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Fig.2 Extracting frame data from different angles in the video stream

% F ORB'* (oriented FAST and rotated BRIEF)
SR T EUR R AE SR 5 UE L . ORB 454 FAST
i SR A BRIEF il iR 19 08, LA AR &
FIE G G PR PSR I r o RO BRI | 38 2 il 34
1) B4 L 9 B8 5 S PR DR . Oy 1 5 DR TS B
R FH RANSAC 5332 50 b 0L A A5 1k B P 25 5 1 2 11
BRVCHC &, I AT e L LR RY . B, 3 T i e fs
(R DC R 25 5L, R I3 20 SIM B8 A S, I i
A0 O RN S R A O AR AL S = T AR
ARG S EORMT T S =, F3ERT
SIM AE B R B A = 45 R

2) B A, E AL R S 2 2R
R MVS 5k A7 98 255 e, 45 31 o 2% 1 £ 1k = 4

3 REMEREENBRAZ
Fig.3 Acquiring pose information and

sparse point clouds

Mo BIARRT 6 ML MVS 8 @RS L 5
A PO AR A Y T2 R 4k PR B A R e 22 1 S
N0 BT RS A = 4 5 s B

B4 #RENEEEEER

Fig.4 Dense reconstruction results of Sisoridae
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Fig.5 Overall workflow of noise process
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Table 2 Performance comparison of the PointNet++

based point cloud segmentation model after optimization

at various stages %
7 Model OA  mloU  mAcc

PointNet+ + 94.1 85.4 92.2
DenseNet-MLP+PointNet++ 94.5 86.3 92.3

DenseNet-MLP+ PTA-+PointNet+ + 94.8 87.4 93.4
Final model 95.5 88.9 93.8

oo 78 10 R A TR R H iR B, Point-BER T %1
PointMLP 7£ [ 8 i8R 45 iR B e i, L
£ mloU Bk T HAY 8 Bl = 43 BIRE AL, R I X 2
TR R0 75 35 25 20 AT 45 w6 T 240715 19 A B RIORS B 1)
T 0 BAT B RS, 7E PointNeXt 2 %] 445
R B 43 BT 55 PG R R AL 8 bR AR X
i, OA Fit mIoU {8 73 1l 24 87.0% 1 76.3% , 7R th
PointNeXt #5 7E X} 1 22 ) 5046 4 11 25 5 03K i 7
JRyBRPE | DT 156 B /0 Sk (4 50 AR 4T PointNeXt o £%
BORIYE Sy BT 55 EAYRE T AR

#3 ARAZS SRR & NEIRE LT 1A

Table 3 Performance evaluation of different point cloud

segmentation models on the fish dataset %

157 Model OA mloU
PointNet 93.6 85.1
PVCNN 94.5 86.8
CurveNet 93.5 85.2
DGCNN 89.2 77.2
PAConv 92.8 84.1
Point Transformer 93.2 83.4
PointNeXt-s_c64 85.8 74.4
PointNeXt-s 87.0 76.3
Point-BERT 94.8 87.4
PointML.P 94.5 87.8
PointNet++ 94.1 85.4
AHFFE This study 95.54 88.9 4

U JE 9 PointNet+ -+ B 7E OA Fl mIoU HiA4~
FEAEAR LT3 3 A TR SRIH B AT A
= WA Sy EBE J1 . 5 PointMLP M L, H: OA F1
mloU 43542 7 1.0 1 1.1 43 455 55 Point-BERT i
Fe, mIoU $2 71 1.5 F1 43 45, 16 A Btk 190 28 78 R AiF 4 1
AT o3 7 H A R 25 1, ek S 9 Point
Net+ -+ i Z R HAE L AR IE R 38, 3271 T &2 2408
Y R ERG R S E e I RETERE AR A XA
BRI 2% 10 T AR A5 B35 FH 1 R £ 5 131 43 1 1 455 780
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AR 225 0 A bR AR HE AT 52481 3 ) 0000, 74 2
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Table 4 Evaluation results of actual predictions from the iteratively improved network model %
ToU
57 Model mloU mAcc - - - - - - - - -

fish1 fish2 fish3 fish4 fish5 fish6 fish7 fish8 fish9

PointNet++ 83.1 92.5 81.3 83.1 88.2 81.3 85.6 82.5 84.6 83.8 81.4
+DenseNet-MLP+PTA 85.6 93.4 82.0 86.9 88.3 82.7 86.5 86.0 87.1 85.6 85.5
Final model 87.7 94.2 86.6 88.1 88.4 88.7 88.8 88.0 88.3 86.4 86.3
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Fig.15 Comparison of segmentation accuracy

of different parts of Sisoridae
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Comparison of segmentation results between the original model and the improved model
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Table 5 Phenotypic measurement data of Sisoridae

R 2l A F-2hi e AHXS R 22 RER/ % ¥iJiiRE
Phenotype name Automatic measurement ~ Manual measurement Relative error Error rate Root mean square error

4K /mm Total length 70.75 69.82 0.93 1.32 4.51
A& /mm Body length 49.02 50.79 1.77 2.11 1.47
3¢ /mm Head length 14.61 15.76 1.15 6.34 1.13
A 5E/mm Body width 9.22 9.56 0.34 3.69 0.57
{45 /mm Body height 8.91 8.51 0.40 4.48 0.37
iffg:;tca”dal pe” 5.13 4.82 0.31 6.04 0.43
liﬁhﬁ/ mm Adipose fin 22.16 23.80 1.64 7.40 175
KM/ em?® Surface area 54.85 — — — —

#AF7/em® Volume 13.47 — — — —

PRI /g Body weight — 3.38 — — —

e — FRRWA Bl . Note: — indicates no data.

Median: — 16
25%~75%: ...

Median: —
25%~75%: ...

4=f/em Entire length
®
i
i
i
f
i
A& %E/mm Body width

2| @

22

20/

D

/mm Body high

JK/mm Head length
S
=
o

%

A eK; BAKRSE; C3kK D.RR . AL Entire length; B. Body width; C. Head length; D. Body high.
E 17 FHNESHEEHMNESTLE

Fig.17 Comparison between manual measurement and automatic segmentation measurement
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Table 6 Correlation coefficient between automatic and PG ES TS , PR AT S5E I 5E K b B R OE 4 R

manual measurement of Sisoridae

A 24 579.24 s, Horp = 4 H5 £ 29 458.0 s, J& £ B AT 1]

FRIZFR Phenotypic name FHKE R EU(R) Correlation coefficient

T4 5 23 e BLRE I A0, W R R it — 22 T

4K Total length 0.962 . IS N
S BRALAR AR LR . 4Ty 3 7% 27 7 P )y TS A2 —
A& Body length 0.943 B ) - )
e o SRR R B K A TSR, 5 9Bk o ek
{98 Body width 0.972 W S A AE 26 57 s 08 = 4B A R J3 H GPU i
{75 Body height 0.967 B, R AR Rk AT E KT
FEAES ol pednce g o917 WAL 5 3B AR 6 b I 1S 1952
KiiE K Adipose fin length 0.913

Bk, [WI R A GPU b =4k & 4, ) 58 A A A
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Three—dimensional morphological phenotypic extraction of
carnichodidae based on end—to—end point cloud segmentation

DAI Zhiwen', CHEN Kangfei', CHANG Andai’, SU Xiaojing’, XIE Lei’,
YANG Qingyong', YANG Ruibin’, XIONG Hao”,ZHENG Fang'

1.College of Informatics , Huazhong Agricultural University, Wuhan 430070, China
2.Yebatan Branch ,Huadian Jinsha River Upstream Hydropower Development Co. ,
Lid. ,Ganzi 627153, China;
3.College of Fisheries , Huazhong Agricultural University, Wuhan 430070, China

Abstract To achieve high-precision and automatic phenotypic measurement of carpenters, and ad-
dress the limitations of insufficient phenotypic informations in two-dimensional image processing , as well as
the inadequate recognition capability of existing three-dimensional point cloud segmentation models for com-
plex biological structures. This study focuses on Pareuchiloglanis anteanalis and proposes an end-to-end
point cloud segmentation-based method for extracting three-dimensional morphological phenotypes of
sisorid fish. The proposed method reconstructed a high-fidelity 3D point cloud model from multi-view image
sequences captured by an RGB camera using the structure from motion (SfM) and multi-view stereo
(MVS) algorithms. To effectively separate the target from the background and retain detailed morphologi-
cal features of the fish body, a hybrid denoising strategy is designed by integrating the random sample con-
sensus (RANSAC) algorithm with HSV spatial color features, which enables accurate background noise re-
moval while preserving fine fish body details. To overcome the insufficient feature extraction capability of
the original PointNet+ -+ network , an improved PointNet++ network for point cloud part segmentation is
proposed.By incorporating densely connected multi-layer perceptron (DenseNet-MLP) , a point triple atten-
tion mechanism (PTA ) , and a multi-scale learning module (MSB) , the model’ s segmentation performance
for fine fish body structures was significantly enhanced. Experimental results demonstrated that the mean
squared error (MSE) was below 10e-5, the average peak signal-to-noise ratio (PSNR) was 60.8, and the
average recall rate was 93.33%. The improved network model achieved a mean intersection over union
(mIoU) of 88.9%, an overall accuracy (OA) of 95.5% , and a mean accuracy (mAcc) of 93.8% , repre-
senting respective improvements of 3.5, 1.4, and 1.6 percentage point compared with the original model. It
can accurately segment key anatomical components such as the fish head , body, and fins. To sum up, the
method proposed in this study can be used to accurately measure the phenotypic qualcomm of aquatic ani-
mals without contact.

Keywords three-dimensional reconstruction; phenotypic extraction; point cloud segmentation; point
cloud processing ; PointNet+—+
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