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Abstract : Land surface temperature is a crucial variable for monitoring physical, biological, and chemical processes
within the climate system. Specifically, spring land surface temperature plays a significant role in bridging the atmo-
spheric circulation between winter and summer. It influences not only summer land surface temperature but also
precipitation patterns and drought conditions. The aim of this study is to forecast spring land surface temperature by
employing multiple machine learning models. The data used in this study was collected from the Automated Synop-
tic Observing System (ASOS) in Seoul, covering the period from 2018 to 2022, at houtly intervals. The input vari-
ables include temperature, wind speed, humidity, dew point temperature, sunshine duration, and solar radiation. In
this study, we utilized both individual and ensemble models, and we further proposed a stacking ensemble method
using a multilayer perceptron as the meta learner. The results indicated that most machine learning models exhibit-
ed under-dispersion. Notably, the stacking model demonstrated superior predictive performance in both time series
cross-validation and the testing set. These findings suggested that the stacking model produces stable and accurate

predictions by amalgamating the predicted values of base learners.
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Table 1. Descriptions of training and testing set.
Training set Testing set
Data
2018 MAM 2019 MAM 2020 MAM 2021 MAM 2022 MAM
Count 2,208 2,208 2,208 2,208 2,208
Table 2. Descriptive statistics of the variables.
Variable Min Max Average Standard deviation
TA(C) -6.60 33.20 13.07 6.45
WS(m/s) 0.00 8.30 2.32 1.23
HM (%) 10.00 100.00 56.57 21.46
TD(CC) -19.70 22.00 3.49 7.26
SS(hr) 0.00 1.00 0.31 0.44
SI(M]/m2) 0.00 3.77 0.75 1.05
TS(CC) -4.30 58.00 15.27 10.97
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Algorithm 1. Stacking Model with Cross-Validation

Input

The dataset D={(X, Y): i=1, -*-, n}; Number of base learners K; Number of subsets V'
Output

A stacking ensemble A

1: Train a base learner A with the dataset D for £=1, -+, K.
2: Split the dataset into Vequal-size subsets.
for v=1,--, V
Set the v-th fold as a validation set V(v) and the rest folds as a training set 7(»), 7()=D\ V(2).
end for
3:  Save the prediction of a base learner / on the validation sets for £=1, -+, K.
for k=1, K
for v=1,--, V

Train a base learner 4 on the training set 7(v).
Save the prediction set /:(V(2)) on the validation set V().

end for
Stack the prediction sets h(D)={h(V(v)), v=1, -+, V}.
end for
4: Create the training set X*={h1(D), ***, hg(D)} of a meta learner by aggregating /(D) for £=1, -+, K.
5: Train a meta learner /* with D*={(X?*, Y): i=1, -+, n}.
6:  Generate a stacking ensemble with a meta learner #* and the predicted values of base learners huthatare generated in line 1.

return Hx)=h*(h1(x), ha(x), - hs(x)
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Table 4. Hyper-parameters of machine learning
models.

Model Parameter Range
SVR kernel polynomial
C (0.1, 1, 10, 100]
gamma [1,0.1,0.01, 0.001]

DT max_depth range(3, 20, 2)

max_features | range(1,6,2)

RF n_estimators [100, 200, 300]

max_depth range(3, 16, 2)
max_features | range(1,6,2)

(100, 200, 300]

GBM n_estimators
max_depth range(3, 16, 2)

learning_rate | [0.0001,0.001,0.1,0.2,0.3]
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Table 5. The average performance metrics and standard deviation of cross-validation on the training set.

MAE(C) RMSE(C) R?
Model
Mean Std Mean Std Mean Std
SVR 3.134 0.172 4.445 0.058 0.792 0.109
DT 2.301 0.107 3.541 0.083 0.869 0.065
RF 2.031 0.205 3.130 0.263 0.898 0.050
GBM 1.999 0.209 3.123 0.282 0.895 0.064
LR 1.937 0.275 2.932 0.500 0.905 0.066
Stacking 1.863 0.161 2.825 0.312 0911 0.062
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Figure 2. Residual Quantile-Quantile (R-Q-Q) plots for the actual values and predicted values of the machine
learning models on the testing set.
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Figure 3. Box plot for the actual values and predicted values of the machine learning models on the testing set.
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Table 6. Performance skills of machine learning models on the testing set in terms of RMSE, MAE, and R>.
Model MAE(C) RMSE(C) R?
SVR 3.324 4,602 0.873
DT 2.415 3.500 0.927
RF 2.306 3.390 0.931
LR 2.267 3.285 0.935
GBM 2.189 3.192 0.939
Stacking 2.051 2.928 0.949
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