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Infrared and Visible Image Fusion Based on Autoencoder Composed of
CNN-transformer

LILin, SHEN Yongjian, ZHANG Pengyu, YUAN Hao, WANG Chao
(Beijing Research Institute of Telemetry, Beijing 100076, China)

Abstract: Image fusion model based on autoencoder network gets more attention because it does not need to design fusion
rules manually. However, most autoencoder-based fusion networks use two-stream CNNs with the same structure as the encoder,
which are unable to extract global features due to the local receptive field of convolutional operations and lack the ability to extract
unique features from infrared and visible images. A novel autoencoder-based image fusion network which consist of encoder mod-
ule, fusion module and decoder module is constructed in this paper. In the encoder module, the CNN and Transformer are combined
to capture the local and global feature of the source images simultaneously. In addition, novel contrast and gradient enhancement fea-
ture extraction blocks are designed respectively for infrared and visible images to maintain the information specific to each source
images. The feature images obtained by encoder module are concatenated by the fusion module and input to the decoder module to
obtain the fused image. Experimental results on three datasets show that the proposed network can better preserve both the clear tar-
get and detailed information of infrared and visible images respectively, and outperforms some state-of-the-art methods in both sub-
jective and objective evaluation. Meanwhile, the fused image obtained by the proposed network can acquire the highest mean aver-
age precision in the target detection which proves that image fusion is beneficial for downstream tasks.

Keywords: Image fusion; Convolutional neural network; Transformer; Infrared image; Visible image

Citation: LI Lin, SHEN Yongjian, ZHANG Pengyu, et al. Infrared and Visible Image Fusion Based on Autoencoder Composed
of CNN-transformer[J]. Journal of Telemetry, Tracking and Command, 2024, 45(5): 109-119.

LIS EHEA: 2024-03-26; 1&EIHHR: 2024-07-12



- 110 - ==

%, ET CNN-Transformer FJB4RISESZIINANE] WA BRIGRE L 56 45 B5 5 1)

0 35

BG-GB AR 0k AR 500 R A O
WEA 2 RERFRE A E1R . 56 FHZ
B EE ol i — 2D SRR R AR, 24 i MR 4y
EVFD H BRI AR SRR A AT B — . B
HAMEREGARZ , i s EG R AT LGRS |
2L ARG A LR TR R . n] OB RHR A A
AR T IBEG . By CT MR ER 5. H
o, 2LANEMGA R T B R E ARSI R TR G g
AL AR 2 . gk . KSR AR, [

il

(a) £I5MA1E

(a) Infrared image

(b) AT WIS
(b) Visible image

WAAE—SERN R, WHRR D BERAL . W22 |
TR GCHA LAY, ATIDEE G HERE, BE Rk
WFEESH, MYEGREL, (ARERS 2T
KA W% EPFHRENR AR, FHER
AREBCR M . L, Rl BOR B SSS — BAb
FRAE b 2L, ANMIARAT HAR A58 . 79 5 4 2k
MRl B SCRAE R R SRABEMIL,
R A R NIRRT B R, WA
Pis . HEE, £L505 R WOEE GRS SRz
BTG5k . Aol A st BRI . H s
TR G R R s A R

(c) Mg R
(¢ ) Fused image

Al 5 TRARGEREGTEA

Fig. 1 Diagram of infrared and visible image fusion

I EATZARMEGREG T, 2R
FEAR e . W . M Mg Fasihl, B
RSB DL S AR A k. REEGmE T
B AHAG T i, HaX S AR TN T
BTG Bl 7K -0 2 F gl IO SR e, DA A 45 il
At ROk 2y, H 25 i 2 0y R U R AR
= Z R0, A BRSSO AR
SRR . H AR I AR

FE TR BE 2 2] 1 R il B A8 ok [ 3 o I
g5, EBIM 2% Re AL S E, TR
S 3 oy ) L Y ARG T IR AR L, TR
> il T ke B 1 S KT I R R R
KRFEEART AR R XS @l & 25 58 2 m . tesh,
TR B 2 2] J5 1A B TR 27 20 T 4% 58 K A SRR AIE B2 iR
Ae, TERG RGBT E TR A
RE, & TRA EGRRE.

HRT, 3T U B b s W 4% 19 G a5 D ikl
43 R T ONNCE R 2 M) 1) )71 . 2T Auto-
encoder( F 3 gt &)1 77 . FET GAN(CE BUM Bt
X 25 ) 7 1 AL T Transformer Y 6. 36T H 3)
o T 7 ) RS Bl A R 26 TR 55 N 30Tl B )
CCH AT s i — R ik . SR, A

H 3l it 2 K 2 G HEBE, TRz B
PREYE, oIk R e R RRE . AN, H ARl
B AR I R AIE 2 R X 28 VA R A (] 1Y) D [ AR i
FrICar, Rl AR i EAME BRI .
i e bR R, AR SCHR T — b Bk T CNN-
Transformer 14 1.4} 5 7] WO B (@l 25 . 7R
SCT BB RTE

@ &7 T —Fh 1 CNN il Transformer 2H & A4 #r
AU g fih g, (] B B UL A0 EGORN AT U6 R Y S
S IEILIEISE

() X LU B 1 it A5 R 32 3% 22 185 He 43 1| 412 B
ZLAMEMG AT WG RS R R 5 S, DATERLG &
B O RR R EUR B EAME

@ 7 =~ %4 4 (TNO. OTCBVS #l Road-
Scene) B HEATHYIZ SERG KRB, A SCER Y D7 i BE
i AT A 25 TH T B A AL T U il
%, HAE T LA —2ee it vk, a5 U2Fu-
sion, DDcGAN. DenseFuse, RFN-Nest., STDFu-

sion 1 SwinFusion.
1 RXFH*E
A SCHE ) A AR A A0 FE RRAE BRI . RRTE



2024 49 H

E M E F

<111 -

B IEE A . FRAE R BGOSR A A
AN 10 38 454 (8 CNN ERAIE 38 58 45 5 FiT Transformer

PP PRI AN R

R AIE Fl 5 B B SR U AR AT e, 5

v

AUOD) €x¢

__________________

R

3x3 Conv Xt L JE R R 3x3 Conv

A DA B R R i g, e 2k IR A
EELAMANA] WG R AE R Rl S . AR SCER
S AL B R AR SR AN P 2 T 7 o

—— =

|
|
l |
|
g
2132 |
g |
= 1 1
S | | | W
O T il
B PP B I R T T T S
leg | @ | 32| % 16 | & (")
P& (o|& &b o|EH0
1R |8 | g g | 2| = 2
H?{ﬂ!éﬂ < < < <
i | | e - ———
| |
5|
Z 132 ]I
e
El |
e | |
‘ |
-l
BRIEMIIR 3x3Conv HRUZ

A2 ot b T ILE R AR AR A P 2 AR A

Fig. 2 Network model of infrared and visible image fusion

1.1 #R%52S5

O i bb B B AR R

XoF LE B B SR AT T B R B SR LN EMR Y
XPHCEE, B3R, PRS2, 4 /81
AL JZ X RRAE R AT 5 ATt Ak (e R i AL 5 A 1T

3x3 Conv

8xdown l ;l

DRSNS EE TR NER L& S EHS WP SR/ E PN
FEENGER), I T ERERE, X SeRRE E R
LRV A (B B 4 ACRRAE RS RN, I 5 i AR E
AN, 3%3 & Bk o B g 2 b H Bl Dh
5, IRAAG N LR 5 A REAE S

8xup

U <down l 3x3 Conv ' 4xup
>

add 3x3 Conv

LoN( 14
2Xdownw 3x3 Conv - ‘ 2xup
|
B3 AR R A

Fig.3 Contrast enhanced block

@) BRI 2R R

BhRE R 25 BB 15 TR 0 a] UL IRR A AT, i
BeoR 15k 22 1 A, A AN 4 7 o Sobel
DB AS AT AP BORT UL PR R AR OB (S R,
A AR PR EOGER TR/ 333 BB, 3 bR

R Leaky ReLU. i FH R/ 1x1 BN
T B T R TR BRI, O PR Leaky ReLU.
(3 Transformer fE bk
A LB Y Transformer BEH 5 VIT SEALAHAL
AR AFE B IR %k A A . 5%,



%, ET CNN-Transformer FJB4RISESZIINANE] WA BRIGRE L 56 45 B5 5 1)

S 112 - Z
g LReLu
& E
g D 1] 0]-1
i) 2 0 -2
z 1]0]-1
» O
Sobel = Sobel JEJ 1

B4 #HEEEHSR
Fig.4 Gradient residual block

T YR R BB A O —4E R, IR R B
HEEMG 555 B — 5 A Transformer #27, L4),
3% SwinFusion i3 & , F#1E B4R 50 247N
W F, IR XX S DA e R R I GE T
BYZ 3k H = S HLE W-MSA), LTS IREZ SR
A 2tk Wl 0 R/hMgE N8, 5 CNN
M, B HAE R, &S ER T Trans-
former 5, LT 2L kd B i,
XFFRHEER X e RMC, ¥ = ARl 2% 2 A E
HEE W2 e ROCWE e R“CH W e ROCHLET A 1A
FEME O, SHAERE K FMERERE v, HRRA MR ):
{O.KV={XW.XW" XW"} (1)
TR AL E L an(2):

OK"

k

@

Attention(Q, K, V)= Softmax (

H, g JE—A% 5, 8T 7E Softmax #1E J5 /- 7F
BRRE o WA R Ry 1 R B Y 1) f e, EAT
e, w3). @R

A
16 3841

Dropout

MLP
Block

Layer Norm

16 384x1

Dropout

Multi-Head
Attention

Layer Norm

16 384x1

Patch Embedding

128x128x1

A5 Transformer BE3k
Fig. 5 Transformer Block

Forfr, FURLSAS IR W - MSA I MLP RELH iy
FRIE R .
1.2 fRHEsS

JE G 28 0o A 2 e E $2 UG A2 B 32 SRR
B, SR FHHE S 08y O > 3 18 14 e E P 1 7
S AT OR:iE=1 E = OE S N 3 R 1B e e |
el A R . K 6 Fras, ffht 28 i PU ik & R
FRAETE 64 K BURRIE B G i — ik S5 R K, B—2

S W MSALNG™ e O kR 2. 16, 8. 1
fIZMLP(LN(fI))-l‘]?I (4) IFaNpimi=] il N N v Lo
64 % = 2 SIS 16 | X 5 8 - I
—>SE— Sl SlE—> & —»>
Bl a 3 c - < =
Ho6 g
Fig. 6 Decoder block
1.3 RKEH K (6). (7).
Eﬁ—‘i?ﬁﬁi@ﬁﬁﬁqj, ﬁﬁﬂéﬁﬂ%ﬂ@ﬁ(g Linl=%W||If—maX(1ira1vis)||1 (6)
5 J5E PG R JEE AL I 5 ARAR T A i 5 6T 2 |
b B2 5 I I B A AR L . B 2k BB X L= ||| VI | =max( VI LIVIGD | ()

m=(5):

L=aL;y+ BLxure ©)
HrofpRSE, HT VPG EBLREL,, M
o6 BE R PRB Loyures Line P L 19 72 53 5311 0

Forr, H w5y 5 3 i Ak BRI 58 B2 e
Lo L AL R LDANEE Al WS RS AR &
K& VI, VI MVIFRLAE G m oG
PG & PR BB L



2024 49 H

E N OE B - 113 -

2 TPHER

2.1 IR

YINZRE5 4 42 5 5 20 JF ELIC 1 B 458 /& 19 MFNet
BIRED, HhuiE1 083 X ARG, 7
sHEEE AN 5. BRE P EB KN A

640480, VIR 24, A TG MLk, ik
PG A B R B UG I MG R B o 128%128 K
/No B 7JRIR T 8 MENet 30 SEREAS , B PUFI &
F AR5 T EEXT, JR A EEL TR Y
5 MBI

B7 4085 T Lk E gD

Fig. 7 Examples of infrared and visible images"’

22 HESH

FEASCEE RSB, 22 2] R E R 2 x
10°, FWHEH0.99, BUETHHN A Adam, L&t
BIMGEIRNEE N8, a, Bl 1 f9, Stk
PVE 245 4 Windows 10, {43 5 & AMD Ryzen
Threadripper PRO 3945WX, F45i° 4.0 GHz, GPU
9 RTX 3080, Y7 N 10 G, #f4°F & N Python
3.7, FREAGHE T Pytorch #EAT#5 4, M =2 FF 5
£ (TNOY . OTCBVS® Al RoadScene!®) H [ HL il Hit
FEAAE AR
2.3 HiEXTLE

T I I B A A A X T H A S i O v B A
B BEPEWIRL S 07 T AN-E R IR 2 S Oy ik it AT
F R H, ALEE PR AL 48 775 . MST_SRY,
GTF®; —FpJLF CNN A ¥ . U2Fusion™; P Fh
R T GAN Ay 775 . DDcGAN™ | SDDGAN!"!; =
LT H 3 s i 25 19 J7 % : DenseFuse!™ . RFN-
Nest"™Fl STDFusion"; — F % T Transformer 9 75
I : SwinFusion™, % WL IT i 48 45 2 45 B 15 2
MD" | ARUERZE(SD) . FIIHEE(AG)™ IE(E
RMELE(PSNR)™, il A LS A5 S PR L (VIFF)™
FIJE TG BE B RS PERE(QYNPY. R BIERW] . A
SCHRG JE ) R AL A & ot A e ROCR 1
HAEZ WG bR B PR AL T HAb I . 04,
SIS AN LG TR ER L A SRS BIR L SCH A,
T3 ¥ A b Rl R B AR A AT 55 Hh i R 3
U9IE T A SCRAS T i i L3 LA A B WA 55 iy
i AN

231 #RE BRI

K18 73 Al s T LR B AF TNO %l 4 11y
—XFLLANRTAT WG G Rl 25 5 . NSk H B A
. Ele). (). (OFI(g Hirse Bk, 5% 5%
JKEEAEARARL; J35b, RlE EHR R B AR &B (5 Bk
R, wnEhA EUR 2L T s ERETR, El(c). (o).
D) BHInfE E 55, E(dBEWREEILTEER,
El(h) BbrilZ b B, K@), G)Flk) B brilg
A SERE . XL EREA R Bbr, AR %A
PRBAsE, ZERITE M. RlA RS T A LD HE T A]
185 5 R B DX AT TR, A R A Bk
Kl(c). (e). (D. (@FH)H FIZRMEABE R ;
EI(hy. (). (k)FIAS SCOT 85 e e B BT o AR T
H ., ARSI B s AR B AR B E B
P FHABR

WME9 PR, H—17RRIZEMN OTCBVS 4
I B 21 S A ] DL S . Bl (). (D). (e).
(DFI(g) H bR BEAAR, #(d)Fl(g) JLTF- B A R B2l
ShEPRSEEE R BMER(h). OGN ERB]SE,
HJEE (h) BRI & Z 6w, fA7E— K H
El() BAn s AR, Bl EG) B iU
TANEMRAE R, BORELR . B(k)MASC 2 B
M2, REFEE. FLAEEME, K. (2. ()
PR SCHABOR . AR R AT WOB RS, E(d). (D).
(g). (WFIG)EMGIR EEEAR, PR HA
RSO RL A 25 AR B B PRRRE SR . B
SRR ERS, IS, Ay, Wik, A
D7 1k B Rl A BCR DL F LA BT i o

B0 —4T )R T —XF D i 5t T 40 s



<114 - ==

%, ET CNN-Transformer 89 B RIGFLSMIT WA BEIGRET0E 56 45 5256 5 1Y)

(h) DDcGAN (i) SDDGAN

(j) STDFusion

(k) SwinFusion

B8 TNO#ELE G mALER

Fig. 8 Fusion results for the TNO dataset

(d) GTF

(h) DDcGAN (i) SDDGAN

(j) STDFusion

(1) The paper’s

(k) SwinFusion

H9 OBTCVS##ELEMWmELR
Fig. 9 Fusion results for the OBTCVS dataset

Ar LG, i EME K A RoadScene 45 45 . 4%
. ZLERNE BHEST bR e T G BRI B AR
BAT R AR T 5o El(c). (o). (D). (g)Fl(h) HirK
BEEmAL, El(2). (b, O)HEM, Ed). (h).
OF@ATE EATERE ., KOMARE REEENLR,
El(d). (2). OFIG)BATS SAOH, & ()75 5 th B
iR, SEEBREMA B GE=A0rm, A
OB G R BRI . BRATAE B 58 B B
AR S SUHIE B -

232 A BB ENITFMN

BT RGO, X ER —
FIWr o Ry T — 2 R UE A SO A L, AR
KRR LIRS BUR L0 2 WP 8 A 2R 4 7 0T
e, OB 2R G YERTEY . FRARE R, UhE ER
TEIZFE bR P RE T 4T

F 105k T & E1E 1R TNO %l 45 L at &
EUZ B WM 645 78 SD . VIFF DL Q" =4
febs b, ARCOrkERR RN, £ HmARGH
WS REEEFEE, WS R, 55,



2024 4F 9 A iz

< 115 -

(h) DDcGAN (i) SDDGAN (j) STDFusion
B 10 RoadScene # & &t ik &4 R

Fig. 10 Fusion results for the RoadScene dataset

A SR Y A S bR AE AT SRA T A TR, L
. MIUBUEHEAESS &, {{ L STDFusion 5 %
/NT0.001; AG. PSNR ¥JHEFESE = {7 &, [Hit,
ASCE DA EUR G B . BESRERYEE
FIBIE

F 1 TNO L Gk b2 R 09 BILIS 47

Table 1  Objective indicator of fusion results for TNO

datasets

(k) SwinFusion

(1) The paper’s

&2 OTCBVS ## 4 ik 425 R 09 EALIGAT
Table 2 Objective indicator of fusion results for OTCBVS

datasets

MI

SD

AG

PSNR

VIFF

QAB/F

MI SD AG PSNR  VIFF  Q"FF

MST SR 13.6056 9.2296 4.8200 17.2963 0.240 0 0.568 0

GTF 135599 8.4677 52656 20.6127 0.1546 0.4872
DenseFuse 13.6332 93504 3.5434 17.7113 02639 0.3489
U2Fusion 13.1709 8.9437 42750 17.5764 0.2354 03735
RFN-Nest 14.050 1 9.6343 3.1904 16.7863 0.2842 0.3313
DDcGAN 14.6560 9.4515 6.8695 15.0726 0.3333 0.4280
SDDGAN 13.3299 7.9004 2.0650 10.9414 0.1371 0.1196
STDFusion 14.6642 9.6321 6.1548 12.7968 0.303 1 0.633 0
SwinFusion 143104 9.6294 54706 21.3936 0.3288 0.497 1
AR 146597 10.0651 5.6859 19.1290 0.3841 0.6155
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Table 4 Mean values of objective evaluation indexes for

fused images

MI SD AG PSNR  VIFF

QABF
0.5539

MST SR

13.1824 89117 4.2354 17.0627 0.366 8

GTF 13.3528 8.6159 3.8361 18.0401 0.2312 0.4108

DenseFuse 13.5901 9.2603 3.7544 16.2051 0.4835 0.4315

U2Fusion 12.766 6 8.7479 4.0852 17.0697 0.3554 0.4247

RFN-Nest 13.7877 9.3434 29403 15.8684 04486 0.3252

DDcGAN 14.3032 9.2337 5.1897 14.1683 0.4311 03786

SDDGAN 12,6142 7.8569 2.0580 13.8424 0.2460 0.1392

STDFusion 13.5033 9.0049 4.7721 15.6246 03681 0.5025

SwinFusion 13.8092 9.428 8 4.6183 16.3384 0.4282 0.489 1

Our 14.001 8 9.5237 5.0698 16.2562 0.510 0 0.5856

LEYEE g . HR, A LT, A
J7E KGR e, DR AR ST il 5 5 i AR A
XoF HE T i A TR

BeAt, P12 SR 4 T A Al AL A4 ok 5 D]
ARSIl T IEAE S B R E RS AGIN J7 T A DA
TR — DY, LLAMFIAT UL Dt 5 4% Al 2]
PIAS N, HLEDAMEGAG I 1) 4 iy BB i, AR
SCOT R R Rl A RS I B = AN, HLAG I 3 42 Y

(a) Infrared image (b) Visible image (c¢) MST_SR

E E <117 -
A5 BARERAE

Table 5 Target detection accuracy
mAP
AR LA 0.494
LS 0.561
MST_SR 0.773
GTF 0.725
DenseFuse 0.699
U2Fusion 0.788
RFN-Nest 0.667
DDcGAN 0.654
SDDGAN 0.606
STDFusion 0.712
SwinFusion 0.730
ARICT7 ik 0.800

FONIEHf . X FHAL %, RFN-Nest, DDcGAN,
SDDGAN . STDFusion £l SwinFusion /72 it il & &l
GRS 2] — -~ A, MST SR, GTF #l1 DenseFuse
D7 V5 0 A SR AR I A N . FE5E A
L 2L AR MG ORTAT LS A5 45 A T 81— AN [ 457
BN, AR SC T Rl A 5 S T L [R] AsS
M No FEXTEE T, B MST_SR Ml SDDGAN J7

(d) GTF (e ) DenseFuse (f) U2Fusion

(g ) RFN-Nest

(i) SDDGAN

(al) Infrared image

(gl ) RFN-Nest

(h1) DDcGAN (il ) SDDGAN

E 12

(¢l) MST SR

(j) STDFusion (k) SwinFusion (1) The paper’s

(el ) DenseFuse (f1) U2Fusion

(d1) GTF

‘.v

(j1) STDFusion (k1) SwinFusion (11) The paper’s

wRA E AR B AR 2 R

Fig. 12 Fusion image target detection results
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