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7: YOLOV8-MSA /K YOLOv8 multi-head self-attention #%!, I T-4E g S KMIME: SAM-AD 7R segment anything model adapter ¥4, T4 fuifF 24
{5 8; PRV FIR poisson reconstruction and voxelization 5%, T HSAFR .

Note: YOLOv8-MSA represents YOLOvVS multi-head self-attention model, which is used for generating sea cucumber detection boxes; SAM-AD represents segment
anything model adapter model, responsible for generating sea cucumber mask information; PRV presents poisson reconstruction and voxelization algorithm, which is

applied to calculate the volume of sea cucumbers.
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Fig.1 Overall framework for measuring the volume of sea cucumbers
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Fig.5 PRV (poisson reconstruction and voxelization) algorithm volume calculation flowchart
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tET), tBEMERFR (t.p) MEAERFER (LN).
V408 ¥ HE 25 A K 4y AN [F) B R T X 3k 0T, RlreT,
OT C0S . ¥4 EXFEARF KA, FHARAS N 5]
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A F Volume: 130.50 cm?

a. /e LRGN 2 R

a. Left view detection results

b. o ML R AR R
b. Point cloud visualization and
volume rendering

B 6 BAKBRMNEARLFEHIE
Fig.6 Example of sea cucumber volume measurement program

22 EBEHINE S EAEMIERIE
22,1 BMARA 2T X

T BAE YOLOVS-MSA HE 5 (4 Rtk ASHE 72 it
AT T ARG B 5 Le ik 38 . Bir i 36 $4 7E i % NVIDIA
RTX 2080 ti GPU HIiFHEML Eit1T, RSN Windows 11,
1 FH 1R R B 2% SIHE 228 PyTorchl.8.1, CUDA R A A
11.7. R5GAEH B K T RS BGEEE, Xt
b7 Faster RCNN. Cascade RCNN. YOLOv7.
YOLOVS8s F1 YOLOV8-MSAS Ffi 78 (6 i 12 g

IR Bk g 1, 458K, Faster RCNN
Cascade RCNN 1E 4 H AT R BRI B H brAsr il &3k,
TERINRS FE T TR IR, mAP@O.5 73 7L T 88.9%
H189.4%, =T YOLOVT 41 10 NHE 7 A 4R, X
PRI (1) 408 A FLOPs #RECAE R, JLH & Cascade
RCNN, HZ¥&iLF]69.4M, FLOPs N 2563 G, KK
FEAR TR . IX 1B, R Faster RCNN Al Cascade
RCNN 7EE £ 540, (HEMIAREZBEMACR. Mt
ZF, YOLOvSs 75 NI /b S m Mt s F N, K
SRIRFE T RS B o AN SO VATE R A& 7 MSA
P2 5, HmAP@O.5 52T 92.5%, TG YOLOVSs
T 13N ED A, R S8EM FLOPs (U 114 M
F128.9G. iXEH, YOLOVS-MSA #r il RI7E /K T 2
FOAS I 7 T B A — e AR 3. e4h, YOLOVT I R 4545
7 0.641, WFALTFHABBR, XEH, RE YOLOVT
16 P AR LRBLR LY, (BAEARRGHAAEARL, K
BRI FEE 7 HARARPAINE] . S5ieAHE, YOLOvSs
FT YOLOVS-MSA 7E R ¥ =i #5821 Rl B, R FE AR 5%
B, A EN 0.873 A1 0.885, A EATH F1 454> B
FHABK AR, AT W, YOLOvV8-MSA 5| A\ MSA sk,
ARERTE TR RS I M RE . R T 2R A TR I
BRI

®= 1 RNERMEEX L SR

Table 1 Performance comparison and analysis of detection models

A mAP@ FPS/ ., o, FLIPO iPRE S
Models 0.5/% (Wi-s™ *77° ° Fl score/% Flops/G Params/M

Faster RCNN  88.9 11
Cascade RCNN  89.4 13
YOLOvV7 78.2 24

0.769 0.901  0.829 208.1 40.7
0.789 0.914  0.847 256.3 69.4
0.910 0.641  0.752 104.7 37.2

YOLOVSs 91.2 33 0937 0.873  0.904 28.5 11.3
YOLOV8-MSA 925 31 0963 0.885  0.922 28.9 11.4

W mAP@O.5 NZEIFLEN 0.5 BHKSFIRE FE S5, FPS JymiiZe, P ONKEHHZER,
R AARIE,

Note: mAP@0.5 is the mean average precision when the IoU threshold is 0.5. FPS
stands for frames per second. P is precision. R is recall.

222 AR\ ETEZRALIRE
TR I E @ AR A R, AT T 3
i T o A SR I RO XS LU ARG o 56 B WL L T — i
M5B E G IR S = 5dE, 2 5iE H Alpha
shapes. Ball pivoting DA S A4 H 4 3 FlAN [F] {1 3 T B 4
Hpag S irRmERE. B 783 ARG IERES
FRIMEEKREE . w0, Alpha shapes 3 [fil 55 2 FIRCRA
WAR, BSHIEESRERA 52 B G mAEI, JF it
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FAAERCRI A X35 Ball pivoting BAEKIBCRA Friem,  RW, 2T X0H ML A BT B A iy B B i e
ERAAAEVE 2 TR DI 8 A BRSO, R SEdE, BRAEMIGE, WEEEZR, WA B IER
AMLRERBLH S R ERAL, HEZENROAAE  OHOKEITESARINE, &6 KRIRET = F K
Bk, WEBWSHELEES. REREMERALEI PRI K.

IARF AL T 5 A B S AL, FATR AR RN =S ES RS 0 S AR
__ AT TARFRIE, J3 HME FH PRV H3E. B/ EHEN &

Q f/ ) %+ Alpha shapes 72 Al Ball pivoting 7% 4 FhAs [H] ) )5 13k
TXFEE T, DB B BO&E A & 7. PASE — 2 8 dE

o s s b ballmeotng e Porm eomsmetion 29191, /I EL FELAE VO K AN K P A

AR, DU EAR, AT, T R
W8 T IS 2SN A, XS EAAUS S R A
) W I EA BB E G (253 em’), TIEKTR
223 ABME RIS Wt SIS, N PR TRINES,

A 7B RBIN MO AR R IRE, ROTTURAT g i gy 2o ok FSRBRIGRL, 5 SO 45 A HE W
TRBERREI B AR ARTERAEGIVRRII Alpha shapes Wk T3t TORM IR, BHBLT —44)
WpiRe =, AR RS, ABT, G R, xR A o SRR B L E K B
BT R 10 NS, EHHKIESANEE  Ball pivoting 13578 S2r & b T 5 25 008 1 8 i g
IR SEPRfAR, BEJE, RATFHBRAIRHPERIE 5, SEARNE Rk, RENRZE, i aEgE

A7 #HHEREEEXRER

Fig.7 Surface reconstruction effect diagram of sea cucumber

Bk, AE 100 cm FIUREZ N, XARFE S EATINE . T Sl o) i 2 B 34T 35 B2 SRR IR 2R3 B A i 6 T
AR 2 PR, BEELAE, AL HIC TR B MRS R . 207 VA RE ISR

B SE PR AR AL AT PRV SVE I & AR RN 45 BT i, G S S I B SLEAS, PR A HE A AR R I 5 45
9% IR I AR I S S UE T 2R AE 94% A . X —45 5 B (176 cm®) [ HLBRER (193 em®) AL .

®2 AEFETESHERNEERHELE

Table 2 Comparison of accuracy in sea cucumber volume measurement using different methods

= id 1 2 3 4 5 6 7 8 9 10  “FIH#ERI% Average accuracy /%
S PR 193 213 175 226 290 358 223 272 146 213
/L LA V2 253 300 236 332 446 465 323 373 180 296 72
A Volume/cm® Alpha shapes 112 136 124 383 136 240 134 446 73 292 62
Ball pivoting 164 172 154 167 367 393 187 185 113 168 80
PRV (AWFF) 176 198 177 199 278 365 207 256 143 194 94

N TSR AR SC RV AE A [R] RS I B B T R T SR, R E T, I E AR B AR AR 2 R R
AROPFHAT TARGRE TR EREEX . WIGBEE ARG F M 405 BT IR 2> %), 5l —4efm =
70, 100, 120, 150 cm 4 DPAFEEE T, Zpnliasfl ER gpgpit e R, BRI S =45 Z50E, JEET R
4 FOTVEBAT TS AR R R . KRE R R R AT SRR, S SRR S AR

W 3 FroR 1) A3CAE YOLOVS HEER b, A2 Sk B iR JIHL
#3 TRIRESSHIRNEEHERLER #l, ¥fEYOLOV8-MSA (YOLOvS multi-headself-attention)
Table 3 Comparison of accuracy in sea cucumber volume Ko AT, PS5 B A B T 92.5%, M T A 44k
measurement at different depths FRE T 13 ANEA . ah, ERmS adapter IR EG]

VRJE Depth/em 70 100 120 150 . S
BNGEEE 74 12 64 57 SAM-AD (segment anything model adapter) 73~ #4574 ik
HEHZ Accuracy/% gg?;li}gﬁ: ‘7‘2 gé gg ;3 TS HRSE, NSRRI R AR HE T SE 1

PRV CAWIS) 91 04 88 83 D .
. - . o N Hill A 9y A ¢

A, R AR, PRV SR 2) A SCHY Rk E iR AL AL AL AR L) PRY

WETZE B T O i 3 Rl . 4540 H ANL I B T4 (poisson reconstruction and voxelization) 5L 4T 2
PR, {ENE BN 100 om 75 A Bk B wn g s A Bk RBAIOINE . IR W], 25 AAEIREE DY 100 em I,
Ji 94%, HIHE/MUFEHED:. Alpha shapes. Ball pivoting ki FLIA ] 94%, LR ILBAF Y Ball pivoting J7 74 & H
GRS T 22, 32, 14AESRAL LRRRGIRE 14 DDA BRREIOREITE, BER kR I
WY, RN A BN R R RS, A SRR BEBOR A D

bt At T 32 A S e R AR E ASHIE TR 0 75 32 9 AR5 1 A ORI H A
3 EESER VIR R ki, i A BOO AL L ZE 0 W 45

- BGRRINE, SEREBERARIE. ZFENTTE
AR T T HMREAM L S AR SE ASMUBEA AN ER SRR, M- migdse®, &
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Measurement of sea cucumber volume using binocular vision

ZHEN Shuai'>?, LIN Yuanshan>* , SHENG Yifan' , HONG Shengcheng® , WANG Wenliang' ,
CHEN Qijun* , YANG Zhiging® , LI Zhijun'*

(1. School of Information Engineering, Dalian Ocean University, Dalian 116023, China; 2. Key Laboratory of Smart Fisheries of Liaoning
Province, Dalian 116023, China; 3. Key Laboratory of Environment Controlled Aquaculture (KLECA), Ministry of education, Dalian
116023, China; 4. Dalian Xinyulong Marine Biological Seed Industry Technology Co., Ltd, Dalian 116007, China; 5. Guigang
Rongchuang Wood Industry Co., Ltd, Guigang 537000, China)

Abstract: Accurate volume measurement is essential to the marine treasures in aquaculture. However, existing approaches
cannot fully meet the growth and evaluation in the volume measurement of sea cucumbers. In this study, the binocular vision
was introduced to efficiently and precisely in-situ measure the volume of sea cucumbers. Three modules also included target
detection, segmentation, and volume estimation. In the first module, the target detection was used in the variable lighting and
environmental conditions under the typical underwater. The reason was that object detection previously failed to monitor
underwater environments, due to the fluctuation of light conditions, reflections, and debris in the water. YOLOVS target
detection model was introduced to integrate the multi-head self-attention mechanism, in order to enhance the detection
accuracy in these unpredictable conditions. This attention mechanism was significantly improved to detect the sea cucumbers
under the complex underwater landscape. A high-precision system was obtained to more effectively process information from
different parts of images under these challenging circumstances. In the second module, instance segmentation was used to focus
on the precise identification and segmentation of sea cucumber entities. A segmentation model of sea cucumber was
constructed using the Segment Anything Model (SAM) with an adapter mechanism. The SAM model was used to more
accurately isolate the sea cucumber from its background, even in the presence of noise and other marine organisms in the water.
The segmentation was successfully essential for the accuracy of subsequent steps, as the generated mask served as the input for
the volume estimation. High-quality mask information was provided to ensure that the shape of the sea cucumber was captured
with the necessary details for accurate volume reconstruction. In the third module of volume estimation, the 2D mask maps
were input into 3D space to obtain a point cloud representation of sea cucumbers. Poisson surface reconstruction and
voxelization were employed to reduce the distortion of the 3D model because point cloud data often suffered from sparsity and
noise. Specifically, the sparse data and noise interference were avoided for the accurate 3D model. As such, the actual volume
of sea cucumber was faithfully represented for precise measurement. The experimental results demonstrate that the superior
performance of the improved detection model was achieved, compared with the existing algorithms. The 92.5% accuracy and a
frame rate of 31 frames per second (fps) outperformed the rest, such as Faster RCNN, Cascade RCNN, YOLOv7, and
YOLOvVS. Additionally, the Poisson surface reconstruction also produced a closer shape approximation of the true sea
cucumber, compared with the Alpha Shapes and Ball Pivoting. More accurate volume measurements were better performed at
various depths. Specifically, the accuracy of volume measurement reached 94% at a distance of 100 cm, which was 22
percentage points higher than the minimum bounding box and 14 points higher than the Ball Pivoting. Reliable data was then
provided to accurately measure the sea cucumber in aquaculture. In conclusion, high efficiency and precision were obtained to
measure the sea cucumber volume after 3D reconstruction in underwater conditions. The finding can also offer reliable data to
monitor the growth and assess value for more accurate and efficient aquaculture practices.
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