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Abstract: To address contrast degradation and texture loss caused by severe color casts and highly turbid
underwater environments, a multi-scale deep learning network for image enhancement based on spatial-fre-
quency domain fusion is proposed. By integrating the Retinex physical mechanism with multi-scale deep
features, the proposed method effectively suppresses scattering noise interference in turbid water. In addi-
tion, a collaborative framework combining hybrid convolution with spatial-frequency domain attention is
constructed, in which a dual-path attention structure 1s embedded within the encoder-decoder stages to si-
multaneously capture dual-domain features, thereby improving the modeling capability under complex deg-
radation conditions. Furthermore, an adaptive selective-kernel fusion mechanism is employed to refine

deep semantic features, enabling accurate texture reconstruction and color correction in complex scenes.
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Experimental results demonstrate that, on turbid images with a turbidity of 54. 11 NTU, including color-

neutral, green-cast, and blue-cast samples, the proposed method achieves average PSNR improvements
of 0.464, 0.473, and 1.944 dB, respectively, over state-of-the-art methods, while reducing the LLPIPS metric

by an average of 0. 94%. These results indicate that the proposed method delivers superior performance in turbid

underwater image enhancement and provides an effective solution for underwater robotic vision.
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Fig.1 Multi-scale turbid water image enhancement network based on spatial and frequency domain fusion
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Fig.3 Spatial-frequency domain attention module
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WA F I . 47,71 NTU ¥ 3 K i3 42 4 4]
B9 5 1 R PSNR 48 b 76 TG €0 0 L 2% €2 €5 g A
W (5 3 Fh O IR ER BT B BU(E R 17. 755,
17.699, 16. 403, it & F PUIE (MP) & 16. 854,
16. 825, 14. 228 #l NU*Net 9 16.895, 17. 301,
14. 301,

£ SSIM 48 b1 |, 4% 3C 5 1 38 58 ) 3 Al IR
&% 8 (8 M 0. 449, 0. 304,0. 281, #1%8 T PUIE

F1 FERBIREERIL
Tab.1 Comparison of metrics in turbid datasets

NTUR Mehods White Green Blue
PSNR SSIM LPIPS NIQE PSNR SSIM LPIPS NIQE PSNR SSIM LPIPS NIQE
12.62 MLLE 14.497 0.369 0.377 6.459 14.158 0.329 0.509 7.228 12.712 0.272 0.539 10.257
WWPF  14.734 0.402 0.354 4.809 14.288 0.359 0.486 4.885 13.247 0.317 0.501 6.149
LiteEn 16.766 0.514 0.322 3.998 14.666 0.450 0.484 4.075 10.740 0.401 0.667 3.908
PUIE(MP) 17.874 0.539 0.358 3.989 18.220 0.505 0.495 4.101 16.541 0.485 0.587 4.307
U-shape  18.644 0.548 0.354 3.709 17.807 0.511 0.508 3.891 11.934 0.423 0.647 4.603
NU’Net  18.443 0.533 0.335 4.033 17.774 0.481 0.486 4.780 16.904 0.474 0.512 4.570
Phaseformer 18.230 0.532 0.360 4.173 17.768 0.482 0.492 4.468 12.057 0.437 0.654 4.650
Ours 19.330 0.560 0.346 3.717 18.404 0.514 0.473 3.931 17.832 0.491 0.493 3.718
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Tab.1 Comparison of metrics in turbid datasets
White Green Blue

NTU  Methods
’SNR SSIM LPIPS NIQE PSNR SSIM LPIPS NIQE PSNR SSIM LPIPS NIQE
21.74 MLLE 15.633 0.387 0.461 6.115 14.683 0.238 0.597 10.083 12.918 0.204 0.605 11.164
WWPF  15.173 0.411 0.442 4.630 14.282 0.282 0.575 6.577 12.900 0.240 0.584 6.840
LiteEn 16.227 0.492 0.431 4.236 15.133 0.371 0.587 5.548 10.231 0.322 0.754 4.469
PUIE(MP) 17.377 0.506 0.471 3.974 17.877 0.401 0.594 5.355 15.682 0.383 0.690 5.011
U-shape  17.288 0.507 0.449 3.721 17.312 0.416 0.627 4.819 10.760 0.317 0.749 5.363
NU’Net  17.334 0.494 0.459 4.508 18.096 0.380 0.582 6.238 16.130 0.359 0.616 5.491
Phaseformer 17.506 0.499 0.444 3.905 18.043 0.409 0.577 5.004 11.862 0.355 0.742 4.877
Ours 18.556 0.521 0.450 4.117 18.359 0.427 0.556 4.754 16.913 0.380 0.585 4.180
38.21 MLLE 16.079 0.333 0.506 8.976 14.219 0.185 0.635 12.212 12.817 0.170 0.637 12.824
WWPF  15.473 0.377 0.479 5.852 14.037 0.233 0.614 7.813 12.676 0.204 0.620 8.628
LiteEn 16.079 0.456 0.474 4.460 14.454 0.321 0.637 6.421 9.619 0.295 0.786 4.924
PUIE(MP) 17.027 0.462 0.508 4.751 17.176 0.348 0.637 6.142 14.897 0.349 0.750 5.592
U-shape  16.707 0.472 0.482 4.202 16.566 0.360 0.711 5.648 9.848 0.286 0.786 6.216
NU’Net  17.076 0.447 0.498 5.593 17.648 0.322 0.629 7.079 15.287 0.320 0.662 6.105
Phaseformer 17.874 0.466 0.479 4.407 17.419 0.350 0.614 5.325 11.339 0.331 0.771 5.004
Ours 18.420 0.490 0.481 4.235 18.056 0.367 0.596 5.302 16.826 0.346 0.621 4.733
47.71  MLLE 16.488 0.314 0.557 10.102 13.919 0.130 0.667 12.768 12.297 0.115 0.673 12.936
WWPF  15.807 0.363 0.532 6.483 13.825 0.173 0.647 8.558 12.291 0.141 0.661 9.177
LiteEn 16.372 0.431 0.538 4.877 14.608 0.274 0.674 6.933 9.067 0.266 0.816 5.554
PUIE(MP) 16.854 0.427 0.572 5.266 16.825 0.288 0.672 6.601 14.228 0.294 0.814 6.141
U-shape  15.729 0.432 0.541 4.415 15.897 0.302 0.752 6.176 8.709 0.225 0.829 6.281
NU*Net  16.895 0.412 0.569 6.118 17.301 0.258 0.664 7.507 14.301 0.255 0.723 6.535
Phaseformer 17.453 0.430 0.538 4.078 16.957 0.288 0.651 5.186 10.873 0.299 0.801 4.920
Ours 17.755 0.449 0.536 4.505 17.699 0.304 0.625 ©5.859 16.403 0.281 0.668 5.083
54.11  MLLE 16.060 0.249 0.601 11.151 13.073 0.090 0.687 13.476 12.065 0.091 0.684 15.161
WWPF  15.594 0.299 0.581 7.197 13.233 0.125 0.669 9.373 12.147 0.116 0.672 10.103
LiteEn 15.826 0.376 0.588 5.333 13.568 0.240 0.694 7.679 8.963 0.257 0.814 5.769
PUIE(MP) 16.497 0.372 0.621 5.728 16.269 0.247 0.689 7.080 14.052 0.271 0.817 6.671
U-shape  15.358 0.378 0.586 5.029 15.726 0.256 0.796 6.970 8.563 0.211 0.833 6.923
NU’Net  16.405 0.354 0.632 6.663 16.643 0.209 0.684 8.051 13.824 0.226 0.737 7.030
Phaseformer 17.022 0.365 0.586 4.098 16.595 0.248 0.664 5.288 10.744 0.290 0.801 5.589
Ours 17.486 0.390 0.578 4.932 17.116 0.254 0.645 6.541 15.996 0.245 0.676 5.422

(MP) H 0.427, 0.288, 0.294 FI U-shape i
0.432,0.302,0. 225 A BRI, WA A 3007
PR AL fm 5 0 GR AR B BR S AR R SRR 5
SRR PR 2 TR AR B AT 1) S A
3.4.3 AFHIEEIRE

Sk B UE AR SC BT $ iz AR HE R L 4 i AE
UIEB, LSUI, EUVP i% 314~ 2 % ¥4 % f i
A TS 2% Bt 4 U45, Challenge-60 ¥4 4 I it

A, I 45 S an & 7 AR S s . 5 H Al X
R AN R (R A R I % i
J7 SR A4y, G o S 0 R AE 5L B Ay A LB
o P DL R W LS S EAR
£ 3N

MF 20 LLE AR SO IR AT S % D
X % (UIEB, LSUI, EUVP) #Y 45 % ¥ /£ PSNR,
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Comparison of qualitative experiments on UIEB, LSUI, and EUVP test sets
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Fig.8 Comparison of qualitative experiments on U45 and C60 test sets
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Tab.2 Comparison of metrics across UIEB, LSUI, and EUVP test sets
UIEB LSUI EUVP
Method
PSNR SSIM LPIPS PSNR SSIM LPIPS PSNR SSIM LPIPS
MLLE 18.783 0. 836 0.234 18.749 0.769 0.283 15. 244 0.656 0. 398
WWPF 18.753 0.835 0.224 18.674 0.768 0.270 16.143 0. 664 0.383
LiteEn 21.893 0.903 0.168 24.123 0. 885 0.225 23.526 0.835 0.275
PUIE(MP) 21.509 0.873 0.182 22.968 0.883 0.209 21.101 0.820 0.288
U-shape 20. 837 0.786 0. 246 24.995 0. 866 0.225 23.043 0.816 0.285
NU’Net 23.428 0.900 0.162 25. 848 0. 889 0.234 24.539 0. 840 0.283
Phaseformer 22.838 0.907 0.124 25.200 0. 896 0.153 25.672 0. 847 0.251
Ours 23.751 0.903 0.159 27.448 0.903 0.193 25.299 0.859 0.246

LSUT W 12 £ 2 ] , A 3C J5 ¥ 9 PSNR 5
27.448, Wl B = T Phaseformer [ 25.200 Fl
NU*Net iy 25. 848, & W A< 3C 75 12 7 41 715 K %2 fig
7175 AT SR

Je 2% M BT U45 DL K& Challenge-60
P B B SRR 3R . AR IEAE LS
#5458 UIQM il UCIQE R B 4, 1 T K%

Gy I XL O . R AR ST R 7E UCIQE #
NIQE %5 J6 2 % & br b HUS T 845 10 s 5%, (HIF
A B BRI e o R R AR T S G Bk
3 L PR AR o R T X L R A R ks
FEV T H AR b 500 5 48 TR 00 s 1 R
AT UCIQE (iR ), 20 208 T R 1 A
KM — B
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Tab.3 Comparison of metrics between U45 and Challenge-60 test sets
U45 Challenge-60
Method -
UulQM UCIQE NIQE ulQM UCIQE NIQE
MLLE 2.599 0.595 6.410 2.310 0.579 4.218
WWPF 2.932 0. 600 4.366 2.618 0.588 3.899
LiteEn 3.275 0.586 4.337 2.549 0.559 5.002
PUIE(MP) 3.318 0.583 4.144 2.658 0.567 6.205
U-shape 3. 246 0.567 4.484 2.786 0. 545 4.928
NU*Net 3.369 0.581 4.283 2.776 0.561 5.057
Phaseformer 3.005 556 4.420 2.719 0.555 4.097
Ours 3.318 . 593 4.168 2.827 0.574 4.844
3.4.4 MEkFI FEAR T 0. 627, 1A J1 M ik WA 17 58 AR A Al Hg

AR SCAE VR K B 4 AT T T
T H G, LA IERIBT R B, i R R
B SSR ML (w/MSSD) iR & 4 FL-25 [8) 4
B TE B Hedb i1 2% a) A ek v 7 34 (w/SFA)
2 R 405 BB A B (w/MSDEB) . 8K R I
TRl 2 R SSR LML (w/o MSSD) (IR A
FR -2 ) A 358 1 3 T e v i 25 T A0 A D 4y
(w/o SFA) . £ R JE 4177 B 58 55 5 (w/o MS-
DEB) . &5 J 43 7 25 48 5 4% B 1 Bs I) 7 1,
— 4 B Al SFA bl s 8] 3 h 4 S (w/
SFA-Sp) 581 5 )14y 3 (w/ SFA-FFT),

T AP SR R, KBRAT — B 55
SSIM Fil PSNR i 2% T %, LPIPS i [ 7, R W] 5]
B ZE R R AL FEAR B AR 22, fEdES %
P bR 77 1, 58 B A 7E NIQE 8 45 1 % 3 o
S AH BT T Rl A S O 2, L NIQE (B 73

MG EA & ARE, B/ G Ly s gt
e

9 J& X 7 ¥k 1 45 2 T REASLH T R AT A T
BRI RS . M ALE 45 ST LR A 5
Tilt 190 24 2044 1) B2 1 (baseline) BOBETE — & FE ¥ |
P TE X BEBE | AF AR B otV i K R R i T
G T 5 IS e S ) AR TR 4 A AT 1 i
A 25 IR, L S DX AT A TH AR . 7 S il
BEAY |4 R SSR & Bk (w/ MSSD) J&
B 0“ 55 AR 3 1 5 5 I, 3 5% B 1 R B i
i3 Fl G Retinex 9 FEALEE , 1 2h 76 70 4L 31 oy BE 2%
fiff T e LB KA TP B IO RS T IR T R A
Bl 5 TS SRR R . A S Ak A L v B 5] A 2
[F1) 47 48 0 25 S B4y (w/ SFA) G, g 7EE 14
B DX Y 3 IR R 4 A RIS TR N i 5 A
SR A2 TR IE o A AL 22 R A0 Y 1 O

R4 HBLEHER

Tab.4 Ablation experiment results
Model PSNR SSIM LPIPS UlQM UCIQE NIQE
baseline 16.513 0.388 0.571 3.314 0.526 4.888
w/ MSSD 16.677 0. 402 0.555 3.379 0. 540 4.861
w/ SFA 16.778 0.410 0. 547 3.382 0.541 4.965
w/ MSDEB 16.672 0.406 0. 569 3.405 0.525 5. 050
w/0o MSSD 16. 790 0.413 0. 557 3. 387 0.539 5.082
w/o SFA 17.091 0.414 0.563 3. 380 0.535 4.914
w/o MSDEB 16.723 0.408 0. 550 3.379 0.538 5.036
w/o SFA-Sp 17.189 0.420 0. 554 3.404 0.533 5.089
w/o SFA-FFT 16.727 0.413 0. 560 3. 369 0.536 4.908
Full model 17.943 0.443 0.531 3.362 0.531 4.350
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Fig.9 Key module ablation comparison
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F] H SIFT (Scale-Invariant Feature Trans-
form) 5 7 75 8 58 K8 5 e 7% 45° )5 19 2 7% K14
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er (Brute-Force Matcher) #F 17 9] i X ] ¢ Bk, IF
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RANSAC (Random Sample Consensus ) 5 5 317
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Tab.5 Turbid water image feature matching

o J5 IR ] -1
VETL A8 MR AR/ %

LPNEEES 4.43 2.38 19.97
MLLE 84.87 39.93 46. 33
WWPF 93. 30 41.60 43.73
LiteEn 40. 92 22.53 41.53
PUIE(MP) 51.05 27.43 50. 39
U-shape 44.68 24.12 52.52
NU’Net 68. 42 35.63 50. 01
Phaseformer 53.13 19. 33 28.74
ATy 67.15 34.03 48. 82

MLLE F1 WWPF 7£ 3 5 13 & v X Jy 3 80 2
18 2o 850 Ak KR 7K A S MR 7S A IR 1 A 0K A
PG 77 A T 25 A 4 JR L] A8 B i Y ) &
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U6y i R 0, H A 24— 354 8 RANSAC 9 JL A
— RIS TR S BN R R . X
LS D JC S5 5t 7 B T R R TR 6 O SO Y o U
B o TS Z PR 2 2 B8R 07 5 5 e SE g6
ARSI AE RANSAC B3I 5 1 P a5 548 br g
TSR, 2R A R2% ., KB 2ES
IR B LA A R DT B KR R B AH AR SO
AR LT B S TR R SR N
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