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ABSTRACT

Microclimate has been influencing all forms of time-sensitive agriculture. With substantial advances in
emerging and enabling technologies, a vast amount of IoT-based environmental data allows preparation for the
adverse impacts by providing helpful information to time-sensitive services. Of particular concern among
high-risk weather conditions is nonanticipative frosty damage, affecting agricultural yield significantly. This
paper proposes a timely frost prediction model based on machine learning using environmental data. Because
of minority information on frost, conventional approaches often suffer from the class imbalance problem with
rare labeling data. We address these issues through a frost prediction model using class-balanced data by
SMOTE method to environmental datasets collected from IoT stations when predictive service executes. Our
experimental results demonstrate that the frost prediction using Random Forest is the most suitable algorithm.
With the optimization process, the performance of the frost prediction model was improved by about 4%
(Based on f1). Moreover, the performance evaluation by SMOTE ratio shows the importance of an appropriate

ratio for data augmentation by unique tendency.
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Table 1. Data distribution of each weather station

Station # of valid # of # of Imbalance
data NonFrost Frost ratio
A 905 886 19 0.021
B 844 818 26 0.032
C 664 654 10 0.015
D 843 827 16 0.019
E 784 770 14 0.018
F 753 741 12 0.016
G 486 476 10 0.021
H 845 657 188 0.286
mean 765.5 728.6 36.9 0.054
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Table 3. The environmental input datasets for prediction

Climate factor| Feature Calculation model
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Division Input variable Count
Daily average | t_air, gtp, t-soil, w_speed, rain,
. 8
(by minute) t-dew, solar, r_hmdt,
Specific value | t_min, t_diff, gtp_min, inverse, 5
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t_min | 0.029 | 0.908 |-0.753| 9.083 8 -0.603| 0.049 | 0.631 | 2.800

t_diff | 0.012 | 0.870 | 1.62 01 -2.569|-0.508 | 0.016 | 0.554 1821

gtp |0.029|0.998 |-0.014|-0.731|-2.900|-0.796 | 0.045 | 0.816 | 2.665

0020|0907 |-0.698|8.664 | |-0.604| 0.017 | 0.618 | 2.895

-0.011 1.021 | 1.365 | 1.304 |-1.287|-0.737|-0.422| 0497 | 5.144

rain (-0.008 | 0.974 16373522 -0.155|-0.143|-0.132|-0.126 BB

t_dew [-0.071| 0.706 | 2.950 | 9920 | -0.672|-0.526|-0.176|-0.133| 4.384

t_soil | 0.052 | 1.035 |-0.057 | 0.336 |-3.125|-0.698 | 0.152 | 0.771 | 8262

dewp

oint -0.009 | 0.977 |-0.147|-0.366 |-3.219 |-0.709 | 0.068 | 0.675 | 2.800

4.3 2 o] MAM(SMOTE)
SMOTEE Z¥=H F3L 23] 93 doly
Augmentation(Over-Sampling) 7|"HZ2] ShlzZH,
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e E = 5ol 8 i oR ol &8F =
7|"ie]ttk Fig. 3-> Station Adll ™igk SMOTE %159
ARG RIS AER A Atk S
DT, RF, AdaBoost, SVM, KNN, ANN¢| o3&
Fl-score®} AUC Z3} AJA]). SMOTE #19] Hidghe
0.290]4, Fo] gk 08524, SMOTES E3F
Augmentation®| B3 d|o|e]2] A5 itel oJ3k

o Qhee Vel glek

1.5 --=-after_smote ——before_smote

KNN_auc
ANN_F1
ANN_auc

o,

=
)

21 3. smote(station: A) ¥ of|=
Fig. 3. Predictive performance before and after smote(station:A)

Table 59 u}=29, ol W4 AFExe} S48}
S

A HiE A0 Belolt REZ 457} 53, o
A ol e o] o bz,
o W) gholl Tha: IR 4T 5 9l o=

& & glrk ujebA Table 194 IR>0.291 Ho[El=
IR<0.1 dlelej®e} WA #Fx=Ho] gla, #HA
Augmentation &S 243_3} ] $52-A), A= makAl
tlole] +5 el 797t BAE 5 Qlck =3
71 tﬂ‘ﬂﬁ"ﬁﬂl H|3le] A4zl Augmentation H]a‘
© o3]e] AEE QEe AT Aot | 2
ov 2 HA Augmentation H]E AHH-2 F23] }‘:]-

wEha] 2 Aol A= AlE] A of el gk &
3 d|o]e]9] Frost(class: 1) B 4 20% 74£i
24 AAska, dd BlE AR Al 8kt webA
E ATFelre B35 A A dHolgdl digl, &
T3 &2 Aol & ARl 245 vE(A%) B= 10
1, H= 1.59)2] SMOTE 7|38 #4-8-3lcK(Table 6).
SMOTE A& 52| dlele] Lol g Wiz} o4
24, F=4 Aol gt t-min(xZ)3} dewpoint(y )7t
T ZE AAZCHFig. 4).

=3}t dlo]e] Augmentation B]-8-2 wwl o|&A] =}
A3 el vl Fosleh webs A oS =l
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Table 6. Comparison before and after SMOTE Table 7. Performance metrics by machine learning
classifier(mean of cross-val_scored)
Station A B H

. Aver

Non Non Non ID| Classifier | Acc | Pre | Rec f1 AUC
Occurrence Frost Frost Frost age

Frost Frost Frost

o Before | 886 | 19 | 818 | 26 | 657 | 188 DT 0.924 | 0.805 | 0.777 | 0.788 | 0.877 | 0.83
After | 886 | 190 | 818 | 260 | 657 | 282 RF 0.965 | 0.842 | 0.954 | 0.893 | 0.979 | 0.93
SMOTE rate Frostx 10 Frostx 10 Frost<1.5 A | AdaBoost | 0.919 | 0.774 | 0.778 | 0.772 | 0.938 | 0.84

SVM 0878 | 0.5 | 0.73 | 0.592 | 0.924 |0.72
ANN | 0.917 | 0.763 | 0.77 | 0.766 | 0.953 | 0.83
.}'“"- DT 0.9 |0.796 | 0.791 | 0.79 | 0.864 |0.83

frost occure_text
e non-frost
frost

frost_occure_text

e non-frost

N

. S oh Bhont -
£, " e RF | 0943|0846 | 0.913 | 0.877 | 0.98 {091
H ; gag B | AdaBoost | 0.882 | 0.742 | 0.763 | 0.752 | 0.92 [0.81
2 el g aE AT
R R SVM | 0.87 |0.627 | 0.788 | 0.696 | 0.935 | 0.78
-3 -2 -1 0 1 2 3 -2 -1 0 1 2

ANN 09 ]0.773 | 0.803 | 0.787 | 0.95 |0.84

_ DT | 0.675|0.514 | 0.463 | 0.486 | 0.629 | 0.55
3% 4. SMOTE A3} F(P A= u]a(Station_id:
A, x: t-min, y: dewpoint) RF [0783| 05 |0.697 | 0.577 | 0.787 | 0.67

Efigrkniht)cgr&%%?sltatgn_ifi(fatzrx: Iffr:;n’ byef‘g:‘g;g)n t)a“d H | AdaBoost | 0.731 | 0.44 | 0.566 | 0.493 | 0.73 |0.59
SVM | 0.733 | 0.287 | 0.631 | 0.393 | 0.738 [ 0.56
4.4 =ZEo| Adne|S MEH gl mdl XXMt ANN | 0.755 | 0.433 | 0.639 | 0.513 | 0.759 |0.62
E Aol|x+= SMOTEE A48 #3547 dlo[e]4l
& Boso], A R Sbuelzel 485

o, 7P A3t duE|Es Al vl 2 ol 0.8
T-= A7) 2] f{(Class:1)2} F{Class:0)E °i|=3} 0.6 I I I l I I
Acc Pre Rec f1 AUC

t_min

7] Sl nw, ZAIkEe] 5 71 el sl o o4
2 ES oheksAl A83lan, k-A WA ev=5)S
53 2 Bl Adss W7KRk DT, RF,
AdaBoost, SVM % ANN. A% #H7} X %= k4 A 0.8
Al A& (Acc), A= (Pre), AN&-E(Rec), 314 0.6 I I I I ' I ' I I I ' I
T(F1) 2 AUC?| F 5715 7]5oR #43Mt. o] 04

Acc Pre Rec f1 AUC

Average

Average

STATION_A EDT ®mRF AdaBoost SVM mANN

1

T FHE A dae]ES 848510, GridSearchCV
5 H83o=zH, A o= ndg AAgkk STATION_B

Table 7-= 71AISkr dxelEd k-4 IAHESE 08 I I
Acc Pre

EDT ®mRF AdaBoost SVM mANN

Rec f1 AUC

E3h A% A9 MolFriFig 5). RFE 5719 =& oe
A FollA] ThE okuElEur) S5k Ad%-g nojFr)

0.4

0.2

DT2} SVM thE dare] el vls) gho] UhA| vet Average
yrl 78] SMOTE AA v]Eo] 52 A9} B I= STATION_H DT WRF mAdaBoost ©SVM mANN
e AFse] B0 hehda oA, A Blge] B _ .
o] O T o a8 5. o) SR BRI A 243
H #520] Aed vha W] vehar givt metAd Fig. 5. Performance metrics by machine learning classifier
k4] o|ZF thE SMOTE A H]&-& wdle] A
o ul%- Z-& JE = 4 3= w SR vyl Wi o]7] $1gt F3 E ASS T A3} Ao Hk=A
b 4 9les o=3 4 9} 3 a3)c) & odol| A<= GridSearchCV(cv=5) 7%
olZx] 5709 7AIE: dae]EE RE7F A7) o ek, AE v Rl Z3PAFDS 75 E
Zoll 1A ARG DwelFolehs ARe W 9l AEle], A o2 welel) dizk 219 slels]

ok 2 #HE AuE daERPS 558 = e Z=th(Table 8). oldf sfo]s] sjeprlel=
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F 8. el HAsE RF sjolslsfeloe]

Table 8. Optimized RF hyper_parameters for each station

Station | Criterion | Maximum Depth | #of subtrees
A Entropy 17 112
B Gini 27 73
H Gini 14 104
common Gini 24 101

ABEZS] 4x65~120), 7k ABHEES] FHo] Zo]
(10~30), £3+ 715(Gini 2 NEZI))?1S- 431},
GridSearchCV+ #-&-Ault}, 3=+ slo]y 3}
EP] Elol] tha #ge] gk e AR 15 A%
fol 7H =2 sloly denle g AAstee, mel
4 Aol A7E B4 skerk

=

45 =™Ms} ndl A=

A3} sloly] EirlelE A43) A5 HA
2] M| A oS e thsed] 73%— A= ot
ZFcHTable 9, Fig. 6).

43} nde] Jg AEe AT e A
5(Table 7)?% ARE ofite] viehdt) SMOTE ~34
H]-gol H 1:11:410] A_Q,], B Uﬁﬂoﬂ H]EH }xh;H _412
2 Aso] A vehtar olvk ey #HA3) A4S

3l o)A el vlaA= th Ao | AoE
EMD}. A REE pre7| oA WA, FIFEE 2o &

A vehde) Be} H 2 Pre7} EobsA] 1k Reco]
oA A] F1-& ok7F =4 vyehdth A, B 2 H &

24 dloleAlE 25 gsle] A48 common 2 g2

J]

B 9. A3t wdle| vk ~dolA A% A}
Table 9. Station-specific validation result for optimization
models

Station | Acc | Pre | Rec fl AUC | Average

A 0.981 | 0.964 | 0.93 | 0.946 | 0.961 | 0.956

B 0.951 | 0.942 | 0.844 | 0.89 | 0.914| 0.908

H 0.787 | 0.657 | 0.561 | 0.605 | 0.72 | 0.666

common | 0.904 | 0.831 | 0.734 | 0.779 | 0.844 | 0.818

°

1
0.9
0.8
.7
0.6
(0 Bl
0.4 I

Average

ma H ma XS wp M we_AHSI wh H mu_HEHS} wcommon_ M3t

a2l 6. A3} 2l g3 gz
Fig. 6. Optimization model validation graph
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23} mdlo| ARt AF3la, Be A A EkelA
Ao g viehdtl olepa] A AE] A oS A
vlzollMs, AAE A5 mde] thh B9 S A
T, g #5454 27 common B w]wsle], B
o} Aol =2 RdE dusls wE AAE] ok

o|Al= 4.3l A AJAIgE dlo]E] Augmentation
Hlgol wpe A5} wdle] As AE v|astast
ghel(Fig 7, Table 10). tha} 3Z54x9) do[E| Al 3
A3} A7 FAdsA A8]hc)

SMOTE H]&2 Frostx 1.13¥] %:
7HAe] ke Ag]ie). F 4] mde] gt
HIE 2] & glel, A dlole] 2] Ajol7} Zm=,
SMOTE HB|$ 7k 047422 A%tk A, B, H
2 common ®®e] SMOTE 771 dleo|g] =7]&=
114, 76, 6 ¥ 2322 vjokslA| vjeldc]. Table 102
SMOTE ®B|&% 713 A oAZ4, common X

E 10. SMOTE H|&dl] w}Z 2] of|& 2d(comm) HZ
Az}

Table 10. Frost prediction model(comm) verification
result by SMOTE ratio

Rate | Acc Pre Rec F1 AUC IR
1.1 0.97 | 0.867 | 0.816 | 0.841 | 0.901 | 0.108
3.1 0.93 | 0944 | 0.747 | 0.834 | 0.866 | 0.306
5.1 | 0.895 | 0.964 | 0.714 | 0.82 0.85 | 0.503
7.1 | 0.874 | 0974 | 0.713 | 0.823 | 0.85 | 0.701
9.1 | 0.846 | 0.979 | 0.689 | 0.808 | 0.838 | 0.898
9.9 | 0.842 | 098 | 0.695 | 0.813 | 0.841 | 0.977

100
accuracy
055 precision
g recall
3 —— f_score
000 roc_auc
station_A
rrrrrrrrrr accuracy
precision
recall
—— f1_score
roc_auc
station_B
accuracy
precision
recall
—————————— 1_score
roc_auc
o station_H
WO 12 TR0 105 2D 2as 250 ars 2o
-} i— accuracy
o9 T precision
£ R — recall
Tos| T - o —— fl_score
) roc_auc
0.7 station_comm

J8 7. 29 Alelz=d A3 AE d3k A(114), B(76),
H(6), comm(23)

Fig. 7. Status of verification indicators by model size:
A(114), B(76), H(6), comm(23)
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