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ABSTRACT

In this study, we constructed using Random Forest(RF) by selecting the meteorological
factors related to the occurrence of frost. As a result, when constructing a classification
model for frost occurrence, even if the amount of data set is large, the imbalance in the
data set for development of model has been analyzed to have a bad effect on the predictive

power of the model.

It was found that building a single integrated model by grouping

meteorological factors related to frost occurrence by region is more efficient than building

each model reflecting high-importance meteorological factors.

Based on our results, it is

expected that a high-accuracy frost occurrence prediction model will be able to be

constructed as further studies meteorological factors for frost prediction.
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Tmin: Minimum temperature, Rain: Precipitation, Wind: Average wind speed, Dew: Average dew point

temperature, Clo: Amount of cloud, Hum: Average relative humidity, Surf: Average ground-surface
Temperature, Gra: Minimum grass temperature

Fig. 1. Variable importance plot in Random Forest on method 1.
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Table 2. Estimation results of the frost occurrence classification model on method 1

Fold 1 2 3 4 5 Average
Predict Acuall Ny N Y [N Y| N Y| N Y N
Y 532 193 515 222 535 202 561 213 546 192 | 537.8 | 204.4
N 352 | 6116 | 370 | 6088 | 350 | 6107 | 324 | 6097 | 339 | 6118 | 347.0 |6105.2
Accuracy 0.92 0.92 0.92 0.93 0.93 0.93
Sensitivity 0.60 0.58 0.60 0.63 0.62 0.62
Specificity 0.97 0.96 0.97 0.97 0.97 0.97
Balanced Accuracy 0.79 0.77 0.79 0.80 0.79 0.79

Table 3. Characteristic of meteorological factors on frost occurrence day(a) and frost free day(b)

(a)
Tmin(‘C) | Rain(mm) | Wind(m/s) | Dew(C) | Hum(%) | Clo(0.1%) | Surf(C) | Gra('C)
Max 8.4 33.5 13.1 8.2 97.3 10.0 17.0 3.1
Mean -3.2 0.2 1.5 -5.1 62.3 3.1 2.7 -7.4
Min -21.7 0.0 0.1 -25.0 18.6 0.0 -8.6 -28.8
(b)
Tmin(‘C) | Rain(mm) | Wind(m/s) | Dew(C) | Hum(%) | Clo(0.1%) | Surf('C) Gra(C)
Max 25.7 310.0 17.9 25.0 100.0 10.0 36.4 24.4
Mean 7.5 2.7 2.7 42 65.0 5.0 12.9 4.5
Min -21.7 0.0 0.2 -30.0 12.4 0.0 -10.9 -25.4

Tmin: Minimum temperature, Rain: Precipitation, Wind: Average wind speed, Dew: Average dew point
temperature, Clo: Amount of cloud, Hum: Average relative humidity, Surf: Average ground-surface
Temperature, Gra: Minimum grass temperature
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Table 4. Estimation results of the frost occurrence classification model on method 2
Fold 1 2 3 4 5 Average
. Actual |y, N Y N Y N Y N Y N Y N
Predict
Y 832 134 836 110 825 116 828 130 817 116 | 827.6 | 116.0
N 53 750 48 775 60 769 57 755 68 769 68.0 | 769.0
Accuracy 0.89 0.91 0.90 0.89 0.90 0.90
Sensitivity 0.94 0.95 0.93 0.94 0.92 0.92
Specificity 0.85 0.88 0.87 0.85 0.87 0.87
ara . gra . ara .
tmin . tmin * tmin .
dew . dew * surf .
wind . surf * wind .
surf . wind * dew .
hum . hum . hum .
clo . clo . clo .
ran . ran * ran .
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Tmin: Minimum temperature, Rain: Precipitation, Wind: Average wind speed, Dew: Average dew point

temperature, Clo: Amount of cloud, Hum: Average relative humidity, Surf: Average ground-surface
Temperature, Gra: Minimum grass temperature

Fig. 3. Variable importance plot in Random Forest on method 2.
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(a) Group 1
Tmin(C) | Rain(mm) | Wind(m/s) | Dew('C) | Hum(%) | Clo(0.1%) | Surf('C) | Gra(C)
Max -1.7 0.5 2.7 -4.5 66.3 3.6 3.7 -5.7
Mean -4.2 0.3 1.5 -5.6 63.2 32 1.9 -8.5
Min -6.9 0.1 1.0 -7.8 51.5 2.3 2.2 -11.3
(b) Group 2
Tmin(C) | Rain(mm) | Wind(m/s) | Dew(C) | Hum(%) | Clo(0.1%) | Surf(C) | Gra('C)
Max 2.1 0.3 4.0 0.4 74.4 4.1 6.5 -2.1
Mean -1.5 0.2 2.5 -1.9 72.2 33 43 -5.2
Min -4.7 0.1 1.0 -3.6 70.3 2.7 2.8 -8.1
(c) Group 3
Tmin(C) | Rain(mm) | Wind(m/s) | Dew(C) | Hum(%) | Clo(0.1%) | Surf('C) | Gra(C)
Max 2.7 0.5 2.9 -0.8 61.9 43 6.0 -0.4
Mean 0.0 0.2 1.9 -3.7 57.0 3.0 4.2 -4.7
Min -2.8 0.0 1.0 -7.8 51.5 2.3 2.2 -7.8
gra . gra . gra *
tmin A tmin . tmin *
surf . surf . dew .
dew dew . surf .
wind . wind . wind .
hum . hum hum
clo . clo clo
rain . rain . rain .
T T T T T T T T T T 1 T T T T T T
0 100 200 300 400 0 100 200 300 400 500 0 100 200 300 400 500
MeanDecreaseGini MeanDecreaseGini MeanDecreaseGini
(a) Fold 1 (b) Fold 2 (c) Fold 3
ara - ara *
min . tmin .
surf . surf .
dew . dew .
wind . wind .
hum . hum .
clo . clo .
rain . rain *
T T T T T T T T T T T T
0 100 200 300 400 500 0 100 200 300 400 500

MeanDecreaseGini MeanDecreaseGini

(d) Fold 4 (e) Fold 5

Tmin: Minimum temperature, Rain: Precipitation, Wind: Average wind speed, Dew: Average dew point
temperature, Clo: Amount of cloud, Hum: Average relative humidity, Surf: Average ground-surface
Temperature, Gra: Minimum grass temperature

Fig. 5. Variable importance plot in Random Forest on method 3(group 1).
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ara . ora . gra .
tmin . tmin . fmin .
dew . dew . dew M
surf . surf . surf *
wind . wind . wind ¢
clo . clo . clo ¢
hum . hum . hum .
rain . rain . rain
T T T T T T T T T T T T T T T T T T T T T T
0 20 40 60 80 100 120 140 0 20 40 60 80 100 120 0 20 40 60 80 100 120
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hum . hum .

rain ¢ rain

T T T T T T T T T T T T T T
0 20 40 60 80 100 120 140 0 20 40 60 80 100 120 140

Tmin: Minimum temperature, Rain:

MeanDecreaseGini

(d) Fold 4

MeanDecreaseGini

(e) Fold 5

Precipitation, Wind: Average wind speed, Dew: Average dew point

temperature, Clo: Amount of cloud, Hum: Average relative humidity, Surf: Average ground-surface
Temperature, Gra: Minimum grass temperature

Fig. 6. Variable importance plot in Random Forest on method 3(group 2).
gra . gra hd gra .
tmin . tmin . tmin .
dew . wind . wind .
wind . surf . surf .
surf . dew . dew .
hum hd clo . hum .
clo . hum . clo .
ran * rain . ran .
T T T T T T T T T T T T T T T T
50 100 150 200 250 0 50 100 150 200 0 50 100 150 200 250
MeanDecreaseGini MeanDecreaseGini MeanDecreaseGini
(a) Fold 1 (b) Fold 2 (c) Fold 3
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tmin . tmin .
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dew d surf .
surf . dew .
hum . clo .
clo . hum .
rain . rain .
T T T T T T T T T T T T
0 50 100 150 200 250 0 50 100 150 200 250
MeanDecreaseGini MeanDecreaseGini
(d) Fold 4 (e) Fold 5
Tmin: Minimum temperature, Rain: Precipitation, Wind: Average wind speed, Dew: Average dew point

temperature, Clo: Amount of cloud, Hum: Average relative humidity, Surf: Average ground-surface
Temperature, Gra: Minimum grass temperature

Fig. 7. Variable importance plot in Random Forest on method 3(group 3).
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Table 6. Estimation results for each group of the frost occurrence classification model on method 3

(a) Group 1
Fold 1 2 3 4 5 Average
predin Acwall v Nl Yy [N YN Y| N YN % N
Y 461 | 81 | 465 | 90 | 456 | 84 | 467 | 85 | 456 | 76 | 461.0 83.2
N 35 | 414 | 40 | 406 | 40 | 412 | 28 | 411 | 40 | 420 | 366 412.6
Accuracy 0.88 0.87 0.86 0.89 0.88 0.88
Sensitivity 0.93 0.92 0.92 0.94 0.92 0.93
Specificity 0.84 0.82 0.83 0.83 0.85 0.83
(b) Group 2
Fold 1 2 3 4 5 Average
Prediot Acwall vyl y N YN YN YN Y N
Y 120 14 [ 13| 19 [ 16| 9 [113] 17 | 113 | 13 115.0 14.4
N 4 | 110 | 11 |16 | 8 | 115 | 12 | 107 | 11 | 111 9.2 109.8
Accuracy 0.93 0.88 0.93 0.88 0.90 0.90
Sensitivity 0.97 0.91 0.94 0.90 0.91 0.93
Specificity 0.89 0.85 0.93 0.86 0.90 0.89
(c) Group 3
Fold 1 2 3 4 5 Average
predin Acwall oy Ly [ N | Y| N Y| N YN Y N
Y 242 | 47 | 242 | 48 | 247 | 41 | 243 | 35 | 248 | 44 | 2444 | 430
N 23 | 217 | 23 | 217 | 18 | 224 | 22 | 230 | 17 | 221 | 206 | 2218
Accuracy 0.87 0.89 0.89 0.89 0.88 0.88
Sensitivity 0.91 0.94 0.93 0.92 0.94 0.93
Specificity 0.82 0.84 0.85 0.87 0.83 0.84
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