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Estimation of Frost Occurrence using Multi-Input Deep Learning
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ABSTRACT

In this study, we built a model to estimate frost occurrence in South Korea using
single-input deep learning and multi-input deep learning. Meteorological factors used as
learning data included minimum temperature, wind speed, relative humidity, cloud cover, and
precipitation. As a result of statistical analysis for each factor on days when frost occurred
and days when frost did not occur, significant differences were found. When evaluating the
frost occurrence models based on single-input deep learning and multi-input deep learning
model, the model using both GRU and MLP was highest accuracy at 0.8774 on average. As
a result, it was found that frost occurrence model adopting multi-input deep learning
improved performance more than using MLP, LSTM, GRU respectively.

Key words: Frost, Deep learning, MLP, LSTM, GRU, Multi-input Model

@ @& | * Corresponding Author : Jina Hur
— (hjn586(@korea.kr)



54 Korean Journal of Agricultural and Forest Meteorology, Vol. 26, No. 1

1. A E

d¥bA oz A= 9ol Higo] glen, 7]2o] of
=4 otz Hold wf A= WAL o] A Qlok
Kwon et al.(2008)2 oF4%l tf7] 2704 ol5A] 1L
71940) Fake Wk gal vigho] gl ottel, A3
9] 7]20] 0T olstz "Hold wf 45717} 5&fsto]
A7 28gctar kAT EgE Temeyer ef al.(2003)
= AR50 FAE AEFo| SHT A HFE
o, 57178 FA=AY o] FE Aol o8 Arklxl
Aol F&3 3717F g uf A2zt AR
Fle). et Aeizt EAgsh] 4% 7172 7t
B 4 7|tolw, TAY Al7]of| whef TRkt w2k
of TS At 7helr] AS WSk 7 =4
= T 2 A2 A0 ofl o, Zofl ¥ AR
S op7IskaL, Ao WSk 7R o &
Aele A () BF 5)EY S Ad 2 AE
742 stk op7Igteh A mEiE Xax3tslr] ik
A= Al A Aol iRt AP ARE THte®
AP A i A(SER, A, mAEEE B vt
Asflof gtk weba] A7) WA 7s/de dlSshe A
= AP ol AE fIe +H] 71X A Yk
o] v Fashr

Il A= A 20952t AfE] WA oS5 2y
i3t A7t 48] Qdck 2000 A2 WY A o
T GFA o] it Ay Ao 244] 71,
B, SYO] A T A A 7EAES
o]-gst FHEX(DA, Discriminant Analysis) - 2
Al F A7 3 El 547l 30) 7=
o2 Xoful Ajejajs) Aol At A7} A
itkHan et al., 2009; Chung ef al., 2004). 2 10
Alg] B A A=l Ae] EARE 7o R
AT AR Ay Ade] 71dacls &4
St o] ARE JAs (el AEAAE,
HEE, AEEMEDA)0] s5elo]e Hgato] 7]
Aok 7Iuke] MEub ol 7PsAle Alwmslrt
(Kim et al., 2017, Kim and Kim, 2022; Chun et al.,
2021; Noh et al., 2021). T3t 7|AAE s AR
7135 An 0] dekow =8 74T olEE HiE
o2 7|Aek571M(XGBoost) & 485t Skm A&}
O Al 7Hs/dS oISskal lcKhttps:/bd kma.
go.kr/kma2020/fs/agriculturelnfo.do). 1 H}of] Noh et
al(2021)= FollA A2y A& TsiE 5317

flo o
-z

i

oA )

K
S
o

Om oG] 7)ot BaARE Sk AT

e 2
=
)
ol
ok

Iy
=
ol
o xR
of, L

23 9] =3l 91e] Dua er al(2021)
ol-gste] It BFE s
1371 ffel o g "Held 2E=
T e "l Lol vish et A
W= =&35191.0m, Chen er al. (2022)2 Q17+e] 7+
2 Qs 9 o Y Wl BYe T35
5= sk
Aol A= 71E0ll A7 A oSl B
d A "HeEd Kol Hoh o ot
e U o9 "Held 2Ee o
A517] 18l +sisich. olo] wket 12
CrEHAEZ(MLP; Multi Layer
Perceptron) ¥} 39| &5 AwE o8t A7
w22 (LSTM; Long Short Time Memory)2} Ao|E
2%} 3Y(GRU; Gated Recurrent Unit)2 $HA| 28
g ok e "eld 23S Skl Al Y oS
Foae Amfugron], o 918 9oy mael 4
2] A oSl digh Jetes Tl A9 Held 23
o] getee} vl Fris Hrth

)
2
4
i3
2
>
i

N
Ol

5o

£ od m

g
st

o
g £
K
ik

J

I
L
o
=
o
et

N

oy
A
oN
filo
i

¢
4o
i
et
o
o
j"L
rr

N

2. Iz A EH

21. 7142 =8 2 ol ME 25

A P& Alre FH7 o =R E SRt
71787 SRS AR 2443 (Table 1)of ozt
201495 E 2022W71A] 9] 5 HHE o] g3tk
Alg] AT A 71 RIAES AR AR Eart
PSR GRS U Histe] Helsilnh Z|AkIAS
Han et al.(2009), Robinson and Mort(1996), Temeyer
et al.(2003)0l4] AAIE QAL 5 717 SulolliLoll A
sk A7, Bk 5 FE AUs
L= AAsiglon, dutzow Aol feldde] Hoe
L 7135 o7t AR o 2T AHRE
= ARSI Rl AFE RSk fIsl Ak
AL dof| Tt TlofE 6,431 AEQ} A2j7t WAYsHA]
12 ol gt Tleolg 59,719 NEE #Hste] &
150 AES] glolHE = stAAINE S5t o] &
F= W7 I8 At o] diolE ME|
PR A AE|7h e Eof gloly AESE A2zt i
] 92 29| dlolE AES 6431 ER 53}
A SHA F 12,802 ER Hdstlth T1E]al o]F

&0

6

4R

L
L

A

oz
O



Kim et al. : Estimation of Frost Occurrence using Multi-Input Deep Learning 55

20%291 2,573 M| E= Test Set= =S HZ35l=1)
SR, Lol 1028012 FolH 3L T33)
7] 913l 80%+= 8,231 H|E+= Training SetZ, 20%<1
2,050 Ex= Validation Set= AF85}%th ESE 2
o Ae Bjsl] 918 St UG sl wkea}
o] Aetwes vlwsoirt.

Table 1. Synoptic weather stations collected the frost

data
Region Station
Gangwondo Chuncheon, Bukchuncheon,
Bukgangneung
Gyeonggido Suwon
Chungcheongdo Cheongju, Seosan, Hongseong

Gyeongsangdo | Ulsan, Pohang, Andong, Changwon

Jeollado Jeonju, Mokpo, Yeosu

Metropolitan Daejeon, Daegu, Incheon, Seoul,
city Gwangju, Busan
Island Baengnyeongdo, Heuksando, Jeju,
Ulleungdo
5 128 128

22. H2{dE 0|88 Me|edFH

7VAEE olgste] At A5 4] 9
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o2 HAAsiglon, £AG(loss function)> binary_
crossentropy & AA35}FIt)  Early-stopping2 |3

(@) MLP

3x5 3x128  3x128

3x5 3x128  3x128

3x64 3x64 32

—_

(b) LSTM
3x64 3x64 32 1

(c) GRU

Fig. 1. Schematic diagram of single-input deep learning frost
occurrence estimation model.



56 Korean Journal of Agricultural and Forest Meteorology, Vol. 26, No. 1

Validation Accuracy”} 7} =2 3 7|50 & 53] 3L Google®] Colaboratory (python version:
S Hapt glow g g5l 2k MLP 3.10.12)01M Hed Z Y= F TensorFlow oA

= 1Y(FYY 7V =R Aedy 575 4519 A Fd= Keras2] Functional APIE €-85t] 23S

©on], LSTM3} GRUE 3UFA~200)9) AAD 7] 7539k
AARE o] gslo] AEEy) SHe =5 =&

3x5 3x128  3x128 3x64 3x64 32

812US1EOUO)
L 4

3x5 3x128  3x128 3x64

1

3x5 3x128  3x128 3x64

9]eus)eduon)
asuaq

3x5 3x128  3x128  3x64

()
.»

(c) GRU + MLP

91eua)eduo)
9
asua(

Fig. 2. Schematic diagram of multi-input deep learning frost occurrence
estimation model.
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© oF A
=3 T

=

g olgste] Aeiiae FAs Rore ),
MLPE o|§3te] Aejie 343 Avke Aelvt
spgghch et ek B eherh et 2

9] Z4zbo] it 73.14~—" = Concatenate =2 =3l 2%} o] duh} HEeA H=AE Uehles HI=
o] SIGIEE RES L5k Ay HE =F (Accuracy)= 53] B4 0.8586 0.2 el 181
shalry. A = (Precision)= A&7} HAYRTEIL =43 A F
Table 2. Characteristic of climate factors of frost occurrence days and frost free days
Tmin WS Cloud Pre RH
() (m/s) (0.1%) (mm) (%)
FOD Average -3.2 1.6 3.2 0.2 62.1
(SD) (4.2) (0.9) (2.5) (1.3) (12.4)
FFD Average 11.2 2.6 5.3 3.6 68.8
(SD) ©.1) (1.6) 3.1) (12.9) (17.0)

Tmin: Minimum temperature, WS: Average wind speed, Cloud: Amount of cloud, Pre: Amount of precipitation,
RH: Average relative humidity, SD: Standard deviation, FOD: Frost occurrence day, FFD: Frost free day
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AR A7t A=A Yehl= A= 0.8080= Lt
ERgon, A& E(Recall)S AR A7} TS uj
AEzh dARital FAPEA UEidle AE=
094382 Lpepge). Auwel AjASS ol weg
A2l Fl-score+= 0.8704% UE}GFTKTable 3).

LSTME o-§5fo] Aeldls 73t Ak A<t
(Accuracy)”’} 53] H+t 0.86620.2 UERGTE 18]
31 = (Precision)+= 0.8363 % UERFOH, Ad&
(Recall)-2 0.9123 2 UEFEIL, Fl-scoret 0.8724%
UERSTtHTable 4).

31 AU % (Precision)+ 0.8347=2 UElroH, xjd-&
(Recall)-& 0.9348 =2 eI, Fl-score= 0.8817%
et Table 5).

LSTM3} GRUE 3b7l 154130 % 218 e
"ol A%, 53] Bt Fe=rt 0.8771, AEE
0.8372, Aj&e-°] 0.9374, Fl-score7} 0.8844 = L}E}
%t} (Table 6).

LSTM#} MLPE M| 354X th5 o9 de2id
Yo B, 53] Bt FE=r} 0.8763, FU=T}
0.8351, Aj&g©] 0.9391, Fl-score”} 0.8840= L}E}

ol

-

GRUE o-&sto] Aejdds =43k At
Z(Accuracy)«= 53] Hat 0.8741 0= LjEfRE

Wt} (Table 7).
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J {
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Table 3. The accuracy comparison of frost occurrence classification estimation using MLP

Ist 2nd 3rd 4th Sth Average

Accuracy 0.8480 0.8574 0.8752 0.8562 0.8562 0.8586
Precision 0.7844 0.8006 0.8415 0.8054 0.8079 0.8080
Recall 0.9621 0.9536 0.9256 0.9412 0.9366 0.9438
F1-score 0.8642 0.8705 0.8816 0.8680 0.8675 0.8704

Table 4. The accuracy comparison of frost occurrence classification estimation using LSTM

Ist 2nd 3rd 4th Sth Average
Accuracy 0.8632 0.8570 0.8729 0.8733 0.8647 0.8662
Precision 0.8332 0.8510 0.8371 0.8276 0.8327 0.8363
Recall 0.9094 0.8668 0.9272 0.9442 0.9140 0.9123
F1-score 0.8696 0.8588 0.8798 0.8821 0.8715 0.8724

Table 5. The accuracy comparison of frost occurrence classification estimation using GRU

Ist 2nd 3rd 4th Sth Average

Accuracy 0.8799 0.8706 0.8644 0.8803 0.8752 0.8741
Precision 0.8309 0.8461 0.8118 0.8378 0.8469 0.8347
Recall 0.9551 0.9070 0.9505 0.9442 0.9171 0.9348
F1-score 0.8886 0.8755 0.8757 0.8878 0.8806 0.8817

Table 6. The accuracy comparison of frost occurrence classification estimation using multi-input LSTM-GRU

model
Ist 2nd 3rd 4th Sth Average
Accuracy 0.8811 0.8760 0.8752 0.8772 0.8760 0.8771
Precision 0.8316 0.8370 0.8415 0.8426 0.8333 0.8372
Recall 0.9566 0.9349 0.9256 0.9287 0.9411 0.9374
Fl-score 0.8898 0.8833 0.8816 0.8836 0.8840 0.8844
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Table 7. The accuracy comparison of frost occurrence classification estimation using multi-input LSTM-MLP

model
Ist 2nd 3rd 4th Sth Average
Accuracy 0.8799 0.8768 0.8756 0.8737 0.8756 0.8763
Precision 0.8349 0.8449 0.8265 0.8326 0.8365 0.8351
Recall 0.9481 0.9241 0.9520 0.9365 0.9349 0.9391
Fl-score 0.8879 0.8827 0.8848 0.8815 0.8830 0.8840

Table 8. The accuracy comparison of frost occurrence classification estimation using multi-input GRU-MLP

model
Ist 2nd 3rd 4th 5th Average
Accuracy 0.8776 0.8791 0.8752 0.8768 0.8784 0.8774
Precision 0.8280 0.8254 0.8509 0.8179 0.8488 0.8342
Recall 0.9543 0.9628 0.9109 0.9706 0.9218 0.9441
Fl-score 0.8866 0.8888 0.8799 0.8877 0.8838 0.8854
2ol A%, 53] et Fe=r) 0.8774, AEE=Tt 67119] Held= ol 8et A2l Y o5 RYS S
0.8342, AJ&l-8-°] 0.9441, Fl-score”} 0.8854% e} oz gosh uff GRULF MLPE] o5 49 HEd
weh (Table 8). wgo] Hehwel e WolA] 7b S5t et
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UEREAL, o oE Held 2R B 37 2Y 4.4 B
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2 o oY "Hed o] Hee HollM o o3 B7sl7]0] 9bA, "Held el SsHlolH 2 o] 8F 714
o} ek A A oS 2o A Aert dae AE(H A7, Bags, AdisE 75 A
4E o AgsHA A E8S A5 Aol a5 D S4S AuESE ul, A7t WA R
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= 5 W =TT 7P W2 MLP7F 094382 ] 7o) ko, vigho] ofjl 54do] Uit 3t
Aoz A Ytk o2|3t Aol= TAKCRE FOSHA Ut 4

Table 9. Climate factors characteristic of correct prediction data and incorrect prediction data of frost occurrence
classification estimation using multi-input GRU-MLP model

Tmin WS Cloud Pre RH

() (m/s) (0.1%) (mm) (%)

Correct Average 6.2 2.6 43 23 63.2
Prediction (SD) (8.8) (1.3) (3.0) (12.0) (15.8)

Incorrect Average 6.1 2.5 4.1 1.8 62.8
Prediction (SD) 84 (1.1) (2.8) 9.6) (15.0)

Tmin: Minimum temperature, WS: Average wind speed, Cloud: Amount of cloud, Pre: Amount of precipitation,
RH: Average relative humidity, SD: Standard deviation
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