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Salient Object Detection Algorithm Based on Dual-Attention
Recurrent Convolution
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College of Missile Engineering, Rocket Force University of Engineering, Xi'an, Shaanxi 710025, China

Abstract Salient object detection has attracted considerable attention in the field of the machine vision, with a wide
range of applications. This study proposes a salient object detection algorithm based on the dual-attention recurrent
convolution to overcome the limitations associated with the existing algorithms, i.e., uneven salient region detection
and fuzzy edge representations. A dual-attention module consisting of pixel- and channel-wise attentions is added to
a backbone U-Net fully convolutional network to preprocess the shallow convolutional features before skip-layer
connection, and reduce noise and clutter interference. This improves its salient region detection performance. Then,
following the backbone network, a recurrent convolutional module enhances the edge representation of the prediction
region by combining the final prediction map with the shallow convolutional features. The results of experiments on
three open datasets show that the proposed algorithm is better able to highlight salient regions and refine their edges
than other correlation algorithms.
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Fig. 3 Schematic of multi-scale receptive field
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Table 1 Comparison of objective quantitative indicators

Evaluating Value
Dataset o
indicator Ours AMU UCF SRM KSR MDF DSS
F-measure 0.928 0.918 0.912 0.916 0.827 0.834 0.917
ECSSD-250
MAE 0.043 0.054 0.071 0.054 0.117 0.104 0.056
F-measure 0.923 0.907 0.893 0.912 0.784 0.850 0.910
HKU-1S-1447
MAE 0.038 0.049 0.058 0.042 0.127 0.118 0.040
F-measure 0.782 0.748 0.737 0.763 0.634 0.647 0.758
DUT-OMRON-1500

MAE 0.056 0.071 0.131 0.068 0.131 0.087 0.074
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Fig. 7 Characteristic curves of seven algorithms on ECSSD-250 testset. (a) PR curves; (b) ROC curves
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3.3.3  FiREATH R R AT T

F2 X T 7 R EAMAE TR ], SEERF B R
B R CPU: Xeon E5-1650 v4.3.6 GHz; GPU:
NVIDIA TITAN-X,12 GB;38 17N £ A 32 GB; [#
BUER AR 512 GB, Jr £ 5 1 b 38 5 B 29
9 frame/s, ik B R ST EKR

% 3 % AMU,UCF,SRM,DSS Fl i $i % v: f5t

RISHEIATEIT I 4 U-Net B T W& A 2
B /E RN, BT MDF Ml KSR 5 i & vk ¢
REAR 2248 K, 2 i 5t b J0 S B 3 S0, R HE 17 48
Th. R 3 TLLAE H BT 32 55 1k S HOR A X BN, —
EFR UL ZE TP N B R B AR 5 s B LA,
B IIN.

2 AR IIB T E

Table 2 Running time of different algorithms

Algorithm AMU UCF KSR SRM MDF DSS Ours
Time /s 0.08 0.08 47.20 0.10 7.64 0.48 0.11
%3 SRR
Table 3 Parameters statistics of different algorithms
Algorithm U-Net Ours AMU UCF SRM DSS
Number of parameters 13395329 19062256 17740720 30406400 45484608 19130619

4 4E p7

A TR ) — TP OO T 8 0 45 AL 351 F AR
Rl sk . S 7E U-Net & T M % 5] AR K [H]-
H T () RSV 5 0 A B, %o B 2 3 A AR E AT I
FCAL PR, 55 v 4 i T A A 280 . G v i 2 R A
FRBETHG R )3 5 0 BB, R ] = B R A 42 B 73 52
B AZ BEHLE] A S 2 % B SUE R 908
BRI, R 22 45 AR 76 35 6 BUZ K U-Net fi
i) s i 1 5 e L) g o BRURR AR R A7 45 5 AL PR, 6 05
W FRAGRRER., LRV TR RES
2 B ARG I R AR R BE ) B R B R
AR B % LR AR AR R RE L T A 6 X LE
Bk AHH T B T R RO AL 2 258 iUE B
TR R TOUI P E A SR T — AP AR R B g
i P 4%, B IO 5 2 R I A R AL (] s G P A TR
LSS DR Is AT
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