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Abstract: Traditional statistical methods are difficult to meet the needs of the demands of
temperature prediction. To improve the predicted performance of Boosting algorithm, this
study adopts an improved Random Forest algorithm for the feature selection of
meteorological data and employs Random Search and Bayesian Optimization for the
parameter optimization of the model. The experimental result indicates that the Gradient
Boosting Decision Tree(GBDT) based on Bayesian Optimization demonstrates significant
superiority in temperature prediction.
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1. Introduction

In the recent few years, extreme high temperatures occur frequently around the world, which bring
lots of inconvenience to human being’s daily life. Therefore, the analysis and prediction of
temperature changes has become an inevitable trend to solve the problems in climate development
[1]. However, the traditional statistical methods show a lower prediction accurancy in the condition
of sudden weather changes, data loss, etc. In this situation, deep learning methods can better solve
these problems.

The data in this paper comes from the global ground meteorological data provided by the
OpenWeatherMap meteorological data website. We select hourly meteorological data from the
Nanjing Meteorological Observatory from January 1, 2019 to December 31, 2023.

The dataset mentioned in this study has obvious timing characteristics and meteorological
characteristics. Moreover, considering Boosting algorithm’s [2] robustness in missing value and
excellent performance in large-scale datasets, we select three classic Boosting
algorithms—AdaBoost, XGBoost, and GBDT—for temperature prediction. Random Search and
Bayesian Optimization are used for parameter optimization to select the optimal model [3].

2. Theoretical basis

This chapter introduces four algorithms, including the Random Forest algorithm used for feature
selection, and the AdaBoost, XGBoost, and GBDT algorithms used for comparison of temperature
prediction performance.

© 2025 The Authors. This is an open access article distributed under the terms of the Creative Commons Attribution License 4.0
(https://creativecommons.org/licenses/by/4.0/).
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2.1. Bayesian optimization-based random forest algorithm

Traditional feature selection methods (such as sequential search and random search) [4] can’t capture
the interactions between features and perform poorly in handling non-linear relationships. Therefore,
this paper selects the Random Forest algorithm [5], which is suitable for high-dimensional data and
complex features. By optimizing parameters through Bayesian Optimization, the algorithm’s
performance can be greatly enhanced and identify the optimal feature subset more efficiently [6].

Algorithm 1: Bayesian optimization-based random forest feature selection

Input:T = {(x1, 1), (x2,¥2), ..., (xn,Yn)} represents the training dataset,x; represents all features
except the average temperature,y; represents the average temperature. Input the number of features
M, Input the number of trees T.

Output: Feature Importance Score

1. Define hyperparameter space:
2. Using Bayesian optimization to find the optimal hyperparameter combination.
3. Initialize the Random Forest model with the optimal hyperparameters.

for t=1,2,...,Tdo

4. Sampling: Randomly draw N samples with replacement from the training set T to obtain a new
training set T

5. Constructing Decision Trees: For each node, randomly select m features (typically m =
VM), and use the Gini index to choose the best split feature to construct the decision tree

Ge(x).
6. Calculating Feature Importance:

AGini(s, ) = Gini(s) = (Gini(spefe) + Gini(spignt) )

Gini(s) is the Gini index of the node s before splitting, and Gini(sleft) and Gini(sn-ght)
are the Gini index of the left and right child nodes after splitting.

7+ end for
8. The importance score for each feature j is calculated as:

1
Importance; = ?ZLIZSaAGini(s,j)

9.return Importance j

2.2. Boosting algorithm

Boosting is an ensemble learning method enhances the overall prediction performance of the model
through combining multiple weak classifiers into a strong classifier by weighting them together.
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Figure 1: Boosting algorithm

2.2.1. AdaBoost

The AdaBoost model [7] is an adaptive boosting algorithm that constructs a strong classifier
through assigning different weights to multiple weak classifiers.

Algorithm2: AdaBoost model

Input: T = {(x1,y1), (x2,¥2), --., (xy, ¥n)} represents the training dataset,x; are all features except average
temperature, and y; is the average temperature. Total number of samples: N.Number of weak learners:T
Output: The final strong classifier H(x)

Initialize the training data weights:D; (i) = % i=12,..,N
1. fort=1,2..,T do

Train a weak classifier:e, = Y., D, (i) - 11 (yl- # h.(x;)),D; is the current weight distribution,h,(x) is the weak
classifier,II is the indicator function.
Compute the weight of the weak classifier:a; = %ln (?),(stop training if €, = 0.5)

t

2. Update sample weights:

D¢ (%) - exp (_atyiht(xi))
§V=1Dt(i) Y (_atYiht(xi))

Dey, (D) =

3. end for
Construct the final strong classifier: H(x) = sign(37_; a;h.(x))

4. return H(x)

147



Proceedings of CONF-MPCS 2025 Symposium: Mastering Optimization: Strategies for Maximum Efficiency
DOI: 10.54254/2753-8818/2025.CH22595

2.2.2.XGBoost

The XGBoost model [8] is a gradient boosting framework that constructs the model and enhances
its accuracy through adding decision trees iteratively.

Algorithm 3: XGBoost model

Input: T = {(x1, 1), (x3,¥2), ..., (xn, Yn)} represents the training dataset, where x; are all features
except average temperature, and y; is the average temperature. Total number of samples: N. Loss
function:L(y,y) = %Z?’ﬂ()’i — 9,)%, where y; is the true value of the i — th sample, and 9; is
the predicted value of the i — th sample. Learning rate:n, Maximum depth of trees: max_depth,
Regularization parameters: A and y

Output: Final prediction function F(x)

1. Initialize the model:f,(x) = % N i

2. fort =12, ..,T do

Compute residuals: ri(t) =y — j/l.(t_l)

3. Build the t—thtree q.(x)and define the objective function: 3N, [ri(t)qt(xi) +yT +

%AZJT-zlez],wjrepresents the weight of the j — th leaf node
4. Update the model:F(x) = Fr_;(x) + nq:(x)
5. end for
6. Final prediction function:F (x) = Fr(x)
7. return F(x)

2.2.3.Grandient boosting decision tree(GBDT)

Gradient Boosting Decision Tree (GBDT) [9] is a model based on gradient boosting trees. Its
fundamental idea is constructing the model by reducing the residuals.

Algorithm 4: Gradient boosting decision tree (GBDT) model

Input:T = {(x1,y1), (x2,¥3), ..., (xy,Vn)} represents the training dataset,x; are all features except
average temperature, and y; is the average temperature. Total number of samples: N. Learning
rate:n.

Output: Final prediction function F (x).

1. Initialize the training data weights:D, (i) = %, i=12,..,N

2. fort =1,2,...,T do

3. Compute residuals:ri(t) =y, — )“li(t_l)

4. Train a new decision tree /,(x) using the residuals rl.(t)
5. Update the model: F(x) = Fr_(x) + nhy(x)

6.end for

as the target values.

7. Final prediction function: F(x) = Y.r_,nh.(x)

8. return F(x)
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2.3. Parameter optimization method

Traditional parameter optimization methods include grid search [10], random search, Newton's
method, Bayesian optimization, etc. For large-scale temperature prediction problems, grid search
and Newton's method have the same disadvantage of high computational costs. Therefore, in this
paper, we select the random search algorithm and the Bayesian optimization algorithm, which are
more flexible and efficient. then, apply them to three Boosting models for parameter optimization in
order to obtain more accurate models.

Random search is a parameter optimization method based on random sampling. It find the
optimal solution by randomly selecting combinations of parameters in the parameter space. Random
search does not need traverse all parameter combinations, instead, it samples the parameter space
randomly to identify better parameter combinations quickly.

Bayesian Optimization is a parameter optimization method based on probability models. It
guides the search process by constructing a probability model of the objective function. It
approximates the distribution of the objective function through construct conceptual models
(usually a Gaussian Process) and select optimal parameter combinations through acquisition
function (such as Expected Improvement).

3. Data preprocessing

Data preprocessing refers to a series of necessary processes on raw data, such as cleaning,
transformation, and scaling, to make the data more suitable for machine learning algorithms. The
preprocessing methods applied in this paper mainly includes handling missing values, dealing with
outliers, normalizing the data, and feature selection [11].

Raw Data

Y

Handling of Missing
Values and Outliers

¥

Data
Normalization

¥

Random Forest
Feature Selection

: .
Eigenvalue 1 Eigenvalue 2

Figure 2: Data preprocessing

Missing Values Handling: In the dataset, five indicators—wind speed, rain 1h, rain 3h,
snow_1h, snow 3h—contain missing values. These five indicators are either completely missing or
have large area missing values. Therefore, they can be directly removed from the dataset.

Outliers Handling: Outliers are observations that significantly deviate from the normal range or
are extremely rare which may interfere model’s training. In this paper, we use the mean imputation
method to handle outliers. According to statistics, the highest recorded temperature in Nanjing is
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40.5°C, and the lowest is -13.1°C. Any temperature outside this range is identified as an outlier
which will be replaced with the average value of nearby data points.

Data Normalization [12]: Various meteorological indicators have different scales and significant
differences. Using the raw data directly would emphasize the impact of high-value indicators in the
model and neglect the impact of low-value indicators, which would increasing the error. Therefore,
it is necessary to standardize the raw data. This paper adopt the Min-Max normalization method,
with the expression as follows:

_ x—MIN(X)
"~ MAX (X) — MIN (X)

4

X

MAX (X) represents the maximum value in the sample data, and MIN (X) represents the
minimum value in the sample data.

Feature Selection: In this paper, we use Random Forest model for feature selection, and optimize
its hyperparameters through Bayesian algorithm. Continuous variables other than temperature are
used as independent variables, with temperature values as the dependent variable. The feature
importance ranking output by the Random Forest model is as follows:

Table 1: Importance ranking

Rank Index Significance Score
1 temp_min 0.211689
2 feels_like 0.194209
3 temp_max 0.181537
4 dew_point 0.140822
5 pressure 0.140321
6 humidity 0.012432
7 clouds_all 0.011601
8 wind_deg 0.008111
9 wind speed 0.003505

In summary, the main indicators selected in this paper are temp min, feels like, temp max,
dew_point and pressure.

4. Experiments

The meteorological data from January 1, 2019, to December 31, 2023, were divided into training
and testing sets, with the first 70% used as the training set and the remaining 30% as the testing set.

4.1. Evaluation metrics
4.1.1.Mean squared error(MSE)

MSE is the average of the squared differences between the predicted values and the actual values.
The smaller the MSE value, the more accurate the model's predictions. The formula for calculating
MSE is as follows:

1
MSE = ;Z?=1(yi — 9)?

y; is the actual value,; is the predict value,n is the number of samples
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4.1.2.Model training time

Training time refers to the duration required for a model to learn from the training dataset. The
shorter the training time, the higher the efficiency of the model in practical applications.

4.1.3.Model prediction time

Prediction time refers to the duration required for a model to make predictions on new data. The
shorter the prediction time, the higher the efficiency of the model in practical applications.

4.2. Model comparision and evaluation

Table 2: AdaBoost optimized parameter settings

Parameter Parameter Settings

Original Model Random Search Bayesian
n_estimators 50 150 61
learning rate 1 0.5 0.241
max_depth 3 5 9
min_samples _split 2 2 16
min_samples leaf 1 2 3
Table 3: XGBoost optimized parameter settings
Parameter Parameter Settings
Original Model Random Search Bayesian
n_estimators 100 249 486
learning rate 0.1 0.15 0.026
max_depth 9 9
subsample 0.84 0.77
colsample bytree 1 0.83 0.78
Table 4: GBDT optimized parameter settings
Parameter Parameter Settings
Original Model Random Search Bayesian
n_estimators 100 306 500
learning rate 0.1 0.18 0.12
max_depth 3 9 10
min_samples spli 2 10 20
min_samples leaf 2 7 10
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Figure 3: MSE predicted by boosting model
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Figure 5: The prediction time of boosting model
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By comparing Figure 3, Figure 4, and Figure 5, it can be observed that the GBDT model optimized
using Bayesian optimization has the smallest MSE and RMSE. It indicates the best performance in
temperature prediction. However, during the experiments, it was found that the GBDT model with
Bayesian optimization has long training and prediction times, which may reveal a disadvantage of
lower efficiency in practical temperature forecasting.
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(=) [\ B N o]
>

Time Point

Figure 6: Fitting diagram of the temperature prediction for GBDT

5. Conclusion

By comparing the prediction results on the test set, all three models demonstrated good robustness.
The GBDT model optimized using Bayesian optimization achieved the best performance in terms
of Mean Squared Error (MSE) and Root Mean Squared Error (RMSE), while AdaBoost and
XGBoost had relatively shorter training times. We use cross-validation [13] during training to split
the training set and validation set, which effectively avoiding overfitting caused by unreasonable
data splitting.

To address the long training time of GBDT, more efficient gradient boosting algorithms such as
LightGBM [14] or CatBoost could be explored in the future. These algorithms can provide faster
training speeds while maintaining accuracy. Additionally, to further enhance the model's ability to
predict extreme events, data augmentation techniques [15] could be employed to generate more
training samples targeting rare climate patterns.

Through these measures, we expect to further improve the performance of temperature
prediction models in future research. This will help better address the challenges posed by climate
change and provide strong support for research and practice in the field of temperature prediction.
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