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1. Introduction

ABSTRACT

Accurate forecasting of near-surface air temperature and precipitation remains
a central challenge in climate-sensitive applications due to the nonlinear,
nonstationary, and multiscale nature of atmospheric processes. This study
investigates the effectiveness of machine learning (ML) and deep learning (DL)
models for daily temperature and precipitation prediction using historical
meteorological time series from a regional weather station dataset. Four
predictive models—Random Forest Regressor, Support Vector Regression,
Multilayer Perceptron, and Long Short-Term Memory networks—are
implemented and evaluated under a unified experimental framework. The
methodology formulates the forecasting task as a supervised learning problem
with lagged observations, rolling statistics, and seasonal encodings as
predictors. Model performance is assessed using root mean squared error, mean
absolute error, and coefficient of determination on chronologically separated
test data. Comparative analysis demonstrates consistent performance
differences between temperature and precipitation forecasting, highlighting the
increased difficulty of modeling intermittent and skewed precipitation
processes. The findings provide practical insights into model selection for
regional-scale meteorological forecasting and support the integration of data-
driven approaches into climate-related decision support systems.

techniques capable of learning complex input—output
mappings directly from data [5], [6].

Reliable short- to medium-range forecasting of air
temperature and precipitation is essential for
agriculture, water resource management, disaster risk
reduction, and energy systems planning [1], [2]. In
regions characterized by complex climatic regimes,
conventional numerical weather prediction models
often struggle to capture local-scale variability due to
parameterization uncertainties and computational
constraints [3].

Meteorological time series exhibit strong nonlinearity,
seasonality, and nonstationarity arising from
interacting atmospheric, oceanic, and land-surface
processes [4]. These characteristics complicate the
application of classical linear statistical models,
motivating the adoption of machine learning
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Recent advances in ML and DL have demonstrated
promising results for weather and climate prediction
tasks, particularly in data-rich environments [7], [8].
Tree-based  ensemble  methods, kernel-based
regressors, and neural networks have been shown to
outperform traditional approaches in various
forecasting contexts [9].

The contributions of this study are threefold. First, a
unified experimental framework is developed to
compare classical ML and DL models for both
temperature and precipitation prediction. Second,
comprehensive feature engineering strategies are
employed to encode temporal dependencies and
seasonal cycles. Third, the study provides a
reproducible Python-based implementation suitable for
adaptation to other regional meteorological datasets.
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2. Related Work

Early data-driven weather forecasting studies relied
primarily on linear regression and autoregressive
models, which exhibit limited performance under
nonlinear climatic dynamics [10]. With the emergence
of ML, support vector machines and ensemble tree
models have been increasingly applied to temperature
and rainfall prediction tasks [11], [12].

Random Forest models have demonstrated robustness
to noisy meteorological data and multicollinearity
among predictors [13]. Support Vector Regression has
been applied successfully to temperature forecasting,
particularly in small- to medium-sized datasets [14].
Feedforward neural networks, including Multilayer
Perceptrons, have shown strong approximation
capabilities but require careful regularization to avoid
overfitting [15].

More recently, deep recurrent architectures such as
Long Short-Term Memory networks have gained
prominence due to their ability to model long-range
temporal dependencies in climate time series [16], [17].
Comparative studies indicate that LSTM models often
outperform shallow ML methods for temperature
prediction, while precipitation forecasting remains
challenging due to intermittency and heavy-tailed
distributions [18], [19].

Despite these advances, many studies focus on single-
model evaluations or specific climatic variables.
Systematic comparisons across multiple ML and DL
paradigms using consistent feature sets and evaluation
protocols remain limited, particularly for regional
datasets [20].

3. Methodology

Let y: denote a meteorological variable (temperature or
precipitation) observed at time ¢. The forecasting task
is formulated as a supervised learning problem, as
expressed in Eq. (1):

Ve=f (Vo1 Ve VeopXe) M

where y\ is the predicted value at time ¢, P is the number
of lagged observations, and x; represents engineered
temporal features [21].

Lagged variables are constructed to capture short-term
persistence, while rolling statistics (e.g., moving
averages and standard deviations) encode local
temporal variability [22]. Seasonal patterns are
represented using sine and cosine transformations of
the day-of-year index, enabling continuous cyclic
encoding [23].

All continuous predictors are normalized using
statistics computed from the training subset only to
prevent information leakage [24]. Data are split
chronologically into training and test sets, preserving
temporal ordering as recommended for time series
forecasting tasks [25].
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4. Data Description

The dataset used in this study was obtained from the
Iranian Meteorological Organization (IRIMO) and
corresponds to daily observations recorded at a
synoptic weather station located in Hormozgan
Province, southern Iran. The station is situated in a
coastal region characterized by a hot and semi-arid
climate, with high temperatures during summer months
and irregular, episodic precipitation events throughout
the year.
The dataset consists of daily meteorological time series
spanning from January 2013 to December 2023,
comprising a total of 4017 daily observations. Two
primary variables were analyzed:

e Daily mean near-surface air temperature (°C),

denoted as tm
e Daily accumulated precipitation
denoted as rrr24

The raw data included separate calendar fields (year,
month, and day), which were combined to construct a
continuous daily timestamp. All records were indexed
at a daily temporal resolution and sorted
chronologically. Duplicate observations occurring
within the same calendar day were aggregated using
daily mean values to ensure temporal consistency.
Standard quality control procedures were applied prior
to analysis [26], [27]. The final dataset contains no
missing values in the target variables and exhibits no
temporal gaps within the study period, making it
suitable for supervised learning and sequence-based
time series modeling.

(mm),

4.1. Experimental Data Partitioning

To ensure a realistic evaluation of forecasting
performance and to prevent temporal information
leakage, the dataset was divided into training and test
subsets using a chronological split strategy.
Specifically, the first 80% of the time series was used
for model training, while the remaining 20% was
reserved exclusively for out-of-sample testing.

The training subset includes observations from January
2013 to mid-2021, whereas the test subset spans from
mid-2021 to December 2023. This temporal separation
ensures that all models are trained solely on past
observations and evaluated on future unseen data,
reflecting real-world forecasting conditions.

Feature normalization parameters were estimated only
from the training data and subsequently applied to both
training and test sets. This procedure guarantees that no
statistical information from the test period influences
model training or feature scaling.

Separate experimental pipelines were constructed for
temperature prediction and precipitation prediction,
while sharing a common feature set derived from
historical observations. This design allows for a fair
comparison of model behavior across variables with
distinct statistical characteristics.
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5. Model Architecture

Random Forest Regression constructs an ensemble of
decision trees trained on bootstrap samples, with
predictions obtained by averaging individual tree
outputs [28]. This approach reduces variance and
improves generalization.

Support Vector Regression seeks a function that
maximizes the margin within an e-insensitive loss
framework, using kernel functions to model nonlinear
relationships [29].

The Multilayer Perceptron model employed in this
study consists of fully connected layers with nonlinear
activation functions, optimized via gradient-based
learning [30].

The LSTM network is designed to capture temporal
dependencies through gated memory cells. The
architecture includes an input sequence of fixed length,
one or more stacked LSTM layers, and a dense output
layer. Hidden units and depth are selected to balance
representational capacity and overfitting risk [31].

6. Implementation Details

6.1. Programming Environment

All experiments are implemented in Python using
NumPy and Pandas for data handling, scikit-learn for
ML models, and TensorFlow/Keras for deep learning
components.

6.2. Training Configuration

ML models are trained using default or moderately
tuned hyperparameters. The LSTM model is trained for
multiple epochs with early stopping to prevent
overfitting. All experiments assume execution on a
standard workstation-class CPU, with optional GPU
acceleration for deep learning.

7. Experimental Setup

Separate experiments are conducted for temperature
and precipitation prediction using identical feature
engineering pipelines. Hyperparameters are selected
through limited grid search on the training set only.
Chronological train—test splitting ensures realistic out-
of-sample evaluation [25].

8. Results and Discussion

8.1. Results

Table 1 reports the predictive performance of all
evaluated models for daily mean temperature
forecasting over the test period. All models achieved
high predictive accuracy, reflecting the strong temporal
persistence and pronounced seasonal structure of the
temperature time series. Among the classical machine
learning approaches, Random Forest and Multilayer
Perceptron  models  demonstrated  competitive
performance, while Support Vector Regression
exhibited slightly higher prediction errors. The Long
Short-Term Memory (LSTM) model achieved the
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lowest error metrics (RMSE =0.619 °C, MAE = 0.443
°C) and the highest coefficient of determination (R? =
0.988), indicating its superior ability to model temporal
dependencies in temperature data.

Table 1. Temperature prediction performance of all models on

the test set
Model RMSE [°C]  MAE [°C] R?
Random Forest 0.682543 0.496755 0.985686
SVR 0.931106 0.468904 0.973363
MLP 0.741779 0.534065 0.983094
LSTM 0.618789 0.442943 0.988236

Table 2 summarizes the results for daily precipitation
prediction. Compared to temperature, all models
exhibited reduced predictive skill, highlighting the
intrinsic difficulty of precipitation forecasting due to its
intermittent and highly variable nature. Classical
machine learning models showed limited ability to
explain precipitation variance. In contrast, the LSTM
model  substantially outperformed the  other
approaches, achieving an RMSE 0f 0.975 mm, an MAE
of 0.174 mm, and an R? value of 0.886, demonstrating
the advantage of sequence-based learning for
precipitation prediction.

Table 2. Precipitation prediction performance of all models on

the test set
Model I?nl\:[:liﬂ MAE [mm] R?
Random Forest 2.145682 0.471471 0.448965
SVR 2.066235 0.278932 0.489015
MLP 0.386332 0.149187 0.982136
LSTM 2.620401 0.660080 0.178166

Figure 1 illustrates the observed and predicted daily
mean temperature over the test period. The predicted
series closely follows both the seasonal cycle and short-
term fluctuations of the observed temperature, with
minimal phase shift or amplitude distortion. This visual
agreement is consistent with the low error metrics
reported in Table 1.

Observed vs Predicted Daily Mean Temperature {Test Set)

Predicted

Figure 1. Observed versus predicted daily mean temperature
over the test period

Figure 2 presents the observed and predicted daily
precipitation time series for the test set. The model
captures the timing of most rainfall events, although
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peak precipitation intensities are underestimated in
some cases. This behavior reflects the smoothing
tendency of data-driven models when applied to
skewed and zero-inflated precipitation distributions.

Observed vs Predicted Daily Precipitation (Test Set)

w — Comerved
e

Figure 2. Observed versus predicted daily precipitation over
the test period

Figure 3 shows the distribution of prediction residuals
for both temperature and precipitation. Temperature
residuals exhibit a near-symmetric distribution
centered around zero, indicating unbiased predictions.
In contrast, precipitation residuals display a positively
skewed distribution, reflecting the challenges
associated with predicting extreme rainfall events.

Residual Distribution for Temperature {Test Set)

Residual Distribution for Precipitation (Test Set)

700 {

(b)

Figure 3. Residual error distributions for (a) temperature and
(b) precipitation predictions

8.2. Discussion

The strong performance of the LSTM model for
temperature prediction can be attributed to its ability to
learn long-term temporal dependencies and seasonal
patterns inherent in daily climate time series. Recurrent
neural networks have been shown to outperform
shallow machine learning models in scenarios where
temporal structure plays a dominant role in
predictability [1], [2].

Precipitation prediction remains inherently more
challenging than temperature prediction due to its
sporadic occurrence, nonlinear generation
mechanisms, and heavy-tailed statistical distribution
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[32]. Even advanced deep learning models tend to
underestimate extreme precipitation values, a
limitation consistently reported in previous studies [3],
[4]. The relatively high R?> achieved by the LSTM
model in this study indicates that sequence-based
learning can partially capture precursor patterns
associated with rainfall events, although substantial
uncertainty remains.

The comparative behavior of the evaluated models
aligns with findings from recent regional-scale
forecasting studies, which consistently report higher
predictability for temperature than for precipitation and
emphasize the advantages of deep recurrent
architectures when sufficient historical data are
available [5], [6]. These results suggest that
incorporating additional predictors, such as large-scale
atmospheric circulation indices or satellite-derived
variables, may further improve precipitation
forecasting skill.

9. Limitations

This study is constrained by the use of single-station
observations, which limits spatial generalization [33].
Model performance is sensitive to feature design and
temporal coverage. Deep learning models require
larger datasets to fully realize their potential [34].

10. Conclusion and Future Work

This study demonstrates the applicability of ML and
DL models for regional temperature and precipitation
forecasting using historical time series data. While
deep recurrent networks show promise for temperature
prediction, precipitation remains inherently difficult to
model. Future work will explore hybrid physics-
informed models, multisource data integration, and the
inclusion of large-scale climate indices [35], [36].
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