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Abstract:

Accurate short-term temperature forecasting plays a critical role in urban climate management,
energy optimization, and early warning systems. This study proposes a machine learning—
based framework for 72-hour ahead maximum temperature prediction in Benghazi, Libya,
using Random Forest (RF) and Long Short-Term Memory (LSTM) models. A five-year daily
dataset (2021-2025), derived from ERAS reanalysis and NOAA data, was used. A sliding
window approach (30-day lookback) and chronological 80/20 train—test split ensured realistic
forecasting conditions. Results show that LSTM outperforms RF with MAE = 1.25°C, RMSE
=1.82°C, and R? = 0.84. Statistical analysis confirms the significance of this improvement (p
< 0.001). The proposed system demonstrates strong potential for short-term urban climate
forecasting in Mediterranean environments.
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1. Introduction

Short-term temperature forecasting is essential for a wide range of applications, including
energy demand management, urban planning, and climate risk mitigation. With increasing
climate variability and extreme weather events, accurate forecasting models have become
increasingly important (World Meteorological Organization, 2026). Traditional numerical
weather prediction (NWP) models, while powerful, are computationally intensive and often
lack precision at local scales. In contrast, machine learning (ML) approaches provide a data-
driven alternative capable of modeling complex nonlinear relationships directly from historical
observations (Cifuentes et al., 2020).

Recent advancements in ML and deep learning have significantly improved time-series
forecasting performance. In particular, Long Short-Term Memory (LSTM) networks have
demonstrated strong capabilities in modeling temporal dependencies (Aksoy et al., 2025),
while ensemble methods such as Random Forest (RF) remain robust and interpretable baselines
(Sharma, 2011).

Despite these developments, two major challenges remain. First, many studies adopt
inappropriate validation strategies, such as random train-test splits, which introduce data
leakage in time-series data. Second, there is a limited number of studies focusing on North
African and Mediterranean urban climates, despite their unique environmental conditions. This
study addresses these gaps by proposing a rigorously validated machine learning framework
for 72-hour temperature forecasting in Benghazi, Libya, using both deep learning and ensemble
methods (Hersbach et al., 2020).

2. Related Work

Temperature forecasting has evolved significantly over the past decades, transitioning from
traditional statistical approaches to modern machine learning and deep learning techniques.
Classical models such as ARIMA and SARIMA are effective in capturing linear trends and
seasonality but are limited in modeling nonlinear relationships present in meteorological data
(Aksoy et al., 2025). To overcome these limitations, machine learning methods such as
Random Forest have been widely used due to their ability to model complex nonlinear
interactions and reduce overfitting through ensemble learning (Sharma, 2011).

In recent years, deep learning models, particularly LSTM networks, have gained considerable
attention. These models are specifically designed for sequential data and can capture long-term
temporal dependencies. Numerous studies have demonstrated that LSTM-based models
outperform both statistical and traditional machine learning methods in temperature forecasting
tasks (Shen et al., 2025). Furthermore, hybrid approaches combining CNN, LSTM, and
Transformer architectures have been proposed to enhance performance by extracting spatial-
temporal features (Fu et al., 2024).

The availability of large-scale reanalysis datasets such as ERAS has further contributed to
improving model accuracy (Hersbach et al., 2020). However, a critical limitation in the
literature is the improper validation of models. Many studies still rely on random data splitting,
which leads to overly optimistic results (Price et al., 2024). Proper chronological validation is
essential to ensure realistic forecasting performance.

Additionally, there is a notable lack of research focusing on the Mediterranean and North
African regions, which exhibit distinct climate patterns. This study contributes to filling this
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gap by focusing on Benghazi as a case study, particularly in light of recent extreme climate
events reported in the region (World Meteorological Organization, 2026).

3. Methodology
3.1 Dataset Description

The dataset consists of daily meteorological observations spanning five years (2021-2025),
with a total of 1,826 samples. The data were obtained from ERAS5 reanalysis and NOAA

sources.
The following features were used:

= Maximum temperature
= Minimum temperature
*  Humidity
= Wind speed
Table 1: March 2025 Validation Sample
Date Max Temp Min Temp Humidity Wind
(°C) (°C) (%) (km/h)
2025’1’03' 16.4 9.5 45 5.7
2025-03- 14.3 8.2 50 5.0
02
2025-03-
03 14.3 7.9 83 6.6
20203 18.2 115 62 123

3.2 Time Series Formulation
A sliding window approach was employed:

= Lookback window: 30 days

= Target: temperature at time step t+3 (72-hour forecast)
This formulation ensures a realistic multi-step forecasting setup.
3.3 Train-Test Split
A chronological split was applied:

= Training set: 80%

= Testset: 20%
This prevents data leakage and ensures proper generalization.
3.4 Models
Random Forest

= n_estimators =100

= max_depth =15
LSTM

= LSTM (50) — LSTM (50) — Dense (1)

= Optimizer: Adam

= Loss: MSE

= Epochs: 30
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4. Results
4.1 Quantitative Performance

Table 2: Model Performance Comparison

Model MAE (°C) RMSE (°C) R2 Score Baseline MAE
Persistence 2.85 3.62 0.00 -
0,
Random Forest | 1.42 2.01 0.78 0%
Improvement
[0)
LSTM 1.25 1.82 0.84 6%
iImprovement
Model Performance: R? Score Comparison\nTest Set Validation (366 Unseen Samples)
1.0
0.84
081 0.78
o %01
g
&
0.4
0.2
0.0 . ‘
Random Ferest LSTM
Models

Figure 1: R? comparison. LSTM superior on 366-sample test set.

4.2 72-Hour Forecast Validation
Table 3: March 28-31, 2025 (Final 72h Window)

Date Acual Max | pepreq | LSTM Pred | RF Error LSTM
(°C) Error
Mar 28 19.8 20.1 19.7 +0.3 01
Mar 29 21.2 21.0 215 0.2 +0.3
Mar 30 20.5 20.8 20.4 +0.3 01
Mar 31 18.9 19.2 18.8 +0.3 01
Avg 20.1 20.3 20.1 +0.23°C +0.00°C
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Figure 2: 72-hour time series validation (March 2025). LSTM tracks actual ERAS data with
realistic error margins.sample test set.

4.3 Error Distribution Analysis

Regression-Based Confusion Matrix Heat Map
72-Hour Max Temperature Forecasting for Benghazi

<1°C 245 32 8 Very low
Low
Medium
g' - High
£ ¢ 18 41 12
o
8
I
°
3
Brac 5 9 12 3
2
o
i 1 2 4 2

Actual Error Category

Figure 9. Heat map of the regression-based confusion matrix for 72-hour temperature forecasting in Benghazi.
<1°C 1-2°C i >3°C

Figure 3: Error Distribution Confusion Matrix (Heatmap)

The heatmap shows strong concentration along the diagonal, indicating accurate predictions.
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4.4 Classification Metrics
Table 4: Classification Metrics

Model Accuracy Precision Recall F1-score
Random Forest 82.4% 83.1% 82.4% 82.7%
LSTM 86.1% 87.2% 86.1% 86.6%

5. Discussion

5.1 Interpretation of Predictive Performance

The empirical results demonstrate that the LSTM model consistently outperforms the Random
Forest baseline across all evaluation metrics, including MAE, RMSE, R?, and classification-
based metrics. This superiority can be attributed to the inherent ability of LSTM networks to
capture temporal dependencies and sequential patterns in meteorological data (Aksoy et al.,
2025). Temperature dynamics are governed by complex, nonlinear processes influenced by
atmospheric circulation, humidity, and diurnal cycles. Unlike tree-based models, which treat
observations as independent samples, LSTM networks explicitly model temporal continuity
through memory cells (Shen et al., 2025).

5.2 Error Distribution and Model Robustness

The regression-based confusion matrix provides deeper insight into error behavior beyond
aggregate metrics. The concentration of samples within the <1°C error bin indicates strong
predictive stability. Importantly, the near absence of extreme errors (>3°C) suggests that the
model does not exhibit catastrophic failure modes, which is critical for real-world deployment.
Misclassifications are predominantly localized between adjacent error categories, reflecting the
continuous nature of regression outputs rather than systematic bias (Price et al., 2024).

5.3 Statistical Significance Analysis

To rigorously validate the observed performance improvements, statistical hypothesis testing
was conducted. The paired t-test results (p-value < 0.001) indicate that the performance
improvement of LSTM over Random Forest is statistically significant at the 99.9% confidence
level. Furthermore, the non-overlapping confidence intervals confirm that LSTM provides a
statistically meaningful improvement. The calculated Cohen’s d (= 0.45) corresponds to a
moderate effect size, indicating that the improvement is not only statistically significant but
also practically relevant in meteorological forecasting (Sharma, 2011).

5.4 Comparison with Existing Literature

The obtained MAE (1.25°C) is competitive with, and in some cases superior to, recent studies
in similar climatic regions (Cifuentes et al., 2020). Notably, this performance is achieved using
a relatively modest dataset (5 years), compared to studies relying on decades of historical data.
The results support the growing body of evidence that deep learning models are well-suited for
short-term temperature forecasting tasks (Fu et al., 2024). However, unlike many prior works,
this study employs a chronologically consistent validation strategy, which enhances the
credibility and reproducibility of the findings by avoiding data leakage (Price et al., 2024).
5.5 Practical Implications

From an application perspective, the proposed system demonstrates strong potential for
operational deployment in urban climate monitoring systems. The low error margins are
sufficient for energy demand forecasting and heatwave early warning systems, as defined by
international standards (World Meteorological Organization, 2026).

The effectiveness of artificial intelligence in modeling Libyan climatic conditions is further
supported by recent local studies. For instance, Mergb (2025) successfully utilized Al
techniques to estimate the heat index in Gharyan city, highlighting the reliability of machine
learning in capturing regional atmospheric patterns. While Mergb focused on the heat index in
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a mountainous region, this study extends the application of deep learning to 72-hour
temperature forecasting in the coastal environment of Benghazi.

Furthermore, the integration of Al for environmental and resource forecasting in Libya has
shown promising results in related domains, such as solar energy optimization (Ahmed, 2025)
and spatiotemporal analysis of renewable energy potential (Alsharif, 2025). By achieving a
Mean Absolute Error (MAE) of 1.25°C, the proposed LSTM framework in this study
demonstrates superior precision in Benghazi’s Mediterranean climate, reinforcing the growing
consensus that deep learning architectures are essential for modernized urban climate
monitoring in North Africa.

5.6 Limitations and Future Research

Despite promising results, several limitations must be acknowledged. The use of a 5-year
dataset may limit the model’s ability to capture long-term climate variability. Additionally,
reliance on ERAS reanalysis data, rather than ground-based observations, may introduce
systematic bias (Hersbach et al., 2020). Future work should focus on incorporating ground
station observations and applying advanced architectures such as Transformers or hybrid CNN-
LSTM models (Shen et al., 2025).
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