) FEAL I =22 ( A AREH#IR)
2026 42 H ,%5 56 #4551 ], Feb. ,2026, Vol. 56, No. 1
ﬁku

Journal of Northwest University ( Natural Science Edition)

- BRI E -

HOEREGBEOHEEEZENSNEETENEE

mege', awest AR, R, £ O

LopadeR: i 75 Barbe (N RESABe) , BRvE P22 710127,
2GRN TR RE SR A BRI BR PY 48 o S A T SE 0 BRIV 1% 710127

WE  ERERMBR SR @6 IR B L R o PR B, A raiE R B2 Fe B
AR, A —FA, R E AT HRGAEEE N AT IR B 5P R T M BAL
AW RS PR E BTN B 18 & B AR AL B AT, A 52 B AR ARG IR AL SR 2T
B AT ARSI A 3G 5%, R )G AR & 2GR 2 & ) Ao dE sP AR B AT IR M R 09 12 & A B,
AT REABARARBZIEGMLIXG, EEBSZoHEEAR, FREREAN, ZHLEE
WHU-RS19 | X 4& L 692848157 b Fm 25 My A0 HE 4 %) 4 28.70 dB.0. 753 9, 4~ 5] W R AL
FiEFEHT 0.19 dB F20.006 6, F s B AL 6 40 ¥ b F A F  AEILIE A A= ALK £
HRIIE T % F k0 A AUk

KR ERBR; R #%? SR AR BB EE T

RE5SZE S .TP391 DOI:;10. 16152/j. enki. xdxbzr. 2026 -01-010

Efficient channel attention algorithm for super-resolution

reconstruction of remote sensing image
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Abstract Remote sensing imaging equipment generally faces the problems of long distance and low imaging
resolution, which directly affects the quality and application effect of remote sensing images. In order to solve
this problem, a super-resolution reconstruction network based on feature enhancement of efficient channel at-
tention is proposed. It introduces image super-resolution reconstruction technology into the field of remote
sensing image processing, uses the grouped convolution feature enhancement module to extract and enhance
the features of the image, and then uses the attention module composed of efficient channel attention and
asymmetric convolution in parallel to establish the relationship between different regions of the image, and re-
constructs low-resolution remote sensing images to obtain idealized high-resolution images. Finally, the experi-
mental results show that the peak signal-to-noise ratio and structural similarity of this algorithm on the
WHU-RS19 test set are 28. 70 dB and 0. 753 9, which are 0. 19 dB and 0. 006 6 higher than those of the sub-

optimal method, respectively, and the details of the reconstructed image are more abundant.
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Fig.1  Group-enhanced convolutional neural network based on efficient channel attention
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