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Abstract: The fundamental task of image fusion is to extract image features. Because of the channel
differences between synthetic aperture radar (SAR) images and multispectral (MS) images, existing algorithms
have difficulty in fully extracting and utilizing the high-frequency detail information of SAR images and low-
frequency spectral information of multispectral images, and the fused images have problems with detail loss
and spectral distortion. In this study, an image fusion algorithm based on dual-channel multiscale feature
extraction and hybrid attention is proposed. First, a dual-channel network is used to extract multi-scale high-
frequency detail features and low-frequency spectral features of SAR and multispectral images, and
successively expand the perceptual field using dilated convolution with different void rates. The extracted
features are then mapped to the hybrid attention module for feature enhancement, and these enhanced features
are superimposed on the upsampled multispectral images. A loss function based on the spectral angular
distance was also constructed, which could further alleviate the problems of detail loss and spectral distortion.
Finally, the image is reconstructed using a decoding network to obtain a high-resolution fused image. The
experimental results show that the proposed algorithm achieves the best performance and that the fused image
maintains a good balance of details and spectra.
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(€9) ()
K10 55 1 X HEseibm 445 8. (a) PCA; (b) NSCT_SM_PCNN; (c) RSIFNN; (d) DRPNN; (e) PanNet; (¥4} 3 ; (g) U2Fusion;
(h) HANet; (i) DMRN-Net; ()73 5032
Fig.10 Fusion results of the first set of comparative experiments. (a) PCA; (b) NSCT_SM_PCNN; (c) RSIFNN; (d) DRPNN; (e) PanNet;
(f) Double branch; (g) U2Fusion; (h) HANet; (i) DMRN-Net; (j) Proposed algorithm

(® (h) (O] 0
B 11 55 2 AN b SEIRRh & 45 5. (a) PCA; (b) NSCT_SM_PCNN; (¢) RSIFNN; (d) DRPNN; () PanNet; (f) X{%337; (g) U2Fusion;
(h) HANGet; (i) DMRN-Net; (j)7< 3 5032
Fig.11 Fusion results of the second set of comparative experiments. (a) PCA; (b) NSCT_SM_PCNN; (c) RSIFNN; (d) DRPNN;
(e) PanNet; (f) Double branch; (g) U2Fusion; (h) HANet; (i) DMRN-Net (j) Proposed algorithm
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FeuE R, TEESNY PRI N . DRPNN.
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UGG RERRAE, R T BRmaniE e, =
& DRPNN HRBAA B TR RN, TR
H IO . PanNet SRl & MG AL BRANIL S (R IF L
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e RE AR T, (EIIN ) SAR BIHGE Bid, S35
H4HT AN B 2 . U2Fusion BIELEGI (R F 77 TH 55 T4
CEE, HEMGUBOR G BN, IR T HIE M 2% A R
Fe 4T PR A BB AR AE « HANet 532 REASIR U Mo (R FF 61
FRAE, AH R AEJBOK X 3R] LR B 240 6 )2 ThORG 1% 2] —
&, I HGIERRERRE IR, ARIT E AR G
(P 10(h)). DMRN-Net 5% (4nl& 10()) MJ=HB
XIkE, HIRRHTE BBA ARG, (Hg5 A
AR T H X VL . ACEVERE TS IR REAS
SN SAR BB BN 2, EROEE R A, A
SAENGHINRS, BTt A TS R R A0 1y
TS 7T, MEWPE N RE A SR T
HEsgk, £ HBE 11 MRS58 4s256 KE
FHIA o
232 FEMEEEN

YT ZHE N R, 24 CC.PSNR.sCC 1 UIQI
BRI SAM BUN, BUERELEFEE L. X T4ES

VM TEAR, 4 DA Dg BN QNR IEHCKET,
BUGRL & IR L. W3R 1~R 4 TUEH, A
HIELE CC. PSNR. sCC 1 QNR B3 7 f KfE, i
1E SAM. D 1 Ds Ut 7 se/Mi, DA Eix SeR bR
HARAA .

MOGHESEMFaFR CC. UIQI F1 SAM K&, 164
Hyk PCA RIMA & MR R ZE, HRREMN N
0.4373; RSIFNN L 9h0A T it 2 (1) SAR B4 1(E &
SEOLIEH L, 5% EEAAHAN 87.34%, KT
f£4: 5% NSCT_SM_PCNN. DRPNN A/l PanNet fifi &
HEERELAHEMN S E: %5 H %
NSCT_SM_PCNN 5 PCA xftt, &fhfabrf R4z
m AT E . ARG VRN FE FR PSNR Fl
sCC K%, PCA 1 RSIFNN 5Ly b T He Hik R Bl
BEE, o RN IX P M Rl A B TR AR A P B ) e AR
MR, X5 EWF R —5: PanNet FIXU5
SR DL R WA SR A g R Y A B R
Ft; U2Fusion il HANet £ CC M T HEHIER
BORIRTE, HRELESESR PSNR 1 SAM b A A e
Sk, IRTERFESR I L3 A ORis fgn i 5 JF. M
JRELENFE R SAM KF, DMRN-Net 54V HEH
BARZES, PR RRE L35 T ASCHEE, A
2 [H TP Fa bR PSNR KE, AXHIES DMRN-
Net MHEGHA B RHETE, FIASCEIEEG T R FE L
WHB AR . A T I Tl A B RE B A0
K, HILAETE bR SAM _EAIX T H e Hikfs
BORIEF. R 1, ACEES R HEE
DMRN-Net # b, MFER CC. PSNR. sCC. UIQI 3k
E, HET 022%. 4.76%. 0.64%F1 0.87%, MIE
bRk SAM KE, BHET 0.72%, KA SCEIEE 5 Fh
FEMFEFR CC. PSNR. SAM. sCC. UIQI FEUS /AL
B, BEEHASCRIEE G IR AT 32 E 3 EUSE
UFIRCR

R 1 AR LS HRE

Table 1 The first set of experimental data of different algorithms

Algorithms cCt PSNRT SAM| sCCtT UIQIT Time/s|
PCA 0.4373 17.2903 8.3840 0.5512 0.6587 0.0643
NSCT_SM_PCNN 0.9318 284791 4.0874 0.7985 0.8091 86.7521
RSIFNN 0.8734 20.5217 8.0587 0.7785 0.8127 0.8032
DRPNN 0.9421 28.3581 3.8354 0.7821 0.8548 1.5214
PanNet 0.9721 30.5549 2.1245 0.7743 0.8611  0.7749
By 0.9784 29.8364 19743 0.8019 0.8546 0.8544
U2Fusion 0.9816 30.8673 1.7374 0.8251 0.8852  0.7965
HANet 0.9894 31.1665 1.6885 0.8378 0.9045 0.8247
DMRN-Net 0.9931 31.7482 1.6401 0.8414 09136 0.8472
Proposed 0.9953 33.2601 1.5946 0.8468 0.9244 0.7826
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Table 2 The second set of experimental data of different algorithms

Algorithms CCt  PSNRT SAM| sCCt UIQIt Time/s|
PCA 0.3679 16.8396 7.8233 0.4315 0.6218  0.0658
NSCT_SM_PCNN 0.9142 27.7532 4.3214 0.7783 0.8324 80.6325
RSIFNN 0.8612 18.3357 7.8521 0.7652 0.8052  0.7935
DRPNN 0.9217 26.2145 3.7412 0.7624 0.8375 1.3254
PanNet 0.9654 30.1842 22156 0.7839 0.8501 0.7683
WGy >L 0.9751 29.2644 2.0546 0.8121 0.8478 0.8774
U2Fusion 0.9807 29.8485 1.7681 0.8335 0.8813  0.8157
HANet 0.9887 30.8674 1.6997 0.8364 0.9082 0.8344
DMRN-Net 09916 31.3149 1.6648 0.8374 0.9123  0.8548
Proposed 0.9947 32.8233 1.6073 0.8387 0.9221 0.7978
MEEIZATIS IR, PCA ik, T 2.4 HRASCH

IS 1A] 5 45, NSCT_SM_PCNN fit B i i Ja] # K .
RSIFNN. DRPNN. PanNet. X4 % . U2Fusion. HANet
FA SRR FH (2 B TR 24 S I 75, {3 F
REEAE . AL N 7h 724, DA
|84 0.78s, DMRN-Net BIE AN ] 0.84s, %5
R H BB ERR R A J7 SR SEHURHIE 5 g2
FRBREETE S, (BT BB rmESm, M
25 TR EIIR BB ATE, FEOSAT R T AL
O . ROUERIBATIS AT /N TAR G 2 RE 53 i
1) 80.6's, B IE A b PR AT £ 1) 8 AN -

ZE FRTR, ARSCHTHR I EBURRLG BETE R R
TEREAE R EEAE b, A RE T MS B A R4,
TERLGE BB MS BUE, I+ B BT F B TR AR e b o

#£3 1 HESEEWLK LI

Table 3 No reference objective experimental data for the first set

Algorithms Dj;] Ds| QNR?T
PCA 0.1587 0.1697 0.6985
NSCT_SM_PCNN 0.1042 0.1127 0.7948
RSIFNN 0.0932 0.1088 0.8081
DRPNN 0.0898 0.0927 0.8258
PanNet 0.0723 0.0764 0.8568
o33 0.0714 0.0743 0.8596
U2Fusion 0.0756 0.0785 0.8518
HANet 0.0693 0.0681 0.8673
DMRN-Net 0.0583 0.0635 0.8819
Proposed 0.0574 0.0617 0.8844
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ERIA R, A (N2 REERF AL SE R R AT
REERIIEE. (b)INA 2 REEFFHESRBOET . R E
TEREIBSRAY 5B RIL. ()INAZ RERFAESR AL
B JREER L, I kGBS HUR5 % R £
THE(WHREA SR I EE, B T AIAER
7/~(a)MFEB+MAB; (b)MFEB+MAB-+DC; (c)MFEB
+MAB+DC+loss. iEFEAEH] LA P4 SAR Al MS
KB, il R & Z IR 3 . SRe 45 R
e 12 A1 13 s

R4 H2HESHERENLRLE
Table 4 No reference objective experimental data for the second

set

Algorithms D;| Ds) QNR?T
PCA 0.1658 0.1754 0.6879
NSCT_SM_PCNN 0.1325 0.1388 0.7471
RSIFNN 0.0974 0.1243  0.7904
DRPNN 0.0951 0.0934 0.8204
PanNet 0.0758 0.0803 0.8400
o33 0.0743  0.0785 0.8530
U2Fusion 0.0769 0.0797 0.8495
HANet 0.0708 0.0757 0.8589
DMRN-Net 0.0621 0.0686 0.8736
Proposed 0.0594 0.0621 0.8822
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(b2)
12 351 HIHRASLIG S R, (al)MFEB+MAB; (b1)MFEB+MAB+DC; (c1)MFEB+MAB+DC+oss; (a2). (b2)HI(c2)7 5 AEA ]
R DX 3R P&
Fig.12 The first set of ablation experiment results. (al) MFEB+MAB;(b1) MFEB+MAB+DC;(c1)MFEB+MAB+DC+loss;(a2), (b2) and
(c2) are their regional enlarged views respectively

(a2) (b2) (c2)
13 %52 HIHRASEIR 45 . (a)MFEB+MAB; (b1)MFEB+MAB+DC; (c1)MFEB+MAB+DC+loss; (a2). (b2)H1(c2)7 5N EAT
A DX ETROR
Fig.13 The second set of ablation experiment results. (al) MFEB+MAB; (b1) MFEB+MAB+DC; (c1)MFEB+MAB-+DC+loss; (a2), (b2)

and (c2) are their regional enlarged views respectively

ISR S M 6 KA, AH 3 ML, WEL AF S HALEH, AT 5 MENIEEE CC
F HJ77:(c) MFEB+MAB-+DC+loss (ASCHE) 1) PSNR. SAM. sCC 1 UIQI 35BS ARAE, 450
SIS R B, J7i%(a) MFEB+MAB [RUR i 2% 0.9947. 32.8233. 1.6073. 0.8387 1 0.9921. MK 12
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Table 5 The first set of ablation experiment data

Methods CCt PSNRT SAM| sCCt UIQIt
a 0.9913 324855 1.6343 0.8394 0.9167
b 0.9934 32.8586 1.6257 0.8434 0.9175
c 0.9953 332601 1.5946 0.8468 0.9244

RO 2 MRS

Table 6 The second set of ablation experiment data

Methods CCt PSNRt SAM| sCCt UIQIt
a 0.9906 31.8541 1.6371 0.8342 0.9134
b 0.9927 32.4387 1.6288 0.8366 0.9161
c 0.9947 32.8233 1.6073 0.8387 0.9221

3 REERE
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IR Z N 3) IRIESEY, BRI
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2 AR SCR VR A A, W DA A R
TESRELRE 7, I FLIBIE XA [R5 4 (0 N R fE 3R 4700
B A2 S I vE A S S, IR E RN EE
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B 574G MS G Z B0t MR, B D s
B 6 I  JRA B R B
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