italic
    /CalifornianFB-Reg
    /Centaur
    /Century
    /CenturyGothic
    /CenturyGothic-Bold
    /CenturyGothic-BoldItalic
    /CenturyGothic-Italic
    /CenturySchoolbook
    /CenturySchoolbook-Bold
    /CenturySchoolbook-BoldItalic
    /CenturySchoolbook-Italic
    /Chiller-Regular
    /ColonnaMT
    /ComicSansMS
    /ComicSansMS-Bold
    /CooperBlack
    /CourierNewPS-BoldItalicMT
    /CourierNewPS-BoldMT
    /CourierNewPS-ItalicMT
    /CourierNewPSMT
    /EstrangeloEdessa
    /FootlightMTLight
    /FreestyleScript-Regular
    /Garamond
    /Garamond-Bold
    /Garamond-Italic
    /Georgia
    /Georgia-Bold
    /Georgia-BoldItalic
    /Georgia-Italic
    /Haettenschweiler
    /HarlowSolid
    /Harrington
    /HighTowerText-Italic
    /HighTowerText-Reg
    /Impact
    /InformalRoman-Regular
    /Jokerman-Regular
    /JuiceITC-Regular
    /KristenITC-Regular
    /KuenstlerScript-Black
    /KuenstlerScript-Medium
    /KuenstlerScript-TwoBold
    /KunstlerScript
    /LatinWide
    /LetterGothicMT
    /LetterGothicMT-Bold
    /LetterGothicMT-BoldOblique
    /LetterGothicMT-Oblique
    /LucidaBright
    /LucidaBright-Demi
    /LucidaBright-DemiItalic
    /LucidaBright-Italic
    /LucidaCalligraphy-Italic
    /LucidaConsole
    /LucidaFax
    /LucidaFax-Demi
    /LucidaFax-DemiItalic
    /LucidaFax-Italic
    /LucidaHandwriting-Italic
    /LucidaSansUnicode
    /Magneto-Bold
    /MaturaMTScriptCapitals
    /MediciScriptLTStd
    /MicrosoftSansSerif
    /Mistral
    /Modern-Regular
    /MonotypeCorsiva
    /MS-Mincho
    /MSReferenceSansSerif
    /MSReferenceSpecialty
    /NiagaraEngraved-Reg
    /NiagaraSolid-Reg
    /NuptialScript
    /OldEnglishTextMT
    /Onyx
    /PalatinoLinotype-Bold
    /PalatinoLinotype-BoldItalic
    /PalatinoLinotype-Italic
    /PalatinoLinotype-Roman
    /Parchment-Regular
    /Playbill
    /PMingLiU
    /PoorRichard-Regular
    /Ravie
    /ShowcardGothic-Reg
    /SimSun
    /SnapITC-Regular
    /Stencil
    /SymbolMT
    /Tahoma
    /Tahoma-Bold
    /TempusSansITC
    /TimesNewRomanMT-ExtraBold
    /TimesNewRomanMTStd
    /TimesNewRomanMTStd-Bold
    /TimesNewRomanMTStd-BoldCond
    /TimesNewRomanMTStd-BoldIt
    /TimesNewRomanMTStd-Cond
    /TimesNewRomanMTStd-CondIt
    /TimesNewRomanMTStd-Italic
    /TimesNewRomanPS-BoldItalicMT
    /TimesNewRomanPS-BoldMT
    /TimesNewRomanPS-ItalicMT
    /TimesNewRomanPSMT
    /Times-Roman
    /Trebuchet-BoldItalic
    /TrebuchetMS
    /TrebuchetMS-Bold
    /TrebuchetMS-Italic
    /Verdana
    /Verdana-Bold
    /Verdana-BoldItalic
    /Verdana-Italic
    /VinerHandITC
    /Vivaldii
    /VladimirScript
    /Webdings
    /Wingdings2
    /Wingdings3
    /Wingdings-Regular
    /ZapfChanceryStd-Demi
    /ZWAdobeF
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 150
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages false
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 900
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.00111
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 150
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages false
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 1200
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.00083
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages false
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.00063
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 5.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create PDFs that match the "Suggested"  settings for PDF Specification 4.0)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


