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Segmentation of Plant Leaves and Features Extraction Based on
Muti-view and Time-series Image
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Abstract. Phenotyping aims to measure traits of interest and a key part of this requires the accurate
identification of defined parts of the organism. Instance segmentation of organs, such as leaves, is a
crucial prerequisite for plant phenotyping. Firstly, whether deep learning methods ( such as Mask —
RCNN) had generality for leaf and stem segmentation was evaluated. Training was conducted using four
datasets about three plants, a public Arabidopsis dataset (CVPPP2014) , and three developmental multi-
view datasets from Arabidopsis, maize, and physalis. Multi-view images of given plants were collected at
different developmental periods. The Arabidopsis datasets contained only leaf, and the maize and physalis
datasets were different from the Arabidopsis datasets, having clearly distinct leaf, stems, and petioles.
The results showed that the mean accuracy precision ( mAP, ;) of the Mask — RCNN model for
Arabidopsis in the public datasets which was in the same growth period reached 85.3% and the mean
intersection over union ( mIOU) was 73. 4% . The mean accuracy precision was more than 70. 0% across
different growth periods of Arabidopsis, maize, and physalis. The mean intersection over union was more
than 60. 0% across different growth periods of Arabidopsis, which indicated that Mask — RCNN displayed
satisfying versatility for plant phenotyping and had high value for plant phenotyping. The results showed
that the model had competitive advantage compared with previous plant segmentation algorithms.
Furthermore, taking advantage of multi-view images, a leaf tracking method was presented to solve the
problem of plant occlusions. It was helpful for the leaf counting and leaf area calculation of plants. The
results showed that the proposed methods had a superior performance compared with other existing plant
segmentation algorithms, and was promising to build a dynamic modeling for various plants during their
entire growth cycles.
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Fig. 1 Multi-view 2-D imaging setup
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Al M1 M2 M3 M4
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R2 WEFERRMBNSETMEER(mIOU)

Tab.2 Segmentation results of Arabidopsis in

different periods (mIOU) %
. g
Al M1 M2 M3 M4
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2.2 ERMBEEEDHE

TR KB E T 2 L0 4 F), Horp £k
A3 FEE 2 28 TR A A A i 2R TR
MR 3 2, ARSCER A SR M EOK (PL) AR K&
FEH) (L) FcHiE 4 b 43 0 BE AL 4l HC 40 18 F 72 1 (]
BAE RN GRAE | 5K FI IR 2% J& A8 W) 1) 3 #1 A B 7 V|
SR 2805 R I 43 IR AL I 2 ) 1) 2 805 AR
— 30,2 BB G ) d 2R 0 BB & 0..075
F10.083,

50 RE I 1 oy AL B I3y AR ] A SR I
SR AR Y AE [F) — A ) AN [R) A A B30 1 A7 % L
R EOKRGE AR & e At L dh ™ L TR IR
FE ) A AE I 7 38 1 45 [m) 0, H B 26 2 A 43 1) A5 2
S E 1 P 45 B mAP AT E] 70.0% . K
)53 T AR ZE R s 6 55 1 AT RT/R . AR 6 ]
DL OFEKM R gk BAF A, R g2z 7
B, S0 R T RE A R IR AL 2 Bt QFEE
KAy P2 B ], mAP, A5 F] 74. 4% ,{H mIOU {1 K
54.4% , F B R AE T BRI gl A AE o
HEF OIS 58 4, DT 300 HORS BEARAK . BRI &
FE ) (0 I IR A5 2R P AL AR A A I 6 55 2 A7 s . \)
DVE 78 L2 M 4E b, il TR 3%t 22 [A] AH B Y
JREL, S RSB R R, RS mAP  H R
70.0% 47, mlIOU i H 3k 3| 58. 1% , 4 7] B —
LA 4 2 U ST v B — A TS R

(a) RGP 15 (b) PR 5 () IR
K6 oK AR 3 8 R 4 o3 0 7T A4 25 2R
Fig.6  Visualization results of maize and
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