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Abstract. Determining the size or area of a plant's leaves is an important factor in predicting plant growth and
improving the productivity of indoor farms. In this study, we developed a convolutional neural network (CNN)-based
model to accurately predict the length and width of lettuce leaves using photographs of the leaves. A callback function
was applied to overcome data limitations and overfitting problems, and K-fold cross-validation was used to improve
the generalization ability of the model. In addition, ImageDataGenerator function was used to increase the diversity of
training data through data augmentation. To compare model performance, we evaluated pre-trained models such as
VGG16, Resnet152, and NASNetMobile. As a result, NASNetMobile showed the highest performance, especially in
width prediction, with an R_squared value of 0.9436, and RMSE of 0.5659. In length prediction, the R_squared value
was 0.9537, and RMSE of 0.8713. The optimized model adopted the NASNetMobile architecture, the RMSprop
optimization tool, the MSE loss functions, and the ELU activation functions. The training time of the model averaged
73 minutes per Epoch, and it took the model an average of 0.29 seconds to process a single lettuce leaf photo. In this
study, we developed a CNN-based model to predict the leaf length and leaf width of plants in indoor farms, which is
expected to enable rapid and accurate assessment of plant growth status by simply taking images. It is also expected to
contribute to increasing the productivity and resource efficiency of farms by taking appropriate agricultural measures

such as adjusting nutrient solution in real time.
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438

Journal of Bio-Environment Control, Vol. 32, No. 4, 2023



A9l Yule) o] el &S glat BT AW Y vl

T} 71 8 A0 BT 28 ok 4 9l RA7} 1ol
0.9064, ol 0.92940]2H 5212 7| Zalgom 714
128 579l AL B 4 Ik RMSE E3k G404 0.7212,
HZA] 1.06470]2Hz 4312 7| Z810] Al F 71 e 4

%191 71 % 4 9l

Il
nx
]

HO, w
ks
b3
~{
i
oft
ol
rfo

o Hlw

NASNetMobile o}7|El % & A5

4 W B ek WElA A vl
Z L MAE, MSEQ} 5= 3k=0] 4] 0.5 2] 7}
5, 243} SR ReLUSLELU S
. TH5-S & 300 Epoch AA|5FS 0,
S 7|Hko & sgrlsl ik Fig. 5).
of 2/ slet=o] vjwE 55to] MSEQ ELU

]
0x
Log
t_)'l_l
}
o

4
b
I

1

)
%
s
o

;o ofy
4 1o

rb
{127

oo M
S
A
ot
I
o,
ol

>
oy 2
=
E
o
2
T

2
1o
olN
o,
ojr
rlo
7,
2
i

4
wk
>

¢
il
_1

BVGGle
= Resnet152
ONASNetMobile
0.95 -
0.90
R2
0.85 A
0.80
0.75
width length

Fig. 4. R? and RMSE in a comparison of three architectures.

1.00
EMAE
008 |OMSE
' OMAE+MSE
096 - _
0.94 - _
R2
092 -
0.90 -
0.88 -
0.86 -
ReLU ELU ReLU ELU
width length

230l A1) R* 9 RMSE7} 71 22 A58 Helth= AL
oF = Qlrk R77F 404 0.9382, FollA] 0.95680]eH= =

A2 7|28l A0 7S 4312 AL B 4= 9Tk RMSE
3 Aol 0.5934, FZoll 4 0.82752H 5415 7125}

A= ﬁ
Hla F 7P W2 A A & e Sl

£

4, ZE|OO|XN H|m

WA AR Sl U 23k ©0]-8-51¢] optimizerE T E
AA 242+ dlo|E A Eoll A vl A gstgich & oAl W
HHEAIE sFlom Z12he] Ak 1 - 52 7|8kt Fig.
6). Wi 4 ofjZo0|n] L& g% ofZo|ct.

R*E 2215} 1.7 RMSprop©| adamo]] B3} -2 W5olch
WIoA 0.94369] ZHe L4o|A] 0.95379] Zhe Holth
RMSE Z-& 7-¢- 647 oll&oll A RMSprop©| B W2 W53

BVGGlo
O Resnet152 —
1.50 4 ONASNetMobile

1.20 A

RMSE0.90

0.60 -

0.30 +

width length

125 { mMAE —
OMSE —

OMAE+MSE
1.00 A

025 A

0.00 -

RelLU ELU RelU ELU
width length

Fig. 5. R? and RMSE for the comparison of three loss functions and two activation functions.

MEAZHSS|X|, M32H K4z 20234

439



1.00
madam

ORMSprop

0.95 A

R20.90 -

0.85

0.80 —— =

Wl W2 W3 W4 W3 L1 L2 L3 14 L5

1.00

0.80 -

RMSE M

0.60

0.40 - = =
Wl W2 W3 W4 W5 LI L2 L3 L4 IS

Fig. 6. R? and RMSE for comparing adam and RMSprop optimizer performance (W is the leaf width, L is the leaf length prediction, five runs in total,

denoted 1-5).

Helom & dFoA= vsiAY o W2 BE5S Hel

th W14 0.56592] 7 L5914 0.8713 2] kS K elch
ZZ£2 0 & o7 8 3= NASNetMobile, £415==MSE,

EA3} $k= ELU, optimizer+= RMSprop @] Z3lo] &2

A= 2Bk
Z2 =2

2 A= “Ai Hub’ o A Al 2| Q1 A= o] m] X2}k 71
of| thgt 4 dlo]e| & E-8-5to] 59| Fatk Aol & st
Al A &3k Held B2 7dsteich o] oA, Thefst
ato] glo| B 2| && ARE-sto] thefgt o7 el % e 2[435}
WS ARSI HolE 9] H5at ahAet EAIE =53
7] Slal, 29 5 A8l o, Ky wAbE S-S Fof 1
g o] 3} H2)-8 AT ImageDataGenerator 32

18] 57 71H &= =fsto] S d|o|E| 2] thekd
< =9t} E3} Zo] oS04 K5 NASNetMobile o]
=2 A58 HYlom, 29| 7 R® gho] 0.9436, RMSEE
0.5659E 7| 23}gt) Zo] a|Zo| A =R? 710]0.9537, RMSE

£5] snfEgolu 44 5

Aol 1A T o5 FhilekES Bga) A4 Alge] 7]

il

w7l 2881 flsiA o w2 HlolE ek ke 93 5
<= LR 7R At e o R wdEnh gko s

440

£ &8, 355t 9= Fd ot Ao, AA|
Aol 2-8517] flaiA] Aol A3 Dojxl = I
2 o] o]

T O 1

j.:
o
>
o,
1o
oo
ox
<
ol
o
=
i
o
)
ofs rl.n:
re
-
<
2
Ir
0%

35
7] 913 29 ghE 285k, wdlo] Antel 58S R
7171 S8l K4 wxl H5-S ARSI E3HHlolg &

ol k50 0| E] 9] ThFAS 350]7] $13]] image generator S A}
39t} me %2 u|wsly] 98 VGG16, Resnet]s2,
NASNetMobile & APHeH5E HdlS o]-83}1¢ic} 1 A}
U] of|Z0]|A] R? 41 0.9436, RMSE 0.56592 7] 231 NAS-
NetMobileo] 714 3-8 49 1 ¢l 0 1 10| o Zof A= R2
Zro] 0.9537, RMSE7} 0.8713 2 Uepdt} & o=
NASNetMobile o}7|8l%, RMSprop -&-EJulo]| 4, MSE £
A 3, ELU /43107 ARG = ik o] a5 AR
Epoch Bt 73 80] 28 E|%] om, A5 9 AR 3H A& ]
25h= o] i 0.2927F ARick 2 A+t A 5ol A 4]
Eo] g} GEG of| Z8= CNN 7|5t Bl 7aks}el it
o5 &3l Tl o|u|X] EJuto 2 = AlEo] A S
Al45kal A Brre 4= e Ao 7| vjEch =3k 1

Journal of Bio-Environment Control, Vol. 32, No. 4, 2023



<l 7108 Aotk

F7HEAL: Hlole] $7, AFolu| ), 45, AR A,

AHolals

Al AL

B AT 2021 AR(IEH) O] A0 T
Th] o)A 9 €A1 2] 4| 2(No. 2021RITTATA
01058373)} 20228P = FAFCHSIIL A1) w40k 2
A0 o] ol F2,

Literature Cited

Boyaci S., and H. Kiigiikonder 2022, A research on non-
destructive leaf area estimation modeling for some apple
cultivars. Erwerbs-Obstbau 64:1-7. doi:10.1007/s10341-021-
00619-w

Commercialization Promotion Agency for R&D Outcome
(COMPA) 2019, S&T Market Report, Vol. 69. COMPA,
Seoul, Korea. (in Korean)

De Lucena L.R.R., M.L.D.M.V. Leite, C.B. da Cruz Junior,
J.D. Carvalho, E.R. dos Santos, and A.D.M. de Oliveira
2019, Estimation of cladode area of Nopalea cochenillifera
using digital images. J Prof Assoc Cactus Dev 21:32-42.
doi:10.56890/jpacd.v21i.4

Deng Y., K. Yu, X. Yao, Q. Xie, Y. Hsieh, and J. Liu 2019,
Estimation of Pinus massoniana leaf area using terrestrial
laser scanning. Forests 10:660. doi:10.3390/£10080660

Fakir M.S.A., M.A.B. Siddique, A. Islam, M.R. Ismail, and
M.K. Uddin 2013, Leaf area estimation by linear regression
models in pigeonpea (Cajanus cajan (L.) Millsp.). J Food
Agric Environ 11:312-316.

Gang M.S., HJ. Kim, and D.W. Kim 2022, Estimation of
greenhouse lettuce growth indices based on a two-stage
CNN using RGB-D images. Sensors 22:5499. (in Korean)
doi:10.3390/s22155499

Hajjdiab H., and A. Obaid 2010, A vision-based approach for
nondestructive leaf area estimation. In 2010 The 2nd
Conference on Environmental Science and Information
Application Technology IEEE, pp 53-56. doi:10.1109/ESIAT.
2010.5568973

He K., X. Zhang, S. Ren, and J. Sun 2016, Deep residual
learning for image recognition. In Proceedings of the IEEE
conference on computer vision and pattern recognition, pp
770-778. doi:10.1109/CVPR.2016.90

Kim S.K., Lee S.K., Lee H.J., and Lee J.K. 2017, Horticultural

MEAZHSS|X|, M32H K4z 20234

st 3T AAY )

[e] = H]ﬂ

crop growth models for smart farms: utilization of descriptive,
explanatory, and structural growth models. Magazine Korean
Soc Agric Engin 59:28-37. (in Korean)

Korea Rural Economic Institute (KREI) 2006, Agriculture and
Rural Economy Trends Spring 2006. KREI, Naju, Korea. (in
Korean)

Korea Rural Economic Institute (KREI) 2016, A study on
analyzing the realities of smart farm operations and researching
development direction. KREI, Naju, Korea. (in Korean)

Launay M., and M. Guérif 2003, Ability for a model to predict
crop production variability at the regional scale: an evaluation
for sugar beet. Agronomie 23:135-146. doi:10.1051/agro:
2002078

Mack L., F. Capezzone, S. Munz, H.P. Piepho, W. Claupein, T.
Phillips, and S. Graeff-Honninger 2017, Nondestructive leaf
area estimation for chia. Agron J 109:1960-1969. doi:10.
2134/agronj2017.03.0149

Nasiri A., A. Taheri-Garavand, D. Fanourakis, Y.D. Zhang,
and N. Nikoloudakis 2021, Automated grapevine cultivar
identification via leaf imaging and deep convolutional neural
networks: a proof-of-concept study employing primary iranian
varieties. Plants 10:1628. doi:10.3390/plants10081628

National Assembly Budget Office (NABO) 2022, Current status
and improvement tasks of the smart agriculture fostering
project. NABO, Seoul, Korea. (in Korean)

National Information Society Agency (NIA) 2019, Al INsight
Report Vol. 01. NIA, Daegu, Korea. (in Korean)

NICE Information Service Co., Ltd. (NICE) 2020, GREENPLUS
Technical Analysis Report. NICE, Seoul, Korea. (in Korean)

Peksen E. 2007, Non-destructive leaf area estimation model for
faba bean (Vicia faba L.). Sci Hortic 113:322-328. doi:10.
1016/j.scienta.2007.04.003

Simonyan K., and A. Zisserman 2014, Very deep convolutional
networks for large-scale image recognition. arXiv preprint
arXiv:1409.1556.

Souza M.C., and G. Habermann 2014, Non-destructive equations
to estimate the leaf area of Styrax pohlii and Styrax ferrugineus.
Braz J Biol 74:222-225. doi:10.1590/1519-6984.17012

Zhang L., Z. Xu, D. Xu, J. Ma, Y. Chen, and Z. Fu 2020, Growth
monitoring of greenhouse lettuce based on a convolutional
neural network. Hortic Res 7:124. doi:10.1038/s41438-020-
00345-6

Zhang W. 2020, Digital image processing method for estimating
leaf length and width tested using kiwifruit leaves (Actinidia
chinensis Planch). PloS ONE 15:€0235499. doi:10.1371/jou
rnal.pone.0235499

Zoph B., and Q.V. Le 2016, Neural architecture search with
reinforcement learning. arXiv preprint arXiv:1611.01578.

Zoph B., V. Vasudevan, J. Shlens, and Q.V. Le 2018, Learning
transferable architectures for scalable image recognition. In
Proceedings of the IEEE Conference on Computer Vision
and Pattern Recognition, pp 8697-8710. doi:10.1109/CVPR.
2018.00907

441





