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Marine life identification method based on improved RT-DETR

Jiang Zhichen' Hu Lirui®
(1. School of Computer, Electronics and Information, Guangxi University, Nanning 530004, China;

2. College of Electronics and Information Engineering, Beibu Gulf University,Qinzhou 535001, China)
Abstract: Addressing the issue of subpar performance in identifying shallow water marine life in underwater
environments using existing methods, we propose an improved method based on the RT-DETR benchmark model.
Initially, the reparameterization network RepViT is utilized as the backbone of the model, enhancing its feature
extraction capabilities. Subsequently, a reparameterized parallel dilated convolution (RepPDC) is constructed and
incorporated into the neck network, enabling the model to effectively capture long-range contextual information,
thereby improving the model’ s recognition accuracy. Lastly, a bidirectional feature fusion module (CAFM) is
constructed based on the attention mechanism, enhancing the model’s ability to focus on key information in underwater
environments. Experimental results demonstrate that the improved method significantly boosts the mAP50 to 87.5% ,

mAP75 to 70. 9%, and mAP50:95 to 64. 9%, with fewer parameters, making it a promising candidate for practical

applications in the identification of shallow water marine life.
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Fig. 2 Structural re-parameterization
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Table 1 Comparison of different methods
) W% mAP50/ mAP75/ mAP50.95/ Z%Uit $g{®%%ﬁj $§%Wg%ﬁj
Tk Kok y % % (10%) I B 1) I 2 )
(Batch Size=1)/ms (Batch Size=4)/ms

YOLOv3t™* 300 80.7 56. 8 52.4 12.1 1.755 0. 449

YOLOv5m 300 85.3 65. 9 60. 9 20.9 2.598 1.113

YOLOv6m 400 86.5 69.7 63.5 34. 8 2. 401 0.914

YOLOv8m 500  85.3 67.6 62.1 25.9 2. 439 0. 969
DINO-R50 50 85. 2 65.0 60. 2 47.6 — —
Deformable-DETR-R50" 50 83.7 61.7 56. 2 40. 1 — —
UW-YOLOvS — 86. 8 — — — — —
DyFish-DETR — 83.2 — 57.9 — — —

RT-DETR-R18 150  86.5 68. 9 63.3 20. 1 1.012 0.613

A 3L 150 87.5 70. 9 64.9 18.9 1.511 0. 825

AR ST 50 87.5 70. 7 64.9 18.9 1.511 0. 825

TR AT TR TR ok B B v AL TR W . AR T
B AT AR KA HIHERAE R YOLO £ 55 ¥k . A SO 4
B PR 4 HE PR ) A L YOLOV8m 3870 T 29 1 ms. AUN
YOLOv8m M Z H 43 Z 75 1T, /8 Lk YOLOv6m /> T 2y
0.9 ms, Al WA SCH PR R VRS FE B |3 F YOLO R34
2 B TRV 4 2 8 3 A B B DL A B YOLO &40 7 ik
ARSI AR B & b, X H AL DETR &4
A, Pl T L S S Ao ARG T A AR i S A 1, R I AR S
VAT Xk LR A 0

2 JRoR T AR SO I X g — 25 H bR IR BE (s
JELLEE R 0. 5~0. 95, HRIFAA 0. 05 Y35 i 6 28 1Y) °F
BIED o L B AT 0 O I AR SO IR T A S 9 i
AW L R K B TRUHRG B B AR T AE 0 2 R 3 )
T LU A ) AR L A SO R AR T B o B
AR EC G RTA T R A AR T T 2.3 AR 2. 0 N E SR AL, M
H YOLOv8m, A SC e fa 2 55 g L DL BOK B 1 iR
A EBABKRESE 5 HRTET 6.0.3.9.3.8 LK 5.3 4>
HA R

K2 BEBEHRINBE

Table 2 Detection accuracy for all types of targets in RUOD %
Ty ik B il Ji3 W i 102 B WK S i, KBk
YOLOv5m 49.5 52.2 53.1 55.6 49.7 52.4 71.2 80.0 78.8 57.4
YOLOv6m 52.6 54.6 53.9 57.6 53.9 56.5 74.5 84.6 84.8 61.0
YOLOv8m 50. 6 52.5 53.7 55.5 52.2 55.2 73.9 83.1 83.4 61.2
RT-DETR-R18 51.1 52.4 53.7 56.0 55.9 55.2 73.9 85.9 85.3 64.6
'S 52.0 54.2 54.3 56. 8 58. 2 57.2 75. 4 87.0 87.2 66.59
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Table 3 Results of ablation experiment

- , mAP50/  mAP75/ mAP50:95/ ZHhE Sk ERCP 3 il B [
AR RepViT  RepPDCB  CAFM % % % (10%) (Batch Size=1)/ms
RT-DETR X X X 86. 5 68.9 63.3 20.1 1.012
RT-DETR N; X X 87.2 69.9 64.0 16. 3 1. 207
RT-DETR X N/ X 87.0 69. 5 63.9 22.5 1. 220
RT-DETR X X J 86. 6 69.0 63. 4 20. 4 1.103
RT-DETR N N X 87.6 70. 3 64.7 18.7 1.402
RT-DETR N N N 87.5 70.9 64.9 18.9 1. 511
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Table 4 Results of TIDE % K7 ()~ (Do RAR T IR B R, DL A SO 85

K5 RT-DETR-ResNet18 e o Jr vk 7 o b B AR AR T 0.5 1Y T AE S5 A9 ) 45
CLS 0. 66 0. 60 S AR B B AT 3438 58 TensorRT %30  engine 1%
LOC 2.17 2.07 KA E R Rk H THE R &R &), HE
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BKGD 4.55 4. 30 R IR 00 o T AR SC 7 36 T A 10 H A Bl i B 01 /205 e Ah L Y
MISS 1.56 1.34 KA HE =B E 2, A BREZITURFAER, B 5 IR
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Fig. 7 Comparison of detection results
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