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TE: AKARBTRETEEFNE AL GGG EGERSRA., BRERERKT L EFHx, #E—F CNN-
Transformer iz i & 4 75 25 -fif 75 35 42 &) (dual-stream hybrid network, DSHNet). & A dE st AR o & 24, Aakd
CNN % R B B3 IR R4 /) 5 Transformer & B EE K H. AL, KA % B RAFIERIE %R 9 5 A CNN F=
Transformer #2342 B4F4E, @i A B- B3R AE B A2, KR RERR 4 XL AFIER B S 2 w6 sk d. LK,

RotiE b s I A ARG SR AR S, S MR T el RSB, B S LA IERERS.

Loss K&K H R B HFAf RN ERE &,

& /&, * A Focal Loss+Dice

R F A FARMG P AL /£ B B 4 B AR4cd8 5k LISOD RARE R L

TR B E, DSHNet & 7 £ %4422 ABiUNet 54 = 41K 23%, & LISOD #(4%% £ F-measure. S-measure #=%=
# F-measure % #1iA 2] 91.2%. 83.7% #= 87.2%, *TH # 2 A TAKK B 1% B FH HANIE 5.
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{63750 T /Y 25 HARAS I (salient object detection,
SOD) 7£ H sl 2 3¢ | 2P Wit . & Rl S5 i rh A
Pz A BT SRS 2 E AR RS
BOCEBAI BT RAESE L, RREZR G /TR A S
e R (E B, BURZS (RGB-D 5 RGB-T) SOD
BEAY R G AU B IR (S D, TR b s
PEREA TG, (R AR RBCSEIR A SRR . i
PERRAT Y, I, a5 B B MR T 5 2
Az HE

TEAROG IR 4 T SC B SOD miAg BEEA I, ANANFR 22

RS X Pl G ZARES I AHE R, R 2Rt
WA Y INh 2 SCIBe T o STk [7] 2 th 1 — Ao A
W& (source-free domain adaptation, SFDA) /71, ¥ 1F
IR MG Y 2R BRI HER 2 A IR AR 1
BEPRE . STER [8] #2111 —Fh A 38 I A 5t R AL/
R A3 85 -2 2] <Rl R, SO0 i AR AR Y 4
REJTRIXT TS Se 409 (5 B IR B RE ), el R T 5 s
RUEE 25 5 K S 3y (R R, SCHR [9] 8 F & BRI %
MAEE, FIHER MR RG34 T A8 0 o Btk
A, PRTHEMRAETIE S . SCHR [10] AT IR A 3 03
5 25 5 AR gt B ARR DN I 28 AR G, B B A i
AP RIS o SCHR [11] FIHIRRAESR 22 B (feature
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residual block, FRB) FIRFAIE 4x 7 35 25 4 $2 BUE SURRAIE
(] EE AR FHEC G e 270 R 25 ) 1) 19 3 T AL ) S 30 48 M e
UG ARAE G5 S Rl o SOk [12] 4 F SR AR A AN
FE PEASTHOR R AL RS SRR [ 2 R B RHIE R AR, iE
I 30 G A AR TR S — 25 A B 30 R R R e K
Mg TEE, BEZ R 2% (Convolutional neural network,
CNN) [& A 1 Jmy 2% 52 B A L A 44 BBOJ) 3 & Bl R A
SHOCTEMER X 515 X R PR S BE . Transformer 754>
SRR BT H S, AR T RS B AR
FEHE AL STHR [13] FEE T — )2 [ 3 W A B
18 % 5| 5/ Transformer M2 2%, 0 IR R K15
ST, IR BN JRFRRHIERRIA T, s YR
AR T S [AVRRE A G . SR [14] 38 5 [ S N RRIE
Fil 5 9B Transformer 3 38 A 7R X0 240 5 Y4 RE 1 . SC
fik [15] $2 1 LFSepNet, £ Transformer f) [ 3 5 S HL
AT 2 R s, AR A ORGSR EE . X
fik [16] #f Transformer 1 DenseNet #H%% & 2H WX 4357 ()
2, PR BRI AN B bR RN RE T o SCER [17]
¥4 Transformers il F CNN 244 hr, SRAAU A A 58
FRIE, ARLZEf# CNN OGS T 552 R e s T4
R, SCHR (18] 2 Hh T — X4 3 2 ROEE il 1
Encoder-Decoder MIZ8%58, FII 2 R RS A SE 8l 2
HFRiE S, e BPRIERS IS S in) 8, SCik [19] H
TR CNN-Transformer ZEFE M RFIEHEHUR s 4 ,
FEA AT P e AR A A 4 SR O O R T
THAEE, (AR R AR Rl 28R Y R)

G, B bRl B s RIS L B AR A 45
Wi, 8 CNN By Jmy 0 % A2 B9 X AR P2 3 55 i 2% 15 8.
M 42 Ja) 2458 Transformer 1] SR M X — BRGS0k a0 %
% T I 2 B AR G ARG 2 i ) G AR f CNIN A
Transformer £ 8 {1 X3 SCRAAEHEATRLG TS, A AERR
ZInE, e s Efae 1 St AR E m, ERe
Ja e B R AR AT R XE AR, 22 ROBEFRRIE LG S
Mg A E HE S . B, A SCRIH Transformer 42 Jm) &
Bifig J1A CNN RoR 222 e )1, it H FIOGEG R
W RGHAEXT PR Rt - s 2 1 e s fh a4 . HLAR i
wr

1) 58 K ] Transformer 1 4 & 1 W 4 3E 17 4 Jm 18
XCETNSE BB, [ R R R CNN AE R R
lids, AR R AR Al SR W S SRR AR A 4
JE B, MUUOBEME N BB . SRS
R

2) B R RIDES, KA Swin Transformer 1% 2/ &
i, BRREE RN ERiY, FFPERF Transformer
FRAE B8N 23 6] e 46 e 2 R H e A AR i A8 48 R 2 [B] 45
W, DARERASER A S8 F R A 2 B

3) W THEE 5 A R s, I [ A
EINEL, TGRS B BRI, I 5t 1
SO SRR R e, DA ORI M R ik

4) TEfRIS BB, SRR B2k ixit, FIHZR
JERRE A TR SR BORIAR A, i 2 Al S R
K, SRIOCER T MG &, LIRS REE R 40y
AT X — Bt

2 CNN-Transformer ;E & 1581221k
485 1t

TERIA CNN il Transformer H#1IE J7 i, BUA W5 E
R g i dn - 45 284, 51 CNN 4 fidh Bg A2 1E
Transformer i #g A2 1AM 58, 7] LAZZfi# Transformer 3
JEORTE AR R FIE R B FE , h i E HEARIIAT 55-4 R 1R
AN, HEXFITEIEAE TR MO R
BB R 24 Bin B A R A mE et Biga)m
5 RS AR TR XE AR, 22 R REIE RS SR
MR A E S, )R ERiEE ) S EACE A B AT
TR [R]

X HEAE X FR WG U-net 45 %Y (ABiU-Net) M 45 45
PP, A S RO R A 45 DSHNet A5 890030 4F %k
It ah - A iR AL 2 . 5 A G - i 4 2R A
XF L, 1 R AN (] G B 25 -l A 2 Ay o Hor 1(a)
A Hyper column 4244, HoH i 22 RO R AR DF 42
SRANYY, (HIFRITACKRRY; & 1(b) N U-shape 284y, Hil
BRI R R A (M5, B )R EERE 5™ 15 1(o)
Ry TR BE W B 2 MR A I 4% (deeply supervised salient
object detection Network, DSS) 224%™, HAE R #F4H1E
MR FRIEN, (IR EACRE S 2R BT
SCHRE B XE LS PERE S 92 5 1] 1(d) i ABiU-Net
WGHFFIE Al dris 25 - 25 U-Net 2048, HARABEEMG
B R e B/ i B gt , bR R BRI AN
R & 1(e) AR 19 DSHNet XU AR X FR G5 &5 -
R AR, 5 ABIU-NetfH tb, RH R E/LW
Transformer Zit5 444, (AR 43 SCRFAE 36 B H0E T 0L ) il
G, T ABIU-Net Zb3H 22 )RS EUR IS AS 537 1 [R]
18 N A R R S
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: e Ds [ ]:Feature map '
. HE ) S 5 1 i 1
1 1 1 <—: Downsampling 1
DS -
| % HD 1 . . 1
,,,,, . X we Ll Ja 1 <——>:Sampling up 1
2 1 . ' 1
i Jis 1 o . : Predicted module '
"""" > ! T CSTAEM . : DS :Supervised :
1 1 £ f M 1
: fie : Mixed feature map
———————— > | HE S )—-{ 2 CSAEM 1 1
: fi = ] 1 ff :Encoder output 1
HD 1 1
O 1 Gis ESRA [T Y2V e — > 1 f°  :Decoder output 1
. £t 1 1
: 2 — e v " Hybri
,,,,,,,,,, " : e 70 oAt : e Hvbrfd encoder output '
- . —_— @ ff®  :Hybrid decoder output
Encoder Decode ! Encoder Decoder B e e e e e e e e = =

B 1 R % %-iEa % 42 M=% K. (a) Hypercolumn; (b) U-Shape; (c) DSS; (d) Encoder; (e) Ours

Fig. 1 Illustration of various encoder-decoder architectures. (a) Hypercolumn; (b) U-Shape; (c) DSS; (d) Encoder; (e) Ours

3 {RJtE& SOD #MEBURE & ML%
DSHNet

FEOGEMG B MR AT 55, i PRER AL, fi
EURAFFIE bR SCAHOCHEARMER B, &) RS 5t
AR B, ARSCHEZHE T M4 Transformer A
AR R SRR, IFR S
Sk B ARG MG B AR ER (R R B AR5 1 1A
T, il OGN R R BURW 42 Jr vk U R, SR
CNN ZF 2R BB, SRR MG 0 Jm AR ARAAE
R Z BB BN HDE R )5 DR A S TP, 3R
J2A5 R 2 RUBE IS B DU R T4 4R At A B SOMURRE . 7
CNN-Transformer {i A5 B8 W73 S RFIE SR HESE R, 4
U IR & 4% DSHNet, FEZHIRA dntthas . FR1EyE
SRABIHL . AL ES PR SN Sk PUR 43 4H AL, DSHNet
M AnE 2 e, Hde wo H. C 53 il 3R RHE
BIRFERE . SR DA SR IE S . A 22 ROBEARRAE fil 75 2o
B EERR R, 4R JmERRHERLS K (global-
local fusion module, GLFM)"™ 22U R] 43 32 A HEAE M

A A AERE . R RS s, SRR
FRAE Rl G o TR I R 2804 ) 4 0 3 0 BB (efficient
spatial reduction attention, ESRA)™ #f & 2% I H T

Transformer F#1iE, 18 i FRAEAS #5525 (] AR RS2 T T
AR, TEMRRS B B, 3 3E 5 S [H] VR ) B R
(channel spatial attention enhancement module, CSAEM) 5%
RS DRSS, AL SRS B4 Ry R iE ARy SRR Rl
Ak A ZE AU S (predictor module, PM), F- I FH T
3 M SR A T S RN

3.1 MERAMmIDIRLEEN

FIFH CNN F1 Transformer AHZ5 A 1777k, BB
Gitiha o TESMADITBE, T M I IU g 4 v B Aot e fhe i
(pyramid vision transformer, PVT)" {45 fE SRS,
W2 AERNERRAREERR . HiK, 5IA 6%
ik ONN it Bt 110 R et ddt d , AR
JERT 7y B ARG 25 T R UM AR R R SR IR T, i 5l
AT AR R SR AR, ol R IR R DX R 7 A R
EAHE R A SCE . foede, TR AS A B PO RHIE U
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U-Shaped network architecture decoder

RN

! v 1 4 (512,:_2,%] C> Conv7x7, RelU
CNN Transformer o =
stage 6 GLFM stage 4 %32 E> Conv 3x3, ReLU
~ N
H h PM  Predicted module

—>» Supervised

B 2 DSHNet M % 2544
Fig. 2 Structure of DSHNet network

b ST A @A L], S AT, K R R
Transformer $3/F 5 CNN 4R34 7 X ANS, 1K 3 4
Jay- SRR Bl A A

) SN
Conv 1x1 . obal-toca
(%)

Sigmiod

S-S
I ransformer
Mfeatures

. N
. ocal-globa
_ features

B 3 & m-B3R AR sk b 54

Fig. 3 Global-local feature fusion module

FETRALES , XRUSr SREAE, £ H T 1x1 B
Sigmoid H—1k, A WUFRMEILAFAE, SRS, Transformer
FRIEZ B AUE AT (query, @), HF CNN HHAE[RI/E
HE (key, K) FIM{H (value, V), RG1EASREZEE 0K, &
WREIRGE, XF VIS, SR E BT
BERRFAE A IR 6 o ERIAY, B CNNAFIEVE A8l ,
Transformer 28864 U RFIEAE M SEANME,  SCRERIE
BRI RFEREMZR. f&a, R LR pgmss o
Ja, dlat 1x1 B BEEARHE, R4 alS )R- R

R HIETRRAE
3.1 FEEERHTER SRR ESRA

TR S AR M S 5 R R RETS 3, WG
DRI RS DA S SIRVE SR IR, FEIOCAET,
TR A S R PG AT R BRI, 580
O PEREFE ML B R TUAR S LR B, W2k
Y iE B 4E P P2 CNN 5 Transformer B9%0 H4F0E, &K
FRIE I 22 52 5 | SRR S [ 5500 518 UOTar . Al ik
(a5, FH ESRA #LHAE B4 Transformer F#1E L 4T
REAE AR RS (M 4, <] 4 S A ESRA J5 1) PVT %
KN A BB stage i 4514 BSRA 38 i fff FH 46 AU 45
%3 H 1E = ) (multi-head self-attention, MHSA) H [ 4t
FUE, TR S H R IR R A4, Gt il
A, ESRA 5 HIEE X AIAE T, ESRA N T
B H 4512 5 F DropKey #4F .

iy NFFIE B X € ROV 200 B FRERAE, 7 MHSA
rh BRI R 4 B/ N 4R, DT> 2400, SC
Bkt . DropKey HLiIXHER I ACEHE I TRENLE 5,
ML B 7 4 A, ik ik B OQUE R B IX . i)
Query (REFIIG R, RIQ=XW,, Hfiw,eR™, 4
REQHMIBELERE . SFEMBOERAERAE, K=X'Wy, V=
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| Transformer |

Patch embed |

Reshape

& > & > £ .
: S| 2 @

Patch embedding

Linear

Norm

B 4 AN ESRA & PVT M4 a9 &M B 44
Fig. 4 The stage i structure of the PVT network by incorporating ESRA

XWy, 5 X &g —KER)G, BERHEERRERR N
X' e RPNC, Hrp BRI KN, CAERFHIE K Y i
BE, N =N/s, sHRERMER T IMREEEIE, 4
i MRS K A it T AR, O R AT ROR O

) OK" )
Attention(Q,K,V) = So tmax(— Vv, 1
[ f Vi (D
Output = Attention(Q,K, V)W . 2)

3.1.2 EEA T BT AR M
BB TAEESYITH], AR I R A
EUR TP A PR TE — o R IR R ) Jm % 22
, SR DX A 15 5 0 I SR A RO R O IR
SAAARRSY, A E IS T RES | A SRR A
[FARHL o IR, [RIRT4ERRPERE AT R E g 2
8] (4 P-4, 2% Swin Transformer””, R & & 4h T ik
A (overlapping patch embedding) FRB& X} UL T 7514k,
it 50% HEFIATER D053, FIFHZ AL E i PR
GRUSTE, W K/ N B SRy, E5R R RIE %
SR, kG A AR A I DXRRIE AR REARON . &l 5
N, TETTSE £ v B 27—~ A e 12 2 RS PR ) S
IEFER/N N 1 89 333 BIEAER DwConv, NEEAT
ABHUREE . RS2 RIS 2R e, Sk
b5 a0 =Y R (T = W2 N S (11 =L = R
VISRV RE- 52 A B2 LA P18

3.2 MiLfRrLERLEN

K 2 2 B 5 s I SRR, BT UG R A
Bk, Horp Transformer #6525 70 32 R 4 /vl OGHER

Overlapping patch

H -
v -
7 o
y < -
. -
A ”
7 . 7
k H
AL Ll L o
P o -‘}
L
’ L 4 "
-
4 -
& -
s s -
-

...,

EC— —» GELU —»{ FC

B 5 & &ANT Ao 5 AUE H N AT B M 25
Fig. 5 Feedforward network embedded by overlapping patch
and DwConv

FROE M 2 AR A 3 5 B, CNN bt £ ) 4 T
15 4 A6 52 I I BRSO 5 Ry G B BE o DAL JE i 43 S
(Decoderl) DA Transformer A% ErE R 5158143k A4~ B
B, IR 4 T (feature pyramid network, FPN) I
KRB E 2 HE% . BB BOE I Okt TR+
BEER R B TE R IR G ) BRI A M A0TT, e
A URLRL BE S 25 A Ay v ) B o DR E iR B 43 S
(Decoder2) Lk CNN ZwfibFEE R A, R 6 2k
fERG AR, FlG Y ET2 AR IE S Decoderl Xt B Bt
(1) ()RR SE I 22 RUBEAFIE SR 5

SIAGREE W R mG , TEMSERIY 6 INRRIE B B
WEWIL (PM), 41l 6 FzRh PM i3 AR,
PR R W — R 1x1, 3x3 F 1x1 B BUZ AL,
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FEGIA Sigmoid G PRELLIIGSRAFIER R . ARSI WST
ZM (R AETRRHE) AP S, 55 H 2 miE
5 25 a) 3 & 7 44 58 A5 R (channel and spatial attention
enhanced module, CSAEM) %ij i F fE s AL A4 AE -, LA
IS B MAH S 20 B8 B2 B 1) A4, SmAL IS DX H FR i 5t
2y,

CxHxW C/2xHxW

Conv |—>| Conv

IxXHxXW

IxH<W'

[ ]

H 6 238 ARMMARR

Fig. 6 Salient target prediction module

3.2.1 EES5EEER SHEESE CSAEM

EG BRI MBI A S GRS, Z A
[ERBE . JARFTT IR e R, 25 5 B A B 5 1 Jar s
FE, FEFEIER AL, RO RIG 0 5 R
TR GG RGB 25 [Mlrh, R AR RIARE T, &%

7T CSAEM MU SC B AT 3G 58, 5] 7 S 353 31 i
B 38 3 sh A ALl A 38 1575 8] 1 & 77 (channel-
spatial attention, CSA) I3 i H A5 7E (squeeze-and-excitation,
SE)™, I JH SE 3 uk = S ARAE @ E , SRS 454 CSA
SEERNT I S 2R 0 i U, AR AR o T 1x1 B
JE2 2], R 3 T A S A R
W ASFIEE N X € ROV | JRA (B,CH, W),
B RRSRIFE, oIk
F=0(P+X+Db), 3)
L PAI b B R BB EARE ; «RREH
PfE; o ()RR ReLU G pREL. i ARHE I [R]B i 42
WIS IFBESr52, Hor CSA 43 32456724 i Ak A e Kt
FORRIE A 738 18 5 2 R Ry oA, R e 0 s
I JCEIEIHE , it Sigmoid PR F) 42 6] i B ALE
M.=0c(MLP(GAP(F))+ MLP(GMP(F))), 4)
M, = o (C(Cat[Avg(F.),Max(F.)])) , )
Fo.=M,®M.®F) , (6)
A . o Sigmoid FREL; @F/RIEEIEZ LRI ;

| Output features CxHxW ﬁ

AvgPool
MaxPool

Input features CxHxW ﬁ

B 7 5 3G iRAE

Fig. 7 Double-branched enhanced module
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Mow M2 5 2 A SE 430
SR HEIT RS . 5 26— A0 1 BUS R4 MLP,
ST AT 58 B EbRsE , M B Rl
M, =0(W,-6(W,-GAP(F))) , @)
F.=M.®F, @®)
S W, eR7CW, € RO RPN R R HAGE, -
I E4E R 68 MLP )2 ReLU I0F si%l; AUE
ik ML B A R T B, SE REHE o i r
PR TR T 5 A PO AR, CSA Jila
LA WS 0 38 AR i P 2 P43, 5
Bt 1075 TR PRI 0 20 e 25 7 DB,
5 SE H I T AN, SEBUR 45 G SR
LEZST
Fy=a Fe+(1-)-F,, 9
St aft A A F A 2 A ) o B
25 IRLHRALATE R LB DS SR A G I 37 . 76 G % LLHE 4%
R 5 E AR AIAE Sy . I b A
BIMAPEE | HIR R, BTSRRI B
PO

3.3 BREMKEH

T S iR 55 SO EAT A, ([
PRIERY) — 3 2858 SURHD R R IR ORE AR B S0l £
Fof E ST, ASE AR TN g 1) 5 DR, i IO B
A, f# ] Focal Loss 1 Dice Loss Bc&i 2 A%, Focal
Loss 18 it A THESIHEAR (Wih%k . 550 LE X H0) >k
SR AR TR X S B X 8 ) G, Dice Loss W3E AL T 2%
REHIFREMESE, $RTHE R D 2 XIS 4544 785
Mo THRBRGHUR R B Lioss « Lr+ Liu« Lo 77310

LF:(yn'ln(xn)+(l_yn)'1n(1_xn)) 5 (10)
1 N
Ln=—ﬁ;;KL1w%LA, (11)
2X | Pred N L
Ly = 1- X | Pred N Label | ’ (12)
| Pred U Label |
Lloss :Q'LFL"'(I_G")'LDice 5 (13)

Kb y, FEIUE, y,=1{0.1}; x,RRFMER, x, =
{0,1};  p AR FLACZN SO sy AT
Pred>}j DSHNet WZ& B FU KR s Label y EAA KA
MO S, 3 B AR S R e S RIGT LU BE AT A
HMEREAS , Focal Loss il i I8 55 K1 (1 — po)? X ME Sy FEA

BT ANFERCE, 3T R ERE . Dice Loss XSz M
FEOSONEUR, SR ) e /AT AR RIEMR R,
D R A ECIN , 2k A S A S 0 T 4t SR e
Rk

4 SR

41 MESEFIRREHIEE

R TR AR, RO SR A B
AR DI S B . A . N R
RO JEI, FER DRk B L, R SBR AR = A 0 )
HERROCIREE . AR X A B AR AR BRIPPA, A3
PesE L LLVIP™ Sy L 7E R # J 50 Hs 45 . LLVIP 3%
15488 XA WL-2LAMEG, i FH VR AR ds-2td8166bjzty-
75h2fv2 SHAPLT- 5, B SE ARG PR A 46 i AL
BITS, W 24 DRI IS 2 AR,
LBtz WA bR SR EESWUE, A REG R
PGS (natural image quality evaluator, NIQE) ¥E47 i
i, B NIQE KT 6.78 UK H 1500 5K, A{RIE
Bdm i ZRebE, K LLVIP A0 1 75 YLLSOD™ %
P4 v Y KRR A, 30k A AT PN PR S AR T TR
Labelme, FEHRFMERNME . FEA ZFEM: 3 RN SEATAR 1,
Fazt LISOD Ba4E, 7% 3960 5K & F 55 =X Ry i) — (8
et , BAEREGIanE 8 iR,

42 XHRPRERELE

7 [ 8 LISOD % 5 LA K bk o 38 %37 % RGB-
252, RGBD-385, RGBT-621. VI-789 &5 Z N4 4 fi
M, AHEZ R 5 S5 ARDE IR IR . SCgmhdff
%1 AMD Ryzen9 7845HX CPU 4k Hi % . NVIDIA
GeForce RTX 4060 8 G GPU . . # ¥ 55 & CUDA
11.8. torch 2.0.1. python 3.8, ¥ & VIl % epoch & 50,
S 2% [R)JBAY 40~60 587 M, G AL DSHNet &1k
S50, PATISSECR SN, MRS ELG . PIRF
R E N Se-5, iEMAL Transformer FHXT 2 2] 2K (1) 4
JBES Adam AR A TG NFEE, BB EHIS4L. poly
2 2] RIHE (power=0.9), SEIH2F: ) RN AR LR M L0,
TREA RO EE T, bR, ST A Bk
SRAER G TREE . AN le-4, RIMHIIRL
Bro FERIVIN 4, /RN L AT T4 L BB R AILE: ,
FEREG R R A S8 (R AE A S 800 BAFRS H o
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B 8 LISOD g 244 & 4#17
Fig. 8 Samples of LISOD dataset we constructed

4.3 LI IEFR

i 174l DSHNet PEGE, R H UL F IR 4845 : F-
S 4 48 Xk 5% 2% (MAE). J1AX F-measure
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Fig. 9 SOD detection results of immersion experiments in complex low-light scenarios
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Table 1 Comparative results of Transformer model immersion experiments

Strategy Model error, accuracy and other performance indicators Computational volume
Experiment

CNN SE CSA Loss MAE S wFp Params/MB GFLOPs

1 0.125 0.834 0.801 0.813 25.4 26.7

2 v 0.101 0.886 0.814 0.852 25.7 27.1

3 v v 0.098 0.892 0.818 0.860 26.0 27.3

4 v v 0.097 0.894 0.825 0.867 26.0 27.5

5 v v v 0.093 0.901 0.832 0.870 26.1 27.5

6 v v v v 0.091 0.912 0.837 0.872 26.1 27.8
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Table 2 Quantitative evaluation results with single-modal methods

Model MAE Fq Sm wFg Params/MB GFLOPs
U2Net 0.191 0.782 0.779 0.765 44.0 82.7
MVGNet 0.093 0.876 0.815 0.853 27.5 25.6
YLLSOD 0.110 0.858 0.780 0.824 71.4 78.2
CTDNet 0.172 0.784 0.762 0.776 11.8 7.4
VST 0.124 0.829 0.806 0.817 445 57.3
PGNet 0.130 0.806 0.812 0.787 72.1 76.4
CTIFNet 0.098 0.879 0.814 0.867 - -
ABiUNet 0.100 0.889 0.806 0.867 35.8 35.2
Ours 0.091 0.912 0.837 0.872 26.1 27.8
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Table 3 Comparison of generalization experimental results

I RGB-252 VI-789
MAE Fy Sm wFy MAE Fy S, wFy
U2Net 0.042 0.677 0.716 0.686 0.039 0.856 0.792 0.810
MVGNet 0.021 0.843 0.828 0.802 0.034 0.901 0.877 0.870
YLLSOD 0.020 0.801 0.784 0.781 0.034 0.902 0.874 0.836
CTDNet 0.038 0.667 0.733 0.652 0.041 0.816 0.814 0.805
VST 0.031 0.726 0.751 0.682 0.036 0.847 0.833 0.817
PGNet 0.035 0.707 0.730 0.673 0.049 0.838 0.846 0.776
CTIFNet 0.028 0.815 0.793 0.806 0.036 0.861 0.844 0.830
ABiUNet 0.023 0.834 0.822 0.809 0.038 0.875 0.873 0.827
Ours 0.021 0.852 0.824 0.817 0.037 0.907 0.887 0.889
k4 SREIEFHAMNEYH AL FEERERTILI L
Table 4 Comparison with the experimental results of the two-modal saliency detection model
RGBD-385 RGBT-621
Model Model
MAE Fy S, wF, MAE Fy Sm wF,
VST 0.094 0.751 0.746 0.723 MIDD 0.043 0.880 0.880 0.836
C2DFNet 0.123 0.729 0.698 0.670 MIA_DPD 0.043 0.871 0.885 0.824
SwinNet 0.076 0.828 0.826 0.768 CRSNet 0.042 0.878 0.879 0.843
Ours 0.071 0.850 0.835 0.806 Ours 0.063 0.854 0.851 0.829
Images GT Ours U2Net  YLLSOD ABiU-Net MVGNet VST CTIFNet

%W % M N N N

B 10 BEAAN 22 Z 3tk A

Fig. 10 Comparison of model detection results
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A low-light image saliency detection method based
on a CNN-Transformer hybrid architecture

Zhang Hang, Wei Yingzi’, Yu Juzhuang

School of Information Science and Engineering, Shenyang Ligong University, Shenyang, Liaoning 110159, China

Abstract

Objective Salient Object Detection (SOD) is difficult in low-light conditions. The images often suffer from poor quality, heavy noise in
dark areas, and low contrast. These issues make it hard for models to detect objects accurately and reliably. Current methods mostly rely on
single-mode features. These methods cannot capture complex information in low-light images. This is especially true when light is uneven
or local details are lost. Therefore, this study proposes an efficient and robust hybrid model. We combine the strengths of Convolutional
Neural Networks (CNNs) and Transformers. Our goal is to improve detection performance and overcome the limits of traditional methods in the dark.

Methods This study proposes a Dual-Stream Hybrid Network (DSHNet) based on a hybrid CNN-Transformer architecture, which adopts
an asymmetric dual-branch encoder-decoder lightweight structure to make up for the defects of the existing hybrid models in low-light
image processing, such as inflexible multi-scale image processing and low feature fusion efficiency. DSHNet combines two main strengths:
first, CNNs extract local features at multiple scales with shallow convolution suppressing noise interference caused by uneven illumination
and deep convolution capturing fine-grained texture features; second, Transformers provide powerful global modeling with self-attention
mechanism breaking the bottleneck of modeling long-distance dependence between target pixels in low-light images. The model uses a
multi-level strategy to extract features from both the CNN and Transformer modules, then adopts a global-local synergy method to realize
cross-hierarchical bidirectional fusion of features from different branches at the same scale, solving the problem of information loss in
multi-scale feature fusion. We also designed a Channel Spatial Attention Enhancement Module (CSAEM), which dynamically fuses
channel-spatial attention and channel recalibration, and uses a 1x1 convolution layer to learn the weighted coefficient to adaptively balance
channel and spatial attention, realizing explicit perception of edge structures and effectively suppressing background noise in low-light
images. In the encoding stage, the Efficient Spatial Reduction Attention (ESRA) module is applied step by step to Transformer features,
compressing the keys and values in multi-head self-attention through convolution operations and introducing the DropKey mechanism to
reduce the number of model parameters and computational complexity while avoiding over-focus on local arcas. We also adopt an
overlapping patch embedding strategy and embed depth convolution in the feedforward network to enhance the continuity of local features
and avoid the dilution effect of fixed position encoding on dark area features. In the decoding stage, we use a two-stage hierarchical design
with a coarse-grained decoding branch restoring the spatial resolution of global semantic features and a fine-grained decoding branch
refining the dark texture and local contrast, and deploy saliency prediction heads at six feature stages with a deep supervision strategy to
realize gradient backpropagation from coarse to fine and strengthen the boundary constraints of dark area targets. Finally, we use a
combined loss function of Focal Loss and Dice Loss. This helps the model focus on difficult samples and improves area overlap,
effectively solving the issue of unclear boundaries caused by severe imbalance between foreground and background in low-light scenes.

Results and Discussions To verify the effectiveness of DSHNet, we constructed a complex low-light scene mixed dataset LISOD,
which includes 3960 images and corresponding binary masks by screening and mixing LLVIP and YLLSOD datasets with NIQE greater
than 6.78 and labeling with Labelme. Experimental validation was conducted on LISOD and standard datasets including RGB252, RGBD-
385, RGBT-621 and VI-789, with experimental configuration set as 50 training epochs, initial learning rate of Se-5, poly learning rate
strategy with power=0.9, weight decay of 1e-4 and batch size of 4. Ablation experiments on the LISOD dataset show that the introduction
of the lightweight CNN branch only increases 0.3M parameters, while the F-measure is increased by 5.2% and MAE is reduced by 2.4%
compared with the single Transformer branch; the CSAEM dual-branch enhancement module further reduces MAE to 0.093 and increases
F-measure to 0.901, which verifies that the synergy of channel and spatial attention is superior to a single attention mechanism.
Comparative experiments show that DSHNet is much lighter than the similar hybrid model ABiUNet, reducing the number of parameters
by 23% (only 26.1MB). On the LISOD dataset, it achieved high scores: 91.2% for F-measure, 83.7% for S-measure, and 87.2% for
weighted F-measure, which are 5.4%, 5.7% and 4.8% higher than the YLLSOD model dedicated to low-light image SOD respectively. In
the generalization performance test on standard datasets, DSHNet achieved 0.021 MAE and 0.852 F-measure on RGB252, 0.037 MAE and
0.907 F-measure on VI-789, and even showed competitive performance on dual-modal datasets RGBD-385 and RGBT-621 without
introducing additional modal data, with 0.850 F-measure on RGBD-385 and 0.854 F-measure on RGBT-621, which proves that the global-
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local feature fusion of DSHNet can simulate multi-modal information interaction and has strong robustness. Visual comparison results
show that DSHNet can stably realize object positioning and segmentation in various low-light scenes such as backlight, indoor night and
outdoor night, effectively solving the problems of foreground and background segmentation difficulty and inaccurate object positioning
faced by most methods in low-light environments.

Conclusions In conclusion, DSHNet successfully solves key problems in low-light object detection such as difficult balance between
global modeling ability and computational efficiency, difficulty in considering global information and local detail features, and overlap
between multi-scale feature fusion and low-light noise. It combines the advantages of both CNNs and Transformers, and realizes the
lightweight design of the model on the premise of improving detection performance. The results prove that our model is both lightweight
and powerful, and provides a new effective approach for single-modal low-light image saliency detection. In the future, we will continue to
optimize the model structure, further reduce the computational complexity of the model while maintaining detection accuracy, and plan to
explore more real-world applications such as autonomous driving and security monitoring to promote the engineering transformation and
application of this technology.
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