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Estimation of Duck House Litter Evaporation Rate Using Machine Learning
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ABSTRACT

Duck industry had a rapid growth in recent years. Nevertheless, researches to improve duck house environment are still not sufficient enough. Moisture
generation of duck house litter is an important factor because it may cause severe illness and low productivity. However, the measuring process is
difficult because it could be disturbed with animal excrements and other factors. Therefore, it has to be calculated according to the environmental data
around the duck house litter. To cut through all these procedures, we built several machine learning regression model forecasting moisture generation
of litter by measured environment data (air temperature, relative humidity, wind velocity and water contents). 5 models (Multi Linear Regression,
k-Nearest Neighbors, Support Vector Regression, Random Forest and Deep Neural Network). have been selected for regression. By using R-Square,
RMSE and MAE as evaluation metrics, the best accurate model was estimated according to the variables for each machine learning model. In addition,
to address the small amount of data acquired through lab experiments, bootstrapping method, a technique utilized in statistics, was used. As a result,
the most accurate model selected was Random Forest, with parameters of n-estimator 200 by bootstrapping the original data nine times.
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Table 1 Experimental conditions for measuring litter water
generation according to environmental conditions

Condition Values Number of cases
Air temperature 15, 25, 35°C 3
Relative humidity 40, 60, 80% 3
Wind velocity 1.8, 23 m/s 2
Litter water contents 10, 35, 60% 3
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(a) Target windowless duck house located at Sinbuk-myeon, Yeongam-gun, Jeollanam-do Province
(126°38°E, 34°53'N)

Wind direction

(b) 3D view of experimental chamber

(c) Front, side view of experimental chamber

Fig. 1 Schematic view of target duck house and experimental chamber for litter moisture generation measurement
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Table 2 Properties of each machine learning regression model

AJAFEES] o2 AEwE ]Il (Hong et al., 2020)3}7] $Jal] A
STk KNN2 Z2ojz] 32 3 Wl 4 dlojefet 7t
& 7kol IAF k9] gk ol8-8te] aid gk ol&staL
ok daleEo R, Het 7123 Aawl oE A 5
3} A7) o =2 9]4l 2-8-=|2rt (Shakoor et al., 2017). F &

5 Aolol] ZABR= ofuhs: Hrhaislol st ets Sohat

(Alhnaity et al., 2020), U3, 2495, &9
=9 wskele gt 7 Al Y] = Akt

Model Advantage Disadvantage

VLR Calculates the correlation coefficient between variables |Reliability concerns of relationship between each independent
Usable in variable fields variable

KNN Intuitive and relatively robust Time consuming with large data
Simple algorithm Sensitive to the scale of the data

SVR Able to avoid overfitting Time consuming with large data
Insensitive to outliers Sensitive to outliers

RF AVOi.d over-fitting of de ci§ion tree . Time consuming with a lot of decision trees
Flexible to both classification and regression problems

DNN |High accuracy with large amount of data Relies on the selection of model’s various hyper-parameters
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2l test size, bootstrapping amount®} size, W REH HEE 7Hd Aol BTk A3t (metrie) S Ao Hefl =d5=

A7 A 744 H7F A& (R°, RMSE (Root Mean Square (random sampling) #}-§-5F= H*Holct (Efron et al., 1998).
Error), MAE (Mean Absolute Error))E £34.0 % uwst 5 71 dlolgoll A N7H9] Hlo|H & EYFEdto] Hteh k=

Measurement of litter moisture generation

. inel . .
from the lab experiments (Lee et al., 2019) Selection of machine learning regression models

MLR (Multi Linear Regression Model)
kNN (k Nearest Neighbors)

SVR (Support Vector Machine Regression)
RF (Random Forest)

* _DNN (Deep Neural Network)

* Air temperature : 15, 25, 35 °C

* Relative humidity : 40, 60, 80%

* Wind speed : 1.8, 2.3m/s

¢ Litter water content : 10, 35, 60%

Selecting variables for

Processing the acquired experiment data . . .
machine learning regression models

Hyper parameter of each ML regression model

Variables for all ML regression models

: Test size, Bootstrapping amount & size
Variables for each ML regression model

: k (kNN), kernel (SVR), n_estimators (RF),
layer node & number (DNN)

* Bootstrapping
: amplifying the data acquired by lab experiment input data

¢ Multicollinearity
: calculating VIF of each variables

Evaluation of Machine learning regression models

* Selected evaluation metrics : R?, RMSE, MAE
* Compare the accuracy and tendency
of each machine learning regression model

Fig. 2 Research flow to estimate duck litter moisture generation using machine learning regression model

1) random sample N data
2) average the N random sampled values
3) add the averaged data to the original data

4) repeat the process 1-3 M times to create new M data

N : bootstrapping amount, M : bootstrapping number

Original Population With Sample Size N

B set Bootstrap B set Bootstray
Sample Size of N Estimate Population Parameters Further Inference

(a) Diagram of bootstrapping (b) Flow of bootstrapping

Fig. 3 Schematic processes of bootstrapping to amplify the number of data
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Table 3 Hyper—parameter of each ML regression model

Model Parameter Value
SVR Epsilon 0.01
Activation function ReLU
Loss MSE
Optimizer Adam
Learning rate 0.01
DNN Beta_1 0.9
Beta_?2 0.999
Epsilon 1e-8
Metrics MSE
Epochs 100

243k Stol] sebole] ol ofe] 74 MRS Mgl
of a1 wslol uje} vito]lo B HREE Hlmale
ok AR wlofe] F & 283t HlolE 9] HlES YEh =
test sizeZ 10, 20, 30%2 28319t REAEMNTO] HO
EAFE Sh= Hlo]E 9] 7li4=<l bootstrapping amountE- 57
R 1007744 54 ST, S5 dlojele] Ajel
bootstrapping sizeg 7|2 do|E (18])5E 108}7}R] A3}
At} Table 4, 5o B HElof FUsHA A5 ¥4 (test
size, bootstrapping amount, bootstrapping size)2} R H
2 A4 HE vEhlch

2 wde] 79 217te] QA solm sretulee)
KNNe| 7}7to] 3]t Hlojele] g olulah ke 3olA
12 WI9)2 2SS, SVRS] o S3HS TAleh: 4TS
A= | 7}A] kernel Q] linear, radial, sigmoid, polyS A7
I3k RF= SAEA U9] 745 Z7g8l= n_estimators
= 570l 25071 HflollAl sS4 S7HAZLAL, DNNO| 2452

Table 4 Variables for all machine learning regression models

Variable Range
10, 20, 30%
5-100 by 5
origin-10 times

Test size

Bootstrap amount

Bootstrap size

Table 6 Variables for each machine learning regression model

Model Variable Range
KNN k 3-12
SVR Kernel linear, radial, sigmoid, poly
RF n-estimators 5-250 by 5
DN layer node 2" (n=1-6)
layer num 1-6
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Table 6 Equation, description and evaluation of metrics
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a1, olof we} B o] o W< 7F A7) glo]E] Ao
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Metrics Description Performance criteria
R2
R? is the most used metric for the researchers all . .
Z (v, —;)? . . : The closer R? is to 1, the better it reflects
= time. It gives an idea about how well a model can
A the forecast results.
Z 2 forecast a set of actual data.
3o
RMSE RMSE is often preferred for evaluating short-term |RMSE takes positive values in all cases and

forecasting results. It represents
between actual and forecasted data.

the difference|being closer to zero, the more successful

the forecast results gets.

MAE

L& MAE measures the goodness of the fit used to|The closer the MAE value to zero, the
;2 |y; —x, obtain the models. more successful the forecast results.

i=1

Table 7 Comparison between result of Dunlop et al,, 2015 and Lab experiment
Condition Air temperature | Relative humidity | Wind velocity | Litter water contents | Litter water generation
(°C) (%) (m/s) (%) (L m? day™
Dunlop et al., 2015 25 50 2 50 10

Lab experiment 25 60 2.3 50 134
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Features VIF Features VIF Features VIF
Air temperature 1.0505 Air temperature 1.0308 Air temperature 1.0257
Relative humidity 1.2210 Relative humidity 1.0418 Relative humidity 1.0437
Wind velocity 1.0404 Wind velocity 1.0232 Wind velocity 1.0241
Water contents 1.0012 Water contents 1.0015 Water contents 1.0016
(a) Original data (b) MLR (c) kNN
Features VIF Features VIF Features VIF
Air temperature 1.0481 Air temperature 1.0535 Air temperature 1.0470
Relative humidity 1.0235 Relative humidity 1.0226 Relative humidity 1.0257
Wind velocity 1.0373 Wind velocity 1.0416 Wind velocity 1.0405
Water contents 1.0012 Water contents 1.0012 Water contents 1.0012
(d) SVR (e) RF (f) DNN

Fig. 4 VIF factor of each machine learning regression model
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Table 8 Performance of Machine Learning Regression Models
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Fig. 5 R? of each machine learning regression model
according to test size

Factors MLR kNN SVR RF DNN
Test size (%) 10 10 10 10 10
Bootstrap amount 90 65 10 80 95
Bootstrap size X5 X5 X8 X9 X5

ML variable - 7 linear 200 5 layer (16 node)

R? 0.6689 0.5411 0.6284 0.7657 0.4561

RMSE 0.0079 0.0082 0.0130 0.0046 0.0195

MAE 0.0056 0.0059 0.0065 0.0031 0.0129
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Fig. 6 Evaluation metrics (R?, RMSE, MAE) of each machine learning regression model according to bootstrapping status
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Table 9 Evaluation metrics of SVR and kNN

Regression model R? RMSE MAE
kNN 0.5411 0.0082 0.0059
SVR 0.6284 0.0130 0.0065

S A} HEA] 4B dbAigko] X710 11, yE=o 7} 3l E

X mEE ol AT 38 Uehich 47 BRI 2ol
142 A7 dlolElet ol Hlolg] 7o) 2317 7| mae] of
= Aapesl WolxA e,

A 8 ) o) 2 4D
E
=

AN
.
ok
H_l.
N
—_
0?

't SVR, KNN&- B|35HH SVRE| o 52|19} AS52] 9] A4
A AT A vIsSIRAEL, AR el ASH e A=

29} @217}k 7 Ro] 422 iy

RMSE, MAEZ} 2 742 w9

3, KNNS B} 2elv}l u|ws)] 9xl= 2k7 A8 BAL Yol
R20] w31 RMSE, MAE7} W] AM&E| Q)

S AnkE vhEkoR Qe HheR) 41

& B oS

.IJ_Q_‘O']- E:ﬂ& A—]Z%t‘ﬂ— 'IH ;q;(ﬂ;(—]o 78‘63:}8]0] %a_‘o: E‘fi_h]—g

A7t Ao walg wwg 4 9k webd o)
WIS oAt TR ARE ol g3te] Hehes

W ek me AAstof T,

299 5

H] a3t 5

(@) kNN accuracy according to k

-0.10 10

50 90

130 170

n estimators

210 250

(c) RF accuracy according to n_estimators

KNNO] 39k =7, & o534t o235t HlolH 9] 75 72
AAEIAS o], SVME] A% kemel = linear, 2 | =788 A}
sz A9 7 AR 1) 1 RS SRS Bk RES)
7% n_estimator = 210, & JAFAA U] 7|47} 21070
wfl, DNN9] 73-9- 16 node®] 5 layer, & 1671 = EE 7[R =
5789] 3‘47‘5% AABIAE o 7MY 2 AeEE Heltk =
= A4} 32, 6491 790] Roo] 292l Az} Lghize, of
o] Alguct ae] Algol o 2 AgroR SR w

o] FHatE F3f oSt mdHh lé *é%ol e

EfIck: Fig, 82 7t o] wio] the welo] SRS vt
W ol
—(T)L% \__T, EE]E ]:H__/'\_"\_7]— X]E\;{J/‘\_T‘ —ET%%EL

x%ixhplio}o ‘I]L /\E1 %%H @—EE]A}H}DPXH
—rHH 7VA R whE vhEA] 2 WA HlolE oA

< 934 RF (Random Forest, 2 ZAE) 7} 71 24
oF mdlg AAEQC ol AlE HlolE 10%S A-83}1,
bootstrap size SH ©]A}, n_estimator 2007 o]AFO.2 A1
2 1) A ()7} 74 13} 7bA) A2l ol 4
9 FAVH Y SIS RSESMA 25 03

Az)5} o2

£ dollA 22|Al HiEA T% %‘r 8 iﬁ"ﬂ uE s
A A= %’40}1 e glolE gl Wil AF BAE e
W glo] A AT Lee et al. (2019)0]4 33 th A3
o)A Tor*} AAS R 29Ach 753 7|12 dlo]
E|7} Zro} o]AF] (outlier)o]] WS TR AE 3HEA Q] 5

0.50
0.10 I
-
-0.10 linear rbf poly sigmoid
kernel

= v

R Square
o
w
(=]

(b) SVR accuracy according to kernel

0.70

0.50

R Square
o
w
o

0.10

-0.10
2 4 8 16 32 64
layer node

(d) DNN accuracy according to layer node

Fig. 8 Accuracy changes according to variables of each model

2533y A63E A6F, 2021 « 85



JIAstES &8 22|At vt

CHx

Aol UERA) 9okgo] $-2Eich B3], RMSES} MAES
3 mefshe TS 71 A0k oS o] ARt of
Uz olakRlo] gt 2418 BHeIS 4= Qgich 2714el A
3 @4 422 59 Yolelo] WelE shstel HlojE o) &
e} S 7h0) 418 AN WAlels ot 27}
A 10 7l 71 Yok} e REE gl
Aol ¥ el S Aike w4 9lgow o,

v. 2 2

2 =M W A =53k ee|Ab Hie A
5719 2 HolH (7] &%, 5%, 5, Ten)ol wE
HIEH 5 A TlolBlE 39 £48Hlth L 2jAf uiet
oo RS 22 A o 7MY 2 9 e
[2180d), B At AU ozt =] dtk mlu|a 2
2] F7ol A= AXF AE FFarste] AA - deE]ske Aol
o}, webA AARE S70] E7FsE HEA] - AR 4
S317] flsto] AiFor S| 4% ¥ 3719 &4 2+
BE olgsto] nie A i RS 39 EAskLA} SHGit
AAsE 3] AHEA o] MLR, kNN, SVR, RF, DNN=2- o]-8-5}
o 3|74 A3t 3, Al 7HA] 7 A& (R, RMSE, MAE)
£ olgsto] Aek=E Hrisklet w3 ) AdE Sl A=
3k tlofE 9] o] xq‘jrb u% sdstr] 9l REAERYTY
7185 o]&sto] Hlo] oskal, ThFeh B4 (test size,
bootstrapping variables, 7]74]51’5 e slo| mhafu] )
o2 gt &8 wds ARSIk 24 Ak R 07657,
RMSE 0.0046, MAEZ} 0.00312 RF2] AZ =7} 74 =2 A
< ERIsHch

O
A &3

ol

N

B ol A7 8-S vk 2 Tt wiag 485}
of Qe|A} uiEkA S5 WA vlojelo] ARt T
R} 5O mAL A 5 QS Aolth. Ea Fai
A YA Holiz 31 HolelS 317 EAslolrks S
& 3ste] 7P A B4 5L B4 vgolg g
Tk oA (outlien)el] g 715t Aelt. o], 7
W mEe AR eelijo] Aeste] Waole] 284S o
QABhL, AXZE A} FIAA RS Fo) uheR] i waye
o myEPTThY 2ei AL Save] AR Y 4
oLe Aoltt
UAle| 2

2 ATBL SAFAAERY YU R $YAE/47]
SJ77hele) SEUCI e Y TRAE S A2S Wot ¢l

86 + Journal of the Korean Society of Agricultural Engineers, 63(0), 2021, 11

=3

S (120099-03).

REFERENCES

L.

10.

11

. Kim, Y. H,,

Korean Duck Association, 2019. A report of research on
the improvement of duck breeding facilities 1. Duck Village
195: 24-35 (in Korean).

. Korean Duck Association, 2019. A report of research on

the improvement of duck breeding facilities 1. Duck Village
196: 20-40 (in Korean).

. Korean Duck Association, 2019. A report of research on

the improvement of duck breeding facilities Il Duck Village
197: 30-51 (in Korean).

. Statistics Korea, 2020. Results of the farm and fishery

household economy survey in 2020.

. Statistics Korea, 2020. 2020 Livestock production cost

survey.

. Bang, H. T., H. C. Choi, H. S. Chae, J. C. Na, H. G. Kang,

M. J. Kim, D. W. Kim, S. B. Park, S. H. Jung, and O.
S. Seo, 2010. A study on the productivity and environmental
change according to duck house litter. Korean Society of
Poultry Science 27: 132-134 (in Korean).

. Bang, H. T, D. W. Kim, H. B. Jong, J. C. Na, H. K. Kang,

M. J. Kim, M. M. H. Mushtaq, H. C. Choi, S. B. Lee, M.
Kang, and J. H. Kim, 2013. Effect of various forms of floor
system on performance of meat-type duck and environments
of duck house. Korean Journal Society of Poultry Science
40(3): 253-262 (in Korean). doi:10.5536/ KJPS.2013.40.3.253.

. Yeo, U. H, Y. S. Cho, K. S. Kwon, T. H. Ha, S. J. Park,

R. W. Kim, S. Y. Lee, S. N. Lee, I. B. Lee, and I. H. Seo,
2015. Analysis of ventilation efficiency for the summer
about a design plan of standard duck house using CFD.
Korean Journal Society of Poultry Science 57(5): 51-60 (in
Korean). doi:10.5389/KSAE.2015.57.5.051.

2017. Analysis of ventilation efficiency of
standard duck house using computational fluid dynamics.
Seoul National University: 1-91 (in Korean).

Hong, E. C., B. S. Kang, W. K. Kang, J. J. Jeon, H. S.
Kim, J. S. Son, and C. H. Kim, 2019. Effect of different
stocking densities in plastic wired-floor house on
performance and uniformity of Korean native commercial
ducks. Korean Journal Society of Poultry Science 46(4):
215-221 (in Korean). doi:10.5336/KJPS.2019.46.4.215.
Lee, S. Y., I. B. Lee, R. W. Kim, U. H. Yeo, C. Decano,



S OI2 B - OIYT - HAIE - T2AEIL -

12.

13.

14.

15.

16.

17.

18.

19.

20.

J. G, Kim, Y. B. Choi, Y. M. Park, and H. H. Jeong, 2019.
Assessment of evaporation rates from litter of duck house,
Journal of the Korean Society of Agricultural Engineers
61(5): 101-108 (in Korean). doi:10.5389/KSAE.2019.61.5.
101.

Lee, S. Y, I. B. Lee, R. W. Kim, U. H. Yeo, J. G. Kim,
and K. S. Kwon, 2020. Dynamic energy modeling for
analysis of the thermal and hygroscopic environment in a
mechanically ventilated duck house, Biosystems Engineering,
200: 431-449. doi:10.1016/j.biosystemseng.2020.10.015
Kwon, K. S., J. S. Woo, J. H. Noh, S. I. Oh, J. B. Kim,
J. K. Kim, K. Y. Yang, D. H. Jang, and S. M. Choi, 2021.
Development and field-evaluation of automatic spreader for
bedding materials in duck houses. Journal of the Korean
Society of Agricultural Engineers 63(1): 37-48 (in Korean).
doi:10.5389/KSAE.2021.63.1.037.

Bernhart, M., and O. O. Fasina, 2009. Moisture effect on
the storage, handling and flow properties of poultry litter.
Waste Management 29: 1392-1398. doi:10.1016/j.wasman.
2008.09.005.

Brye, K. R., N. A. Slaton, R. J. Norman, and M. C. Savin,
2005. Short-term effects of poultry litter form and rate on
soil bulk density and water content. Communications in
Soil Science and Plant Analysis 35(15 & 16): 2311-2325.
doi:10.1081/LCSS-200030655.

Choi, 1. H., and Nahm K. H., 2004. Effects of applying
two different chemical additives to the litter on broiler
performance and the carbon dioxide gas production in
poultry houses. Korean Society of Poultry Science 31(3):
171-176 (in Korean).

Wadud, S., A. Michaelsen, E. Gallagher, G. Parcsi, O.
Zemb, R. Stuetz, and M. Manefield, 2012. Bacterial and
fungal community composition over time in chicken litter
with high or low moisture content. British Poultry Science
53(5): 561-569. doi:10.1080/00071668.2012.723802.
Dunlop, M. W., P. J. Blackall, and R. M. Stuetz, 2015.
Water addition, evaporation and water holding capacity of
poultry litter. Science of the Total Environment 538: 979-
985. doi:10.1016/j.scitotenv.2015.08.092.

Dunlop, M. W., J. McAuley, P. J. Blackall, and R. M.
Stuetz, 2016. Water activity of poultry litter: relationship
to moisture content during a grow-out. Journal of
Environmental Management 172: 201-206. doi:10.1016/
j.jenvman.2016.02.036.

Kim, S. H., S. Y. Park, S. J. Lee, and K. S. Ryu, 2003.

21.

22.

23.

24.

25.

26.

27.

28.

29.

Effect of feeding lactobacillus reuteri to broiler on growing
performance, intestinal microflora and environmental factor.
Korean Society of Poultry Science 30(1): 17-28 (in Korean).
Miles, D. M., D. E. Rowe, and T. C. Cathcart, 2011. Litter
ammonia generation: moisture content and organic versus
inorganic bedding materials. Poultry Science 90: 1162-1169.
doi:10.3382/ps.2010-01113.

Lee, W. S., J. Y. Ryu, T. W. Ban, S. H. Kim, and H. C.
Choi, 2017. Prediction of water usage in pig farm based
on machine learning. Journal of the Korea Institute of
Information and Communication Engineering 21(8): 1560-
1566 (in Korean). doi:10.6109/jkiice.2017.21.8.1560.
Lee, W. S., S. M. Park, T. W. Ban, S. H. Kim, J. Y. Ryu,
and K. Y. Sung, 2018. Health monitoring of livestock using
neck sensor based on machine learning. Journal of the
Korea Institute of Information and Communication
Engineering 22(11): 1421-1427 (in Korean). doi:10.6109/
jkiice.2018. 22.11.1421.

Lee, W. S, I. Y. Ryu, T. W. Ban, S. H. Kim, S. K. Kang,
Y. H. Ham, and H. J. Lee, 2018. Estimation of body core
temperature of cow using neck sensor based on machine
learning. Journal of the Korea Institute of Information and
Communication Engineering 22(12): 1611-1617 (in Korean).
doi: 106109/ jkiice.2018.22.12.1611.

Lee, W. S, K. Y. Sung, T. W. Ban, and Y. H. Ham, 2020.
Production performance prediction of pig farming using
machine learning. Journal of the Korea Institute of
Information and Communication Engineering 24(1): 130-
133 (in Korean). doi:10.6109/jkiice.2020.24.1.130.
Gorezyca, M. T., H. F. M. Milan, A. S. C. Maia, and K.
G. Gerbremedhin, 2018. Machine learning algorithms to
predict core, skin and hair-coat temperatures of piglets.
Computers and Electronics in Agriculture 151: 286-294.
doi:10.1016/j.compag.2018.06.028.

Gorczyca, M. T., 2019. Machine learning applications for
monitoring heat stress in livestock. Faculty of the Graduate
School of Cornell University: 1-64.

Wang, Y., X. Yong, Z. F. Chen, H. Y. Zheng, J. Y. Zhuang,
and J. J. Liu, 2018. The design of an intelligent livestock
production monitoring and management system. 2018 I[EEE
7" Data Driven Control and Learning Systems Conference
(DDCLS): 1-5 doi:10.1109/DDCLS.2018.8516021.
ASTM, Standard test methods for laboratory determination
of water (moisture) content of soil and rock by mass
(Designation: D2216-10).

F2E3s=Rg A63d A6z, 2021 « 87



30.

31.

32.

33.

34.

88 © Journal of the Korean Society of Agricultural Engineers, 63(6), 2021. 11

Hong, S. E., T. J. Park, J. I. Bang, and H. J. Kim, 2020.
A study on the prediction model for tomato production and
growth using ConvLSTM. The Journal of Korean Institute
of Information Technology 18(1): 1-10 (in Korean). doi:
10.14801/jkiit.2020.18.1.1.

Shakoor, M. T, K. Rahman, S. N. Rayta, and A.
Chakrabarty, 2017. Agricultural production output prediction
using supervised machine learning techniques. 2017 Ist
International Conference on Next Generation Computing
Applications (NextComp):182-187. doi:10.1109/NEXTCOMP.
2017.8016196.

Alhnaity, B., S. Pearson, G. Leontidis, and S. Kollias, 2020.
Using deep learning to predict plant growth and yield in
greenhouse environments. Acta Hortic 1296: 425-432. doi:
10.17660/ActaHortic.2020.1296.55.

Cho, Y. H., Y. D. Seo, D. J. Park, and J. C. Jeong, 2016.
Study on the activation functions for efficient learning in
DNN. The Institute of Electronics and Information Engineers:
800-803 (in Korean).

Shin, H. Y., H. K. Yim, and W. T. Kim, 2018. Intelligent
green house control system based on deep learning for
saving electric power consumption. Institute of Korean
Electrical and Electronics Engineers: 53-60 (in Korean).
doi:10.7471/ikeee.2018.22.1.53.

35.

36.

37.

38.

39.

40.

Efron B., and R. J. Tibshirani, 1998. An Introduction to the
bootstrap. Monographs on statistics and applied probability
57. London: Chapman & Hall/CHC.

Akinoglu, B. G., 1991. A review of sunshine-based models
used to estimate monthly average global solar radiation.
Renewable Energy 1(3): 479-497.

Bakay, M. S., and U. Agbulut, 2021. Electricity production
based forecasting of greenhouse gas emissions in turkey
with deep learning, Support Vector Machine and Artificial
Neural Network algorithms. Journal of Cleaner Production
285: 1-18.

Gouda, S. G., Z. Hussein, S. Luo, and Q. X. Yuan, 2019.
Model selection for accurate daily global solar radiation
prediction in China. Journal of Cleaner Production 221:
132-144. doi:10.1016/j.jclepro.2019.02.211.

Bakirci, K. 2009. Correlations for estimation of daily global
solar radiation with hours of bright sunshine in Turkey.
Energy 34: 485-501. doi:10.1016/j.energy.2009.02.005.
Wang, H. K., L. Li, W. Yong, M. Fanjia, H. H. Wang, and
N. A. Sigrimis, 2018. Recurrent Neural Network model for
prediction of microclimate in solar greenhouse. [FAC
PapersOnLine 51(17): 790-795. doi:10.1016/j.ifacol.2018.
08.099.





