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Fig. 9 Prediction results of each model
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Tab.3 Comparison of parameters for each model

7 P4l % Precisi s - A o B T AIsE
R Models 1513 Precision 4 [M# Recall F1{EH F1-Score  “FXJHK5EE mAP/% 24t Parameters V¥ A1z 354 FLOPs/G

Faster R-CNN 0.434 0.867 0.580 0.827 41755 286 355.16
SSD 0.820 0.300 0.430 0.490 14 812 195 24.60
YOLOv5n 0.900 0.832 0.865 0913 2503 139 7.10
YOLOvS5s 0.863 0.761 0.809 0.876 9111923 23.80
YOLOvSm 0.965 0.779 0.862 0.886 25045795 64.00
YOLOv10n 0.898 0.698 0.785 0.829 2 694 806 8.20
YOLOvV10s 0.944 0.751 0.837 0.876 8035734 24.40
YOLOvIOm 0.788 0.758 0.773 0.820 16 451 542 63.40
YOLOvl1ln 0.938 0.810 0.869 0.904 2 582 347 6.30
YOLOvlls 0.940 0.828 0.880 0.900 9413 187 21.30
YOLOvIIm 0.912 0.805 0.855 0.902 20 030 803 67.60
YOLOv8-HD 0.959 0.838 0.894 0.924 11 103 060 27.90
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Fig. 10 Enhancement effects of different modules
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Tab.4 Impact of different modules on model performance
A BiriR2e VAP 5 1L KT UGB PR SERAR L
Models MSE PSNR/dB UCIQE SSIM
Basic 0.017 1 19.183 5.553 0.616
Basict+Loss 0.017 1 19.250 5.565 0.634
BasictLosstPAM_N 0.006 0 23.775 5.590 0.879
Basict+Loss+PAM 0.004 7 24.129 5.489 0.895
Basict+Loss+PAM+UDCP 0.006 3 22.276 5.941 0.888

4.3.2  YOLOvS8-HD 71 il 52 560

£ YOLOv8-HD #5& %1 Ji it 52 5 ofr , fifi JH]
YOLOvVSn 1F Ay J AR 7Y | 4K YK 48 il FasterNet 5%
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Tab.5 Impact of different improvements on model performance

el Ll ES FEJEES FI{H Rl
Models Precision Recall F1-Score mAP/%
YOLOvV8 0917 0.770 0.837 0.869
YOLOvV8+FN 0.960 0.814 0.881 0.920
YOLOV8+FN+CA 0.974 0.788 0.871 0.892
YOLOV8+FN+STDH 0.902 0.817 0.857 0.878
YOLOvV8+FN+CA+STDH 0.954 0.814 0.878 0.912
YOLOV8+FN+CA+STDH+SIoU 0.959 0.838 0.894 0.924
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Fig. 11 Detection performance comparison with different module combinations
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Tab. 6 Detection performance comparison with different module combinations
(iR itk FEJUES F11{H RS
Module combination Precision Recall F1-Score mAP/%
Raw + YOLOv8n 0.655 0.511 0.574 0.586
Raw + YOLOvV8-HD 0.783 0.575 0.663 0.700
DUIE-Net + YOLOv8n 0.722 0.648 0.683 0.705
DUIE-Net + YOLOv8-HD 0.724 0.782 0.752 0.822

5 5

AHFEHE T — I T S 5 Y KT B
o} R A6 9% DUIE-YOLO, 5 78 fit th /K F ¥R
B rhEs LA PG o ek [ A 44 v E BrAS P g
e & 1% 4% 5% )7 1l , DUIE-Net £ 8 4 . F* TCTL-
Net 15 % /£ UCIQE F1 SSIM J5 i 43 Il &5 1 0.787
#10.041, {57 MSE fll PSNR /i 2, X & H T
DUIE-Net 5| A T UDCP ¥ #1355 )7 vk , i 454 A
M EG S22 G — e 122 5, fETH Al e 5
2% B UDCP £ 3t 1% i} i) MSE 1 PSNR {5 5
TCTL-Net 5 8AH T, (H7E 0 77 1, 34 UDCP
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DUIE-YOLO: An image enhancement-based underwater squid target
detection algorithm

CAO Liling , HU Haoyu , CAO Shougqi
(College of Engineering Science and Technology ,Shanghai Ocean University ,Shanghai 201306, China)

Abstract: To address the decline in target detection accuracy caused by blur and color deviation in
underwater images and to improve the accuracy and robustness of squid detection in complex underwater
environments, this study proposes an underwater squid detection algorithm named DUIE-YOLO based on
image enhancement. The algorithm adopts a cascaded framework of “enhance first, detect later” consisting
of the DUIE-Net enhancement module and the YOLOv8-HD detection module. The DUIE-Net module
significantly improves image quality through color correction, multi-scale feature fusion, feature
restoration and enhancement, and dehazing optimization. The YOLOvS8-HD detection module combines the
FasterNet network, a small-object detection head, the CoordAttention mechanism, and the ShapeloU loss
function to optimize feature extraction and small-object detection accuracy. Experimental results show that
DUIE-YOLO outperforms the original YOLOvVSn in four key metrics: Precision, Recall, F1-score, and
mAP, with improvements of 4.2%, 6.8%, 5.7% and 5.5%, respectively. Joint experiments demonstrate
that the combination of DUIE-Net and YOLOvV8-HD achieves a 40.3% increase in mAP, a 10.5% increase
in Precision, a 53% increase in Recall, and a 31% increase in F1-score compared to the baseline (Raw+
YOLOvV8n) , proving the algorithm's significant cascaded optimization effect. The study indicates that
DUIE-YOLO effectively mitigates the performance degradation caused by poor underwater image quality
through the synergistic optimization of image enhancement and detection modules. This research provides a
high-precision solution for target recognition in complex underwater environments, offering significant
application value for marine biological monitoring and resource development.

Key words: underwater squid detection; object detection; image enhancement; multi-scale feature fusion;
YOLOVS
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