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Underwater Target Detection Based on Improved RT-DETR

ZHANG Lu, WEI Ben-Chang, WEI Hong-Ao, ZHOU Long-Gang
(College of Electrical & Information Engineering, Hubei University of Automotive Technology, Shiyan 442002, China)

Abstract: Underwater target detection has practical significance in ocean exploration. This study proposes a FERT-DETR
network suitable for underwater target detection to address the issues of complex underwater environments and limited
target feature extraction due to occlusion and overlap. The proposed model first introduces a feature extraction module,
Faster EMA, to replace the BasicBlock of ResNet18 in RT-DETR, which can significantly improve its capability to
extract features of underwater targets while effectively reducing the number of parameters and depth of the model.
Secondly, a cascaded group attention module, AIFI-CGA, is used in the encoding part to reduce computational
redundancy in multi-head attention and improve attention diversity. Finally, a feature pyramid for high-level filtering
named HS-FPN is used to replace CCFM, achieving multi-level fusion and improving the accuracy and robustness of
detection. The experimental results show that the proposed algorithm, FERT-DETR, improves detection accuracy by 3.1%
and 1.7% compared to RT-DETR on the URPC2020 and DUO datasets respectively, compresses the number of
parameters by 14.7%, and reduces computational complexity by 9.2%. It can effectively avoid missed and false detection
of targets of different sizes in complex underwater environments.
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FEREA FT . Zeng 25 Nl I UM ERS M 48 (AOV)
iz 13| Faster R-CNN 241, JF& 1 —FogrHESE, T
KT ) E PRSI RV 3 T X R B
(RS 2, (AR AL S BB 1, vk A 28 s A i
Je o EE T A B ARSI S, SRR — B B H Frks
AR, AT LA PR b B T H A )z BRI 0, T
AN AT A B ) R B X ) 2P B, R T o
RETSEI AL B RE ). X — R MAAR LA HE SSD
(single shot multibox detector)!'”, 1 YOLO (you only
look once)? By 58 . sEAE %% NP ResNet 75 JyFLfitt

2

W2 () SSD AL AY, FiTF- /K HARFI. Li 2 AP
TR T —FhIET YOLOV3 I A= 40 BAS DU 9 2%, 1%
W2 R T BRI S M, (R T RRIE AL 2. 35 5
NPUR T —Fh T F-CBAM V£ /ML) YOLOVS
/K HFRHE FAttention-YOLOVS #57. Wang %5 A9
FIF AL ghost-CSPDarknet Al {4k ) PANet, $2H T
— PR EA KN BARR I 4% LUO-YOLOX.

% Transformer 7L U1 &M AL L4035 18 &, Face-
book I FLN 71 I3 @b HuF B Transformer 2442 H T
—ANETH H AR K 2% DETR!. & A L it Trans-
former % 3] 3|4 RRFIE, K H ARA AR A 5 A 0 )
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MR JEE BT

FEAE G AR B 32 2t JE 7 & 77 (channel atten-
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T T A, ok A OR B R 55 A AR AL L R B A [
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F) fiow € ROHWD | 7 J5 48 F BEHOK 1 E 4 AE AR i
B IBUE TR ZRE, 555 0 % ¥ 5 2 AR 2 Ry
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12400F(CPU), NVIDIA GeForce RTX 4060(8G)(GPU),
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4 0.0001.
2.1.3 BN RS

ARSI ARG (P). AR (R). “FHIFE
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5 ANEAR U R PP A BV B ORE HE SRR TION N
TERE A 1) 8 e K5 4 B 000 I A 1 B A K, 1E A R

=X (6) Fow. A Bl 237K B A TR R 0 L5 25 0 B T
I IE R I BE AN B THE AR (7) Bw. SFERR
BIE (mAP) 72 B br Al i 1 H VAl 8 br 2 —,
mAP f&— MR G TR, MAEA A 1) I HER 2 (4P) 2
St EF SR R AKX W 8). X 9) s
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P=TpvFp ©
TP
R= TP Fn )
1
AP = f P(R)AR (8)
0
RN .
mAP =~ ;AP(Z) )

Horp, TPRIRRINES R BARIE#R N8, FPRIRK
45 F e H FREER N5, FN R IER) H bk B
FRIIAE, APG) 2R 58138 AR MORS B2, th PAIRTE
AT H.
22 LWHEREBRESR
221 VHRSEEG R b

KICRH T 2 M7k S0 RT-DETR Hik, N T
Tt BA et 7 v B0 RebE, 7F URPC2020 a4 F k47 7H
RSEEG, # RT-DETR 1E AR AR Y X LU o3 #r 502k 1) 25
B, XTI S5 RREAT 44T, SER A RIS 1 .
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1 — — — 20.18 58.6 81.0 75.8 82.8
2 v — — 172 532 82.1 772 84.4
3 — N — 20.01 58.7 82.0 773 843
4 — — N 18.32 54.8 81.7 77.4 84.1
5 v N — 17.03 53.3 83.6 78.1 85.6
6 — N S 18.15 54.8 83.3 78.2 85.2
7 v — S 15.34 493 83.5 78.0 85.3
8 v N S 15.17 49.4 83.1 78.5 85.9

SEig 1 ONJE A RT-DETR FISEE, S206 2 165 ik
FEA (3R E, 5 R18 ) Block ¥4t A Faster-EMA,
R SRR DS R R 4 2.98x10° T 5.4, mAP
PTHT 1.6 NE 5 A, £ Faster-EMA RES {51 5
g A, BT EURRAAE S IR B . SE9R 3 7R 4
b5l N CGA B, S B EMIH R & F L RA
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HEf M SCTE: B 1 B EE B, TS BHE B, IR
R R BLEE 1. SL58 4 % CCFM # 4  HS-FPN, S5

6

R 5 T 1.86x10° 1 3.8, mAP 327+ T 1.3
AN, R 2 RERHERE, K8 RE LK)
5 BT IE AL &, S04 A2 B AR AEAS A R B 1)
RO, IRTHBAL O VERE. S250 5. 64 7 AR BIAH A
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5. SEHY 8 NASC i HI, SHEA RS
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KT S8 LR 28 ERTIR, RSO 7 i Re


http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn

sk L Bk e 5 JY] http://www.c-s-a.org.cn i H AR G N A

FESLAERIR 2 A5 B4 R ook, 3w 1 F- il Horbous Ay 2 ACRAG I IR 1) B, M AR AR AR LSRR
IR, BRAR 7 S AT, 2, PAPRACR TN FRZE, AT AT H it Ja iR R A %

FESEIGRERE oy, A FH ] 7 VR A REL R SE TS M b SR AU 1 B4 L A ST, AR D T R L
HH B b S I ARG KR 4 B RS A U AR, AT P, 2% W BSOS R ARSI BE A P e .
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_ 5 03
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E 3 o1
503 o015 017 025 0.1 5 03 o4 0l 023 0.
c% 0 EE 0
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True True
(a) JRAE (b) Bk
7 RS SO RRIRIE AR R
DA IS O 26 1 R0t R b A4 2 o 2t ) 8 M -~ Train_loss
—Improved_train_loss
ﬁﬁ/j—:\‘ :/H\: EP Ezﬁ y‘jﬁ izﬁ E/‘J RT-DETR ﬁyi, i?ﬂ?j\j E&i& 12 :}/:Illl];l%(c))\slsedivaliloss
J5 ] FERT-DETR 53%, 7] DUE H oot Ja 1 Sk i ok , 10
Q
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