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Fig.1 The main structural diagram of the network proposed in the article
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Fig. 2 The structure diagram of SCAM module

SCAM YLl = A F 253 ST B o 5 — 43 353 9 i AT 42 Jmy 1 2 i Ak Fn 4 Jmy B R Ak 384 4 6 45 &
Softmax FREUH T8 &8 IKE B . 58 0 ZE X84 Token MY SE R4 AE Value i ] 1X1Conv 3 F1 42 Al EFE
FEIIFsRAF Lt A e g5 2 . 55 =43 3 MHH IX1Conv & BUK ) b A i A A5 8. SR )5 DB 56 — s il S
55— 3 ORISR =43 SO B AR 3, A5 B A9 45 R 43 1) 2 I RN S R0 RN SO R . B L BRI 4
X 47 Hadamard FRERVES B I & 095 o X — i BT DLRR

N, exp(quP{) cw P]

!=P{+aj N, 1

Q Cl; 26XP<(1)(,/(P,") ( )
eXp([avg(P,); max(Pi)Jplj)

- (2)

iequ;ivg(P,); max(P,.)]Plv>

A, pi QI B F /R B PR AE B P AR MR R B AR . N RN R R B 0, M w2 TR
i P A Ak A e P, FL A i XD Conv B BUKRTIAL . avg () Hl max (o) 73 51 3271 42 J5y ~F- 1t Ak Fil 4 Jm) i

0110001-3



T AR

KAk o e 3E I (E B AR BOY T, SCAM BEH B S5 38 i — 4 1X 1 Conv 4 BUE SRR AE B 5T QK I8 I AR ek
[C, HX WX, FInN, 5 — 40 Xk 1}X1 Conv # LA S EAE V, 3% BRAF 9% E 45 508 18 JF 48
Softmax IH— 1k, NI B 25 8] 4 B 1 WAL 20 A o BifS K V5 QK HEAT 6 B4 AH 6, LA S 30X 45 38 18 i) [ 1)
T, AT PP AR [ 368 38 A B D 2 O e 24 1) o7 L A B S ) 3 ) 0 T H4E R4S B R A RO . 7 2 TR R
PRIy T, A A 4 SR~ 24t Ak 4 R B R AR AR A Ry 3l E A R S VARSS A AR U K S R
BHELCHFZ0mE 4 R g1 T A M A A & . B K W e B O AT PE R IR s RS
B A 25 ) B S 2 o SCAM B A 1 i) 4k 5 3 43 Sy 30 308 e 40 ™ 0“2 i) B 40 ™ A 4% S sl it B 1R
I B S B T 5 A )R A B A R, O R Ak 22 o B i ARRAE o X — T RS RS | SRR AT b
TEIM A 4E B e B ) 095 B 8 SCAM BEE RE 524 > B & b N S R AE R AE
1.2 CMFE ##i%it
N T R A A PR R AR BRI, AR SO T AT LAAE JR 3 R K S Bl R SZ B N B FE 4 4R IBURR A 1Y
CMFE # 3 . iZ i L VMamba B8 R 3L, 8231 T — 4~ B CNN 5 SiLu i o6 50k 18 &40 5 32, A
MM CMFE #8358 4% 07 47 b 4 B2 R b (9 4 0 5 4 v B SORRAE X8, RS BAR 5 A 5] 1 s o
e AT UL R AN 2T S BSR4 38 LA Lo 8 5, R 1 0 A% v A e 7 0 A - 9 A B85 Oy s 46 Ak 4 fit
T AR RRAE s, A SO DX 8 BB Bl fif 15 5y A {5 B0 38 0 A8 o0 640 4% %5 ffi ] InstanceNorm2d
(IN2d) BB JE AT I — PR B 1 | DA A5 A R A A 3 AR 0 57, BT S A e 4 1 R 2 0 T4 0 XA o i o AT
PE v XA RN N
yf"ZINZd(ConV(L)) (3)
A A, IN2d R InstanceNorm2d , Conv FR/n IX1 BB, i=1BHER AT WG, i=2 i RoR L0450 E ES .
Bty 43 0 aE 1 A S B 55— 4 M 3X3Conv & AL LeakyRelL U #8076 BRI BUH A . 45 AR IR 4% RE % 2R £
FABIRN R R 0 i A s RS A5 IR SRR A b 5 SR, AT A 0 B AR A o 5 — 4k S it R T
PLRR A
yi = LeakyReLU (Conv( y{)) (4)
B S Sr i SS2D B R AL . SS2D Y [ T VMamba HBE£EME SR B ) T 4R B L R S
KW B AR 5 R L LA A% 5 4 AR LA R A R 2 W M B a5 3o el 43 SR 0 A5 R i 4 LA AS TR A O 5
Ak IR R AE RN 4 SR MR . T X A2 4 g S JR B RRAIE 5 4 R M 11 G [ 40 A 6% T A i o Y LS H
b, AT 2 3 AR ) P BB o 3 — 2 B2 AT DA R R
y'=Lin(LN(ss2D(y())) (5)
X LN %R LayerNormal 13—k )2, Lin #/R &Pk J2 . 78 45t SCAM A H 45 BB AR AF #4581 )5 , CMFE #
Yt — DR B BN R IR SR IOAE o B — Ty D O Ry 8 4 R A3 S5 AR AT WO R Ay Rk, s —
AT 4 Jmy S48 40 SR AR 2T 40 5 0T UL FI A R 285 ) A 3 S v, AT S BL AN W AR 8 5 s — B G — .
Ja B 32— F4 52 T Concat T akiE . X — LB E RN
yj’:Concal(yz“,yf) (6)
=, ye 2% CMFE B e 1 i 11 2%
1.3 BENNEXEEREE
FELLAN 5 0] WG MG Al A AT 55 of L 20 AMEEAS RE 5 il 3K E bs i PR S 40 A, 72 SIS Vb sk R T 2
P R b B H AR SR RS H B = 2038 S B R T WG RS RE 8 R B & SO NS AR, FR O IR A
PRROURR . %A% 35 M N 8 0 R IR P AL A A A il A SR s SR N T e 1 i ) 4% o a2 )
B — il A U A TR 3 35 A 2 AN ) 40 A 25 S A8 K A A L I A AR T 1 S A S B G B
SEE R 2R 5 F P I ROl A () A AR R, T O B A 2 ) R 2 I 51 A R R ) Y
T R T T Rl A ROR  (H TR B R N T SR R RE . SR DL R R SO 3T
VA — b A B B0 O O Ve B )2 MR R T IR R Ik Y R R, SO T S AR R B iz AL g
Jio G R T K E R IR SR BUS 2 BT B A B S A ENL (=1, 2, Y i=1/ Fx 0l Wk E4

0110001-4



PRIRER , 4% : FE T CNN-Mamba FHAE S BUEE & 7 Sk £ 19 21505 77 06 R il Ui ik

15 BB, 24 =2 i RN LU EMR AR B0 0 T R4 B RS B o 18 3 AN TR] X A P A 545 B A7 7 I
22 5 (I OO RE ) BB AR (LD AE ) o BT 0 3 — R 0, A S o 3 58 A A28 1) 119 0 — A A5 EOR A G
S AL , I FH5 G O O 23 G 7 ol R 2 A% 1 S AR, DT A i 9 2R TP B R R AR B £ Ah 5T LD K
BRABER .

M3 shg Lot EGEA &R

Fig. 3 Intuitive comparison of infrared and visible images
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Table 1 Ablation study results for the loss functions
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Ours 0.483 1.539 0.837 17.214 0.963 0.676
w/o L, 0.186 1.664 0.613 14.925 0.564 0.669
TNO w/o L, 0.228 1.114 0.597 14.940 0.791 0.680
w/0 Lesu 0.227 1.285 0.543 14.549 0.681 0.585
Ours 0.241 1.800 0.674 15.215 0.841 0.675
w/o L, 0.291 1.316 0.799 14.501 0.990 0.773
w/o L, 0.364 0.893 0.812 19.417 0.614 0.801

M3FD
w/0 Lesiu 0.427 1.316 0.812 18.757 0.740 0.804
Ours 0.298 1.746 0.815 18.818 0.544 0.814

IR VIS Without L Without Lg Without L, Ours

B4 MSRS#HHE &M K E B R
Fig. 4 Ablation study results of the loss function on the MSRS dataset
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IR ' VIS Without L Without L, Without L, Ours

E 5 Road-Scene ¥4 & 4 % & HOH g 4 &
Fig. 5 Ablation study results of the loss function on the Road-Scene dataset

IR VIS Without Z,,

Without L, Without L, Ours

H6 TNOHEEBXBIHBER
Fig. 6 Ablation study results of the loss function on the TNO dataset

IR VIS Without L Without L, Without L, Ours

B7 M3FD#EEMEABIHERLER
Fig. 7 Ablation study results of the loss function on the M3FD dataset

K] 4% 35 A6 ) Tl S 30 T BT AR SO A B BT BN R R AT o 2B — ZH B X SCAM AR B 55 A A X
CMFE#i3e 5 = 20 F NMI(1,, 1,)>0.8, RRZL AR5 AT WOGAL H 4 3 0.5 2 AU SCHT 4 Hh A il SR w5 DU 4
JHNMI (1, 1,)<<0.8, R W it 455 25 A 4% AR 00 /N B 8 AR A SO 4 i 9 il & SR i 58 o4l ]
Concatenate J7 2085 ARA SCH B ) Rl & SR o 00 2 245 44) 30l 5 90 119 20 L PP A0 245 SR Gn & 2 FN 3R 3 s, L 4%
AP 8 & 9 K 10 FE 11 s o AT LA, & B AE R FF RS A SO 3R 3k FIE B 38 B )7 1 R FE 6 AN W]
BRMER . 8%, EAZIESCAM B A IE O N, fil 6 W 4% ¢ 25 17 % 22 ROBEREAE 38 18 5 22 Pk 19 [ 35 I AX
HOPICRE ), S B E A AL G5 BB RORCR 5O B RlA R 0 R A0 W RO . IR TER
Z RS ORI HE CMFE J&5 , W45 32 28 7 X B8 2 1 ORI B 25 (8] 400 119 ZE B 68 ), JC vk DUIR 145 v 2 B
B 5 G RRE A5 Al A B FE R 22 55t T I SCHR 41 B H, R 2 N 3R 3 AT LA B 45 8 An 38 Bk

%2 MSRS.Road-Scene IIEE MK LEMHMILE R
Table 2 Ablation study results on the MSRS and Road-Scene network structures

Datasets Network MI VIFF CcC PSNR EN MS-SSIM
w/0o SCAM 0.381 1.817 0.664 13.263 0.667 0.680
w/0o CMFE 0.221 1.405 0.566 12.720 0.559 0.594
Weight =0.5 0.344 2.223 0.690 13.639 0.656 0.680
VSRS Weight=max(EN,,EN,) 0.289 1.874 0.709 13.769 0.604 0.686
Concatenate 0.348 1.994 0.685 13.416 0.661 0.685
Ours 0.540 2.291 0.691 13.984 0.702 0.679
w/0 SCAM 0.509 1.450 0.820 15.601 0.893 0.747
w/o CMFE 0.217 1.135 0.733 14.297 0.759 0.651
Road-Scene Weight =0.5 0.540 1.349 0.838 16.018 0.916 0.747
Weight=max(EN,,EN,) 0.394 1.468 0.834 16.891 0.774 0.739
Concatenate 0.434 1.367 0.828 17.319 0.825 0.732
Ours 0.483 1.539 0.837 17.214 0.963 0.676
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Table 3 Ablation study results on the TNO and M3FD network structures

Datasets Network MI VIFF CcC PSNR EN MS-SSIM
w/0o SCAM 0.233 1.437 0.595 15.093 0.703 0.671
w/o CMFE 0.154 0.858 0.593 14.209 0.627 0.509
TNO Weight =0.5 0.230 1.591 0.598 15.177 0.727 0.662
Weight=max(EN,EN,) 0.136 1.654 0.610 14.823 0.559 0.641
Concatenate 0.192 1.709 0.642 14.275 0.753 0.673
Ours 0.241 1.800 0.674 15.215 0.841 0.675
w/o SCAM 0.435 1.344 0.811 18.452 0.818 0.795
w/o CMFE 0.445 0.943 0.810 18.078 0.821 0.801
Weight =0.5 0.439 1.631 0.808 18.192 0.826 0.787
MIED Weight =max(EN1,EN2) 0.459 1.720 0.807 18.398 0.779 0.796
Concatenate 0.425 1.805 0.804 18.285 0.790 0.787
Ours 0.298 1.746 0.815 18.818 0.544 0.814

-

IR VIS Without SCAM  Without CMFE Weight=0.5 Weight= Concatenate Ours
max (EN |, EN,)

B8 MSRS B4 % I 4 4 M H a5 I 45 R
Fig. 8 Ablation results of the MSRS dataset network structure

W
VIS Without SCAM ~ Without CMFE Weight=0.5 Weight= Concatenate Ours
max (EN, EN,)

B9 Road-Scene B E M4 &M H L Hh 4R

Fig. 9 Ablation results of the Road—Scene dataset network structure

IR VIS Without SCAM  Without CMFE Weight=0.5 Weight = Concatenate Ours
max (EN , EN,)

B10 TNO#HEEMEEMH LB ER
Fig. 10 Ablation results of the TNO dataset network structure

IR VIS Without SCAM ~ Without CMFE ~ Weight=0.5 Weight= Concatenate Ours
max (EN , EN,)

B 11 M3FD 48 & M % 254 8 Rk 5L 50 46 R
Fig. 11 Ablation results of the M3FD dataset network structure
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23 P BOREA HZ |, P AE G BN LY B 598 748 45 52 e PR B8 T 125 55 B 38 4 9 R AAE B4 15 il 3350l R 4K
AR KA . e BT 0 /M A SCRl G S W I S A T 43 3 557 R R 08— a2 18 3 i e 285 B ik 2 L (H
XA 43 e 7 2K T8 VR B X AN [ 253 ) DX 8 S 0 PR R AIE 2 AT 20 25 T, S BRS040 T {7 R T kA 3
FEAAR B o BIANFE S 2 G RS AE T, 21 AIMEE 2 A I 3 DX el A By & 4% S AR L (ARG (8 42 JR) 43 T 25 i 45 5 3
IX 35 Y A TC e , R 2 B G A R BT L BN R A B S O . SR F T B Concatenate J7
SRR B IR AL W JE IR 15 B H i T8 =2 AR AR 8 B 5 e LS, 5 B0 & R A TUR IR 75 | TS vk A 4L
S8t OGS DI AN S . H BB AT DL, SCAM A5 B 3= 2258 4o 38 38 7 & ) 98 EE B AIE , CMFE FRAIE £ st
HenT DLGE o b SCEERBLR R 4 R il S, F B R Al A )2 003 ok B8 AR S I — Ak B R 4 A3 B A R
AR5 S A5 B 4358 B o IF H =35 W IRI AR FH A" e ] ) SHe J050 48 15 375 i B S0 B =F o 8 R 4 Jmy — Bk

SRy 56 IE AR SC T 3 BRI 68 2K PR BIORE S 80, AR S BN = AN O pR VBT R N R BUE o A3 4 1 W PE A
AR LR B A SO R 2 B E LR B BB A LS. £ MSRSEWEE I AUk AEMLS
VIFF #6845 b3 HUS T BI04 8, Ui W BT 42 il 5 5 B BB % 18 5 45 b O B8 U RS BT R A e R L3 . 75
Road-Scene ¥t #ls 4 1, A 30T 54 VIFF 5 PSNR 845 LB AE T fEKF , R AR J0E 57 T e A
AR AR 45 48] I O B R A Y S8 R o 7R TNO B A mh A SO A TE T A £ 5484 B3 10 35 0 T 0 R, U K
£ CC .PSNR 5 EN &7+ B &, iF B FLAE 5 (0] 2 2090 32 5 3 5 T BB A5 st g X e IR IR BB o 215 B
FE M3FD i 4w, AR 05 7478 PSNR 5 MS-SSIM B3 48 b I BUS fe A 45 5, 36 UA @l 4 A% e o i R 45 44
— BT R R PE R AR DR T AR BTl o REAROR T AR SCHE R R eR BB T ok e R T T
T R ACE T A SRR T Rl A S 00 T TR A T R AR (R R B I A5 R Y P R AR 2 — 20 42
F TG 5o MRAR T BRS8N F 5 N Y B S BOR N G e S gk

F4 BEAEHBSHERIREULER

Table 4 Objective ablation results on loss function hyperparameters

Datasets Loss functions MI VIFF CcC PSNR EN MS-SSIM
A=10, g,=1, p,=1 0.453 2.132 0.609 11.668 0.849 0.607
. pi=1, g,=1, f,=10 0.115 1.317 0.724 15.122 0.276 0.673
MSRS /=1, B,=1, p,=1 0.390 1.608 0.682 12.348 0.730 0.671
Ours 0.540 2.291 0.691 13.984 0.702 0.679
/=10, g,=1, p,=1 0.583 1.218 0.800 16.587 0.954 0.682
Road-Scenc p=1, g=1, f,=10 0.237 1.054 0.820 15.114 0.472 0.746
pi=1, B,=1, p;=1 0.619 1.248 0.835 18.599 0.941 0.739
Ours 0.483 1.539 0.837 17.214 0.963 0.676
/=10, g,=1, p,=1 0.182 1.577 0.537 13.219 0.795 0.601
. pi=1, g,=1, f,=10 0.081 1.052 0.616 14.401 0.207 0.698
NO /=1, g,=1, ;=1 0.218 1.430 0.605 14.910 0.829 0.675
Ours 0.241 1.800 0.674 15.215 0.841 0.675
/=10, g,=1, p,=1 0.341 1.306 0.774 14.163 0.960 0.693
A=1, =1, ;=10 0.270 1.246 0.815 19.176 0.474 0.804
MIED pi=1, g,=1, ;=1 0.332 1.467 0.802 15.677 0.980 0.773
Ours 0.298 1.746 0.815 18.818 0.544 0.814

23 XFEERE

R T 0 A TE VT AR SO B H RS T 2 PR RE L AR SCH AL R AR R e i R Y 214 5 AT DL R
1% fh A 7 B AT X e, Hob A DIDFuse™ . DDeGANY"Y | DCSFuse™ | FECFusion™ | PECFuse™ |
DATFuse ' ITFuse ™, i3 /\Fh il A 500 1 2045 R L an 181 12 P8 13 18] 14 Fn 8] 15 s . 3R 5 R 6 43
227 X R A O A5 L . I 12 SR B R &5 SR T UL, DA TFuse 5 DCSFuse %5 835 A2 L il &
AR B IR, U Y 0 G 5 se A R R AR IR AE TR R [ A N b A A 2140 5 AT
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B AL E . K 13 % B DIDFuse 55 DDeGAN £ £1 (0 38 38 Y 417 B 25 0 0% 35 7 1l e LR AR, EZ RN T
o PUREAE HE BUAE /1N 2 . K 14 S8 FECFusion 55 [Fuse 7 ¥k 78 2 22 T3 5 F 85 B ok B Biml 7 &1
MR R AR B BB B 1538 PFCFuse Al DDCGAN #4) X 8077 76 B 6 ™ 5, i LUA 35 401 15
B ZEA 0 H DU BOE 4R 0 M S R TT LR AR SO v TE AR A PR A B ] I B R
(eIl RS 75 =98

[TFuse )

IR ] DIDFuse DCSFuse FECFusion N Ours

B 12 MSRS # 4 &5t th L 5
Fig. 12 Comparison experiment of MSRS dataset

- = — = awr e g - ;
IR DIDFuse DCSFuse FECFusion Ours

7 13 Road-Scene # £ & 3t W, 52 %

Fig. 13 Comparison experiment of Road—Scene dataset

PFCFuse ITFuse

IR DIDFuse DCSFuse FECFusion Ours

B 14 TNO # 45 % 3t b 5L B
Fig. 14 Comparison experiment of TNO dataset

R OSMEK 6 WG EURAUESE AR SO A A A B 46 1 2= = IR AR (29 55 — , H CC B 7E 2 Rl
Rk R . AR ULTE MSRS Bl 46 1, AR SCT7 L 1E MITLCC 5 EN 48 b 1 R BUIL 5, i W] L RE A8 5t
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DCSFuse

B 15 MS3FD % # & & H 5 5
Fig. 15 Comparison experiment of M3FD dataset

FECFusion

%5 MSRS 1 Road-Scene £ & £ & W 5 #R 31 bk
Table 5 Comparison of objective indicators of the MSRS and Road-Scene datasets

ITFuse

Datasets Comparison methods MI VIFF CcC PSNR EN MS-SSIM
DIDFuse 0.092 1.576 0.567 16.069 0.185 0.648
DDcGAN 0.120 2.958 0.540 9.160 0.969 0.521
DCSFuse 0.005 3.760 0.056 13.120 0.474 0.386
MSRS DATFuse 0.341 2.111 0.599 15.107 0.521 0.714
PFCFuse 0.410 2.888 0.603 16.240 0.465 0.720
FECFusion 0.383 3.530 0.514 14.912 0.512 0.663
ITFuse 0.044 0.758 0.517 16.095 0.057 0.684
Ours 0.540 2.291 0.691 13.984 0.702 0.679
DIDFuse 0.445 1.685 0.639 14.232 0.765 0.638
DDcGAN 0.370 1.275 0.611 13.798 0.961 0.586
DCSFuse 0.453 1.819 0.588 14.391 0.788 0.619
Road-Scene DATFuse 0.386 0.781 0.606 14.364 0.521 0.632
PFCFuse 0.414 2.659 0.732 16.342 0.828 0.657
FECFusion 0.642 1.546 0.484 13.355 0.783 0.592
ITFuse 0.731 0.805 0.471 14.384 0.948 0.576
Ours 0.483 1.539 0.837 17.214 0.963 0.676
%6 TNOFIM3FD &% EWIEFR3TLE
Table 6 Comparison of objective indicators of the TNO and M3FD datasets
Datasets Comparison methods MI VIFF cC PSNR EN MS-SSIM
DIDFuse 0.236 0.851 0.512 15.755 0.705 0.647
DDcGAN 0.307 2.852 0.666 14.446 0.752 0.658
DCSFuse 0.456 2.318 0.562 18.467 0.693 0.628
DATFuse 0.555 1.293 0.545 16.411 0.755 0.519
TNO PFCFuse 0.360 1.944 0.457 13.327 0.717 0.613
FECFusion 0.477 1.927 0.669 16.724 0.562 0.656
ITFuse 0.532 0.866 0.319 13.286 0.687 0.573
Ours 0.241 1.800 0.674 15.215 0.841 0.675
DIDFuse 0.317 1.471 0.798 14.375 0.999 0.643
DDcGAN 0.323 1.729 0.759 14.787 0.967 0.707
DCSFuse 0.336 1.341 0.744 18.429 0.494 0.774
M3FD DATFuse 0.515 0.765 0.776 16.663 0.790 0.782
PFCFuse 0.484 1.742 0.800 18.167 0.782 0.797
FECFusion 0.363 1.436 0.788 19.071 0.610 0.793
ITFuse 0.359 0.388 0.806 18.621 0.682 0.805
Ours 0.298 1.746 0.815 18.818 0.544 0.814
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{5 B it 5 A DM . 7E Road—Scene U85 48 h AR SC 5 35 76 CC 5 PSNR b 5 3 400 5% , (R BT % 40 5 (i B0
SEA—FME RIS . N TNO B4 K F 545 CC 5 EN 485 E AR50 3y, Ul I HiAe &2 2435 5t PR A%
Fafdt TAE . Hoh, M3FD Bdls 8 45 R R W], A S EAUAE CC 5 MS-SSIM  F R fF, A I 7E PSNR 5
EN%fghr L B AR F T, i — LWk T HIE 25 5 T Rz P& vk . B IAORFE A X 1
5 RE 08 520 FE 43 1) S B AT B 3 B, A B R R B AR B D Ak RS B R AT 5B T T A 5 R A G
PER—EPE . R7EH T AR 5 550 75 7 i (AR 2 80 (Parameters) | 7% 438 B IEL
(Flops) FIoF-338 17 i 8] ( Average time ) 9% b, A RAAS SCT5 76 76 DR D0 8 2 0048 b 119 ) B5F, R 300 1 5 s 1 1
RCR RN AR A AR T 4 B BB 7E R IR LG T 0 TR T A AR AR R T . X R TI T ACEIA
SO f L Y R S VA Re s g
R7T BMAEFEEESHESIZTREERE L

Table 7 Comparison of flops and parameter counts across fusion methods

Comparison methods Flops Parameters Average time
DIDFuse 17.142 G 260.935 K 1.33s
DDcGAN 3.628 G 169.885 K 1.59 s
DCSFuse 27.608 G 316.787 K 0.76 s
DATFuse 8.519 G 13.112 K 0.77 s
PFCFuse 51.986 G 525.664 K 4.78 s

FECFusion 18.772 G 144453 K 1.26 s
ITFuse 5.681 G 18.333 K 0.34s
Ours 14.601 G 91.017K 1.05s

24 HRENER

PR il A 78 S B AR 06 v ELA 32 (0 18 3 55, A Tl ARG ) 5 o s 4 0 T AL R AT Bl AL
5 A 2 g S TR R . ISR YA I S ST 55 TR RE L AR SCHE T YOLOVS Xt il G
BIAT NG5 B AR R AT 1A A (] Rl G BE ik A R I 25 SR AT T X EL A BT . AR SCHE Road—Scene B4l A2 b
X143 200 5K Y254 (105K IR EAR A 11 3R AE o o T & WEITAN UG flt & B30 % B A 00 P8 B Lh 258, A SCask B
fifi % (Precision) . # [7] 2% (Recall) .mAP50( Average Precision) fl mAP@50: 5: 95 43 5| FH F 4240 5 17 N\ % W1
B FEPEN FE FR L Precision B K, 2R 715 4 JHAth 218 1) T 00 Shy A 24 3] 0 A ket gt B 2 | BIDRU0 HE %) T R
mAP FCERXS A 2870 V- Yo okG B2 1R ~F- YR, 5008 e 150 11 S0 000 K 82 A8 o Reecall 767 ek T T30 (4% 1F 481) 250 it
o S BR BITAT IE B B e o OB (EDR R BT 2 2O B . mAP@50:5: 95K R 24 TOU BIH T Y mAP, 2
FEIX8][0.5,0.95] A, BL0.05 S A2 K 10 TOU BIE, 205330 104~ TOU BI{EF 89 mAP, FEPCFHE . X
DA T b e, A FRAG I B o B g o R A I 5 SR R BB N 3R S s, 3 WA I 245 SR X6F b An ] 16 s .

#£8 BERUENEH

Table 8 Objective evaluation of object detection

The detection of person The detection of car

Precision Recall mAP50 mAP@50:5:95  Precision Recall mAP50 mAP@50:5:95
IR 0.75 0.872 0.782 0.471 0.889 0.826 0.866 0.393
VI 0.932 0.467 0.541 0.313 1.000 0.435 0.487 0.141
DIDFuse 0.751 0.333 0.432 0.205 0.461 0.24 0.287 0.089
DDcGAN 0.866 0.533 0.652 0.311 0.846 0.44 0.586 0.252
DCSFuse 0.754 0.733 0.861 0.462 0.864 0.759 0.867 0.391
DATFuse 0.917 0.733 0.741 0.318 0.946 0.760 0.862 0.427
PFCFuse 0.751 0.800 0.811 0.418 0.712 0.912 0.819 0.396
FECFusion 0.796 0.467 0.500 0.264 0.749 0.360 0.459 0.126
ITFuse 0.619 0.867 0.788 0.481 0.842 0.640 0.749 0.354
Ours 0.997 0.756 0.878 0.476 0.917 0.769 0.874 0.434
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Fig. 16  Visualization of object detection results
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A Method for Infrared and Visible Image Fusion Based on CNN-Mamba
Feature Extraction Combined with Information Selection

WU Xiaocong', FENG Xin', HUANG Meina', ZHAO Bin', HU Kaiqun', SHEN Yu’
(1 School of Mechanical Engineering, Chongqing Key Laboratory of Green Design and Manufacturing of Intelligent
Equipment, Chongging Technology and Business University, Chongqing 400067, China)
(2 School of Electronic and Information Engineering , Lanzhou Jiaotong University, Lanzhou 730070, China)

Abstract: Infrared sensors capture the thermal radiation emitted from the surface of objects to create
images. However, infrared images are prone to noise interference and are limited in capturing fine details
and texture information. In contrast, visible sensors capture reflected light from the surface of objects,
providing rich details and texture information that align with human visual perception. However, the quality
of visible images can be unstable due to factors such as lighting conditions. Therefore, effectively fusing
infrared and visible images to generate high—quality images is an important research direction.

Currently, image fusion methods for infrared and visible images can be broadly categorised into
traditional fusion strategies and deep learning—based fusion strategies. Traditional methods struggle to
effectively integrate the feature information from the two modalities, especially in complex fusion scenarios.
Deep learning—based fusion methods, such as ResNet and DenseNet, can better handle multi-modal
information, but they involve complex training processes and high computational overhead. To address
these challenges, this paper proposes an infrared and visible image fusion method that combines CNN-
Mamba feature extraction with an information selection mechanism. The aim is to overcome the
shortcomings of traditional methods in complex scenarios while simplifying the training process of deep
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learning—based fusion strategies. In the image encoding phase, we introduce the Spatial Context Aware
Module (SCAM) for the first time in the field of image fusion, which integrates contextual feature
information and allocates attention weights adaptively. Then, we design the CNN-Mamba Feature Extract
(CMFE) module, which integrates CNN and Mamba networks to perform deep feature extraction on both
modalities of the image.In the fusion phase, considering the information differences between infrared and
visible images in the same scene, we propose a novel adaptive weight selection fusion layer to retain more
source information. Specifically, we calculate the normalised mutual information between the two
modalities and set a threshold. When the normalised mutual information exceeds the threshold, the fusion
weights are set to be equal to each other. When the mutual information is below the threshold, we assign
higher weights to the modality with higher information entropy to preserve more source information.
Finally, in the decoding phase, we utilise a decoder consisting of four CNN modules to progressively
reduce the number of channels and reconstruct the fused image.

During the experimental phase, ablation studies validate the rationality of the proposed network
structure and loss function design. When compared with seven advanced fusion methods, our method
demonstrates excellent performance on the MSRS, Road-Scene, TNO, and M3FD public datasets,
ranking first in at least three objective metrics. Moreover, the EN and CC values achieve the highest in all
tests. This indicates that the proposed method effectively facilitates cross—modal information interaction and
preserves the original information as much as possible. Additionally, pedestrian and vehicle detection
experiments were conducted on the Road—Scene dataset, and the results show that our method achieved the
optimal performance in both pedestrian and vehicle detection, further validating its practical application
advantages.

In conclusion, the proposed method demonstrates significant advantages in both image fusion quality
and subsequent applications.

Key words: Image fusion; Normalized mutual information; CMFE Module; Information Entropy;
Adaptive weight selection fusion layer
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