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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 propoées 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.

Key words: computer vision; RT-DETR; FasterNet; attention mechanism; high-level screening-feature fusion pyramid
(HS-FPN)
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oo A ERREURIRAE 528000 9 2V 5 7 P
IR, SR, R R AR RFEAE e (STFT)™,
T 1B E77 1 (HOG) "V % Rk (SIS S 65
ANESHX BITRFE. 55, TSR RN (SVM) %
L3 ) S RS GEHEAT 55, FIBTET 12 75
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Hk, X —RHAARMEF L4 R-FCN (region-based
fully convolutional networks)[”]fﬂ R-CNN‘(region-
CNN) #5153 (R-CNN'"Y, Fast R-CNN'"Y), Faster R-
CNN™I, Mask-R-ONN'™, Cascade-R-CNN!'/%%). L i 2%
AU Fast R-CNN R 7K T B 0 5 RIS, 42
BT B 4R 38 12 MoK R A4, MECT R-CNN ~- 13
FEFEAT AT 4R 5. Zeng 25 NNt Pibk i £4 4% (AOV)
iz 1 #| Faster R-CNN 241, 1 1 —Fogr RIAEZE, -+
KT PRSI R T X SR B
(RS 2, (B ATTAE AL S B, vk A 28 s b As . i
J5 T A BRI S, SRR — B BCH Frks
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KIS Ab R 7). X — R PRRF LB HE SSD
(single shot multibox detector)!'”, 1 YOLO (you only
look once) "B 5 k. T iEL%E N2 ResNet 1F A3kt
K25 ff) SSD AR AY, FF/K R H bskail. Li 25 AP
TR T —MET YOLOV3 77U A= Yo R i (X 2%, 1%
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KT BARK FAttention-YOLOVS #5%Y . Wang 25 A\ 2%
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% Transformer {5 HELALIL AU I 12, Face-
book I 5t A 75 2k | Transformer ZEH43H T —
AET I F R DETR™, & AT LA Transformer
2 2 B A JRRHIE, K H FRRTIIAR B A T in) 5, el T
RZ N TS0, ANTEEF TR, wapto e
PO (NMS) FUEEHEA B, MITTSEEN T o 2o 1) H bRk
M. SR777, DETR AEEUIZR AR, oS B4 4 [l H.
XN AR N B 156 1R KAk 25 2 ).

B0 o in) R, SR K AR RS UK BEA, X
/N B FR BRI B AR 2, HL SIS PR 22 1 i), AR SCHR
ti 7 FERT-DETR H bt il 424y, 56042 &4k H 5e %
AR FHEAE R % AR E B SGEWTT.

(1) % RT-DETR " )8 T M 2% ResNet18 BN
Faster Block, P& T M4 2 40, FLAEH 6 sz
FREE (EMA) VR A8 T2 M S8

(2) 76 ALFT ¥ (Tl 005 B 0 7 % J1 LB (CGA,
JRYET 22 SHE R L R HOUAR I I, S
RO, LI AR IR I P FR TR A 2

(3) ¥ CCFM Z5 Mt AT 85, 1 F & KPR Rk
&7 (HS-FPN)PO szB s ROEEE B2, £ 2 Ikt 1
o | B B RHIE R R e

1 23 RT-DETR &%

DETR 5T 2020 F3EH, /& — @3 T Transformer
ZRkey s 30 v 1) H PR 2%, SRS T CNN I H
Bl J7 AN [E] ) 72, T R TR 2 F Lwcih i 2, an
HE AR B ATHE AR R AB A1, KR4k 1 B An s il il i AR
{H7& DETR WAFFEVF 2 A2 MR T HA R A 2 4 &
BOKR, W Shd 2. il i 2L ) |, J& T DETR )24
BEASWT Bl 52 1, Deformable DETRPHR HY T %2 R ] 28
T 1 73779, T A A iy W S50 B2 A PR AIR BRVE I &
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cross-spatial learning

[& 3 FasterNet-EMA &bt 45#) [

EMA 13 3 b fift o 1 A& e e = L sk s, &
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1.3 AIFI-CGA #1R
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DI BA = B AR AU, S EOTHR TR, N A
3 I SRR IE 7 /7 (cascaded group attention) FEHP%
W TE BERFAEY 73 AR BB 3, JFR 3 L8358 55 i N\ 2 A
A (9 R 03k 2, W RE ST 20 7k SRR, AR &
TR IZ R, B, AN R 2 ) Sk i ARk
RIRAE— i, 19 B I 22 45 1. Hoai it &l 4 for.
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[o] [
interaction
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K4 QUBREAE s 1

3 2 T B AR 7 A7 RS E N N RT-DETR ).

ATFT B o, AT LA 5 RS v X A5 S fes &
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AGINEANZEIEO T, TR e A 5.
14 SKEFRFFIEEFE

FEZK T H b der 0 B4 £ 4 v, AR AR 2 TRl A7 AE
KANZESR, I HMFE AR E . 085
PIANE R EOR S 2 57, B T AN R RS KN A4
R 2 A7 AE — € N HE. Mg oK T H bR 8l SR A7 AE
12 R AR, it 75T RT-DETR 1 & K P e
TE4: 785 (HS-FPN)PY, SR AR v 22 R FRGAE fih 4 vl L.
HeaEm P 1 4 M HS-FPN (feature selection &
feature fusion) i 7~. HS-FPN 1] L7y NHRFIEIEHE (fea-

"

ture selection) FFFERN A (feature fusion) P EE4), B 5%
X T AN BRE R BE AT IR 3, 2 5 w25 BAUR
5 BTG

AR L B = B (B T8 VE & /) (channel atten-
tion, CA) FHE B PUREC A H I &6 73 2H . CA VER IS
JE () A, R AR B RN 55 A REAE B A AN TR
JEIE, 5 Bh i AR R AR R = R AE R A G R,
PEE AN HARFRE R IE R 77, T A B R BE Iy
1iE BB A A (7)1 38 TE 4 Et&%@%ﬁ%‘zﬁﬁ%ﬁﬁ
1x1 %iﬂﬂ%ﬁ\ﬁiﬁﬁqﬁﬁl@ﬁiﬁ 5456 /N R 256, LR
AR R RRAE S0 Al 388 47 24 o D 36 P45 10
£k (select feature fusion, SFF) 8344 1 E 45 £
DA SR 1 JEC J2 R AE R B LR LB R, BRI A
&4 G FURHAE S U BAVR R EE 41515 &, o8
WA B BEER 4. SFF 45 # &l 5 .

-Transposed convolution —Bilinear interpolation

Ps / / ‘ !L‘

i T
Kl 5 SFF #ibegt i

S5\ 5 R fiign € RO RIS R 45
fiow € ROHWD |4 38 44 5 2 (E 203k 6 LB (T-
Conv), BJE N T G5 SRR (E (0 R, 1
FF 02 A1 47 () 5 R AE 0 SR RE B b TR, 78
8 fuo € RGHRN, ZJRE T CA TR BB 24
E P A0 T O VRIS R A 1, 50 46 Otk 1 70 12
FIEE F22 465 AIE HEAT Rl A, 79 50 fo € ROHDWD | R (4),
50 (5) FR TR A LA

Jaie = BL(T — Conv(fhigh))

“)

Jout = fiow X CA(farr) + faue Q)
2 SEEG K gh R Koy Hr
2.1 KIGHRTS
2.1.1 HuiEsE

A SCAE F BB 2 A 2020 R4 K R HLEE ALY
3538 (URPC2020) H AR AR £ F] DUO (detecting
underwater objects) FRM 7K ¥ AKHE 4L, WA
S 4 MUK FEMARR, 2552 R HI.
JH. ¥#FZ. URPC2020 F#E5EILA 7543 5k & v, DUO
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HHREEIAT 7782 TR MR UIZREE . IR AN 4R
I 7:1:2 (LA T R B4R, 0 B i 6 .

Ko MaIIZER R

212 SERMEMSHEE

A S5 BT 48 F BRE A 52 Intel(R) Core(TM) %y
12400F (CPU), NVIDIA GeForce RTX 4060 (8 GB)
(GPU), 16 GB P17, Windows i‘sﬁ%’ﬁ%}% HAF IR 88
PyTorch 1.12.0, CUDA 10. 2 ,ﬁELﬁﬂ ‘154 Python 3.9.
LPNEEE SNV 640*640 iZ47 100 epoch, M1k 28 M
AdamW, % >] %4 0.000 1.
2.1.3 BN RS

ARSEIAL RS UHERE (P) A (R). “FYINEEEYY
8 (mAP). Z%#& (params) A7 518 FHIKEL (GFLOPs)

5 AN EAR U R PRI R BV R ORE HE R R TIONN

=k (6) AT, A3 [l R IR FLSL N IR 1 AR L 5 b B i
W IE AR O AN B T A sl (7) Fos. SRR E
YMH (mAP) & B Al A+ B B PPl d8 b 2 —

mAP F&— N GEETRIF, ﬁt?‘TI_JE’J?i’J/EE%K(AP)Z
T EAFI R E. AR (8). 2 (9) Bk,
TP
TP+ FP ©
TP
“TP+FN )
fA
A 8
e [ Pw ®)
} s =
\. - » 1 c .
.\‘ mAP = ;AP(Z) )

Horp, TPRIRRINES R BARIE# N8, FPRRK
45 Fr HREER N5, FN R IER) H bk B
FRIIANE, APG) 25818 AR MORS B2, th PAIRTE
AT H.
22 LWHEREBRESR
221 VHRSEEG R b

KRICRH T 2RIk M0 RT-DETR Hik, N T
Tt BA et 7 v B0 RekE, 7F URPC2020 a4 F k47 7H
RSEEG, # RT-DETR 1E AR HEAR A X LU o3 #r 502k 1) 25

E*ﬂilﬁ’]?ﬁﬁ%iﬁlﬁiﬁ{ﬁu TR R 2 A U R, FEXE LI RIAT T, %%%ﬁ%{éﬁu% 1 j.
R 1 HRESCEG AR ; "

ST FaserEMA  CGA Rk TRUBRESTIE  SHOE (109 50 GFLOPS). BMEE 8 HIEIE (%) mdP (%)
1 — — — 20.18 586 | o 810 75.8 82.8
2 v — — 172 \ 532 T w821 772 84.4
3 — v — 2001« 4 58.7 82.0 773 84.3
4 — — v -1832 * 54.8 81.7 774 84.1
5 v v — K" 17.03 533 83.6 78.1 85.6
6 — v LNV e 18.15 54.8 833 78.2 85.2
7 v o\ N 15.34 49.3 83.5 78.0 85.3
8 L gt v 15.17 49.4 83.1 78.5 85.9

S 1 jjJElz‘*ﬁ’J RT-DETR (53, 5246 2 7E R 46
ARV FEAE E, 5 R18 1) Block B4 4 Faster-EMA, #&
() 2 % S TSR A0 R B 2.98%10° F1 5.4, mAP
BT T 1.6 NE 55, £ Faster-EMA R % F 45 A1 51
iz Ak, BT EGRFIE SR IUSCR 5 . SE5 3 7R
Mgt 5l CGA ik, B E AT H & F I R
o, mAP $EFET 1.5 ANE 5 5, RSO N 45 Rl 5
HER O FG 0 E S B, i e (5 B, 2T
R R BLEE /1. SL56 4 %% CCFM # 4y HS-FPN, 23
A SR 9 T B 1.86x10° A1 3.8, mAP -1 1 1.3
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ANE R, R 2 RERERE, KA RE B
5 BT IR B A, B UF B A HARTEAN A R 1
RO, IR PERE. 250 5. 6 7 NFRIBFBIABIA
SCHERSEE, ZH A 5 G TR W e ) T v T A
FAAN SRR, 3R B AR 2 TR] (1 50EE AN 2 7 A e
9. SIS 8 ARSI L, SHE AR BT
B 5.01x10° 1 9.2, mAP 3-Ft T 3.1 NEH /3 m, BEK
KT ZHEVUSATEE. 28 BTk, AT J7 R
TEHEHERE Y 2 B A5 2IH B SO, TE4R & T P S
KL [EBS, BRAK T S HE T
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Frbons Ay e AR AG I IR ) B, B AR AR AR SR AR
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Predicted
Background Scallop Starfish  Echinus Holothurian
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@SR R
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oS T RS B AE I R 2 45 Ok i e i 1] 8

fizRs. o 26N JR AT RT-DETR 503%, S48 ol

Ja i) FERT-DETR 5%, A LA H 2ot Ja i Sk 4k
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——Improved_train_loss
---val_loss

— Improved val loss
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40 60K
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(GFLOPs) FEUER (%) HFHE (%) mAP (%) FEUEZ (%) AR (%) mAP (%)

Faster R-CNN 42.23 180.3 78.2 70.2 79.6 76.6 69.2 77.3
YOLOvVS 25.09 64.2 82.5 77.1 84.9 81.1 74.3 82.7
YOLOvV6 52.00 161.3 79.9 72.5 80.2 78.4 70.9 78.8
YOLOvV7 36.71 106.7 81.7 77.4 84.1 80.1 75.2 81.6
YOLOvVS 25.88 78.9 82.6 78.1 85.2 79.6 75.9 82.9
DETR 41.00 86.2 75.7 68.2 76.8 76.7 69.5 75.8
Deformable DETR 34.01 78.4 80.9 73.9 81.5 81.9 72.8 79.4
RT-DETR 20.18 58.6 81.0 75.8 82.8 84.0 74.2 81.9
Ours 15.17 494 83.1 78.5 85.9 85.4 75.0 83.6
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