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Salient object detection method based on multi-scale feature-fusion

guided by edge information
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(1. State Key Laboratory of Precision Measuring Technology and Instruments, Tianjin University, Tianjin 300072, China;
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Abstract: In this paper, an Edge-information Guided Multi-scale Feature-fusion Network (EGMFNet) is
proposed to solve the problems of unclear boundary and incomplete structure of saliency map extracted by deep
learning saliency target detection method based on FCN and U-shaped network architecture. EGMFNet uses
Residual muti-Channel Fusion Block (RCFBlock) and uses a nested U-shaped network architecture as the
backbone model. At the same time, an Edge-information Guided Global Spatial Attention Module (EGSAM) is
introduced at the lower level of the network to enhance spatial features and edge features. In addition, image
boundary loss is introduced into the loss function, which is used to improve the quality of saliency map and keep
clearer boundaries in the learning process. Experiments on four benchmark data sets show that the F values of the
proposed method are increased by 1.5%, 2.7%, 1.8% and 1.6% compared with typical methods, which verifies the
effectiveness of EGMFNet network model.
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Fig.1 Structural diagram of channel fusion residual block (RCFBlock)
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Tab.1 Comparison of the experimental results
ECSSD PASCAL-S HKU-IS DUTS-TE
Fp MAE Sa Fp MAE Fp MAE Sa Fp MAE Sa
MDF 0.832 0.105 0.776 0.768 0.146 0.692 0.861 0.129 0.810 0.730 0.094 0.792

PiCaNet 0.886 0.045 0.917 0.856 0.078
AFNet 0.908 0.042 0.913 0.821 0.070
R3Net 0.914 0.040 0.910 0.845 0.094
PoolNet 0.915 0.039 0.921 0.822 0.074
BPFINet 0.928 0.034 0.926 0.845 0.065
Proposed 0.943 0.033 0.926 0.868 0.069

0.848 0.870 0.043 0.904 0.759 0.051 0.869
0.844 0.888 0.036 0.905 0.792 0.046 0.867
0.800 0.893 0.036 0.895 0.785 0.057 0.834
0.845 0.892 0.034 0911 0.809 0.040 0.883
0.857 0.911 0.028 0.918 0.838 0.038 0.882
0.856 0.928 0.033 0.912 0.852 0.037 0.883

% 2 EGFMNet & &K LR 4T

Tab.2 Parameter quantity and real-time evaluation of

EGFMNet
Parameters Runtime/s Frame rate /FPS
R°Net 56 156 126 0.030 33
PoolNet 71383 577 0.033 30
BPFINet 68 326 853 0.033 30
Proposed 60 638 928 0.031 32

B 6 55 AT ] = AT b WM H AR iR 535 5t
26— 8 H B A KR K =% T34, EGMFNet 15 fig
43 WA 0 TR S RS DT OR BT AR I B Y54
Sk [RIEE, P2 AE THDA B 52 RSO R SRBLCHE, anE 6
S AT 55 HAT IR, BRI B A O R 5RO
M) 1R H AR SR . it Ah, EGMFNet 7£ Il
XF/NH R 2 HARBHRESEAT A AL B, aniEl 6 555
1B 7~ , EGMFNet fe A7 20 B2 30 UG A B
M, (AR PRI T LSRR LA 5

A, s T ECSSD £l % b Ayl i 45 21, a1
Pl 7 i o TR R 28 10 Y 2 vk B bR, GniEl 7 55—
F1Pi7/R, EGMFNet I T RAF 1 PERE, 76 (R i3
P H AR HA s A5 R B T YE MR 2. (1,
TET X LA iU 2V EUARIS (Al 7 55 —47), EGMF-
Net €t T 8 W] 1 19 AT 5288, {H IR R 58 42 TH BR &)
ST PR ICT A S 0 R R o X i BT A I
(1 7 %5 =47), EGMFNet ¢ A s 2 BT 58 % 11 i
WS %, LS J 1403 4 7 BT R L A ) R e
MO . X T 2 | AL BIwE DL K b 2 1k
H pr A B A5 SR (18] 7 55 PU4T), EGMFNet 1/

6 EGMFNet Tl i 25 3 s R R

Fig.6 EGMFNet prediction annotation rendering

RIE A7 S 25V H AR IO B 8 % 09 25 4 L) B2 T Il 17
SMA |, EGMFNet RE % A &40 X 42 24375 5t 5 /)N
HAr3 50N 9 3% 7k B An 2 0, {5 EGMFNet /) £77£
= N | R T O R R T c A E R
EGMFNet Jf /A G858 4 TH Bk T4 H A, [6] i ook i B
Yy iy EGMFNet 1 VEREAS A TR 42 T Ak, 7E T X
SO K B 5% 7 e, EGMFNet fPEREJF AN BIAR, AT fiE
LR P ARG A SRR T O
3.3 HELSEIY
R 5 1iE EGMFNet H1 5L A W 4% . EGSAM 5 k J¢
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¥l 7 EGMFNet il (g 35 1 B R IE

Fig.7 EGMFNet prediction annotation rendering

A B, AEPRAE BRASEER K4 2 ok B2 B A H:
RSBONAE WHTE T S#EAT T @l 52 55 9 78 ECSSD
KPR A EIPAN T 457 R4 R ERE . LR PPAL 45 R
m# 3 fiR.

XoF Lt S5 5 54 7T, R A I 4% g | A EGSAM
B DL KA PR & 400 2% pR G AT I 2R AE — @ B |

PETHT MK PERE . KT HEEE—4H (GA) 555 =41 (GC)
A LLE H, 51 AT EGSAM [ 5¢ % EGMFNet 1k BE Af]
BRI T 500 BT, FERTE 1.4%,
SR A R PEE BR AR T S 1E 0.8%, X R G A =K
EGSAM BEHA Bl 4 T+ 3500 5. 3 1] 245 40 1) 6 2
IABARBETE Z 025 AT . R, B ETR A ik
PRSI A AP e D 2 S 2R L S B —
4 (GA) 5% — 41 (GB); & =41 (GC) 55 4 (GD).
FXT L S 30 400 T DA S, R R & i 2% eR B0 2R
W 2% 1 REAH %L T8 BCE Loss VI 2R MK PERER T
— BT, 55— (GA) 5% 41 (GB) Mtk F a4
Tt 0.3%, A ITE TS b5 S (EHE T 0.3%. 45 B2 XF
T ELA O £ 25 (A 40 A I 25 M RE SR TH S in i &L, 5 =
41 (GC) 555 U4l (GD) AH Lk F{H 42 T+ 0.7%, 254 4H
ISR S(EEET 1.6%. % =4 (GC) 555U (GD)
(R b S 06 45 5 B 7E BCE Loss HY3ERE 51 Al
% oK R RE % 5 Bl 0 465 B Y T 100 S 1k E AR A
TR A ) 26 T $i JCE) R A T R A 1 2 [
I B B A 288

R3HMIEER, Hf GA AER BCE Loss JIIZHEM MY, GB AERARESHMKXINGZHEMMNLE, GCA
51N 3 BB EGSAM RSB M 4&FH{E F BCE Loss #1711k, GD ERBA&HRKIILZL GC FHIMLE
Tab.3 Ablation experimental results. GA is the basic network trained with BCE Loss, GB is the basic network

trained with mixed loss, GC is the complete network with three-stage EGSAM module and trained with

BCE Loss, and GD is the complete network with three-stage EGSAM module and trained with mixed loss

Groups Structure Loss Fy MAE S,
GA Baseline BCE 0.923 0.041 0.908
GB Baseline BCE+BL 0.926 0.040 0.911
GC BaselinetEGSAM(3 stages) BCE 0.936 0.036 0.919
GD BaselinetEGSAM(3 stages) BCE+BL 0.943 0.033 0.926

3.4 EGSAM R = 06 1F K16

i 1.1 %5 FF 7%, EGMFNet &= 1A 25 # i RCFBlock
S 1M %9 MCFUBIock 41 %, 715K X RCFBlock HE
7 IR X IO £ M g 1 5 I AR AT SR SRR Al
=4 P47 4 — 41 ff il MCFU4, MCFU3, MCFU2
e 4 IR 2% i MCFU3, MCFU2, MCFUL; 5 40
JxtHEZH, B4 EGMFNet; 25 —#ffdi] MCFU2, MCFUT
RAFBlock #1784, SC5G7E ECSSD %4 45 b X =

20 S5 N 4 A T R A

SLERZERANR 4 PR, S —H R 2 S
RCFBlock NG T 28 5=, [A) B KA ) AL 52 4
SRS EEE R E P TGRS 415
IS ARES T 50 — 4L S0, MR REA T B AT, 1
kS RCFBlock fii 15 9 £ 5 1 o vk A BOR MRS (el
B fE B, X ff 15 2 P 18 0 1k 38 B B R 8L
. HIk, R H MCFU3, MCFU2, MCFU1 41 &1
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% 4 RCFBlock &2 1IFTR A F AR DN M BEFE AR T AL S S8R | A SRR

Tab.4 RCFBlock stack quantity verification experi- ANETTTIEAT T AR
ment SEEGZE R AN S PR, SN EGSAM BLH A R4
THT MR PERE . BEE W EGSAM R H 1Y |2 2 &

No. Fy MAE Sy Parameters
1 0.889 0.089 0.831 64 609 584 Wit 2 H BRI R S B, WA R E
2 0.943 0.033 0.926 60638928 BT, FAEAR T 2.1%, B 2 1 ok /9 2 50 F s Al
SR B R I 7 T 50 B ) TR L ST, 7 DU B B
#0573 EGMFNet, U EGSAM #5E e fiff 75 22 $0 i R L /)N 2R Y

T, 3 RE 4 78 £k 6 18 I GPU 17 H0 4 [ B F 199 265 1 i
(42 T AN B L 2 AEAE — SE R TS R, DR AN AR
EGMFNet [ fif =i B 4 EGSAM A58 L) $i Tt %)
%Ik

3.5 EGSAM 1=3RE R I E £ 16

EGMFNet % 2 (Wi = 248N T EGSAM bk,
MEIE EGSAM W N2 9525, M E 2 T AR Jin )
KIS INZG, JF7E ECSSD B4l 4 b abAT T i, il i

& 5 EGSAM RHRE RIWIE LA R
Tab.5 Verify the experimental results at EGSAM module level

No. Stage with EGSAM Fy MAE S, Parameters Size/MB
1 Baseline 0.923 0.041 0.908 54437157 207.67
2 Stage 1 0.936 0.038 0.916 54734 330 208.79
3 Stage 1+2 0.941 0.035 0.923 55916 197 213.30
4 Stage 1+2+3 0.943 0.033 0.926 60 638 928 231.32
5 Stage 1+2+3+4 0.942 0.033 0.924 79 521 275 303.35

3.6 EGSAM @& RENZEWIEX I

N 3.3 1 i TR, EGSAM 5 B 1 iyt 45 51 43 1)
S R AL, o — Ik 5 2 2 A R R
R o AAIRGE Al 22 B ekt I 45 BE A 52 i, 15
TIFS2E, J1E ECSSD Byt bt A7TiT4l .

LEEERANER 6 TR, MoBUER KT, 250
RDGAMAT W T W PERE . Bl B #42/N (e<
0.1) B, %S I EGSAM H5 He iy 9 4% 14 fig AH ¢ T S il
W25 47 BT HETE, Mo = 0.010 UG e A 5001, F (B A ik

& 6 EGSAM @& ZHIZEWIEXLR
Tab.6 EGSAM fusion coefficient setting experiment

No. o Fy MAE S,
1 Baseline 0.923 0.041 0.908
2 1 0.842 0.104 0.832
3 0.1 0911 0.052 0.894
4 0.05 0.926 0.041 0.913
5 0.01 0.943 0.033 0.926
6 0.005 0.940 0.037 0.920

Bill ) 2% 4 T 2.1%0 Yok Z208 /) (@<0.01), EGSAM
BT T 0 265 119 52 M 55 4, ol A5 0 28 P BR AR, A1 ik
¥ EGSAM fil & & 5% B 0 a = 0.01 2L B B 4F (1)
B

SR T E R R EGMFNet H T 5835 B AR
AT 55, EGMFNet i = T M 28 & — P BA =i E
(14 U Y00 26 S5 44y, 90 246 (18 5K )2 A P vl AN ) 0
RCFBlock 3 75 ) MCFUBlock #4220 5 4 18
SCAF LR 42 JRy 23 T R AiF PRt A 88 48 T 25 2k ol v A
B, 75 EGMFNet 1 %5 5 )2 90 fff JH 5 A ik 22 1% 42 1Y
U RIS AT . [FIRT, 7648 302 5 | Aih %

FES Y kA MR I (EGSAM) #F— 242
BORR F i % B2 [V ARAEAS B . Beab, Rl & i A
54 2% pREICR TR A 5 2K oA B8 21 s 1) 11l 2 EGMFNet,
FE DA 8 4 L ik 45 SR % B, EGMFNet #%
I FAEARTE T 1.5%. 2.7%. 1.8% F1 1.6%, HA
KLAF e RE
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