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Abstract Plant phenomics is a technique for observing and analyzing morphological features in
order to select plant varieties of excellent traits. The conventional methods is difficult to apply to
the phenomics system. because the color threshold value must be manually changed according to
the detection target. In this paper, we propose the convolution neural network (CNN) structure
that can automatically segment plants from the background for the phenomics system. The
LeafNet consists of nine convolution layers and a sigmoid activation function for determining the
presence of plants. As a result of the learning using the LeafNet, we obtained a precision of
98.0% and a recall rate of 90.3% for the plant seedlings images. This confirms the applicability of
the phenomics system.
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LeafNet: Plants Segmentation using CNN

[2]. ©lo]Emo] 2ol A

ol

!

o

N
e

N

Mo
o
w

—_
1o

iz
G

H

o=

juld

bol =gk 44

A ABAS WG] 4% 2

ko
™

=
T

o, wea o

AR

o)

=
T

=<

i3

SFeH3I.

o ©

R

7]

@Al Aol AgEHE B
7

279 2glo] 7h

A
L
1A

=

o

Gl
ol
7

o
U
of

TH

il

<

o
1o

1|

R

¢

B

il
!

o
‘ZM‘E
A

ol oA L gl
7] AR E AL Sl

i

o]
™

oy

jzel
wr

=

4

=

o
oy

—

<

‘ﬂl
it
o

B8

o

0

%@l

Jelel A AHE-E AL 9o RGB

&

o] o
=

< 24l RGB
ol

9]

s
A

RFID, 3D,

ul
=

~

)

2]

]

3>

s

°o|-&

=
=

gtk RGB

ﬂo
i
_X..*

o
o
N

wr
Ba

ato] ARE-FHH6-7].

o

YCbCr, Lab

=2 F4d€ HSVY 5

]_
Aol BEA W g

2

°

=
’
=

==

shw wrkel ey

xgg)

-
=

np

)

o

o] 9l& Fig. 1o ved

400nmell A 700nm 2]
700nm

L

o

7]

%
]

P2

“goll

= glolth. MEoly

pS)
B e AEs A2l ALgRe] Agle

Lk
I8

R

=

ul7] o

=0
1, 1
[e) 7]]:]

=

1o
A
—_
N
~
oo
——
)A

Z] AR
-1

F4 o (RGB color)

o

[
KN
=

.

Al %k
ot, 3p2]

°©

3l oF

o]

2ol Abg-5

=)
RUSHI

x

T
A
SRRE

A
20

o5

S
A
T

A
sz wlgol
3

>

S

Al
i

4

¥

y

-
U R B7el weh ATt 47

o

3
=4

20
A
o
=
et

T

o
ﬁo
o)
el
il

0

—

;OL

el

Fig. 1 UV-Visible Spectroscopy
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Fig. 4 Structure of LeafNet Models
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Table 1 Color Range of Plants in Color Space

Color space Range
RGB R(46~109), G(85~185), B(36~90)
HSV H(36~70), S(0~255), V(0~255)

YCbCr Y(0~255), Ch(90~120), Cr(110~125)
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Table 2 Precision and Recall Rates on Web Images

Method Precision(%6) |Recall (%)
threshold(YCbCr) 36.6 449
LeafNet-1 91.3 96.5
LeafNet-2 94.1 93.0
LeafNet-3 87.7 96.1
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Fig. 6 Plant Extraction Results on Web Images

Table 3 Precision and Recall Rates on Plant Seedlings Images

Method Precision(%6) | Recall (%)
threshold(YCbCr) 98.6 80.6
LeafNet-1 95.6 91.5
LeafNet-2 98.0 90.3
LeafNet-3 96.1 388.5

LeafNet-1

LeafNet-2 LeafNet-3

Fig. 7 Experimental Results of Proposed
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