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Time-frequency Collaborative Guidance-based Visual Perception
Enhancement for Marine Robots

Ji Xun'?  Dai Chengsong'® Li Xiaolin> Zhao Haozhong'®> Zhang Yunze' Hao Liying'
(1. School of Marine Electrical Engineering, Dalian Maritime University, Dalian 116026, China
2. State Key Laboratory of Maritime Technology and Safety, Dalian Maritime University, Dalian 116026, China
3. Testing Technology Research Institute, Chinese Flight Test Establishment, Xi’an 710089, China)

Abstract; Marine robots often capture severely degraded images during underwater exploration and
operation tasks due to light absorption and scattering in water, which leads to low brightness, blurred
details, and significant color distortion. These degradations substantially hinder subsequent visual
perception and intelligent decision tasks. To solve the limitations of existing approaches that mainly rely
on time-domain modeling and neglect the role of frequency-domain features in structure preservation and
detail recovery, the temporal-frequency collaborative guided network was proposed for marine robots. The
proposed network consisted of two stages: time-frequency feature extraction and multi-dimensional feature
refinement. In the time-frequency feature extraction stage, a time domain branch and a frequency domain
branch were employed to capture complementary representations, and a cross domain collaboration
module was introduced to explicitly fuse multi domain features, thereby strengthening the representation
of underwater image structures and textures. In the multi-dimensional feature refinement stage, several
enhancement modules were incorporated to further improve reconstruction quality. Specifically,

polarization residual module extracted multi-directional features and performed adaptive fusion were
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which enabled

simultaneous enhancement of image details and contrast. In addition, dual attention coupling module

proposed to emphasize effective structural information while suppressing noise,

combined channel attention and spatial attention was introduced to reinforce local salient details while
preserving global structural consistency. Finally, multi-scale residual module with dual receptive fields
integrated multi-scale convolutions, attention modulation, and learnable scaling parameters was proposed
to adaptively highlight critical features and balance fine-detail preservation with overall visual quality.
Extensive experiments on multiple public underwater image datasets showed that the proposed method
consistently outperformed state-of-the-art visual enhancement approaches in subjective visual quality, and
demonstrated strong robustness and generalization capability in complex underwater environments,
effectively supporting marine robot visual perception and downstream tasks.

Key words: marine robot; perception enhancement; convolutional network; feature fusion; feature
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Tab.1 Comparison of proposed TF — Net with other state-of-the-art methods on three benchmark datasets
LSUIL EUVP UFO
ik G0

PSNR/dB  SSIM LPIPS PCQI PSNR/dB SSIM LPIPS PCQI PSNR/dB SSIM LPIPS PCQL
UTEC? Net 2021 25.060 0.846  0.303 0.795 25.002 0.812 0.323 0.751 23.490 0.740 0.384  0.730
Shallow — UWNet 2021 22.807 0.800  0.333 0.864 26.532 0.833 0.272  0.794 24.793 0.767 0.337  0.775
UHD — SFNet 2022 22.905 0.785 0.368 0.839 26.465 0.819 0.305 0.784 24.603 0.750 0.371 0.762
SurroundNet 2023 24.458 0.849 0.284 0.758 26.132 0.838 0.267 0.747 24.657 0.778 0.336 0.725
ADNet 2024  25.576 0.853 0.275 0.680 26.813 0.834 0.263 0.660 25.091 0.767 0.331 0.616
LiteEnhanceNet 2024  24.685 0.857 0.268 0.796 24.033 0.823 0.276  0.742 22.074 0.758 0.346  0.705
CFENet 2024  25.062 0.849 0.326 0.789 23.462 0.811 0.339 0.716  24.071 0.759 0. 385 0.721
DSC 2024  23.044 0.831 0.309 0.792 23.636 0.806 0.332 0.732 21.957 0.736 0.394 0.707
DFF — Net 2025 23.295 0.797 0.327 0.862 26.712 0.835 0.269 0.791 25.138 0.770  0.341 0.771
TF — Net( A ) — 26.098 0.862 0.264 0.874 27.370 0.845 0. 259 0.829 25.609 0.781 0.328 0. 809
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Fig. 6 Comparison of TF — Net with other methods on UFO dataset (first three rows) and EUVP dataset (last three rows)
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Tab.2 Ablation experimental results of different modules

Iy i PSNR/AB  SSIM LPIPS PCQI
CDCM 25. 490 0. 859 0.267 0.707
PRM 26. 066 0. 861 0.265 0. 708
DACM 25. 426 0. 860 0.271 0.734
MSRM 25.917 0. 860 0.275 0.706
TF—Net(A3)  26.098 0. 862 0.264 0. 874
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Tab.3 Ablation experimental results of replacing dual

attention coupling module

i PSNR/dB SSIM LPIPS PCQI
SK 21.215 0.771 0.298 0.752
ECA 24.244 0. 857 0.264 0. 746
SE 25.981 0. 862 0.262 0.717
CA 26. 115 0. 859 0.264 0. 687
TF — Net( A ) 26.098 0. 862 0.264 0.874
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Fig.7 Underwater edge detection and saliency detection results of TF — Net and other comparative algorithms on UFO dataset
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