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Degradation Information - Guided Underwater Light Field Image Enhancement and
Angular Reconstruction

LIU Deyang, LI Shizheng, ZHU Yuhang, LIU Hui
(School of Computing and Information, Anqing Normal University, Anging 246133, China)

Abstract: Unlike traditional 2D RGB imaging, 4D light field imaging captures the scene from multiple
angular and carries its own geometric information. This feature is expected to solve the problem of
underwater imaging. We propose a degradation information-guided underwater 4D light field image
enhancement and angular reconstruction network based on the angular properties of 4D light field images.
The network learns the degradation information of underwater images from different angular views after
downsampling. It converts the degradation information into a convolution kernel to be passed to the original-
size underwater light field image, realizing efficient exchange of degradation information between
underwater images of different angular views. By fully using the degradation information and spatial-angular
information of the underwater light field image, the network proposed in this paper can better complete the
image enhancement and angular reconstruction of the underwater light field. Meanwhile, this paper
proposes the spatial-angular aggregation convolution for the light field characteristics, which efficiently
learns the correlation of texture information between different views by calculating the gradient difference
between the centre pixel and other view pixels. The effectiveness of the network design is fully verified
through quantitative experiments as well as qualitative experiments.
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Fig.1 Overall network architecture

% 3 A% i B JR 43 B 0 g R b, DT B8 A A48 5K T OGS R 3 g 5 S . T4 I 46 11
M 5 T K ot G A 38 i R0 R A AR )R b T A A T SR AR
1.1 Rt

W 45 15 S B Lo, 1925 8] 2 BE UEAT AR5 R SR AE A5 BIBE SR AR JS 19K FARFAE BR D, e FE Ry 3 X u X

h ok g o , N
vxzx%o AR P A PR 2 A BB A X (8T 4% B9 T SR AR R 27 > B ALRRAE , Bk A 1 X S i 2 ]

R TR AR B2 H A TR 2 B IR B 3R A T PR IR 2 R R AR RRAE o RV A IRl
SR 2 8] B GRS B B T FE A ISR AR A T A AR ) s
(Conv2d) X} D 1 {9 54> F FLAR KR BEAT 00 4 FRAE 4R LS 8] D, RIK N
Dy = C(SAIL,)  i€{1,2, -, u*v} (1)

K SAL, R D i FALREER, C, Rom — DL RGE R e, SRS 8 10425 | -ff B2 2R
AR 2B (SAA resblock) Xt Dy #EAT IR AL FFAE (1924 2] 45 2R L RRAE Do 3 5 3% 11 938 1k 46 B A
B 8 42 RN AR AL RRAE D, LB B IE G385 Lo ST D (8 10 425 (8] - 2 5 A 5k 25 B ik
AT R 2 3R Ab RRAE 1 £ 0, 745 3 B 2 K 1 iR AL RRAE D

25 B - ff B 3R A pk 22 B an 1 2 Bt 38 Ao 0 FH A A B - R R A B R
Fl—~ Leaky RelL U B oF £ 25 [0] - F BE RRAEHEATHR G 32 IR ER & L JF AL
i3 ik 2 1 B 0 O SR IR R AR IR S B R E AT B, R RN N

Fea,, = Hy.(Fea)+ Fea (2)
s Hy  3R7m 25 0] - B R G 3R 25 3, Fea R 25 0] -f AR 22 L g A B0 s - 5 2 e
Fea,, #7825 [A] -1 BE 5% 22 B i fan i o SRy T
W -AEREGEHRMITEHR —EE 3 X 3X 3EHEM 412 Fig.2 Structure of spatial-an-
6] - B 22 S B B2 M . Hovh s (] - B2 R G & BN 3BT R 72 3 X 3 X gular aggregation res-
3B =42 8] A 5 A0 A S A 26 A AR E B R K B T block (SAA resblock)

REHIM  hitps://www.cnki.net



378 F R E B L Journal of Data Acquisition and Processing Vol. 40, No. 2, 2025

(e I 3 50 22 [ S R A 2 S 1 5 3% B B 22 RE 68 BT 4 b A 4k A
BB FLAR IR 2 1 0 7% 2 A9 G R

FETH LR GE AL 55 o 58 24 947 & BUZ B AR T 4 1
F A REAE AR AR A 23 47 ok 2 B M A B ] A4 S 3 5
Ntk — A, AR SO S i M) A BRUR B el R R A
B3 3 X 3 X 34 BRUZR Rl — > =3 (8] - JiE 2 57 6 BRUZ g 16

— MR EEZ

T FREAE R S M RR T & 3 A0 2 A4 KNV A &3 25 ] - BT B A R TR 4k 14
R ANIE J5 3 — B = 4 & BUZAE T A [ 9 A g Fig.3 Structure of spatial-angular aggrega-
i MR 5 R A 0 A5 B e B L T 4 TR A S s R A S B o7 tion convolution

B EARN, TS B — A S5 0 1Y 4 B 1 T S 0 B TR
HEAT A BB AE A5 BAH [R] A e 2t o DRLIRG L 325 — R PR B 8 &, AR SGE i B SRR BOR | (75 25 )£
JE 58 A BGRB8 T A B2 A [] A BRI ], R R R
F o = Knoma*Fin T Ksap*F iy = ( Kxoma T Ksap ) *Fiy = Ksan *F, (3)

s Koma 78 3 3 X 3 X 3B BZE , Koap #7825 0] -1 BE 22 T2 Koan Rl 3 #2808 R 15
- EREER,

IR Ak A BB A S e an 1 4 P o 38 3 ol O 2t 46 )2
(AvgPool) il — 4t 4 BUK IR AL AE 52 L B B . Hoh D,
FoRIBARAE ,1e(1,2). @B E R A B, D, Al
D, WA B R .
1.2 xHEE

TE 65 W A B B, 15 XK O BRI — A — 4k 4

BUIEAT 00 46 A AE S G 3 26 B0 P AR AL Al iy B s o P4 RICERBURBURSG
B BT 15 BT . FEAS 5 F 501 5/ 2 £ Fig.4 Structure of degenerate convolutional
T 5k 25 BT AT A5 R0 B 8 0B SR, R kernel generation (DKCG) module

Je A AR AR A 3 B B 2 10 4 FRAZ AT 0E — 20 BOMR SZ A5 BIARAE Foo 1 RIS ] HE 88 1) 25 1] - £ B2
{5 BRI T — > 2 RUE 25 (8] -#f 1 R 4 B e (Multi-scale spatial-angular aggregation module) . 7£15 3] £
FUBE 25 )~ B2 5B A B i i 1 0 T 0 S 15 40 B o B e A B e X A R 4 TS KO 1 15

2 R 25 (6] A JE B AN 18 5 7R B R AR Fo ik A 22 RUBE 25 6] R B2 5 b Ll i ] = 4 4

PS5 2 R 2S (] - B 5 R e 25 4y ]

Fig.5 Structure of multi-scale spatial-angular aggregation module

REHIM  hitps://www.cnki.net



X fe e R AT FHKTABEREERL AR TR 379

FUHEAT T RAE , AT H 42 38 KA B AE o JF FLAE = 4 5% 8 5 BT 1Rl i 25 o) - M JE R A
B B R AR R SE 09 25 (8] A B AR AE () Ao (0 P Sk B 2 0 VR U2 R A1 5 9 2 R A 0 A7 o8 42, o sk A 7Y
L&

I Ja ¥ 22 R 2 [ - B 3R G A H i 4 % A SR AE (Upsample) B8 . 38 50 K 38 38 2 5 5 45 2 ff
JE Ak B, A5 3] a5 28 ) B 9 SR RE 1Y TR KO S
1.3 ilZ%AETs

Bt T — R BRBOR Y AR T A 2%, AR A U

Loss=yy| L, — GT | + y.Per(L,,, GT)+ y5(1 — SSIM(L,,, GT)) (4)

K GT AR, Per(+) ™ FR M ImageNet E TR VGG 45 1 18 SORE B8 2K L SSTML(+)
FORGEMAMBIER R . 3B y, oy My /L B 1.0.1/1 1,

2 SKEENTEE

FEYIN 23k A2, N LF B BEALER 35 25 8] RSH A 32 X 32 /B, BatchSize K/ & 0 1, I 24
2B S5e—5, 8 1 000 K EAC: , IF HAMAEH T 2, =0.9,8,=0.999 1) Adam EfL#% . BT 4 H 14
J5 ¥ 4d ] Py Torch 52 8, Y257 — 4 NVIDIA RTX 5000 GPU Fi#E4T . 63 B4 RGB i i i {5
{5 W H (PSNR ) 125 A4 A BLEE (SSIM) 46 Aok BEAL PP Al MR B . 3 FH SCRRL 16 ] b A K R R B0 48 |, e 4%
55 3k G UG AE R U2 50 , 14 5K 63 R AR AR EE . B T H AT R A S 3K R G R 0 f
FAAELE . R, A SO B T — S8 5 O 1 4R Y 5 [ BE 7 15 Fusion' ! + LE-EASR™/ I Fusion+
Distg ASR'™ o [A] f 46 He T — 26 35 T I 2 S (1 £ S 9 4 £ 3 R 4 B R 5 1 . LE-EASR 1 DistgASR.
i g ol A 8 M B 1 2L AT KT R Y 1 i 5 A R R A
2.1 AEAEEEREFEMNIILE

XFH TR TR 7 W 0 G T S, P 6 RITIRL 7 43 0 64T T o P 5 SR I X L, 6T b T i A PO A
FE AT EPTEME . 1816 i 3 55 30T B I (9 2 £ g 2 , 3 R 200 € A 25 4 7™ 3 8 3 K T PR35 TP (R 25 4
A . FE R IE J7 T, R A DistgASR \LF-EASR FIA SCHEH 0 7 i S W B T (o (a2, (B
DistgASR J53£ 51 A T B A 52, LE-EASR 48 15 M 5 ¢ 1 P v 1 (4 1 i S0 3 R0 3 € . % b Dist

K6 3 1 H H T A X L K7 Yo 2 3 T i E X L
Fig.6 Scenario 1 subjective comparison of reconstruction Fig.7 Scenario 2 subjective comparison of reconstruction

quality quality

REHIM  hitps://www.cnki.net



380 F R E B L Journal of Data Acquisition and Processing Vol. 40, No. 2, 2025

gASR I LF-EASR, A SC 5 v s oy b & 8 1 Bl P AR W) 20 R A 2 o XA T AR Sl i iR R A B 4R &
4 S Ao R E B KN USRS T A e o O BLAS SO vk i A EPT RS $E AR A, 3K 6 AR S
J5 v O R B R 5 0 LA 454

75, W B B 7 ik TR A A AN S RAE R R I IE B . DistgASR Al LF-EASR
RTTBE G s 5 AT DN o AR SOy I A S E DX SRy XS T SRR Al SRR B . AR SO I AR
WA T e AR 2 W B AR SR A B B B 1 0 25 o R OR I AR 5 BRI GRS A TR T, ikt it —
ANEF X RGB Bl (8 25 5 1 4 2 bR 50
2.2 AEAAZEERMEEITEE

AR STy 1 H A AR S D TR G R A X EE N ER LR o R R BN Y 4 T R AR R
5 (1 PSNR Il SSIMAE #E 4T 1315, B S BOHF BEAE R i 645 58 . PSNRH i He 48 5t Ik 18145 R 4k
5 ER H ¥ 7 1R 2% (MSE ) Sk i i R o, b Al

MAX?®
PSNR = 10-Ig VISE (5)
A MAXCH EBAR R B 5K AT RE(E X5 T 87 R Ll 5y 255, MSE 34 5 e 22 iH A Xl
m—1n—1
MSE:LZE[I(i,]’)—K(i,]’)]Z (6)

mn = =
AR EAG R, K oAb PR A S, m F0n 53 550 D IR A AT BOM S 8. PSNR (BB &, 7R R BT i
MG o SSTM J& — Rl H] T4 2 9 0 UG 25 K AR U PE O 48 A, a3 0 00
(2p,pry,+ C ) 20,,+ C,)
(it pl+C)el+ 0!+ C,)
2 s Ry 4300 S D Ak PG R A 38R T A58 oy 358 DX I, e, A gy 4300 S 3 T A XS 35946, o i 0 43 53
R AN I 7 25, 0, IR AN KR 7 25, C R C, o FE T RE 43 BERY 4. SSIML(E i I 7E — 1
B 12 (8], fE R T 1, 27 PR AR 0 45 4 AR M B & o 7R 1153 PSNR ORI SSIM IR i # 23 %f 4% iR KR
PEAT 5 B AE R 1 2 A KRR AT 1155 05 BOF S48, LIS B — 25 G i PR 25 21

F1 KTABEGE2X2>TXTEZSHERLEREEN

Table 1 Quantitative comparison of reconstruction results of underwater light field images for tasks 2 X2—>7 X7

SSIM (., y)= (7)
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PSNR/dB 15.89 16.03 18.16 17.22 18.80
SSIM 0.563 0.556 0.750 0.713 0.734
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R2 KTABEGE2X2>-TXTESHERLERNIERTEE

Table 2 Comparison of ablation results on underwater light field images for tasks 2 X2 —>7 X7
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AR 1 X N, N 18.51 0.729
A5 fA 2 N X N 18.21 0.724
K3 NG N X 18.41 0.765
Ours N N N/ 18.80 0.734
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Fig.8 Subjective comparison of reconstruction quality for different variants
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