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Abstract: Feature representation is a key component to salient object detection. However, the features extracted
by existing methods lack capability of discrimination for salient object detection. Hence, multi-scale context fea-
tures extraction mechanism and attention recurrent mechanism are proposed to solve this problem. Specifically,
the multi-scale context features extraction mechanism uses atrous convolution, which can expand receptive fields
of high-level convolution features to obtain rich context sematic features, and adopts a vector aggregation strategy
to fuse these features. In order to enhance the discriminative power of fused features, the proposed method adopts
a attention mechanism to distinguish the importance of each pixel by adaptively increasing the weight of convolu-
tion features. The attention mechanism can focus on salient regions while suppressing the interference informa-
tion in the background. Furthermore, a recurrent network is presented to gradually refine the convolution features
in spatial position, and adjust salient regions to generate accurate saliency maps. The proposed method is com-

pared with eight state-of-the-art methods on five benchmark datasets. Experimental results show that the method
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can generate more accurate and complete saliency maps, and achieves good performance in both mean absolute

error and maximum F-measure.
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£ EEHHE; PAGR, RAS, CapSal, PAGE #85| AT

W& JIWLHI, PAGR Il CapSal "k SEFAHLAE.
R T M T R H R, AR SCRAEE A TFIY
SEIARRS DL K BRI 00 2 B0 IRk S A, B
FEAT AR 3 42 A2k 0 fb 25 1 X8 3 Sy vk R AT TP A
TESL St FErh, AR SO L 5 A 6 T A
65 A ) 504k R i Ab BRAE B8 () 4 CREPT,
3.4.1 EETVHE

BARSONES 8 B E MR 7 ik 31T T M
AetbiL, K 4 B rikr PR . ] L
FH, RIS PAGE PEREMIY, BRitZAb, 78
PR AT B 4 b, JLP A f RS v T T, X R
TE T = A e R A 4R, Ul R AR T L
77k, 3% 2 Fin 457k MAE fil F-measure
fEXT L. TLAE H, A %A DUTS, HKU-IS,
PASCAL-S, SOD #4##4E I i) F-measure {H 5 HE5S 2
PRIk e, R T 0.4%, 0.1%, 0.1%,
0.2%; fE DUTS, HKU-IS, SOD %#t##4E I #) MAE
EHSHESE 2 1 AL, 2 REAR T 3.8%, 2.7%,
1.8%. X 15t B AR SC 7 2 bb At 5t i T vk 1) 45 1
AR, TG TR A0 AR AR
3.4.2  EMEVEAS

RS 25 R TR Dy e A i B 3 1 ik S gk
HT 5 AER Rl EE. aTRLE Y, A SOk
b G Ath, 7 2 04 P B R B A, R o 4 A
R E YR, Ban, 5 3 IR R b Y T X
55 S B RT  BEB/N, AR SO AT DAUE T M
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R
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R
d. PASCAL-S e. SOD
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£ 2 FFEHEBY MAE #15&% X F-measure %t Lt
) DUTS ECSSD HKU-IS PASCAL-S SOD

ik MAE F-measure MAE F-measure MAE F-measure MAE F-measure MAE F-measure
MDF!! 0.114 0.657 0.105 0.797 0.129 0.839 0.147 0.709 0.165 0.736
DHSM 0.067 0.776 0.060 0.893 0.053 0.875 0.094 0.800 0.129 0.790
Amulet!"”! 0.085 0.751 0.059 0.905 0.051 0.887 0.099 0.815 0.142 0.773
PAGR! 0.055 0.817 0.061 0.904 0.048 0.897 0.094 0.815 0.147 0.761
RAS! 0.059 0.807 0.056 0.908 0.045 0.901 0.105 0.805 0.124 0.810
DSS! 0.056 0.796 0.052 0.906 0.040 0.901 0.098 0.809 0.124 0.802
CapSal 0.061 0.772 0.077 0.813 0.057 0.842 0.075 0.830 0.148 0.669
PAGE™?" 0.052 0.815 0.042 0.924 0.037 0.907 0.078 0.836 0.111 0.796
A3 0.050 0.818 0.043 0.919 0.036 0.908 0.078 0.837 0.109 0.812
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3.5.2  ZRJEFHEFAI(FCN+MSF)

AR SN HTZAL I 4 35 2% A RO i 2 P DX
WZ L FXEE. M TRIEZRE LN SCRIENL
il 7 A R hR@a%RﬁLTIWHmWﬁL
il AR R R AT I 2, I X DI G5 5 A A
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WA AL

3.5.3 FEEIIEABIRI(FCN+ARNN)

e =K NIN N R 2 SR E D =W K L e )
EEY R, T H B AN R A R AR
S 1 B S G IR LG AR 5 e FON A5 7Y
HEAT R, R IG5 R i 6f B
IR E AL T E A NS I N AT RS RN

2L, (HRJLPEAE T A 248 dE 1
i) MAE {5 FCN BRUA L, 20 BIFEAR T 14.3%F1
9.8%, fx K F-measure 43l4Em T 5.0%F1 5.8%.
i?ﬁ%%%’%% B IIE LT B T 2 A

o ANARE A b e 07 0 2 PR X, T ELRE W8 41

ﬂcﬁ’ﬁlﬁl

a. JRHE b. EfHFA c. AKX d. FCN
B 6 Al ST Ik Y LSRR

* 3 HRNSRIS 54580 MAE #5 KX F-measure

. DUTS SOD
WikeS
MAE F-measure MAE F-measure

FCN 0.063 0.754 0.133 0.758
FCN+MSF 0.055 0.797 0.127 0.784
FCN+ARNN 0.054 0.792 0.120 0.802
FCN+MSF+ALSTM 0.049 0.824 0.199 0.796
FCN+MSFs+ARNN 0.054 0.803 0.121 0.778
FCN+MSF, s+tARNN 0.051 0.811 0.118 0.798
FCN+MSF+ARNN 0.050 0.818 0.109 0.812
(T=4, A30) ' ‘ ’ '

FCN+MSF+ARNN(7=3) 0.050 0.820 0.118 0.798
FCN+MSF+ARNN(7=5) 0.053 0.815 0.121 0.793

3.5.4  ZRHEEE VG (FCN+MSF+ALSTM)

BT LSTM HAEAITE DUTS $idli 45 il 2k,
FEAG I Y 25 R 5 A SO HEAT . e RICR
MK 6g Fran. TEHRA KW EME XA EIZRH,

e. FCN+MSF f. FCN+ARNN g. FCN+MSF+ALSTM

FET LSTM  Jy AN BB 5 % M Ao 0 1 il 25 1 DX 3k
3 i A BoR, BRI T LSTM MR Al YE
DUTS #4#li4E FPERERILF, (HIE7E SOD a4k I
PEREHIE T3 T RNN FERIGHERE. [WRE, % &
FI| RNN A 5] P AR T 5 5 R B, AR SO Ay it
& 4% F RNN fiidE LSTM.

3.5.5 ZHHEEEJITEA B (FCN+MSF+ARNN)

ARSI RN 22 RO R IR 5 1 3 S G PR R AiE 45
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