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Abstract: To address the common issues of overlooked hierarchical differences and insufficient boundary restoration ac-
curacy in cross modal salient object detection, a network based on hierarchical fusion and reasoning consistency (HFCR-
Net) is proposed. The network employs a Swin Transformer dual branch encoder to extract multi-scale features. Subse-
quently, a Dual Gated Fusion module (DGF) is designed to achieve adaptive weighted fusion of deep features through pixel-
level spatial gating and channel alignment mechanisms. At the middle and low levels, a Cross Modal Refinement module
(CMR) refines edges and textures through interactive guidance and a learnable attention regulation mechanism. In addition,
a reasoning-consistent inference strategy is introduced to improve model stability. Experimental results demonstrate that
HFCR-Net achieves F;, Sa, Ee and MAE of 0.942, 0.977, 0.985 and 0.010 on VT821, and attains F, of 0.927 and 0.856
on the more challenging VT1000 and VT5000, respectively, further validating its effectiveness and robustness in diverse
complex scenarios.
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PRS0 DR SRR AE . Y R — RIS (E B R Ak i
ANAEERT, BRI AE A% IS N AR B — RS A
RAE B AT AN, U S B RR S R A
£

241



4 S s R e i

33 HmZL
3.3.1  BLHA RPETH

H TR GEVEAR BT B B A Rk, A S
17T TIH@SE G b o Horp ) 34 {8 ] Swin Trans-
former V5 by g i 5 1 JE Atk O 284, 3 3 3% 25 B8 Bk
A [ A e 1) Jr 30 ik H BTk

THR I 45 RANGR 2 s, 4% 01 1 7 50 3%
LY (10 Rl B S B X AR B s I 5 T E AT X
Foo MR T o8 B A, MR DGF G, F {H
M 0.851 FREZ 0.839, MAE M 0.053 FT+Z 0.055,
F W DGF ki A 2Rk & & 218 XE B . B
CMRAEH G, EefghrM 0.913 TR 0.906, A
HR AR T AR 3 iR 5 R RO 3 A Y O T R
IR F-measure i KT L, (SR Loee B ), M4
5 4T 55 B 1 Sa M 0.899 T RE 2 0.894, BERiLfLS
HEFRSR WS I, R ARPEREHE— DR Ak, 503k X AR
RURS e M 57 Ak Be ) AR 2 AE o

Thermal QOURS

5
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K2 AT E B

W/ODGF | 0.839 0.894 0.904 0.055
W/OCMR | 0.842 0.896 0.906 0.054
W/O £, 0.838 0.894 0.902 0.055
val/o(; :)t‘;ll‘t‘:g‘y 0.833 0.89 0.898 0.056
23S 0.851 0.899 0.913 0.053

jir < 1 23 BT

W/

SR LB A 5 A2 O BT R XA 7R 31 0 255 2R 7 BTk
XoF VS Rl S 235 R EAT PTARAR XS LG, S5 R AR S BT

MWESF LA 1, Y8 R AT 4% fl & B
(W/O DGF) B, & 2 XEE W A &SN 5
AE 708055 , 5 BCH bR KRR BN, U A R
WHERESHOXE IR, BRERER
HAH (W/O CMR) W HI 55 17 4875 %2 g 77,
ARG SMUENTHRMERE. B
measure R T L. (W/O L), T &5 5F A9 254




%2 8

MWL RTOEMA SR -8R RGB— T W3 B Ay ik

REEV R TR, 5ELHRIER - EL
2. BB S KR (W/O optimization
strategy) Bf, BER7E R 0 3 50 o B B S X3k
0 BB Y Ry SR AN, TS I A AR B R R
B Emg, Fe, g RpAE e
b DXCBRER BR A5 AR R S S R — Bk
A o 3 28 n] WAk X b 78 40 9iF BH T AR SC T 412 4% 4
HUAE B8 TR 6 PR 5 R I B T b B
3.3.2 WeslEE E Moy BT

hy 5 UE AL A 5 A 2R SR W 6 I 2 0 SA RS E M Y
fEHEAE R, ARSCHE— X T 51 A% 5 010 )5 1Y
B4 W EERUR R L St 26 .

WE 6, Mgk ANEELER, kB h5l
A HEH 5 R0 5w e A A B T A i 4 2 B A I
Yk epoch BT REAL, AR 2 I IEH I SUEH, |
SIAMRAL S PR WS JG , L£oow 76 BT T R T Sk 31
R R U B R N IR S Bt 4 Ty
T MR, 2R A AR W S B AT AR AR
R A SR R AR, SR B AR E M

1.0
HhZEA: ELE
- - 2B SIAHERR SR Ak ews
~ 0.81
S
£
—
0.6
0.4
0 10 20 30 40 50

Epoch
[ 6 B4 WEMIK REL L. BEVN G5 AR it ZxT LY

RS R UL, P Ak S SR e AR 08 2% i Il
Gt b ay B g, BRI Ak ik AR A AR e Tk,
T Ay J 2 M e i T i A1 T T 5 A e SRl
34 ERXESW

J T PR B S PR SRR, AR
&8 (Params) . 372550 (FLOPs) FIGF»
Mg (FPS) #EAT 7RI T, SRINE 3R,

#3 BAVERE SRR SN

B | i | rronve | WS
MGAI 1.86 13.4 46.8
SwinNet 1.92 13.6 47
CAFCNet 1.86 13.1 46.2
HFCR—Net 1.61 12.9 47.8

ESH I S5IE S 2 i, HFCR-Net {4/
1.6IM Z ¥ M1 12.9G FLOPs, 5& % & ¥ 1.8 M
ZE 4 1 SwinNet, MGAI & CAFCNet 25 )7 /1 1L,

TR IF Y W E R . R Uy, 47.8 FPS
FAE A TTA 4T A5 (0 B YRR 1) 7 25 B,
FH T B2 WL AR R (1) S Tk 52 s $f P A

4 £ it

ASCEE X RGB-T 25 F Ap A6 I v 25 458 285 il 5

M JE 22 5 5 0 RS R, B T — b o3 = Rl

HHEFE—BEMYS (HFCR-Net) ., i# i3 #3158

RS H (DGF) S5EREMAKSR (CMR),

L TRZEEXSRZERT 2RSS o,

SHEUTEABARRE . TTA Y Platt & #E 5 i 3

— HPE S B PR T TR BB E L A5

—HE S BBz ALRE . e A RS AR B

LELR R, RIT AR BRIT R R AR

[, X8 TR ERE . B, ATk

1A% i 6 A B2 2 1 SR 2 3 E bs A I R AT A e

ez i), R AR AR R X IR R I 5t
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