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Salient object detection method based on the attention mechanism

WANG Kaicheng'’, LU Huaxiang**, GONG Guoliang', CHEN Gang'

(1. Institute of Semiconductors, Chinese Academy of Sciences, Beijing 100083, China; 2. School of Future Technology, University of
Chinese Academy of Sciences, Beijing 100089, China; 3. Center for Excellence in Brain Science and Intelligence Technology,
Chinese Academy of Sciences, Shanghai 200031, China; 4. Semiconductor Neural Network Intelligent Perception and Computing
Technology Beijing Key Lab, Beijing 100083, China)

Abstract: Salient object detection simulates human visual mechanism. At present, the mainstream methods are based on
fully convolutional neural networks. Limited by the receptive fields of convolution layers, low-level features lack a
global description of images, whereas high-level features are too coarse to accurately segment details of objects, such as
edges, because of multi-stage downsampling operations. To solve this problem, we propose a salient object detection
method based on the attention mechanism. We introduce novel attention refinement modules. The ground-truth atten-
tion calculated from the training datasets is employed to supervise spatial attention. Through this method, the network
learns more accurate position relevance between different pixels. In addition, to refine the output salient maps, we
gradually combine the multi-scale features and optimize low-layer features with high-layer features. Sufficient experi-
ments on DUT-OMRON and ECSSD datasets have demonstrated that the proposed method outperforms the others in
terms of the value of the F measure and mean absolute error.
Keywords: salient object detection; deep learning; fully convolutional neural network; visual attention; multi-scale fea-
tures; image processing; artificial intelligence; computer vision
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(stochastic gradient descent) 1 Ay i B8 B 58 1, fi
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2] RWE M 0.01, FRERBECH 0.9, WHE &
B4 0.9, AL HE 98 0.000 1,
33 FEMERE

A SC A O 2 46 %) 1% 252 (MAE) #ll F-meas-
ure {ER PFO B 7 80 2 B IR S5 R . MAE
FE SR INEE R P 5 Ot H A G FERA
B F FASORE M, A

1 H W
MAE = 3 ) IP(.y) = G(x.y)

o WO B AR R N EE R p R TERIE . MAE
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Table1 Comparison between our method and the others
on performance

Sk DUT-OMRON ECSSD
F-measure MAE F-measure = MAE
SRM 0.707 0.069 0.892 0.056
DHS — — 0.871 0.063
RFCN 0.627 0.111 0.834 0.109
DCL 0.684 0.157 0.827 0.151
ELD 0.611 0.092 0.810 0.082
DS 0.603 0.120 0.821 0.124
MDF 0.644 0.092 0.805 0.108
MCDL 0.625 0.089 0.796 0.102
LEGS 0.592 0.133 0.785 0.119
BL 0.499 0.239 0.684 0.217
DRFI 0.550 0.138 0.733 0.166
ARSI 0.720 0.064 0.906 0.049

FE 1 AT LR B, AR 3007 i R MG L 2w 3
i 0 2 MR )79 o XF T F-measure $5 45, 28 3C
1£ DUT-OMRON F1 ECSSD $#8 4 |43 5| i 3 3
P FERY SRM J5 1 0.013 F10.014, [EFE, X T
MAE 845, A 343 #8 15 SRM 573 0.005 Fi1 0.007,

J T WE G TR RS R B AR, 7E EC-
SSD udi e iR T R &% 4k T A [l 22 X8 R AiE il
G BB, 5N 2 FioR . 3% 2 ' Baseline
R B8 ress FRAE I UEAT 32 % bR FEAS F
BER., JLES, AL RERIEMRS, E
T RS MR AR R B b R T TR 4% i R R, F-
measure T8 R EEE T 0.057, MAE $8 R 5% T 3250
—2RF3K T 0.049, WK 3 Frzn, 7£ ECSSD # 4
£ 1 1 T &5 S L5 B I 2% B A% T A I R
Y. s NS B B AR, X B AR & AT
Moyl bR Es FAE A SO AR i T 4% X R
TERIFIHGE S, Bl T 2 RO YRR IERS & T 30
AL, KRR RSP T M RE R B .
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Table 2 Performance of our network in different stages

. ECSSD .
B R
F-measure MAE
Baseline 0.849 0.097 32x
arm, 0.878 0.060 16x
army 0.890 0.057 8x
army 0.906 0.049 4x

‘i
AT B SOfti
B 3 7 ECSSD #iE& L4 R
Fig. 3 Predicted results on ECSSD dataset
R T o BT AS SCHR R B R R B O i 1A
TR AR, X E T SCRK [36] Y A T
B J1#E e (channel attention block) 5 2K X 7
ECSSD #t#a 4 LIk nogh 2R, 45 R ank 3 iR,
Horr CAB 3R i 38 18 1 5 ) B &3 08 1
A5 B, ARM FRon i A SCI T 2 I s erp
%) 308 3 T 0 RHRE AR [ A TR R AN T 2 1)
HEJ o ARM+AS KRl FH I 2t A EL{H 1 %)
ol P 3 3 T M RS AR T A T A A
B BRF LRI, AT BB SCE R Ir
%, F-measure 5§ PR 55 T 0.027, MAE 8 bR F#AIX
T 0011, JE/R B P S B 4 {5 BB RE T o
3 BEIENBEIRIL

Table3 Comparison on channel attention refinement per-

HE—2, XF e H A SCEE R SCHR O ey
B, AT AR SCHE B 1) T 3 RS SR A 4[R]3
FIRRAE R FEAR B, W3k 4 FF7R . M DeepLab
V2 $5 3CHK [26] T 0 4 42 1) S AR BE L
ok #4523 ) {5 K., PSP-Net S SCHik [37] H 42 i
R AIE 4 B 775, DeepLab V3U* i ] 25 il 45 F1
Pt e X 245 1 32 BT, i v I 4 0 2 RUBE AR B AR
IURE 1o AR HEEE v DL & B, AR SCO7 ik A 1 fiE
H 1 i) DeepLab V3 421 T 0.016 A9 F-meas-
ure F8 4%, FEAL T 0.008 ) MAE #8545, U T 5 0
o5 1 2 ) 3 R R AR

x4 FEEENRBEURILIE

Table 4 Comparison on spatial attention refinement per-

formance
) ECSSD
(U WRES

F-measure MAE
Baseline 0.849 0.097

CAB 0.879 0.06
ARM 0.89 0.057
ARM+AS 0.906 0.049

formance

P ECSSD
F-measure MAE
DeepLab V2 0.866 0.083
PSP-Net 0.889 0.058
DeepLab V3 0.882 0.057
ARICT5 ik 0.906 0.049
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