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Abstract

Underwater image enhancement is of significant importance for marine exploration and underwa-
ter visual perception. However, complex light absorption and scattering effects in water often lead
to severe color distortion and detail degradation. Existing methods predominantly rely on spatial-
domain modeling and lack explicit decoupling of structural and textural information. Although dif-
fusion models have demonstrated strong generative capability, they typically incur high computa-
tional cost and struggle to jointly recover multi-frequency information. To address these challenges,
we propose a wavelet-domain conditional diffusion framework with cross-frequency collaborative
modeling for underwater image enhancement, enabling effective joint restoration of structure and
fine details. Specifically, a two-level wavelet decomposition is first employed to separate the input
image into low-frequency structural components and high-frequency detail components. A condi-
tional diffusion model is then introduced in the low-frequency domain to recover global structures.
Meanwhile, a direction-aware high-frequency enhancement module (HFEM) is designed to refine
texture details via directional modeling and sub-band interactions. Furthermore, a cross-frequency
correction module (CFC) is proposed to facilitate bidirectional fusion and consistency between low-
and high-frequency representations, thereby improving overall reconstruction quality. Experi-
mental results on the UIEB dataset demonstrate that the proposed method achieves a PSNR 0f 23.75
dB and consistently outperforms existing approaches in terms of SSIM and LPIPS. In addition, it pro-
duces more natural color restoration and clearer details in real-world scenarios, indicating strong
generalization capability.
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FERAIEAE, TSI I o] SE RS IR S . AR, X 2R VR AR R R IR ¥, TR EEHERAAY
TKESH, EEFOK TR G = iR 2= B

BT AR AR 1) 7 VRIE AR AR AR, 1 A2 i G A 3 R e o B D ol i« 51 2,
ELJ7 BTG [5] AN Retinex FRAR[618E ) 72 F T4 BUGXT LLEE 50 . tbdh, 2 REERG J7E[ 7 /il
BRI R S FoR O EUR A BOR . SR, BB 0K R RGN LER A, IX S VA A A DA TR
WA USG5 207515

VTAESR, TR BE 2% 2] () 712088 A 7K T MG S AT 78 1) 290 5 1 o 3R 207 2 ik 58 Bk B 1)
XF TR WER S = B B B C R, Rt PRI EF &, R AZE TS
LA 22 K] 245 ) i 1) ity B A TR, L Anwar 258142 H If) UWCNN LR, %077k EE Ak a5
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Figure 1. Overall flowchart
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Figure 2. Cross-frequency calibration module
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Horre~ N (0,I), Al fErhasinm Fse s . Gl B MEIZS S, IR B HE B (G T 2 A A 2D
FITERANEINE 7, TR 2 A5 2 00 51 3 TR SEILAA ISR 75 PR 25 277 i PR R AR
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4. IRERE
4.1. BURERITMNER

HNRG VAL P ARG R E 52 AR T, A SCHE MK BUEER A2 UIEB [18]F1 U45 [19] BT
XFHsEEG . o, UIEB #dR&ERMESEEIR, HTASH &P U4 BUREABESHEE, HT
TS H R . PREHE 145 A 5159 7 VR B8 MAR 3 38 ARG 15 0 B S 20 o S A J2 T L
ITERE VAN

X EG VR EL T 2 R A RER YR KR BUR S 5 5%, WREs (540775 UDCP [2]. UNTV [20].
WWPF [21]) T4 BN 4R 1975 (0 FUNIE-GAN [22])« PR A8 SR L HURAR IR 2 =1 5 (i
PUIE-Net [23]. U-transformer [12]. Diffwater [14]), PLFAIESZE64E B Z MM 5 78 0.

VPN TG FRJ7TH, T UIEB ##E4, KH PSNR. MSE. SSIM. LPIPS. PCQI il FSIM f&#5, M
BFRRE . SN BT 55 2 A T 455 VRl 6T U4S i 4E, SR UCIQE. UIQM Fl
NIQE &% f8br, LA & 58 BURLE B IOK R s s i &R 0.

4.2. SFEESCLE

4.2.1. EEVE
1t UIEB ##i4E L E B4 Rk 1 .

Table 1. Performance comparison on the UIEB dataset

%< 1. £ UIEB ##E5& LRI RELL S

Hik PSNR 1 MSE | SSIM 1 LPIPS | PCQI 1 FSIM 1

UDCP 13.72 0.051797 0.7091 0.1010 0.5748 0.8875
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FUnIE-GAN 17.92 0.022141 0.8377 0.0603 0.6351 0.9010
UNTV 14.64 0.037691 0.5214 0.1225 0.6471 0.6855
PUIE-Net 21.20 0.008861 0.9160 0.0413 0.7805 0.9505
WWPF 17.88 0.020753 0.8177 0.0760 1.0387 0.8710
U-transformer 21.34 0.010685 0.8171 0.0552 0.6706 0.8967
Diffwater 19.86 0.015427 0.9147 0.0382 0.9526 0.9526
our 23.75 0.006539 0.9390 0.0358 0.9159 0.9596

IR G5 R, AR ST VAR BN 5 S5 M TR RF D7 TR 3 SR I B R AR 35 o AH LU IAG 75 7%, HLAE PSNR
FHAS R A 23.75 dB, SSIM JRIE BB A, 15 B I 77 1k Re 8 AE VK S UG A0 4 11 [ I A R DR R 5 48— 2
P [AIS, LPIPS [%% 0.0358, A 5m 4 BAEA i F IR LSt BUR i AT o G549 5 I Anda br i [R5
TR R, ARSTVETE MG B SN E @ 2 [ SC 7 A ], T AR R — IRk L
SR BRI, RS I WWPE)E PCQI R IUE s, B AR 45 Mk S5 4845 b (0 R BLAR
XSS, FIREAFIEL BESG SIS . ML Z N, ARSCOTVELE 2 R bR 2 RIS T 58 351 B AR e 454 1
RE, PRI AR AR K R
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Table 2. Performance comparison on the U45 dataset

= 2. 75 U45 BURE ERMERELLER

Hik UCIQE 1 UIQM 1 NIQE |
UDCP 0.571289 4.002527 6.30373
FUnIE-GAN 0.517628 4338472 7.001771
UNTV 0.606872 3.976086 11.55812
PUIE-Net 0.527051 4.145846 6.061562
WWPF 0.594027 4269372 6.745383
U-transformer 0.533973 4.209621 6.246205
Diffwater 0.578710 4.282377 5.886452
our 0.596174 4.394435 5.89939
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Figure 3. Visualization results of different methods on the UIEB dataset. From left to right, the images are: (a) original image,
(b) UDCP, (c) FUnIE-GAN, (d) UNTV, (e) PUIE-Net, (f) WWPF, (g) U-transformer, (h) Diffwater, (i) Our, and (j) target
image
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Figure 4. Visualization results of different methods on the U45 dataset. From left to right, the images are (a) UDCP, (b) FUnIE-
GAN, (c) UNTV, (d) PUIE-Net, (¢) WWPF, (f) U-transformer, (g) Diffwater, and (h) Our
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PUIE-Net, (¢) WWPF, (f) U-transformer, (g) Diffwater, (h)Our
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Table 3. Ablation experiment results
7 3. HMKIER

7k PSNR 1 MSE | SSIM 1 LPIPS | PCQI 1 FSIM 1

Base 22.89 0.007413 0.8880 0.0414 0.7152 0.9112

Base + HFEM 23.59 0.006394 0.9384 0.0369 0.9151 0.9588
Base + HFEM + CFC 23.75 0.006539 0.9358 0.0358 0.9159 0.9596
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Figure 5. Ablation results for each module of our method on the UIEB dataset. From left to right, the images are: (a) original

image, (b) Base, (c) Base + HFEM, and (d) Base + HFEM + CFC
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