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The keypoint detection of underwater optical guidance arrays
based on the enhanced RTMPose method

Zhao Shiquan, Liu Jiaxing, Wang Yuchao

(College of Intelligent Systems Science and Engineering, Harbin Engineering University, Harbin 150001, China)

Abstract ; The visual optical guidance is a mainstream solution for the near-end recovery of unmanned underwater vehicles (UUVs) , whose
accuracy and robustness are susceptible to the limited computational power of onboard devices and interferences of complex underwater
environments. In order to address the structural characteristics of rigid optical array targets and the requirements of underwater optical
guidance tasks, this study proposes a real-time keypoint detection method for the underwater optical arrays based on the improved RTMPose
method. The core contributions are as follows: 1) Establishing a skeleton model for the underwater optical arrays, constructing a dataset for
the underwater optical array keypoint detection and adapting the top-down human pose estimation paradigm for the optical guidance tasks;
2) Designing a lightweight backbone network integrating re-parameterization technology and a coordinate attention mechanism. By
decoupling the training-inference process and embedding the directional positional information fusion mechanism, the number of parameters
and computational complexity are significantly reduced with the compensating ability of performance loss caused by lightweight design,
thereby enhancing the model’s robustness against the underwater image degradation, occlusion, and other interferences. Experimental
results show that the proposed method achieves an average precision (AP) of 90.8% and a mean pixels error of 0. 828 with our dataset.
Compared to the baseline model, the proposed model reduces the number of parameters and floating-point operations by approximately
22.8% and 26. 6% with the Jetson AGX Orin (64 GB) embedded platform, the corresponding end-to-end inference latency is also reduced
by 1. 14 ms compared to the baseline. The generalization experiments demonstrate that the method can quickly adapt to different optical

array configurations and various water conditions through training, which exhibits the fair versatility and reliability. In conclusion, the
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proposed underwater optical array keypoint detection method achieves a favorable balance among detection accuracy, speed, and

robustness, which meets the precision and real-time requirements for the underwater optical array keypoint detection tasks and provides an

effective solution for the high-robustness optical guidance on UUVs and other onboard devices.
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(average recall, AR) P48 %5, 48 3C B #E5UHE 4% 0N
COCO Kt i A% 2 TSGR I, 38 i 3155 H
FHE S AU (object keypoint similarity, OKS) 3155 AP
FAR, TSR B TN SC B s AR AR AL 2 OC B AR AR TEAR
FR AR ZR 1 I B A — i (LY L P, DU A Ay J v T
WRIESRY . BRSO SRR A= (11) Fis,

z iexp{ - dlz,i/ZSf,a'f%S(vpi > 0)
OKS, = (11)
' 2 8(v, > 0)

s p Ron BARFNE 2 (40 Person  Lights 55 ) 5 d, %
7N p 2R LA SRR AR TN (R S LS A R 5 S, R
JER -, — M B H bRl FAE R TR o, FoRES @ A0
SBIBRIEZE jo,, NSRS @ D OCHE A AT DL

FRAETHEE ) 1 DGR i A 0000 DG 88 Y OKS ] LA
B AP 5 AR, A[AHY OKS B T B9 AP 55 AR REAxTHI
e S Y 1) 4 B, AR SCHR AT G T P SR B 9 E (mean
average precision, mAP) [ FPAEHER AP (M) M EHR

Ay T RS A S B R ORGSR SO B 01

it 1% 2% (end point error, EPE) PEH 15 b, 1 o 115 #im)

A 5 5 LS AR 1 ST S5 R PG I B, BN b
ZS LR . EPE TR (12) Bk,

1 N

EPE = n Y

Ao, VO SCHE SRR (00 R L A
ABER ; (w8 v ) FIRER § AT ELSE AR
2.3 =A%

AP WAL 2534 HE T PyTorch A1 MMPose T
EAH, 5236 F 5 IE B4 Intel CORe i7-13620H , NVIDIA
RTX 4060 8 G . A5 Y| Z5 35 35 °F ubuntul8. 04
Anaconda3+Python3. 7+CUDA10. 0+ PyTorchl. 1.0, %i A
EUE IR ST R 256 X192, B E W 4R 2% T %A 0. 004, 5 K|
A HUR 420, batch size R 128 8 5 I 2k % vk fd FH 46
PR, 55 200 ~ 420 %6 FH A 5% R k2 > SR B e/
= ) R BRI T KA 5%, AERTH R4 IZ Ak
FEVIZRB Bed hn P 5 3856 55 | anpE ALK - 8% Bl sl
REALIEEFS ORI G 3 55
2.4 XMIELWEERDH

1) X He S5

SFIAEAS SCHR Y B9 RTMPose-LC #5BI7E /K R GRS
R TN 55 T B4 B PR 5 SE B P B AR SR AL 5 S 4y
S I A A 3 S A DA A T AT B A, BT 9 B A
K #8257 RTMDet-s , 25 B 40% 1 s,

(x:;red _ x;gt)Z + (y:;red _ yft)Z (12>

x1 ARAEEEEEHEELANXEARNER
Table 1 Keypoint detection results of different models
on a self-built dataset

B/ AP/

. AP(M)/ Smmis MR/
WA GFLOPs (M)

% % 2%/pixels  fps
Litehmet  0.265 1.130 78.9  59.5  1.197  100.72
DeepPose  0.307 2.319 80.9  43.1  0.945 162.72
RTMPose-s  0.665 5.247 90.5  68.1  0.831 169.52
AR 0.488  4.051  90.8 76.4  0.828 221.81

1 h FEMR AT, R 3 AT top-down 5=
B & A BB 5 AR SCBE RS X Lk, H b, Litehrnet
(lightweight high-resolution network ) & #4 7 & () A Y
DeepPose A & T B 2 0] 5 [ 485 784 H 1 ) 4% 36
mobilenetV2 #2451k 2% ; RTMPose-s SN 4% LAY baseline 15
R, XFHCS G 45 0T R, 7E AP 8 AR L, A SO R 4k R
RTMPose-s B =A% & &, 4391 b litehrnet A1 DeepPose g
5119 9.9 AN E ST AU HE AP (M) $8H5 FETFHE hy 3
A5 e litehmet | DeepPose #1 RTMPose-s I 16.9.33.3
8. 3ANA M, SEREATRE AT baseline 73



53

BT IR ZE . BE T RkdE RTMPose AZK TR G4 &4 S A6 165

TR 22. 8% F11 26. 6% , FPS ( frames per second ) 4351 [t
litehrnet , DeepPose H1 RTMPose-s & F1 2 120% . 36. 4% FHl
30. 7% . RTMPose-LC FATESIAT fie i A 14 [] 1) A7 5
PR HHEFRAE | S BB B RS 25 U A9 [m] s 2

FEXR R OGRS SR BIE 55, 4 Al A [R)5E
AE BPUE T B B A B RTMO-s , YOLOPose-s 5
ARSCRERINS LY, 2R 45 R AN3R 2 iR,

K2 ARPERRBXBESEMER
Table 2 Keypoint detection results for the models of
different paradigms

X 25 A5 75 SHE/M AP/ % AP(M) /%
YOLOPose-s 15. 100 67.4 34.6

RTMO-s 9.000 73.9 31.7
RTMPose-s 5.247 90.5 68. 1

AR SRR 4.051 90. 8 76. 4

2 1, RTMPose-s 7% SRR TR S B 5 A6 I 74 ff 3¢
¥ B % F YOLOPose-s il RTMO-s ( real-time multi-
person pose estimation ) , T A5 Ml /)y H b5 B RG BE Y9 48 H 2
30% . 7 2 SLHEHE LR AE IR I AR S5 S A5 top-
down R ARG I A B 7 S B 38 2 1) 2 32 ) H AR G I
K EEBR T 5 2w AT ie .

2) KB A DU RE S 0 73 BT

FEXT top-down Y= ARG AST B 7 S B i 28 I G B2 32
H b 0 25 24 REBR il (14 [7) #51, RTMPose-LC ZE I 2R XF
ey APV L G 0 HE KA1 A 50 40 i 4 A L R |
SR LA K HR 43 P , AL A 0 45 A 00 45 2R oE 1) 17
Blo TRV 30 SR L 7T 5C B AR Jp™ Jie 340 SHATE 1) 7 125 0
D3k ARG I g8 P AR B 7 A ) g < Y 15 0 T A Y
HITERE, MPTAG E R YIRS S8R 1 B Al TP B
EBRHE S A B BEHLIN 1 10% ~ 40% D B , 46 0 45
e 9 5% 3 Pk,

P19 A% 10% Ft I a2 7 43 B a7 A 4K
g JERT | TEH HE BRSSO A% A I AEHE BR 25 R 7 fi #6452
EER P hRIC I B O B R A B AR IAE S
T ) DX 38, A AT R EL A5 A D DGR s A R 0, FLAR 25 H A
HEREIE 1) o7 B G B G 15 B AIG ( 18 B IR 0. 46,
0.39.0.58) . YLk, LA a8 X B AR Al £45% i 4K
R AR, ZEHE D DIl HAT A I RE g , S PRl vl LA
B AF B OCHE A

3 i AU A A I AE i B2 209 LLR I, AP R R
2.6% ,AP(M) F[% 4.8% ,EPE KT 2 pixels, 4 BF REf% {4
R s RS At 40% B, e T B ™ 5 (N R 26% ) ,EPE 1
s A BORLPE B AZ AN R S AR K, B DA A I 4
Az 20% LA ARSI i 22 I, AR SCRCRL HAT R i 68 B

Bl O G g MO o B R

The dependency analysis result chart of detector

Fig. 9

x3 KMERBNRER
Table 3 Test results of bounding box offset

Rz A AP/% AP(M) /% Vit B IR 2/ pixels
10% 89. 8 75. 4 0. 846
20% 88.2 71.6 0. 883
30% 81.7 66. 6 1.643
40% 64.8 53.2 5.551

S i R L B U G BE A 145 P O B A AT 55 5 A
RGN g HS B MR i 22 | 1R A sl G RO, A TR A IS J3E K i
R T B I Ak PR A R ORI A RE 1 P O B
SREIESS o BEAR, AR A ST 25 BT
B RERY RN, B AR SER 45 R N3 4 PR,

R4 HHMZHRERILL

Table 4 Comparison of ablation experiment results

‘ AP/ AP(M)/ S/ Uity s IR 25/
BRI () CFLOPs

% % M pixels
RTMPose-s 90.5 68.1 5.247 0.665  0.831
+RepConv 88.7 63.8 4.038 0.487  0.864

+RepConv+CA 90.2 73.6  4.051 0.488 0.843
+RepConv+CA+MSE  90.8  76.4  4.051  0.488 0.828

TR 4 & A PR R bR 0T LAAS il A
Backbone FIEES UL £ A, #1115 52 42 & (Flops ) M
0.665 G FF#H 0.487 G, B2 26. 6% , Z%i i ( Params )
M 5.247 M FFEZE 4.038 M, FE{K 2 22. 8% , Backbone T
FfGE AP R 1.8% , AP (M) N ¥ 4.3% , R W LA RL 2
LM RS S MR TR, A CA EEIBIIUS,
AP (M) $2FFZ 73. 6% , HEE IELARAY 5.5 N 4305, CA
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LA SR SR A BRI RE 7, B THS AT AR ]
GIREIRE S . ), lE MSE 514k sRBGHE— AR T2 b
BUE A AERTE, ARG TR R S HR AR E, Hh%H
B IAERA R K PRSI

3) X B IR 4 B Ak AR

XF YN ZhIg i 55 0 B A% SR 1E 47 X6 B, AL UDID %54
AR BRI BRI  BICHE 1A AR TR A B 5
BCRUNE 10 FiR,

(a) &M
(a) Body reflection

(b) BEFLEIR TR

(b) Random light source interderence

(c) M H BRI AR 2

(c) Large-area occlusion occurs in consecutive frames

(d) faIER LR
(d) Occlusion of the light source by fish

K 10 HERRZE R

Fig. 10  Inference results

P& 10 Hr, e 8 skl i I8 F AT HE R 2 a b e d
X4 HAERLE R BHK R WEZE L NIFEE  RTMPose-s
HERREE RAA ORI EE AL, I 10 (a) RFIEREALER
R SOCHIED , -6 RTE AR iC 4L, RTMPose-s H iR
K, AR SCRERYHE BRZESRE A 5 181 10(b) AR I BEHL T4
JEIER O (BT BDE b ), PSR B 3 T4
IR RE ST 5 &1 10 () FESCRE R T BRI O, &l rh
WEBEDEARICAL , RTMPose-s H BLIRAS , AR SRR 7Y 4 P 285 S
A 1 10( d) TG HEWEE th 0603 T4 (BB ARE)
P[RR B o Bl S TR RE ). AR S HE TS
AT LISt ARG H AR 58 B A1 &L T, RTMPose-s
RRARVFIA SO AL Hag X 3 TG K TP sl ) 3l
BTIATEI ., HHT RTMPose-s 5 AR SCRE R 7RG ]
EARFER I BUE RS AR T BRSO G S SR #4452 T CA
BP0 8 IR T, A AP AP TBER PERE

4) BERNZ AR S A

HFITAl RTMPose-LC AR AIZ AP, A SCHE BRI 7K 1t
SN Gazebo {5 ELERIE SN X RN IREE 5 UDID £
EERAE I U BOCRAFTE 1035 22 5 T /K R AR R
B 11 7, Gazebo SREAERGWE 12(b) i, EAKFRA
[T 7K b R AR ) MR A I 5, UDID SRAE UG S& (A i

B R R AR

Fig. 11 Images collected from a clean water pool

(a) TH7K L6558 R
(a) Pool 6-keypoint model

Bl 12 Pool-datasets S5 5 Fll simulator-datasets S 5,
Fig. 12 Keypoints of pool-datasets and keypoints for the

(b) Gazebo 654 mAF A
(b) Gazebo 6-keypoint model

simulator-datasets

ARSI T B0 6 S A, 45 94k
W VVV-Simulator {7 215K 52 5 4 R , P8 1% 5 9% 4
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1 9201 080, #: 7. Pool-datasets (2 000 7K ) F1 Simulator-

datasets (2 000 5K) ,6 FHERBIALUNE] 12(a) ((b) PR,

K12 6 e R B MBI A ,0~2.3~5 £
FEATKFRAT IR, 1~4 LS 0~2 R ARELR 35
543 B AL T H A 4B W AR AT o 2 S RS A Ab
Pool-datasets 2K F 5 2.1 5 M 7] 28 & &) dr 3 7 =X,
Simulator-datasets L2 6 7 FLIAEE L BRAR R AL bR AR R bs
HAEE . LR BEEW T . UDID 18 F A X2 4% 7 ph
W) B SR IKAEK , Pool-datasets 43¢ ¥4 1 B2 {1 ) B 52K
1A , Simulator-datasets G FEAR S T UK T HEE, R
FH 5 1 SCHR ) B I R, AN [R) £ s B2 DI 24 SR Nk 5
Ji7s

&5 RTMPose-LC ZER EI##EE L iEAEXTLL
Table 5 Performance comparison of RTMPose-LC

across different datasets

Bl OURERIE EMRGHER . AP/% SRR/ pixels
UDID 8 KB AL 448x448 90.5 0. 828

Pool 6 KHES 1920x1080  95.6 1. 841
Gazebo 6 A 1920x1 080  99.8 0.938

% 5 XF AR E UDID %04 | Gazebo 1/ ELEUE 5
AHEE 3 A A ERBIE R S SRIERE 2 Ak
BRI, JCIL R 6 SCHESOGFELE UDID MBS T /Y B4
Bt A T S M i K RN ECRR B H R AR
1E Pool FhEE T AP 2y 95. 6% , 7F Gazebo ¥ i AP Ky
99. 8% , iX & B 7K AR A T 3AR AL B, A5 70 R (R 4738
fer G BE ARSI B 0, %k K BT ' B AL B R G 1Y 3
e, B FRAE T, Pool M55 EPE (1. 841) , Gazebo ¥
5% EPE (0.938) U {f & F UDID ¥ 3% EPE (0.828),
Simulator-datasets B 4% 1/ B W55 09 BAELAE AR 1E
B AR T AT 5 T Pool-datasets N LRy 5 2 HAG
FLIREEME AR D BT AFE R RE R RS B . ILAk,
% SimCC 5323k 4328 07 A5 ), 76 5 i 20 HE R 0 E14E
b BAAME R RN P X B N BT EPE B 4L
(B K, T S PR BREE B R AR K, 26 5 ok 84 o
HEZ R 448x448 454 1 9201 080, EPE {8 A KR 34 Jin
H1 0. 828 Hifm A 1. 841 J& A M, Z P il 5 3
Y AR SCRSE R AE AN [R] K S5 /K it R R JL0F B BT T P B AR
I Has i Zragis vy B e 8284k, A R APz 4k
CEWA

5) MEALHR

RGBS RTMPose-LC 55 5 7 i A 2CF 5 6 HE B
JE A S AE PC YN ZR AL R GE BS £ Jetson AGX Orin
(64 GB) w1 fE i AU AL B2l |, Mk L A IR 8BE 0 .

Jetpack5. 1.2, CUDAI1L.4, Cudnn8. 6.0, Tensorrt8. 6.9,
OpenCV4. 5, 11 13 Fis

dd o

K 13 Jetson AGX Orin(64 GB)

Fig. 13 Jetson AGX Orin(64 GB)

PC Sl 558 RS LA TR pth SC#5 44 onnx 3C
1, P22 Tensorrt #4047 wt SC1F (FP16) #8582 AR %
% b HEBLE IR AE R 6 Fis

*6 REFBEIBHEEILL

Table 6 Comparsion of model deployment inference speed

" HWARSE,  HEAER/  BEDGAER Wi/
o 4 A7
pixels ms ms fps
RTMPose-s 256%x192 3.28 6.43 155. 44
RTMPose-LC 256x192 2.85 5.29 188. 89

2 6 Hf R AE IR o Al H Bl AL A5 4 DU e A AR A B
P B A 3R g 3] B 3R 27 foff FH L 5 (RIS s, A9 ]
Ghm A8 T A A HE P i B A P S AL R A S R
FHEF SR HEREIEIR | 3473 6 WAL 1525 T ESHCE
FOR KB B 28 10 22 43 SCRRE B2 IS5 48 S5 300CH H
I3 XA (33 IRAE B A RITE I A& By
B AL T RTMPose-s .

3 & i

ARSCER X UUV 7K T SR A5UR IAF: 55 A 70 5 A
FRIDRG BEE LA SHE I fry [ S50, o A8 1 AR RS =
UUV K R IRIOG 2 S 5141 55, 38— Fh S i 1
AT ATIN T B T — R XL IR 5 T 37 B
AR AL N 45 25 4, R S 5000 R R A T I 2%
FFiE A R P I WL R TR M e P T Rl
BEAUAT RN BE ) 55 00 ) 8, S SR B AR SO Y
RTMPose-LC FAITERE BE | 3R FIEPEIX 3 07 U
T RAPAT, AN, ARSGRIEAT TR Ao, 0T
TV KR UL IR B X IR B H A O AN )
A UE B T AR SCRE AR ELAG R4 038 M | BB T g b s A2
UUV S S5 T 45 2 P A T 3tk i 75 5K, SR A pesk
TGRS IR B A RO &
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