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Single Poplar Leaf Segmentation Method Based on SegNet and
3D Point Cloud Clustering in Field

HU Chunhua' LIU Xuan' JI Mingjie' LI Yujiang' LI Pingping’
(1. College of Information Science and Technology, Nanjing Forestry University, Nanjing 210037, China
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Abstract; Automatic and accurate segmenting a single poplar leaf is very necessary for non-contact
extraction of plant leaf phenotype. However, a single leaf segmentation is a challenging task, especially
for the complexity of field poplar seedling planting environment. An automatic leaf segmentation method
combined SegNet with 3D point cloud clustering was proposed. In the proposed approach, to obtain
accurate sample images, the Kinect V2 camera was firstly calibrated. Subsequently, the RGB and depth
data were aligned, the background was filtered, and the RGB and deep fusion data of poplar seedling
were collected. Then, for RGB and deep fusion data, a large number of samples were labelled and
SegNet was utilized to segment poplar seedling leaf and trunk candidate regions. Finally, in order to
better segment single poplar leaves, 3D point cloud of leaf regions were reconstructed by using the RGB —
D fusion data of poplar leaf regions separated by SegNet, and kd — tree based on geometric distance was
introduced to classify single leaves. The performance of the proposed method was verified by various
comparative experiments for poplar seedlings in different growth environments. SegNet and FCN were
used to segment the leaf region and stem region of poplar seedlings respectively. The results showed that
the precision of SegNet for leaf and stem detection were 94.4% and 97.5% respectively, and the
intersection over union (IoU) were 75.9% and 67. 9% respectively, which was better than that of FCN.
In order to find the suitable segmentation threshold for a single poplar leaf segmentation, the comparison
experiments of different threshold segmentation using kd — tree for single and multiple poplar seedling leaf
areas were performed. The experiment results validated that the proposed method can segment poplar
leaves not only for a single poplar seedling, but also for multiple poplar seedlings.

Key words: poplar leaf; SegNet; 3D point cloud; segmentation
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Fig. 1  Color image and depth image before and after registration
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Fig.3 Leaf segmentation results for multiple poplar seedlings using SegNet

(OF 7z Ligaw S

1% 4 Nvidia GTX 1080Ti GPU 4b B %%, 77 32GB
RAM,#:/E £ 4t & Ubuntu 18. 04 £ 4; .

IR FH b AL A A A 8 o A LG R R, A B o R
R AE . R, 1 36 Uk 23 %1 5 3 6 AS R 1 30 /Y
AR, AR IR AT bk 2 MR R R
IR o3 B SCR I, L RS [ IR 8 2 ) B3 1 1 4y
HIROR o AR5 X i S5 RGN H A4 A g I R R
| =iz m), R =485 = kd — tree BIEH -
PEAT IR o B S Y (R E ()R
17 208, IR IRCE & B B EHS 8
3.1 MHeEaHh

IZRM 2% 2k 5 VGG16, YN 2 fli I sgdm Bl HLAS
JETR R, BB 0.9, 4 2] %y 0. 001, fiz /Mt K/
M2, YNGR R B B o 2 000, SR T 86 I AR AR )
RE , A SOOI A 3 R DA 20 B PE BE , 2% 08 70 1 45 2R
HP B TE B ORI R A, S R T S I Y
ROR o I ZE I HER7m H A 000 8 45 28R H AR 52 Br
FLE B G . SegNet BRI 45 5 i) A 5 5 52
IR 1 proas. i 1 AL, SegNet #1151 731 (1Y
P i DX 28 DCBCECR B T 22 i FON REA

# 1 SegNet 5 FCN #& 5! {4 I {4 BE 5 47
Tab.1 Detection performance of SegNet and FCN model

%
Tt %
pim
WEBE SRl BRSO
SegNet 94. 4 75.9 97.5 67.9
FCN 86.9 61.7 92.3 59.2

3.2 BMREBEIERN

223t SegNet FRAT 1M X IR 28R H kd — tree
RITLIL I B A A B 0 e T a0 T A
Fi X DL Ot O B, S T DR B RE A8 S B UL 2 Y
MR, s BN I R S e, B R B E
100, T L Bk S80I T 100 3%, R BB S BOR T
100 f95% . [ 4.5 Jgtm i T8 kA7 Bt o3 5 A 45
A nT LU B B 1R A 38 O H B R A O )
- e SR Ay T 288 1) 19 0 MR B 22 0 BR L LA A, O Y B
T AR R A R 22 18] Y T A R A



% 6 1)

EAE & BT SegNet 5 =4 5i 2 A R MAZ W B 0 7 o0 107 1 263

(a) B{E 47 mm

(b) BYfE K8 mm

(¢) BIE 9 mm

P4 A ] 1 i TERTL TR A4 23R I 0 0 B kA 0 - 0 o 0 4 2R

Fig.4 Leaf segmentation results of single poplar seedling using Euclidean clustering at different thresholds
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Fig.5 Leaf segmentation results of multiple poplar seedlings using Euclidean clustering at different thresholds
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