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B . B HAN(SOD) BRI NRILE RS0 = I HLEIAARIALEIK B Sh3R B0 5 R 2 k. BR
B2 T ER LML (CNN) B Transformer R RAS BT IR BT 2 SURITIERIPERE, (BB BT ST U A 1]
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1 5|5

ANFEM I R4 (Human Vision System, HVS)
RE B8 1= A A G5 2 R NS B A e B b A P RO
BRI Sy, EMAE BACHE AR R A AR N B
B o A TR b A ) B2 H ARSI (Salient
Object Detection, SOD)AT 25 W5 FI FH L 57 & 71
JER B 0T AR Hh i 5 AR B R AIE 110 X6 S Bl X g AT 42
B, 0r T 2R G ) B 2 Bk S E A
SODH HT A 8 ki G b A NEOGERIK IX I8, 1
T XA L AR I AR A, R R DA
FRICARIE S5, SemuRERER . Pl
L& N TS T B AR 55 M RE . I Ah,
SODTE Z AWy 5t AR T A 55 h RAS I F0 2% 3 1 oK
EIIFR T HFERGB-D SODP!, RGB-T SODAI
F635SODIMEERT 57 4k .

19985 Teti 45 AP Hh 3k TR L 48 & BIS 1 m]
THEE R BRI LR, B A E S 3 TR
P 78 5 LSS o FE BB EEAL B R EAZ R ISOD
MK IR 5IN B AR 73 . 20134 20,
SODA TR B K. HTARILRN T IEEN K IE
FRIST 3, T T B L AR PR 773k ) H B gk — P 4
BB A SIE RN R R . AR, ik Bk o
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B i B2 ) TR R B T AR R R IE 32
I, SBOEDAME R 28 5 b R4S H AR AT X 21k
FRAERG IR o 20154 DLR IO,y T~ 36 AR b 48 ) 2%
(Convolutional Neural Network, CNN) 2% 24 5%
KBRS SURFIESZILAE /1, £ T CNNHSODAE
RO A AU ERTT R . B, Leefs
U H ¥ 2 5 A 2 FE 25 ] (Encoded Low-level
Distance map, ELD)5k F ¥ & 45 B 22 0] 25 52 1Y
PR RIS &, R 7 BRI I ERE . Wang
SN TR FE A X 2% R 35 T (Deep Neural
Network Local estimation, DNN-L ) F15 B i £
244 J7y#¥ 2% (Deep Neural Network Global search,
DNN-G) P B 28 e ey, Tl #8502 BB 1
REAE A i 20 SR, IR FH T B A 22 TR 28 R Tl
W22 H Ao 1 Transformer 45 #4 1) 51 A\ ik —
AR 72RO & . BT Transformer 45 14 g
g PR @S KARRROBIOC R, L5 CNNAHEL, %
T Transformer})SODE i€ fir 5% t X 38 77 TR 3 5
. flan, Ao 2 P 4 2% (Visual Saliency
Transformer, VST)!" 5 R AT 51 3 5 51 1R F)
BB 7SOD, JFR 1A T aige as i 4 —
B, @ g N E AR B TTEE A 2 AE S5 R A
#, LI T FMRGBAIRGB-D SOD4E % . SR-
former! "R H 4 7 5L #5425 (Pyramid Vision
Transformer, PVT){E N4mbtdds &+, Wit 7 EF
YN (Context Refinement Module, CRM)
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Kol PG AL 4R B R SUE R, A RURES L
3O DASRAT B LT TR 40 T

WA 3T CNNE; Transformer 22 ) f)SOD /5 12:
K% LLIZ 5 T ) 77 2O NG R i B B MR,
X5 HVSH#EAT I Sd T NLH A — 3. HVSEH
X S XIRBEAT AR AR R R R REE . B
ST 2R 5 4R TR A AN 25 AR 3R ) PR AR S 2 0 ]
AT BUA — 18 XN BB AR R B E A AN
). PLER W Strb R0 B EE ORI X . N
I, CARISODJT VA H 2 BT R IE i S B 1 9 U7
HELAFE A SR B R SCAE B, 5] A\ Transformer
SERAE 9 M 2 DA BURAT 4 R AR AR 1 1)
FEAEAL ST RE % 56 4 b i e b 1) R, (E AV E A2
F AR Transformer 25 f4 7E 18 X 53 #|H (Semantic Seg-
mentation, SS)IRTF T ) V2 KyE 07, & F|E K
HAFE RS IAE S AL E BRIk, SSIE5
T S ) 255K 4 g ST AR R TR R R L S 3RS A )
ZRpE. MEZ T, SODAES B kv Hin S5 5t
Z TR ERF B B CAPEAG E B 2 FR B . DRk, AR 551
7 EE R — e VO A B R SOREME R, (HATREA
TEERKERR. NMEET], MHEECNNEH,
TE /N EE A 55 1 Transformer 25 74 55 ME7E 1)1 25
Hfl s

DN IR R, AR SO b T R T
(03225 B AR A AR A, 5d ¥ CNINTE 2L H i B

(Hemik )

MAT SUE. SHES

HEISHEE R IERBIMG T, D& EEH
PRI RE o AR S F EE TR

(1) NfEPESODAT 55 i s T 7] B 5 S0 [
—iE XA IR R R E A DU
HH S5 PR R B EEROR I X8, A SCRE T
FERG TINS5 AV AR B RS 2% . AT iR I g 52
S PR A E T 4 HE AT X $ R B R PR AR R ALE
G BT 2% T 1 5 A T R 3 E AR R AR X

(2)HH b AT AT i Transformer EHHESE, A
SR H @ B ARHE SR IF R B B T B R0 = 7 LA 3R
B e JE A P I IE Y R SORER, G N TG R
RREE. WA, XML IR AR A (1) E
TP 4 kB ARG (2)7ESODAE 51X /)
TR TR 55 D 2% B 25 ) W 8l

2 RGLE

A SCEE N L 2 AT AT 55 32 T — PR A
B, BRI I LT R . IZHESE R EAFERE T35
FARIL 5 3 45 2 TR RFAIE 3G SR B (CNN Transformer-
based Feature Enhancement, CTFE). A%/ %0
P % 4 A3 AL (Mask-Aware Transformer, MAT).
FRERL A L3 (Feature Fusion Module, FFM)F145%
Rt EE . AR, A SOTRARNG OB
SODPFIFRFE SR BB A T e £ 1 — AN i@ H I CNN E
FW2%, FF K& MR RHIE 6 7 38 M 45 (Feature

¢ U ERHE
U

Cov | 3x3%HBFH
<«— Cov <« U «— fum
P wexme
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Pyramid Network, FPN) LU &R B £ 2 REER:
fE. Ho A SR Fi{i =1,2,3,4,5} 5 MRHAE 2
VERETHRE, EFHRAERR N5 5 N USRI
1/2, 1/4, 1/8, 1/16F11/32, A CAEET ML H -
MBI S N T CTFER B LS F5 RFAE
R EXN TR B XEREE /1. 1 FRFE B,
AL I FE MK 3G 5 5 1 F5 R AE 5 X 28 H i 45 R
FERBFHEATRL G, FERHRE G RFEIE AMAT
FER AL DL TR fe & R 2 . EIZRBY B, AT
KH T 210K RECRA Rt 5] A R PUI Z5.
2.1 EFML

ARSCHR W B IT IR A R RREUTE 458,
DRI S 7E e 28 3 - I 2 ) B B R ) R0 ME . TR
ATHICNNZE ML I8 # 2 2 T 2 REE W TR, X
MR 28 3 T AR AR 7V 1 T N 4% . A 9T I
Res2Net"ME A E T M4 . Res2Netf8 K TH %t
MENG R FERURAE, AT AT LLA 235 B An s A
FRAL ] FE (1) AR AR F A
2.2 ETERM iz F G215 (CTFE)

Ak Transformer 25 4 (1) 3= 7 ) 4 35 5L R3AE A
DAL ot 4 5 B R SUfE Bk . Kk, 7fEZ £
MAES A HAECNNEER K Z &t 174 /i R E
B DU IR 4/ B R SCE R . AR Transformer4s
MR U H B #s . 52 ConvFormer™
AR, AW 13T ONNEE 4 /s L
PRI, ShriETransformerZE /AL, B FH B
TR b b B WS, A ok S T AR N B
Wb B PR RS . iz HCNN =
[ H i& B 7E & 71 (CNN-style Self-Attention, CSA)
14 BT 15 M 4% (Convolutional Feed-Forward
Network, CFFN) M #8441 p. X T4\ AR,
CSAIE I 7 3 B0 A= B AT 48 T80 AR R 28 T > A
FE, HAECFFNHME I B A & 245 AR Ak B A
BERIIRHE. CTFERISS I aE2fR, Hrd, CBR
TR B AL EH — LA ReLU MR B4 5 .

CTFEH KRR 14 i A4 O T CNN U H
=LK A= Ve S =WablibOR (k= S Sl ey Y V|
MG RO EEENEZE . BRkE, T
F5 € Rom* 52 %5 MG Ry, BB K%
MIVE R BIWIEE L ; € R x5, HAitHITR
(1), X (2)Fw

Q = Convsy3(F5), K = Convsx3(F5) (1)

(Z Qi,ij,n>/ (\l Z Q?,j$ Z K’?n,n)
c=0 c=0 c=0

(2)

I —

m,n

b, e Mleg RORFFAE I E 2, Convixn() N
nXnERURIERF . o MR TVITH Q, KA VIR
YERE . HAE3x BERIR AR AR R R AE S I B2,
I W TR 4. R, ASGEESIN T A
A A 3] (0 g 30 P P ML OISR B A M o s )
SRR KN . M S R X (3) B

d\ 2 d\ 2
) ()
Mmjn =exp | —

2(0 x a)?

(3)
Hep, 0e0,1)R—ANTHAMME S, T
FIERZANERZE, C©H5ERZEHRIEN. Mok
—NESH, ATEHEZITNES. 85, AV
AN = I x MW EAE. X5, B—MEER
zi  WE — AN KNI B ERZ AR AW . @i
K Ar B A SRR VAR, CSARTLURE 38 BT
kxR, HhBEVHIRERELTR(1).
i FIFHCBRKEE S W FEAK R 5% & rh 22 2] 3
FRIRFAE o
CFEN AN CBRAMF IR, FIXF CSAAE R
FIRFIERS AL AL . SEASCTFERABR AR FE AT X (4)
S TIN
N
X' =X +CSA(A)+ > CFFN(X + CSA(X)
=1
i—1
+) " CFFN(X;))
j=1
2.3 FHIERL SRR (FFM)
RFAE LA AR ER ) B 12 R A T 4 R T R

(4)

H
F N
F U
N
« N | i X
CSA CFFN
CBR
CBR

K 2 AR L R4 2% O 5 AL R SR (CTFE)
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B ERRECRRAE, SCUR AN {5 B S 0E G
BZEMAZ . EFTH M2, BN R 4
fiEfib A B HE A R Y AR : SR H 2 A0 RO IR RFAE
Frigh~ KB T — RBEEBIRHE fion A1 42 R 15 SCRRAE
Fatobalo AT T LU R BMRHIERL G %, 3.

7E Attention-Fusion™', A¥ K HCTFER
P 4 5y v SURFAIE faona 283 e B 5 BRI UL 1 4
EEAE AT R A, DLULECAR ZURFAE fiow 10K
WNo BRJE, P4 RE SURHIEVE RVE B JIBE, i
R R ERE R A ARG R &5, BidiEEr
TRGRHAE S @ PRHAE frign BEAT FHID (BB LIRS 12
K Alayerd FIFFAEHEATAHAN),  DAMG SRS A (R RFAE 3R
N, Hat SRR (5) = (6) Frw

.fatt = BL(T - Conv(fglobal)) (5)

ffusion = .flow X CA(fatt) + .fhigh (6)

fESimple-Fusion™, ASCK Kk HCTFERH (1)
22 R VB SURFAE Fatobar £ 157 BRFAE frign BEAT FRAE,
5K B ETHRERFE fiow I, Z )5l —A
3x3MIBI, BBIRERHE. 5L R A SCKk
P77 % Simple-Fusion RPEAT AR T 77 1% A ttention-
Fusion, FrLAA 2K H J7i%Simple-Fusion.

2.4 HERDRRANIL GodE iR 3R AEIR (MAT)

FE 5L SOD 514 IR0 43 18 ik 1545 2R T i
EMR M TA R NME R TA SRS X5
TR S5 2 A 23 B2 G B AR (R S8 P
BERE. T Mt T EREFs £ CTFER
g, S55kE 3T WA R R R RRE 21T @l
A, A JE RIRRIESE— 2P AMAT, HE5ME
Kl4pR .

TR TR B4 U B 4T FH T8 S/ 52 o BT 5
YA XGEBR G WHONEEEE T, HREG AR
TR T S X IR AT O E. L, MAT
REHAE CLR 5 T AT 78 (1) 2 R E Al
s MATHEBRPE AN RS G 02 RERHME, 1
LT R RAE &3, $RTF T RRIE S SL— 3 AN
BRI EFEPE. (2) BFs B : MATHE S s H
BRI E ARG W AR ST, (AT Rehg
SRS B MDA 2 3 H AR BAS

MATHEHA A B4 #6570 A1 5
PR3t ABHE— MR R ML A —Mtransformer
RG2S . FG S PORRE B 2 N BE R S 4515 31
FRRSHFAE g(I) o [FIIF, A AR AE 4 A% 33 Bl trans-
formerf#td g, TEIXANTFE F FRATEHFRAE FEE R
BERHIE (Keys ) FIMERFIE (Values), 4 7T 5 3] ik

U bR
OR) e

BL &M

CA <«— BL «— Tcov <« f,,

Tcov &L
P wosmm
® wruxm

(a) Attention-Fusion

.ﬁngh
U
Jiow
ﬁligh
U
<«— Cov
Siow

U bR

Cov 3x3%HFH

U < fuom

P mesmm

(b) Simple-Fusion
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Queries .
- ]
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g N MLP —Sigmoid
i -

H Ao £

Sigmoid — Tl #E15

P 4 FERD R ST e e A AR

ANAE R EWRHAE (Queries), iy H 15 2l n, AN E Y
N q; o 5 I FE A RS R AR AIZ R HR N (8] B
FHRE e 3 v 0o 25 SR B FH — A 38 T R sigmoid PR £
o () RIS B I A T Mask, THE R an=0(7) iR
Mask = {Mask;|[Mask; = o(g(I)q;),i =1,2,--,ng}
(7)

Horp, @ BoR Bk (BN ). X TR
fith Mask; , i bR 0f B (R B HE AR N g 2% B A
AN B2 = FIMLP RMlsigmoid pR HOK A5 2 B bR 70 21
0; € [0,1] -
2.5 SLWIRE

TENIZR B, ASCAE A 734> H bk ek B0 T4
e, 5. ML, PR mibL gk,
73 Linasic s Lranc M Leage 77 o

(1) 452K AR F Dicedit A E yHEfG 45 2%,
T I e M TR RS 5 AR I 22 R I 2R 25 . 1
o= (8) iR
Liask = Dice(M;,g) =1 — % (8)
Horb, || |FRR LT EL, Mg J3 0l 27 TR A
FIEAH

(2)HE P4 R . ASCRIN T HEFP 45 A i B
PURBRE. BARCKYL, ARYEDicefit KA B A
BEAT MR B NRFIG BRG], 1R R GME LR
W H bR 8o RIGHE RSB M ZER, JF
W 22 5 /AN T R o i e {E AR I, A 9 HE 47
Ko AR EE R H bR B S R E R B =
FEPERSEIL,  HEF 401K e 2 AR AL AESODAE 55
AR XSRS 2 7= 7, BEM 3T H An kAT
SRS, THE IR (9) B

n—1 n

Lk = Z Z max/(0, |05i — o0y, |) (9)
i=1 j>1
Hr, oy, RARRG N s FIREARR H AR 4L
(3)ih ik 7 8 314 S 45 % BE g 24 HUAR Y

XTI T, BP AR SN G A A — g i B
HAMMA %, AR IEM B k. A
FHAZ I HIOU M 2 6538 X B CE R 1 ik 46
Ry X EE(E BAE NI W BHE 5 AL SR X 45 71
W45 B (K30 0 FIRERE AN 5 N TARVE — 8ok . 4
ML, X TG0 R B R, Hibg(E B Ha(10)
23

Eﬁj = maX(Pilfj) - min(Pfj) (10)

Horb, PFFRORFIATE A MBI EAE T AGL5) N
O kx kRN RES X I, max(-) Bk x kMG
FHMEKRME, min() URIRE X kMG R+ 15
IME, ACEEREE N3, RE, HETNL A A
fH 10 % 2 18 () BCEH & LA & 9 # Z (B 10U . #x
JG, GEaBCEHESIOUNZESR, BRI MEAN
NGIR . AR HE AN R R RE B (RN
SN EE L /2801 J4) N g g, R TE
(1) (13) o

Legger = 1 — 10U, + BCE, (11)
Leages = 1 — 10U, + BCE, (12)
Ledge = Ledgel + Ledge2 (13)

Hrr, 10U MITOU, 73 3l 7 P A AS 7] JRUBEHRFAE B
TR 2 A HAE 1 2 2 B IOU, [FEE, BCE; #l
BCE, 73 il 2 7~ P AN A [7) RUFERFAE b F500 12 2% Al 5L
HiL% 2 MMBCEf L. SRS, AXHHRAH
NZEA

L= Aleask + )\2Lrank + Ledge (14)
Horp, M AR, FEASCSER R B 1.0,
3 KHERSHMH

3.1 LINgE

NEEJTE I YERE, ASCRIHPytorchif B 5
SIREZE S Bl A 42 59, JREFRERRTX 3090
GPU F# A Tl gk, St A SO RGBEG 49— 48
N Z384x384. WIUH ] R B N6e—6, HLER/D
N4, FEUIZE601 epoch. [FIRT, A5 7K PRI AkE
MU i E g a7 . SRS R ] Adam
g, FABE IR E N0.000 1. A SO H
TELEAN ) A A B 4 b AT SE5, AL HESOD,
DUTS-TE, DUT-OMRONAMIECSSD. iXtt¥#E4E
P T A FESR S X RUTS, BAARFRR &
ARG, BERs A HVE Al B M REFNVZ fh e

AR SR FH 24 VA 8 b i A5 2 8 SR 3t AT A
Horp AL 5 - 35 48 560 (B 1% %2 (Mean Absolute Error,
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MAE)#IMax F-measurefgtr. HAKY, MAEZ
—FE T UP AN O A Y R R TR AR, TR
TR 5 S 2 (A1 1)~ 35 %2 % o F-measure(Fp)
RAG I Z (Precision) M1 [8] % (Recall) 1) I F1-F- 1)
fi, IMMax F-measure( Fg) M5 £ A R B E N
F-measuref] i X1 -
3.2 SCRUNTEE
AT RS 8RR M T ik 34T T
5, @HEEGNet??, PoolNet®! MINet?! AAD-
FNet!'"/, SACNet!*?), ICON?%/ MENet!?"),
VSCodels F1NA SR 55X TR L2 5] i
fMAE Max F-measure() VP F5 A5 T %5 LE 45
R Horh, FRENA O TR BUE N PR, br
TR OTARREME AL R bR . AT LS S|, &
SCHR I T AR A 00 e AR R PP A IS T
CRERERTERE . 7E LB AR RN, AR SCHEE
FEECSSDH# % F R M fE. dsh, ASCHIEAE

SOD##i4E I FIMAEF £ KF-measure /7 [HIA %] T
BAEMRE. ERFEEMNE, AXHEHEZINMAE
HRAR T HAD T 15 . AR SCT7 5 HoAh LR 7321
EMETEN 4 R ESTR. WA ZEA 5 W NRGBE
B NTHRESGR. AiREkgRnimsY
Xif BTV 45 R

FRPEXT VAL 25 R b, ATLAE . HAb gy
AR AR T 3 X I 20 T — L4y 5 4
A ST iEAF 20 23 W5 N AR 45 R 32
T o RERE XS T B PR I 0, (1) RS 4 g
ML ~31T), (2)Z2 1 HA(WEHT), 3)EE
LRI AR (LB 24T ), ARSI IEISR AT BA1S
Pl HA R E AN EEERE, R TSk
o FE—Doa el KM, H1ik KB4k EIFRGB
S RPEATE S, MENetMISACNet% 7 E7E
X% EEAT AT R B 22, T & SR rp B T 3R
BEX, RPEPITIMEIAL. HILZ T, &

1 BESS5ITFN A EEANBIBE LMax F-measure, MAENE R E 2N LR

i) I () SOD ECSSD DUTS-TE DUT-OMRON
MAE| ey MAE| ey MAE| oy MAEL  pgox y
EGNet(2019) 30.5 0.0969  0.8778 0.0374  0.9474 0.0386  0.8880 0.0528  0.8155
PoolNet(2019) 32.0 0.1000  0.8690 0.0390  0.9440 0.0400  0.8860 0.0560  0.8300
MINet (2020) 86.1 0.0920  0.8680 0.0342  0.9475 0.0373  0.8833 0.0559  0.8098
AADFNet(2020) 15.0 0.0903  0.8677 0.0280  0.9543 0.0314  0.8993 0.0488  0.8143
SACNet(2021) 11.2 0.0934  0.8804 0.0309  0.9512 0.0339  0.8944 0.0523  0.8287
ICON(2022) 58.5 0.0841  0.8790 0.0318  0.9503 0.0370  0.8917 0.0569  0.8254
MENet(2023) 45.0 0.0874  0.8780 0.0307  0.9549 0.0281  0.9123 0.0380  0.8337
VSCode(2024) 39.8 0.0602  0.8817 0.0245  0.9560 0.0262  0.9150 0.0473  0.8315
46.0 0.0567  0.8872 0.0230  0.9508 0.0243  0.8966 0.0352  0.8290

. _H-
><{.

* kel kel kel
F
Ll

il
kAt

) RGB (b) GT c) A (d) VSCode (e) MENet

!

(f) ICON

hrrt

s
T
[T

g) SACNet (h) AADNet (i) MINet (j) PoolNet (k) EGNet

K 5 A7k Hh U7 R E PR 4R
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IS AT %

TR CTFERHCR FH 2L T B A i = 1k 3k
R IE 2 ) B R SCORER, R T N TSR 4
JfE B o EE X B 25k B i S BRORT S5 Rl £ 5
4%, MENet, ICON, AADNet 1 MINet %5753
AEAE AL RS SR Bl 1) 5, T RO AN ER AR, T AR
ST VEE R HIOUFBCEF &l 445 2, 1R IFHh
st 7 aX ) R

T WAEA SR I CTFERL S AMM A TR B
75 5225 H ARA AT 45 A 08 25, 3@ R i AL
AR T HRHRE, WmEeTR. H, E6(a)
NEINIIE GG B R, E6(b) A% B % 1 1t T B4
K16 (c)— K16 (e) 23 51l A =5 T 9 2 it IR AIE I T 404L
i 3 CTFERHS MRFE n] Mk 25 R Fn 28 3k
MATHEH G R AE AT Ak 45 3 . K6 (d) 7] LA
H, BROEEEEE S TYRXE, FOH B
% 5 (] TE AR LLRE . X B C TFERS B
25 M SCVE H bR XA B - A0 2 .
W FE6(e) R IR T B bR B BE R
EEHRSBERZMARIREER. XEKRE
MATHEERGEGS A FOh A B b 10 4 R4 1E, # B
R B A T Hh A 2 5 H AR ARIE B R, A
AU 1R 2R 1 2 3
3.3 JHRLSLIE

N T AR B ST AR R AR A e,
BT Mo AR 45 ) J AR AL SRS AR T 2 W B AT T

(a) MANRIELG & T

THERSLLS, BICTFEBHFIMATAEEL, CannyiliZk
WK AFHIOU, BCERIAZ A ik, XLk
THALSL IS ESODEIE 4 it T, A SHEERE
SELG A AR R PR SR AR EEAT VAL o Y Rk SR Ee g S
BB SEEELR PR EMR. ek R
Fop i a~effin. WLLEH, IMCTFER
MATHES G, PRI TR LT, 2T
SR T UL TR A . BRIk A, 4
KHAFHIOU, BCEM IR TTIER, TFT 48R
T Canny 402k, FrLAA SCR A HT# 1 R3AT
1) e B SRR 2 —

IR R Nk 0 e 8 N & i
T VA Rk S F 3K P PR RRAE Bl TV IEAT T R BV
i, gERuR2P SLI R g R . AT LA %2 5,
MR A 77 1:Simple-Fusionftf, MAE#&#48 T [
70.008, i KF-measureff M0 70.011. K
AWEFKH T 7512 Simple-Fusion .

UEAk, ARSCIEHEFT T A [R5 5% bR H0 T B B A
MRCR M . ARIERIF LR T UG H,
2% 1 G B ORI (B A fE B B 1:1:1811:0.5:0.5H7),,
PPN TR bR R I . XK, FEAD 41 e B A M e
BABZEIEMmEZ, A BT B8 5 a7 32 5 A
IRARGER . FHI, S0 2k Bd G i 2k 1 b =
BORE, MAEEIEMN, ﬁﬁ%ﬁoﬁ%%,i%
e Ko I HH R 4 R

TLGAR R ANHE P45 % 7] AT B 32

ﬁlf?ﬁ&’]itﬁﬁﬁ
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Saliency Object Detection Utilizing Adaptive Convolutional
Attention and Mask Structure

ZHU Lei YUAN Jinyao WANG Wenwu CAI Xiaoman

(School of Information Science and Engineering, Wuhan University of Science and Technology,

Wuhan 430000, China)
Abstract:

Objective  Salient Object Detection (SOD) aims to replicate the human visual system’s attentional processes
by identifying visually prominent objects within a scene. Recent advancements in Convolutional Neural
Networks (CNNs) and Transformer-based models have improved performance; however, several limitations
remain: (1) Most existing models depend on pixel-wise dense predictions, diverging from the human visual
system’s focus on region-level analysis, which can result in inconsistent saliency distribution within semantic
regions. (2) The common application of Transformers to capture global dependencies may not be ideal for SOD,
as the task prioritizes center-surround contrasts in local areas rather than global long-range correlations. This
study proposes an innovative SOD model that integrates CNN-style adaptive attention and mask-aware
mechanisms to enhance contextual feature representation and overall performance.

Methods  The proposed model architecture comprises a feature extraction backbone, contextual enhancement
modules, and a mask-aware decoding structure. A CNN backbone, specifically Res2Net, is employed for
extracting multi-scale features from input images. These features are processed hierarchically to preserve both
spatial detail and semantic richness. Additionally, this framework utilizes a top-down pathway with feature
pyramids to enhance multi-scale representations. High-level features are further refined through specialized
modules to improve saliency prediction. Central to this architecture is the ConvoluTional attention-based
contextual Feature Enhancement (CTFE) module. By using adaptive convolutional attention, this module
effectively captures meaningful contextual associations without relying on global dependencies, as seen in
Transformer-based methods. The CTFE focuses on modeling center-surround contrasts within relevant regions,
avoiding unnecessary computational overhead. Features refined by the CTFE module are integrated with lower-
level features through the Feature Fusion Module (FFM). Two fusion strategiesAttention-Fusion and Simple-
Fusion—were evaluated to identify the most effective method for merging hierarchical features. The decoding
process is managed by the Mask-Aware Transformer (MAT) module, which predicts salient regions by
restricting attention to mask-defined areas. This strategy ensures that the decoding process prioritizes regions
relevant to saliency, enhancing semantic consistency while reducing noise from irrelevant background
information. The MAT module’s ability to generate both masks and object confidence scores makes it
particularly suited for complex scenes. Multiple loss functions guide the training process: Mask loss, computed
using Dice loss, ensures that predicted masks closely align with ground truth. Ranking loss prioritizes the
significance of salient regions, while edge loss sharpens boundaries to clearly distinguish salient objects from
their background. These objectives are optimized jointly using the Adam optimizer with a dynamically adjusted
learning rate.

Results and Discussions  Experiments were conducted using the PyTorch framework on an RTX 3090 GPU,
with training configurations optimized for SOD datasets. The input resolution was set to 384 x384 pixels, and
data augmentation techniques, such as horizontal flipping and random cropping, were applied. The learning
rate was initialized at 6e-6 and adjusted dynamically, with the Adam optimizer employed to minimize the
combined loss functions. Experimental evaluations were performed on four widely used datasets: SOD, DUTS-
TE, DUT-OMRON, and ECSSD.

The proposed model demonstrated exceptional performance across all datasets, showing significant
improvements in Mean Absolute Error (MAE) and maximum F-measure metrics. For instance, on the DUTS-
TE dataset, the model achieved an MAE of 0.023 and a maximum F-measure of 0.9508, exceeding competing
methods such as MENet and VSCode.
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Visual comparisons indicate that the proposed method generates saliency maps that closely align with the
ground truth, effectively addressing challenging scenarios including fine structures, multiple objects, and
complex backgrounds. In contrast, other methods often incorporate irrelevant regions or fail to accurately
capture object details.

Ablation experiments validated the effectiveness of crucial components. For example, the incorporation of the
CTFE module resulted in a reduction of MAE from 0.109 to 0.102. Additionally, the Simple-Fusion strategy
outperformed the Attention-Fusion approach, yielding a lower MAE and a higher maximum F-measure score.
The integration of IOU and BCE-based edge loss further enhanced boundary sharpness, demonstrating superior
performance compared to Canny-based edge loss.

Heatmaps illustrate the contributions of the CTFE and MAT modules in emphasizing salient regions while
preserving semantic consistency. The CTFE effectively accentuates center-surround contrasts, while the MAT
captures global object-level semantics. These visualizations highlight the model’s ability to focus on critical
areas while minimizing background noise.

Conclusions  This study presents a novel SOD framework that integrates CNN-style adaptive attention with
mask-aware decoding mechanisms. The proposed model addresses the limitations of existing approaches by
enhancing semantic consistency and contextual representation while avoiding excessive dependence on global
variables. Comprehensive evaluations demonstrate its robustness, generalization capability, and significant
performance enhancements across multiple benchmarks. Future research will investigate further optimization of
the architecture and its application to multimodal SOD tasks, including RGB-D and RGB-T saliency detection.
Key words: Saliency Object Detection (SOD); Convolutional Neural Network (CNN)-style adaptive attention;

Mask attention; Feature fusion
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