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Salient object detection based on deep clustering attention mechanism
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Abstract: Objective Salient object detection is a basic task in the field of computer vision, which simulates the human vis-

ual attention mechanism and quickly detects attractive objects in the scene that are most likely to represent user query varia-
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bles and contain the most information. As a preprocessing step of other vision tasks, such as image resizing, visual track-
ing, person re-identification, and image segmentation, salient object detection plays a very important role. The traditional
salient object detection method mainly uses the method of manually extracting features of the image to detect. However, this
process is time-consuming and labor-intensive, and the results cannot meet the requirements. With the rise of deep learn-
ing, a large number of feature extraction algorithms based on convolutional neural networks have emerged. Compared with
traditional feature extraction methods, using deep neural networks to extract features has better quality and more accurate
prediction. In order to obtain accurate salient object segmentation results, deep learning-based methods mostly introduce
attention mechanisms for feature weighting to suppress noise and redundant information. However, the modeling process of
the existing attention mechanism is quite rough, which treats each position in the feature tensor equally and directly solves
the attention score. This strategy cannot explicitly learn the global importance of different channels and different spatial
regions, which may lead to missed detection or misdetection. To this end, in this study, we propose a deep clustering
attention ( DCA) mechanism to better model the feature-level pixel-by-pixel relationship. Method In this study, the pro-
posed DCA explicitly divides the feature tensors into several categories channel-wise and spatial-wise ; that is, it clusters the
features into foreground and background sensitive regions. Then, general per-pixel attention weighting is performed within
each class, and semantical attention weighting is further performed inter-classes. The idea of DCA is easy to understand,
whose parameter quantity is also small and can be deployed in any salient detection network. This method can efficiently
separate the foreground and background regions. In addition, through supervised learning on the edges of salient objects,
the prediction can get clearer edges, and the results are more accurate. Result Comparison of 19 state-of-the-art methods on
six large public datasets demonstrates the effectiveness of DCA in modeling pixel-wise attention, which is very helpful for
obtaining finely salient object segmentation mask. On various evaluation indicators, the effects of the model after the
deployment of DCA have improved. On the extended cornplex scene saliency (ECSSD) dataset, the performance of DCA-
Net increased by 0. 9% over the second place (F-measure value) . On the Dalian University of Technology and OMRON
Corporation (DUT-OMRON) dataset, the performance of DCANet increased by 0. 5% over the second place (F-measure
value) , and the MAE decreased by 3.2% . On the HKU-IS dataset, the performance of DCANet is 0. 3% higher than the
second place (F-measure value), and the MAE is reduced by 2.8% . On the pattern analysis, statistical modeling and
computational learning (PASCAL) -subset (S) dataset, the performance of DCANet is 0. 8% higher than the second place
(F-measure value) , and the MAE is reduced by 4. 2% . Conclusion The DCA proposed in this study effectively enhances
the globally salient scores of foreground sensitive classes through more fine-grained channel partitioning and spatial region
partitioning. This paper analyzes the deficiencies of the existing salient object detection algorithm based on attention mecha-
nism and proposes a method for explicitly dividing feature channels and spatial regions. The attention modeling mechanism
helps the model training process perceive and adapt tasks quickly. Compared with the existing attention mechanism, the
idea of DCA is clear, the effect is significant, and it is simple to deploy. Meanwhile, DCA provides a viable new research
direction for the study of more general attention mechanisms.

Key words: saliency detection; attention mechanism; deep clustering; spatial-channel decoupling; full convolutional net-

work (FCN)
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HKERE NP (deep cluster attention, DCA) , LAHE Ay
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T A R TR AL Y S A B e A e 4
RINESRANEE SN WIk i VETE DO I alllKR7S
DCANet(DCA network ) ;2) $2 Hi T 3838 R I HL
il (channel deep cluster attention, CDCA ) F1%3[a] 52
RSP (spatial deep cluster attention, SDCA) ,¥f
REIE 0 A e 3 RN A5 ) b AT SRR o3 A5 BT 5
3B B AE I T SIS0, DL SRR AR SCHE A4 JRy
— e S RIE R IR0, A B T I e A 1) A (A i
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Bl 1 432 DCANet F8 3025 SR K]

Fig.1 The salient object detection result of our proposed DCANet

(d) AT

((a) input image; (b) ground truth; (¢) boundary ground truth; (d) saliency prediction of ours)
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[ TR A 56 R I 2 A 254, 25 T VGGNet Y
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Fig.3 Channel deep clustered attention
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Fig.4 Separation of foreground and background channels in channel deep clustered attention
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Z RIS WSS S5 R B8 154y, BikH
872 = 8(Fly0 (AP 0 (x) ;[ @,b]))  (10)
S74 = 8(Flyu) (AP 4y (x) 5[ @,b]))  (11)
SP = 8(Flas, (AP (x) ;[ @,6]))  (12)
S, = 872+ 57+ 5 (13)
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(Sl DR E L I
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Fig.5 Spatial deep clustered attention
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1) XK Ly o B EX R EUT SN
T RAES P AT B R R AR R0 KR E R,
1 FRRHI o S8 SURHR Ly, N
H w
LBCE == 2 2 [Gijlog(szj) +

i=1 j=1

(1 =6G,)log(1 -8,)]
Kb, S MR ERE, G RXF R i EEARZ
2) MGARR Ly o X EABEARZS DL KA DU 2544 73
GlIASEna = A =R e CES T E SV SR T E
K25 Rh % K G SR J5 R ] AR A SO 4 2 5K
RN GA R B — L BEE R G AR I S5 2R,
GARK Loy N

(16)

Ly, = LBCE(S’5G’) (17)
INVIRAWKR Lo EIREL N
L = Ay X Ly + Ay X Ly, (18)

S, A R, HFAERT A, 04, =511,
3 XWaHh

3.1 REMEBMT

AR B T Keras @E%gﬂi%%%,{iﬁﬁ
DUTS-TR ( DUTS-Train) ( Wang % ,2017 ) Z4 8E 447
Y%k, DUTS-TR i E 6175 10 553 M EIE , did %
T e VGRS UG AR, B A s
iK% 70 000 1E, DCANet FYHT 5 A4 BB HL 5L
ImageNet ( Deng 55,2009 ) Il 2515 21 1Y) VGGNet16 #]
Ik, KR JZ 0S80 % ALY th ik, S 7E
NVIDIA Geforce GTX 1080Ti (11 GB W ff) #1
i7-8700k CPU MR 3R8E 58, 7E Ul gkt v,
WABEIREE N 224 x 224 R F, N TN,
AR AfiH Adam ( Kingma 1 Ba,2014) {fb #8475
BARAL, WITR T R 8 S HERIE L B 1 x 1077,
3.2 HIRE&E

N T A RS ASCHR Y ) DCANet, ZEH DUT-
OMRON ( Dalian University of Technology and OMRON
Corporation) ( Yang 55,2013 ) . ECSSD (extended com-
plex scene saliency dataset) (Shi 55,2016) , HKU-IS
(Li %§,2016) . PASCAL ( pattern analysis, statistical
modeling and computational learning )-S ('subset) ( Li
4%,2014) SOD( salient object detection) ( Movahedi £/
Elder, 2010 ) #I DUTS-TE ( DUTS-Test ) ( Wang 55,
2017) %5 6 DNATTFERMEBRE I TVERE S IE, iR EK

PGS BANER 1 iR, Horp o G s A i 25 )
SR H AR BB E A S SCHE (Wang %,2019)

®1 BHEENSRITER

Table 1 Summary of different datasets

A EITE S TN RGEGE XRERE %
DUTS-OMRON 5168 1~4+ 14.85 +12. 15
ECSSD 1000 1~4+ 23.51 +14.02
HKU-IS 4447 1~4+ 19.13 +10. 90
PASCAL-S 850 1~4+ 24.23 +16.70
DUTS-TE 5019 1~4+ 23.17 +15.52
SOD 300 1~4+ 27.99 +19. 36

TE: 4+ 7 FoR N GRRTE 4 UL

3.3 NERR

T 7853 U B DCANet 11 G I 3K 45 % WL 25
i, RS E & S-measure ( Fan 55,2017 ) SE#)48
XF1% 2% (mean absolute error, MAE) ( Borji %§,2015)
F1 F-measure {55 FRPRE 1 T4

S-measure ST BEZEHE AR , B4Ry

S, =AXxS, + (1 -2A) x5 (19)

T, S 1S 53 3112 Xk G B R 235 A4 AL R X
MESHAARIPE A = 0.5,

MAE fiij5 TR 5 5R S 5 B HARS G Z ARy
AR, HAA Ry

Swae = Win 2 ‘S(x,y) - G(x,y)‘

x=1 y=1

(20)
A, WA HREBBISERE, (x, y) RIRR A
F-measure f& Xf P-4 & fE 2 P FIF- 344 2 K
R WA 2448 . BAR K
F, - (1 +2,82) x P x R
B (P +R)
X, B M BUE 0.3,
3.4 ZHRERSW
3.4.1 X
AT BSUEAS SO A 80, 5 HS (hierarchi-
cal saliency) ( Yan %, 2013) , MCDL ( multi-context
deep learning) ( Zhao 5% ,2015) . LEGS ( local estima-
tion and global search) ( Wang 4§ ,2015) .MDF( multi-
scale deep features) ( Li Fll Yu,2015) .ELD ( encoded
low level distance) ( Lee 55,2016) .DHSNet ( deep hi-
erarchical saliency network ) (Liu #1 Han,2016) ,DCL

(21)
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(deep contrast learning) (Li #1 Yu,2016) ,MAP( max-
imum a posterior) ( Zhang 55,2016 ) .RFCN ( recurrent
fully convolutional networks) ( Wang % ,2018a) . MDS
(multi-task deep saliency) (Li %5,2016) .DSS( deeply
supervised salient object detection) ( Hou %§,2017) |
WSS (weakly supervised saliency) ( Wang 55,2017 ) |
Amulet ( Zhang 5, 2017a) , UCF (‘uncertain convolu-
tional features) ( Zhang %5, 2017b) . PiCANet ( pixel-

wise contextual attention network ) ( Liu %%, 2018) .
PAGRN ( progressive attention guided recurrent net-
work) ( Zhang %, 2018a) . DGRL ( detect globally,
refine locally) ( Wang 45 ,2018b) . C2SNet ( contour-to-
saliency) (Li 55,2018 ) Fl1 MWSNet ( multi-source weak
supervision network ) ( Zeng 45,2019 ) 2 19 Fpft ek
BRI A AT PERE LA, R TR
B2 .,

R2 ARREMFHEER

Table 2 Summary of different models

el SCHik BT W% pIlE7 S
HS Yan %5 A\ (2013) - -
MCDL Zhao % A (2015) GoogLeNet MSRA10K
LEGS Wang %2 A (2015) - MSRA-B + PASCAL-S
MDF Li 1 Yu(2015) - MSRA-B
ELD Lee %% A (2016) VGGNet MSRA10K
DHSNet Liu 1 Han(2016) VGGNet MSRA10K + DUT-OMRON
DCL Li 1l Yu(2016) VGGNet MSRA-B
MAP Zhang % A\ (2016) VGGNet SOS (Zhang % ,2015)
RFCN Wang %5 A (2018a) VGGNet MSRA10K
MDS Li % A.(2016) VGGNet MSRA10K
DSS Hou % A (2017) VGGNet MSRA-B + HKU-IS
\ES Wang % A (2017) VGGNet ImageNet
Amulet Zhang % A\ (2017D) VGGNet MSRAI0K
UCF Zhang %% A (2017b) VGGNet MSRAI0K
PiCANet Liu % A (2018) VGGNet/ ResNet50 DUTS
PAGRN Zhang % A\ (2018a) VGGNet DUTS
DGRL Wang %2 A (2018D) ResNet50 DUTS
C2SNet Li 25 A(2018) VGGNet MSRA-B + Web
MWSNet Zeng % N\.(2019) - DUTS

T = RN N TC AR E

3.4.2  SLEEER N

AR HoA 19 Fpoo FEE A LE 6 R4
RS R AN 3 fras, Al LUE Y A SO AT
AR FNSREHES Bos . RIASCRERE
AR U8 22 RUBE AR AIE v 8 G DG JUFN e 75 15 L, A1 4K
T T SR B B TN LS R A R T
A BTRA TR AR SE T A BT ) o X 5
UL TN

K6 JEmR TARCH %5 WSS, RFCN , MSRNet
UCF Hl Amulet S AERFIL T WAL R, WTLLE
5 AR IR A HE AR SRS (1§ 3 T 1]
Bl FUSCRRAS BB MERG A 31 1 B X & R
S B A
3.4.3 fRAIPRIELE

R T IR R I B L AR R Y BT
#k K DCANet #4745 43, 43 ) B UE 38 18 2K = )
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R3 FEEEE6 MIBEE LHEEXHE R

Table 3 Comparison of experimental results in six datasets among different algorithms

- DUTS-TE SOD ECSSD DUT-OMRON PASCAL-S HKU-IS
Fg Sy MAE Fg S, MAE [y Sy MAE Fy Sy, MAE Fg Sy MAE Fy S, MAE
HS 0.504 0.601 0.243 0.756 0.711 0.222 0.673 0.685 0.228 0.561 0.633 0.227 0.569 0.624 0.262 0.652 0.674 0.215

MCDL 0.634 0.713 0.105 0.689 0.651 0.182 0.816 0.803 0.101 0.670 0.752 0.089 0.706 0.721 0.143 0.787 0.786 0.092

LEGS 0.612 0.696 0.137 0.685 0.658 0.197 0.805 0.786 0.118 0.631 0.714 0.133 - - - 0.736 0.742 0.119
MDF 0.657 0.728 0.114 0.736 0.674 0.160 0.797 0.776 0.105 0.643 0.721 0.092 0.704 0.696 0.142 0.839 0.810 0.129
ELD 0.697 0.754 0.092 0.717 0.705 0.155 0.849 0.841 0.078 0.677 0.751 0.091 0.782 0.799 0.111 0.868 0.868 0.063
DHSNet 0.776 0.818 0.067 0.790 0.749 0.129 0.893 0.884 0.060 - - - 0.799 0.810 0.092 0.875 0.870 0.053
DCL 0.742 0.796 0.149 0.786 0.747 0.195 0.882 0.868 0.075 0.699 0.771 0.086 0.787 0.796 0.113 0.885 0.877 0.055
MAP 0.453 0.583 0.181 0.509 0.557 0.236 0.556 0.611 0.213 0.448 0.598 0.159 0.521 0.593 0.207 0.552 0.624 0.182

RFCN 0.755 0.829 0.090 0.769 0.794 0.170 0.875 0.852 0.107 0.707 0.764 0.111 0.800 0.798 0.132 0.881 0.859 0.089
DSS 0.796 0.824 0.057 0.805 0.751 0.122 0.906 0.882 0.052 0.737 0.790 0.063 0.805 0.798 0.093 - - -

WSS 0.778 0.822 0.079 0.807 0.675 0.170 0.879 0.811 0.104 0.725 0.730 0.110 0.804 0.744 0.139 0.878 0.822 0.079
Amulet 0.750 0.804 0.085 0.773 0.757 0.142 0.905 0.894 0.059 0.715 0.780 0.098 0.805 0.818 0.100 0.870 0.886 0.051
UCF 0.742 0.782 0.112 0.763 0.753 0.165 0.890 0.883 0.069 0.698 0.760 0.120 0.787 0.805 0.115 0.874 0.875 0.062
NLDF 0.777 0.816 0.065 0.808 0.789 0.125 0.889 0.875 0.063 0.699 0.770 0.080 0.795 0.805 0.098 0.888 0.879 0.048
PiCANet  0.804 0.844 0.053 0.770 0.732 0.130 0.887 0.888 0.059 0.710 0.789 0.067 0.792 0.822 0.850 0.871 0.877 0.051
PAGRN 0.817 0.838 0.056 - - - 0.904 0.889 0.061 0.707 0.775 0.071 0.814 0.822 0.089 0.897 0.887 0.048
DGRL 0.805 0.842 0.050 0.801 0.774 0.103 0.914 0.903 0.041 0.739 0.806 0.062 0.827 0.836 0.072 0.900 0.895 0.036
C2SNet 0.784 0.831 0.062 0.783 0.763 0.122 0.902 0.896 0.054 0.722 0.800 0.072 0.827 0.839 0.801 0.8838 0.839 0.046
MWSNet  0.702 0.754 0.102 0.768 0.702 0.166 0.859 0.827 0.097 0.677 0.756 0.109 0.753 0.768 0.133 0.835 0.818 0.084

E'S 0.822 0.849 0.046 0.800 0.769 0.104 0.914 0.900 0.043 0.743 0.808 0.060 0.834 0.832 0.069 0.903 0.893 0.035

TR N A S RAE R -7 Fom X B e AR

son VA AN AN

@ HAEGE (o) AERE (c) WSS () RFCN  (e) MSRNet (f) UCF (2) Amulet (h) 32

K6 AU A HABAFR AL Y 2 B Pl %) Lo
Fig.6  Comparison of saliency prediction images among our algorithm and others

((a) input images; (b) ground truth; (¢) WSS; (d) RFCN; (e) MSRNet; (f) UCF; (g) Amulet; (h) ours)
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B RS (A SR R AL VR, A SR an 3k 4
FE7R ., SRS R, 3 T8 S 2 R 0 ML AR A
FIPERESRTE T 1. 7% ~ 3. 6% s I A ZS A1 R = N
BUH BRI RE R T T 1.3% ~ 4.1% . Z5 L JF
A SCHR Y DCA AL REAE A R > FRAIE 1 N
SRI PSR T B A% 4 Z A e T i 22 ) 43
REAETE — o PR B AR (o R 760 o - Wl 6 7 Y Wi 4 55,
SeR Tl A BI AN [) 28 51 DG AN [ ABE = AR AIE

%4 DCANet #E I SL IS
Table 4 Ablation study of DCANet

oY S, F, MAE
En-De backbone 0.869 0.878  0.102
En-De + CDCA 0.884 0.889  0.081
En-De + SDCA 0.897 0.898  0.056

En-De + CDCA +SDCA(ZA )  0.900  0.914  0.043

TE I AR 25 51 B 2 2R

4 & it

AR SO X PEIAR B S35 X A R, i i T
TIRPE R TE R I AL B & R 37 DCANet, i
X I3 T A 2 ] DXt A7 S R o3, s il L
ATRITJR S AE B, (9 DG 17 357 1 3 38 A7 250
], 113 5 T 5 4 30 T S DU R A A A il 2 0 4 X
SRR P IR R ML A B TR R I
LA P PR B RIGE WA 55, MRS [H] AT 4R
IR A 5 A 3R A W A B 45 2 A R — 2o
ey e SR Y 5 P AR AN ) BT ) 28 T SRR
PR L5 2o b 35 X G I Bk AT 0 LS U
WA T ASCRE R A R (O, i Tl 3] 0 77 vk
5 , 2 (] Jay A L A R BB 22 T [ R /Ny LA
S AR SCRE R A —E R IR 1
JREE AR A2t — B985 A 3 0 A AR 3 D5
3, DU THRAD AN [l S5 3 IV RE T
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