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Abstract Forest fires are one of the most important environmental risks that have adverse effects on
many aspects of life, such as the economy, environment, and health. The early detection, quick
prediction, and rapid response of forest fires can play an essential role in saving property and life from
forest fire risks. For the rapid discovery of forest fires, there is a method using meteorological data
obtained from local sensors installed in each area by the Meteorological Agency. Meteorological
conditions (e.g., temperature, wind) influence forest fires. This study evaluated a Data Mining (DM)
approach to predict the burned area of forest fires. Five DM models, e.g., Stochastic Gradient Descent
(SGD), Support Vector Machines (SVM), Decision Tree (DT), Random Forests (RF), and Deep Neural
Network (DNN), and four feature selection setups (using spatial, temporal, and weather attributes), were
tested on recent real-world data collected from Gyeonggi-do area over the last five years. As a result
of the experiment, a DNN model using only meteorological data showed the best performance. The
proposed model was more effective in predicting the burned area of small forest fires, which are more
frequent. This knowledge derived from the proposed prediction model is particularly useful for

improving firefighting resource management.
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Fig. 1. The map of the Gyeonggi-do
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Table 1. The preprocessed dataset attributes

Attribute Description

longitude x-axis coordinate (from 1 to 7)
latitude y-axis coordinate (from 1 to 7)
month Month of the year

day Day of the week

avg_temp Average temperature (C)
min_temp Minimum temperature (C)
max_temp Maximum temperature (C)
max_wind_speed Maximum wind speed(km/h)
avg_wind Average wind speed(km/h)
burned area Total burned area (in hectares)
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Fig. 2. The histogram for the burned area (a) and
respective logarithm transform (b)
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Table 2. The best hyperparameters for SVM

SVM Model Feature Selection Setup
hyperparameters STM SM ™ M
kernel rbf rbf rbf rbf
C 1 1 0.1 10
degree 2 2 2 2
epsilon 1.5 1.5 0.1 0.1

DNNS| 3 stolsfstetule] g2 9is) Sgws
£ Y9I Table 347 4HsI9ITt. oI 452 2l
3171 918 2 98 B4 M3k DNN optimizer 4o
ool 10-fold BAAZFO2 30719 AGun)e 485t
TH300749] A1EHo14).

Table 3. Proposed DNN architecture

Hyperparameter Value
optimizers ['sgd', 'adagrad’, 'rmsprop’, 'adam']

# input neurons One per input feature

# hidden layers [2 -5]

# neurons per hidden layer [32 - 64]
# output neurons 1 per prediction dimension
learning_rate [le-4, le-3, le-2]

drop_rate [0.1, 0.2, 0.3, 0.4, 0.5]

Hidden activation ReLU

Output activation None

DNN 2o} 29 Uus} o] uls] & Ho]elof
dhat ol Holuka T overfitting)o] WAL
B 4 9tk B =EolAE B3 W5k 915 DNN

T

140 -
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DNN(RMSprop) - MAE

404

204

100 150 200 250 300
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50

Fig. 5. Learning curves on the training set and
validation set as a function of the training
set size; DNN (optimizer=RMSprop) and M
setup.
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Table 4. The predictive results in terms of the MAE errors (RMSE values in parentheses; underline- best model;

bold - best within the feature selection)

Feature Selection Setup
DM Model STM SM ™ M

MAE RMSE MAE RMSE MAE RMSE MAE RMSE

D 1.44 146 1.48 149 1.53 1.49 1.49 151
(1.9740.03) | (2.23+0.05) | (2.52+0.11) | (2.23+£0.04) | (1.96+0.03) | (2.19+0.04) | (1.98+0.03) | (2.22+0.04)

UM 1.49 151 152 1.54 1.43 147 138 1.50
(1.9540.03) | (2.16+0.04) | (1.98+0.03) | (2.15+0.04) | (1.94+0.03) | (2.16+0.05) | (1.88+0.03) | (2.08+0.04)

DT 1.72 1.76 1.58 1.73 1.45 1.53 1.69 1.72
(2.1240.03) | (2.16+0.04) | (2.07+0.03) | (2.29+0.05) | (2.00+£0.03) | (2.26£0.06) | (2.07£0.03) | (2.3240.05)

RE 1.54 1.61 1.50 1.60 1.47 1.53 1.53 1.60
(1.914£0.02) | (2.12+0.04) | (1.924£0.02) | (2.13£0.04) | (1.89£0.02) | (2.13+0.04) | (1.92+£0.02) | (2.16£0.04)

sGD 1.17 1.88 1.17 1.84 1.15 1.85 1.14 1.82
(4.60£0.27) | (3.00+£0.09) | (4.49+0.27) | (2.96+0.10) | (4.44+0.27) | (2.91+0.09) | (4.20+£0.24) | (2.75%0.07)

Adagrad 1.14 1.86 1.17 1.90 1.15 1.86 1.14 1.77
AN agrad | 7.06+0.41) | (23.7622.4) | (7.09+0.42) | (24.28+2.5) | (6.88+0.40) | (25.04+2.6) | (6.680.4) | (21.79+2.2)

RMSP 1.17 1.87 117 1.88 115 177 110 1.79
TP | (2.63£0.04) | (3.04£0.09) | (2.51£0.03) | (2.78£0.06) | (2.49£0.04) | (2.73£0.06) | (2.35+0.04) | (2.46+0.05)

Adam 1.17 1.87 117 191 1.18 1.87 111 1.77
(2.69+0.04) | (3.06+0.10) | (2.57+£0.04) | (2.88+0.08) | (2.54+0.04) | (2.86+0.09) | (2.39+0.04) | (2.55+0.07)

Y EQ|3 30 BatchNormalization &[22]3} Dropout
202312 YEQA 72 F715ISIh Fig 5% HAs
Y o1 ERIsy] {gt o R XA ol Al
Al ozl &9 dlolE AB0%)S Al &3 dlojH
A(80%)T A= dlolE Al(20%) 2= e & &3 glo]
B Al 37|18 Ee7hEA 2] %S JEE Bd
St Aotk & dlolg Al sk I3 AF dlolg Al
S} TAlo] e ogg L o THglo] WAy
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