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Abstract:

important preprocessing steps in computer vision tasks, and it has a wide range of applications in information retrieval,

Salient object detection aims to detect and segment the most salient objects in the image. It is one of the

public safety and other fields. This paper systematically reviews the recent research on the salient object detection models
based on deep learning. From the perspective of detection granularity, the research results of applying deep learning into
the field of salient object detection are reviewed. First, the salient object detection methods are discussed from three as-
pects: sparse detection methods, dense detection methods and weakly-supervised learning methods. Then, the mainstream
data sets and common performance evaluation indicators used for salient object detection research are briefly introduced,
and the performance of various mainstream models on the three most widely used data sets are compared and analyzed. Fi-
nally, this paper analyzes the current problems in the field of salient object detection and prospects for possible future re-
search trends.
Key words: salient object detection; deep learning; convolutional neural network; visual saliency; weakly super-
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FNSEFR ) o 2 AR T AT 2

. TP
Precision = TP + FP
P (1)
Recall =
TP + FN

(1) H 1 TP(True Positive ) 287 # A5 T T 2y 1F
) IEREA AN B, FP(False Positive ) 2678 A5 AL 1R ) 24 1E
A4 f1 R AR5, FN (False Negative ) 2 7 #l AR 75 {5 4]
R IEREAAEC, 5540, TN(True Negative ) 75 ) 2
REAYFHIN Ay B B AR AS A

JE LR 0 21 255 19 139 {6 4 2 25 1 H A ks D &1
TAEA, RS B A — A B S A, DT 22
EIBRIPERR ) PR AR L . Sl H 15, fhZ A
O3 AT RE B
3.2.2 F-measure

F-measure ™ Z5 45 % [E AT HE R TN 4% 80 ik
W (2) Frs

_ (1 + B?)Precision X Recall
- B?Precision + Recall

3(2) i B AR B0 B 0 0. 3., L LR T 4 2
FEPEAS BT R LLEE . BR T 22 F-measure 142, AT
A2 A OH T B e AR AR A B () PPN AR
3.2.3 FIEITIREMAE

A6 I 1 5 LA PBT 2 T8 R 181 25 246 % 5% 2 (Mean
Absolute Error, MAE )5 7 =8 (3) fliw :

] WL

WXH;}:I‘S(x’Y)_GT(x,y)’ (3)

5 (3) WL H 43 0 8% P AR 00 96 B S
S (oo y ) WU A 5 1 5 OT (s ) R TR
VER LS B . b MAE [ DR/ B 1
o

4 SEIEXTLE

9T MASIPERE T 00 7S AR SRR R B 5 12
T T AR B E T B RS IARI/E PASCAL-S"" |
ECSSD' I HKU-IS™ %t 4l 4 | iy ¥R BEXF L, I8 1]
F-measure F15- 34 48 XF 152 22 VF B VAL 48 b5 , BT A 8088

(2)

MAE =
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YA JRAA SCRR R B SRR . R, 8T RN IR
bR AR A X I B 7 v rh AT B B B0 Gl e LA AT Y
TR I 5 =" IR I% 7L BAT 70X N 4 B 4 1 itk

Fria; “b AU TR L Wi B o ) T M A AR 2 47

FRA S B R

WEEFE 1 R T A 7k T 0 B Il 46 T L& B, A
B F H A B R 42, MSRA 10K F1 DUTS 7E 45 %9 3)1] 25 v
PR XA — R AR T B ML TR

®1 AREAEE=ZNHIEE LR

MR
My AL B pllEsReS PASCAL-S ECSSD HKU-IS
F i KAH MAE FIRKME MAE FIRKME MAE

2

0 "LEGS! MSRA-B 0. 669 0. 170 0.775 0. 137 - -

| +PASCAL-S

5 "MCDL!2! MSRA 10K 0.793 § 0.732 § - -
"LDHF2! MSRA 10K 0.771 0.121 0. 867 0. 080 - -

2 SDCRE* MSRA 10K 0.776 0. 064 0. 849 0.016 0. 821 0.043

0 DHSNet!#?) MSRA10K+DUT-0 0.799 0.810 0.893 0. 060 - -

1 BR3! MSRA10K 0. 805 0.182 0.793 0. 160 - -

6 RACDNN'3 DUT-OMRON - - 0.878 0. 081 0. 856 0.070
DCLB”! MSRA10K 0. 822 0.108 - - 0. 904 0. 049
DLS!! MSRA10K 0. 651 0.136 0. 766 0. 090 0.748 0.072
UCF™! MSRA10K 0. 741 0.117 0. 852 0. 069 0.823 0. 062

2 Amulet'# MSRA10K 0.763 0. 098 0. 868 0. 059 0. 854 0. 052

? NLDF-4! MSRA-B 0. 804 0.116 0. 886 0.075 0.874 0. 060

; NLDF!] MSRA-B 0. 831 0. 099 0. 905 0. 063 0.902 0. 048
WSS ImageNet 0.720 § 0.823 § 0. 821 §
#*ShFLss] MSRA10K 0. 680 0. 140 0.787 0. 085 - -
RFCNE! MSRA10K 0.778 0. 105 0.871 0. 067 0. 856 0. 055
PAGE™! DUTS 0.803 0. 092 0. 891 0. 064 0. 886 0. 048

2 RLN 1 DUTS - - 0.903 0. 045 0. 882 0. 037

(1) MCFEM™!] DUTS 0. 862 0.074 0.928 0. 044 0.920 0.038

) PiCANetV#! DUTS 0. 881 0.079 0.933 0. 036 0.925 0. 031
PiCANetR™! DUTS 0. 883 0.077 0. 940 0.035 0.927 0. 031
MNLPL6! MSRA-B 0. 842 0.139 0.878 0.070 - -
BASNet!** DUTS 0.854 0.076 0.942 0.037 0.928 0.032
AFNet!s! DUTS 0. 868 0.071 0.935 0. 042 0.923 0.036
PoolNetH! DUTS 0. 880 0. 065 0.945 0.038 0.935 0. 030

2 EGNet:™! DUTS 0. 869 0.074 0.943 0. 041 0.937 0.031

0 PFAN7! DUTS 0. 892 0. 068 0.931 0.033 0.926 0.032

; FFMN' 63! MSCOCO 0.741 0.119 0. 831 0. 088 0. 821 0. 067
#*CapSal ®! COCO-CapSal'®’ 0.823 0.075 - - 0. 836 0. 059
*DeepUSPS!7) ImageNet - - 0.874 0. 063 - -
MSWS!e4! ImageNet+DUTS 0. 790 0.134 0.878 0. 096 - -
GCPANet'*! DUTS 0.876 0. 061 0. 949 0.035 0.938 0.031
DPNet!?! DUTS 0. 881 0.070 0. 949 0.031 0.937 0.028

2 PFPNetV!s DUTS 0. 891 0.071 0.938 0. 040 0.928 0. 035

(2) PFPNetR'*" DUTS 0. 892 0. 068 0. 949 0.033 0.939 0. 030

0 DFNetVs DUTS 0. 866 0.075 0.933 0. 040 0.921 0.033
DFNetR!# DUTS 0. 896 0. 054 0. 949 0. 028 0.936 0. 028
WSSALeS) S-DUTS!®! 0. 7884 0.140 0. 865 0. 061 0. 858 0. 047




1424 H, ¥

EE 2021 4F

PR 28I 2R B2 . BEE 3 P E AR i 45 sk 11
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HKU-IS 855 AR 48 kA7t

W Ve, B BAS I D5 ¥4 7E 2017 4 LU JG JE AR 52
AP ARSI Ty VR R A, X2 R T R 2k 3
LA — N XSO TR BRI 7 A 3 DX e R AT X 5
MG L 2D B S BRI BE A B 32 B R A
T 2 AR A I 5 vk AR R UG A A B R AT
3 1 0 DR, S EAG 2R T (14 (] e R R R T T
S BARR I RS . S R B R ) T IR
LSRR L, 55 W BB AL g/ T N TR T A A
8, (BRI R (4 RE A AF Y M T R T, BRI A
P Rl M 30 5 R WA AR B AR . SR T, A BB 5 R
D5 ] L3 S 2 Ak [ B S A0 R W e A
fE . 12017 448 A WSS TE & AN B Y F B
KAGFEAR I HE AL 1 [ AF B TR B Wa B A DLS™ ik Jt
T DLS B BRI i A2 P AR B T R SRR AR, [l
AT AR R 53 F T 54 B9 . 2018 4F 1) MN-
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T E AR R
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