Ha5 BT AP ANES PP Vol.45 No.7
2023 £ 7 H Infrared Technology Jul.

2023

E T RERSICEEDNHIRLIINS AT WA EIRRRE

TR, FR4L % @ & B, m R
LR E AR R M SRR EE, LR #8 266580;
2. MEAMKY B HHHLRRE SRS, R 78 266580)

WE: 4t 5T MAEFGRAELATLREFERBRFERA AT ELE, EAAFNEEG K T
PR A T AFAE LA EARRRAE, BT ETREAEME N EE AHLF (Dilated Convolution and Dual
Attention Mechanism, DCDAM) M gt4& W% ., Z W% gk £ RE R aE NEE T RBESFE,
AP REEFAZFRERERAMREGLREL T X ERMAEL TRHEHLTF. LK, EBS Kk d
FIANTCERANS, WREFNEBFERAZEREAERAATHELR, REEENFE; REFE
FEBNFESREABEFE, RELERATEENBEATHALAGFLE, FANMHEEGIEF
R THh. &G, MAEXA 2 REKRKEEME E WL B EHTHEDERBEGER., @
L ¥ % ¥, DCDAM L HEME R G REMRHN T EEZEE ERTIFNAE RS, KA RIFHABEEGN

R
XA AfEbd; SEAEM; SREZH; FEWNE
FESES: TP391 XEkFRERE: A XERES: 1001-8891(2023)07-0732-07
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Abstract: The multiscale features extraction method in infrared and visible image fusion algorithms loses
detail information. Existing fusion strategies also cannot balance the visual detail and infrared target features.
Therefore, a fusion network via a dilated convolution and dual-attention mechanism (DCDAM) is proposed.
First, the network extracts the original features from the image through a multiscale encoder. The encoder
systematically aggregates the multiscale context information through dilated convolution instead of using
downsampling operator. Second, a dual-attention mechanism is introduced into the fusion strategy, and the
original features are input into the attention module for feature enhancement to obtain the attention features.
The original and attention features were combined into the final fusion feature. The mechanism captured the
typical information without losing details and suppressed the noise during the fusion process. Finally, the
decoder used a full-scale jump connection and dense network to decode the fusion features and generate the
fused image. The experimental results show that the DCDAM is better than other representative methods in
qualitative and quantitative index evaluations and has a good visual effect.

Key words: image fusion, dilated convolution, multiscale structure, dense network

jillls

5l

Yks B EA: 2022-06-07; 1E1THEA: 2022-08-10.
&R 5K (19975 , o, WiLifFsiE. EEHRITRAEGRE S BRI . E-mail: hele0128@163.com.
BEEE: PR (19835 , B, mlIFdR. EEFRTFATARENVIER T AEES] . E-mail: tsailo.95@gmail.com.

HEWA:

732

KWMETH 4 RB (22CX01004A-1)

K& a2 A 2R 2SR G EE
GREAERBIRIKE G, DURBREFEEEER. &

E X HRRB R ERA TS (U1906217) 5 EFRAREIES (62071491) 5 EFRE AW AT (2021YFE0111600) 5 1 e mi AR



F45% £ Vol.45 No.7
2023 £ 7 H il RE: TSRS ER IV 5T RG-S Jul. 2023

SrREL T EE RN WOCEBA R TS EE, (H
YRR R BRI S S, S RRE
U EAME R MLLAMEMG AT LS S Sl
BRI B AR A SZAME A2 R U2, Rtk 204 50]
WG E G RGP LTk E 55 B

H i BB Rl & 50 ] 40 At G JT i RNR FE 7 2]
715 ARG TR A i AN kG R 7R N TR R
IR, KRG 7 E RS R S R - PR
DRIE = ST HLRE AR B 40 U5 B A9 K H £ 2
SRz BT BUR R G o IR 2 7R oy
N A B A 24 W 4% ( Convolutional Neural Network,
CNN) . A B *%F Bt W 2% ( Generative Adversarial
Networks, GAN) Fl H 24w i/fED 4% . 1 CNN [ £ 45
RUZE R T B, N2 ST AR 2% il A5 A I 28 SR AN A
GAN AR B GA TR E, 25 218 Bl & BHGE Ak
SERERAR, HAEREG IS 2 5l NMERS T H 3h 9
[FRTSEE ZERE A B SISO A R IF =
FREE . 2018 4F LiPIEEFE Y 7 —Fhom B i Y, 4 9
o NS A RS AR S R, wMigEE gl A
Densenet 28 S BN TR JZRHE, FREZRIT B %
FrfilEr 2 DR SN R TR 2% . ZESR SR |, Jiant!
SSIERE MBI TR ZE B, it o sk B3RS 1)
AMEFFER AL B B R B E L EEEE . HEX
FhITIEFFER 78 70 P B BB 2 ROBERFAE . 7E B AL B
o, ANERJEZRERS R 2 R E B, RZEHRAE
B EAA EA 23 [a1E A ERIA GG B SRRt
WHEZHERTEEMIMAEREE. Hitk, XHZRE
FHERE & FE B EEEENEE. 2020 4, LilY

Encoder

Image Fusion Stage

1 BT IER S OE R I ILH] RS HESE

Fig.1 Fusion network framework based on dilated convolution and dual attention mechanism
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Table 1 The encoder network settings

Layers Channel  Channel  Output Dilated
(Input) (Output)  Size Rated

CB1 1 64 172

CB2 64 128 1/4

DCBI1 128 256 1/8 1, 2,5

DCB2 256 512 1/16 I, 2,5

DCB3 512 1024 1/16 1, 2,5
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Table 2 Evaluation indexes of TNO dataset

Fusion Methods EN  SD MI  SSIM. VIF PSNR

CBF[9] 738 71.024 10.727 0.5412 0.6301 59.820
Densefuse[3] 5.46 58.520 11.505 0.6876 0.6614 57.825
Deeplearning [10] 5.46 63.866 9.806 0.7488 0.7092 58.583
FusionGAN[11] 5.40 55.654 10.995 0.6173 0.6309 59.251
Bayesian[12] ~ 6.84 65.658 11.343 0.7487 0.6112 59.950

NestFuse[5] 7.28 78.918 13.039 0.7634 0.7347 59.097
DDcGAN[13] 7.45 74.808 13.176 0.7224 0.6868 58.684
Proposed 7.58 78.722 13.673 0.8035 0.7936 60.866
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Fig.6  Shows of INO dataset fusion result
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Table 3 Evaluation indexes of INO dataset

Methods EN SD MI SSIMa. VIF ~ PSNR

CBF 5.241 43.651 10.487 0.622 0.771 55322
Densefuse  6.914 44.144 13.771 0.692 0.691 55.715
Deeplearnin  6.885 46.649 13.236 0.724 0.863 55.953
FusionGAN 5.248 35.784 10.497 0.652 0.480 55.822
Bayesian 7.355 60.627 14.755 0.694 1.048 56.209
NestFuse 6.973 50.317 13.946 0.724 1.203 55.860
DDcGAN  7.427 49.743 14.810 0.679 0.929 55.958
Proposed 7.593 57.980 15.186 0.726 1.388 56.571
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(f) FusionGAN
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Fig.7 Shows of VOT-RGBT dataset fusion result
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AN, HEANI THEHE S 5.
NestFuse [ SD Al MI FRAREL = 22~ 4015 S8 B AL 45
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Table 4 Evaluation indexes of VOT-RGBT dataset

Methods EN SD MI SSIM. VIF PSNR
CBF 6.9837 62.287 11.856 0.6542 0.7039 57.367
Densefuse  6.5287 69.880 11.782 0.7384 0.6239 58.117
Deeplearnin 6.8882 63.520 12.792 0.7929 0.6983 58.094
FusionGAN 5.8544 57.944 11.048 0.7777 0.5822 57.757
Bayesian 6.9072 67.608 13.044 0.8084 0.6222 59.971
NestFuse 6.9498 78.408 13.795 0.8031 0.7533 59.040
DDcGAN  7.0221 71.131 12.324 0.7947 0.7562 60.080
Proposed 7.2823 78.517 14.043 0.8110 0.7652 61.559
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