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AL, LAIE TR B2 DN 1 i 45 7 VR P A S, S BN (7 3 95 PR 55 UG ) PROS P . /L OGSz 30 45 SRR B, GSNeet
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A deep learning based approach for image recovery in harsh battlefield
environments

SUN Chuan-meng"?t, CHEN Jia-xin''?, PEI Dong-xing"?, MA Tie-hua"?, ZU Jing', REN Yi-feng?

(1. State key Laboratory of Dynamic Measurement Technology, North University of China, Taiyuan 030051, China;
2. School of Electrical and Control Engineering, North University of China, Taiyuan 030051, China)

Abstract: To achieve effective recovery of degraded images from harsh battlefield environments and reduce the
interference of environmental factors on battlefield situational awareness, a new and end-to-end image recovery method,
gated sampling network (GSNet), is constructed. The network adopts encoding block-decoding block as the basic
architecture, CNNs and gated convolution as the encoding and decoding mechanism, compression and excitation
network as the connection mechanism between encoding and decoding blocks, rescaling of higher-order information
importance to distinguish targets and background features, and the channel granularity factor compression method as the
light-weighting strategy to achieve rapid recovery of battlefield degraded environment images. The relevant
experimental results show that the GSNet model can achieve a PSNR of 19.35 dB and an SSIM of 0.724, which are
better than the compared mainstream image recovery algorithms in both objective metrics evaluation and subjective
visual performance. The lightweight GSNet model reduces the number of parameters, FLOPs, and single image
processing time by 56.6 %, 54.6 %, and 55.56 %, respectively, with smaller improvements in PSNR and SSIM.
Keywords: image recovery; harsh battlefield environments; deep learning; gated convolution; compression and
excitation networks; light-weighting
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RBFAN T 0] 75 1) WA i i J2 R AE (B 5T B
J2 1 B B JERHAE R B 5T MR < Ta) ) 48 X
WGVE” 5 2) WA 43 B UG R 5 TG R, I B g
FE R 5205 3) 4nfer ) B A3 B B B BB, AR Ak X 2%
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T R, © TR B, Output A HRFAE.

AN A 2
= | | ek ==
g i b

= E:c JBIH:c
HIE:2x ¢

i

C

4 MHEER

XF 1% 5 I P B BRI AT 551 &, B AR5k
R BN 2, 1 SR WS B AT
5 R AN EE T L B A T RO AR T SRR R 4%
GrtD AR I AR, TR B 2 ) AR B
1) 5 H T R AIE ST H (1 A T 55 E RS 2, A
ISP B R ELRBEENX
1.2.3  E4EABURN M 25 55 (SENet)

J 45 FHE5 il T 245 A5 e s S ()l 1 M AN
[, S X b e Sl 0 ) (740 R B AR G R, 1 38 o
TR IR TR AIE T 7, AT A 42 SRy A5 R ki 3 P
R A E B RFE M) JCRURFAE. SENet £ 5 7 5%
Iy, — 5% S HIE VAL BRI BRI, 71— %% A
FE48 -5 B AR R R R AE LS #5380 1) E R, 45
I s piri.

E|S2AcdN ]
(TN => (I
IxIxc  IxIxc N\

—_

774

Z

Wi SRRV
5 [ERFNHI LR IER

BB A RIRAE WA T € ROW 2545
BRI N — e R 2 € ROV 4
1 H M
T if 2 2 Li:d). (6)

i=1 j=1

A B 2 AR SRR PR A Ja R ) A5 B 9% 0 I ) 5
EREFER, ZE R4z e ROVIRIRN

z = o(FC(I'(FC(2)))), ()
HHIFC () i .

AT R ) TSN = BUAI R R 1N /)
E I T8 4E B2 b Rr R AR E, B € B s €
RCxHxW,;E‘

s=2-1. (8)

7 GSNet B2 rh, 28 g i B i% 2 R fIE S R A 3R
R 2 RS B I AN R A 2%, T o RUE Bk i
B, £33 Z A FRFEERE AT R 2 O
s B PER, XXEE LS E G E ST S
W AAF]. FH SENet /5 gt B, figf e iy Be bl
il AL 2] 7O TR RE B b yE” A, A AR 3 B S
AR AR E EAERUE B, A RS B E R
FEA X 45, T AR KB - 1 PG ) e
1.3 [ITNEREMEREN

AR G 37 5 1, i34 T 35 6% 25748, X5 B
TR (%) S NP SRS W 1, 25 B TR BE 7 S B 2.
AT R BOR BRI, — P AT 2 0I5 72 X
RPE 28 S B B AT BUA AL R, T8 2 B R X 48 AR S
1) FH 388 TE AL P AT SIS T 142 SR A I 24 2 B A b 3L

W, — AN R P AN ) — R
(1) JR S ARFAIE, DR LM 35 AR 2 Hh A () ) B AR AR ) 24
LAREATAE TUR, M 3 TU AR 188 2 SE I R AR s A )
AT B ARSI, £ BT R 8 b 26 25O 1 38 T8 AL
RSN R B B, A R R e i 0 2% 1 v
B 1t Az AR RE. T AE B FRE B R AR PR R
ZFIYGE T RFAE SR B AR B IS 351 T RR R SR U
JUBE. PRt ) P 388 T AR ARG 1 4% SR A X 2% 5 J2 18
T8 3 AT ROBE, & ROBE T 38 $2 )R AiE A2 AH 7] 51
FEABL ), 12 A A 5T I 28, I 48 43S ROBE TN 42 AH [R] 1
JE 4 ZE 30 AT 0 T8 BYA, {75 5 X 28 SR HS RV RFAEAE 25
JROBE N 3545 21 200 BE , DT S5 KRR B2 b AR R Ji b 2%
TR 1 Az A PR RE. WIBTESE & DT —I8IE N
d, ¥ dF F5 T Ak g 1 T A AU PR PR Sindex (¢)
X3 AR A BRI SS::

Sindex (d") =



FAH IMERR F A TRESF

I8 E S R IRFE R B Tk 1301

round{N[ 1 TCINEE %} } ©)
w7 (D))
o w () AR RT3 KA, round () AU AATE
S5 N N IETE R R 1, R AR B R, NV
K D 5 R o AR A AREAIE 28 22, 40 W A B P 2%
B A
12X (9) WA, PTG IEIE R 7 9 N+ 1428900, 41

P — 0 iEE 2 H AT HET i TR AR By
HEAT BURE. BB R AR A AR IR B R & A
TEIE, FRRFE RN R — LS € [0, 1], % r /N T
PR 5 1 BY A 2 13 0 B a1, 15 R B . A
2 TUAR B JE S £R A B BE LA B, SIEBIL T 142 SR A 1Y 4%
BE.
2 SEWER KT
21 XWHER

AT N T4& il 4 RESIDE SOTS /Al
S, e B A X 87 1K) 3 000 2H 15 K ; 46 FH SR AR A%
B (1) b5k 3 PR 58 A A0 E s AR AR S AR, LA
1000 ZHAH B0 [ 53 PG It . (=TT, gl
X GSNet X} B 5237 5% iz A6 B8 77, & Ll 78 K Ji s T
JEA K B PN AT S5 R A 1) B S P o G AT

F B SIS A ES 4 : Intel Xeon Gold 5218R
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