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Accurate weather forecasting plays a crucial role in decision-making processes across various 

sectors. Traditional meteorological models often struggle with challenges such as missing data, 

insufficient spatial resolution, and inadequate assimilation of observational data. This study 

explores the integration of machine learning into weather prediction to enhance information 

systems for smart decision-making. The primary objective is to develop a robust machine 

learning-based approach for weather temperature prediction using open weather data. This 

research addresses missing data challenges, optimizes predictive accuracy, and establishes new 

methodologies applicable to Kazakhstan’s meteorological systems. The study utilizes the rp5 

weather database, which provides global weather data collected every three hours. Several 

machine learning models, including XGBoost, CatBoost, Linear Regression, and Bayesian Ridge, 

were applied using the scikit-learn library. Model evaluation was conducted based on mean 

squared error (MSE) and feature importance analysis, including SHAP values. Among all tested 

models, CatBoost demonstrated superior predictive performance with an MSE of 0.240654. 

Further optimization using Grid Search Cross-Validation indicated that the default 

hyperparameters were optimal. Feature importance analysis identified key variables affecting 

temperature prediction, including dew point, humidity, and atmospheric pressure at sea level. 

The relevance of this research is underscored by the increasing need for accurate weather 

predictions in industries such as agriculture, energy, and disaster management. The integration 

of machine learning enhances traditional forecasting methods, making them more adaptable to 

local climate conditions. These findings contribute to the advancement of meteorological 

information systems, providing actionable insights that can be utilized for optimizing weather-

dependent operations in Kazakhstan and beyond. 

 Keywords: machine learning, weather prediction, CatBoost, decision support systems, feature 

selection, open data. 

 

1. INTRODUCTION 

Weather forecasting is a critical component of modern information systems, influencing decision-making in 

agriculture, transportation, energy management, and disaster preparedness. Accurate and timely weather 

predictions help optimize operations, mitigate risks, and enhance public safety. Despite recent advancements in 

meteorological modeling, challenges persist in collecting, processing, and analyzing weather data efficiently. 

Traditional forecasting approaches rely on numerical weather prediction (NWP) models that often struggle with 

issues such as data sparsity, incomplete observations, and limited computational efficiency [1]. The integration of 

machine learning into weather forecasting has the potential to address these limitations, transforming meteorological 

data into actionable insights that improve smart decision-making. 

A key challenge in weather forecasting is the effective utilization of open data from various meteorological stations. 

Open data sources offer extensive observational records, yet existing methods often fail to fully exploit their potential 

for predictive modeling [2]. This study focuses on developing a machine learning-based system that leverages open 

weather data to improve forecast accuracy and support data-driven decision-making. Unlike traditional models, 

machine learning techniques can identify complex patterns in large datasets, making them highly suitable for 

improving predictive accuracy [3]. 
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The current weather forecasting approach in Almaty faces several limitations that hinder the accuracy of temperature 

and thunderstorm predictions. First, insufficient spatial resolution in meteorological models results in a failure to 

capture microclimate variations influenced by local topography [4]. Second, inadequate data assimilation techniques 

limit the incorporation of satellite imagery, radar observations, and ground measurements, leading to propagation 

errors in forecasts [5]. Third, traditional models often oversimplify atmospheric processes, particularly convective 

systems responsible for thunderstorm activity, reducing predictive reliability [6]. Lastly, the lack of localized 

modeling strategies neglects urban heat islands and terrain-specific influences that significantly impact weather 

dynamics in Almaty [7]. Addressing these gaps requires a novel forecasting approach that integrates high-resolution 

data sources, advanced computational techniques, and domain-specific feature engineering. 

Previous research has demonstrated the effectiveness of open data in improving forecasting accuracy. Studies have 

shown that integrating open weather station data enhances predictions of temperature, humidity, and wind speed in 

urban areas [8]. Machine learning algorithms, such as autoregression and hybrid statistical models, have also been 

found to outperform traditional approaches by enabling multi-step forecasts with lower error rates [9]. Recent 

advancements in short-term wind speed prediction further highlight the potential of machine learning to refine 

meteorological analysis [10]. In thunderstorm forecasting, machine learning-based hybrid models have 

demonstrated improved accuracy over conventional techniques, underscoring the need for integrating data-driven 

approaches into operational meteorology [11]. 

Beyond traditional statistical techniques, deep learning and hybrid models have emerged as promising alternatives 

in weather forecasting. Deep learning-based weather prediction (DLWP) methods leverage artificial neural networks 

to analyze spatiotemporal dependencies within meteorological data [12]. Comparative studies indicate that deep 

learning models provide competitive forecasting performance relative to NWPs, particularly when processing large, 

heterogeneous datasets [13]. Moreover, hybrid forecasting systems that integrate numerical models with machine 

learning optimization techniques have shown improvements in both computational efficiency and predictive 

accuracy [14]. 

The growing role of Internet of Things (IoT) technologies in meteorology further reinforces the shift toward data-

driven forecasting. Real-time weather monitoring systems incorporating IoT sensors have successfully demonstrated 

enhanced prediction capabilities by capturing localized atmospheric changes [15]. A study utilizing IoT-enabled 

logistic regression models illustrated the feasibility of near-real-time weather forecasting using distributed sensor 

networks [16]. This convergence of IoT and machine learning highlights the potential of smart weather information 

systems to improve predictive reliability and decision-making processes. 

Researchers in China have explored DLWP in comparison with traditional NWPs, emphasizing neural network 

architectures, benchmark datasets, and predictive accuracy across different spatiotemporal scales [17]. Their findings 

suggest that deep learning provides valuable tools for analyzing time-series weather data, reinforcing the case for 

integrating AI-based techniques into meteorological information systems. Similarly, localized forecasting studies in 

Sri Lanka have underscored the importance of region-specific modeling strategies to address climate-driven 

variability [18]. These findings hold particular relevance for Almaty, given its unique geographic features and 

microclimatic influences. 

Despite the demonstrated benefits of machine learning in meteorology, existing approaches often suffer from 

optimization challenges and limited adaptability for real-time forecasting [19]. Many current models exhibit 

overfitting tendencies when dealing with complex stochastic processes, reducing their generalizability. Additionally, 

the absence of standardized feature selection methodologies in meteorological machine learning research 

complicates model interpretability and deployment. Addressing these gaps requires an adaptive framework that 

integrates automated hyperparameter tuning, explainable AI techniques, and domain-specific feature selection 

strategies. 

This study aims to develop a machine learning-based forecasting model tailored to the meteorological conditions of 

Almaty. The proposed system will leverage open weather data to train predictive models, optimize feature selection 

using statistical and AI-driven approaches, and assess model interpretability through SHAP analysis. The relevance 

of this research extends beyond theoretical advancements, offering practical applications in climate-sensitive 

industries such as agriculture, energy, and disaster management. By enhancing the accuracy of weather predictions, 

machine learning-based forecasting can support more effective resource allocation, improve infrastructure planning, 
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and mitigate the economic impact of extreme weather events. Moreover, the development of an intelligent 

meteorological information system can aid policymakers in implementing data-driven climate adaptation strategies. 

This study contributes to the advancement of weather forecasting methodologies by integrating machine learning 

with open meteorological data. By addressing the limitations of traditional models and leveraging AI-driven analytics, 

the proposed approach enhances predictive accuracy, supports smart decision-making, and improves the overall 

reliability of weather information systems. The findings provide a foundation for further research into real-time 

applications, hybrid forecasting frameworks, and deep learning-based enhancements to meteorological modeling. 

2. METHODS 

Our research is based on the weather measurement database provided by LLC "Weather Schedule," which contains 

open-access global weather data updated every three hours. For this study, we extracted historical weather data for 

Almaty City to train and evaluate our predictive model. The initial dataset consisted of 29 columns, but only relevant 

features were selected for model training. Table 1 provides an overview of the variables used after preprocessing. 

Several columns were excluded due to their irrelevance to prediction, strong bias, or excessive missing values. Some 

features, such as cloud type, were removed due to their negligible impact on model performance, while others were 

excluded based on statistical redundancy. 

Table 1 : The embedding’s for each column of the dataset 

Features Description 
T Air Temperature (degrees Celsius) at a height of 2 meters above the ground 

Po Atmospheric pressure at the station level (millimeters of mercury) 
P Atmospheric pressure reduced to mean sea level (millimeters of mercury) 

Pa 
Baric trend: change in atmospheric pressure over the last three ours 
(millimeters of mercury) 

U Relative humidity (%) at a height of 2 meters above the ground 

DD 
Wind direction (points) at an altitude of 10-12 meters above the Earth's surface, 
averaged over the 10-minute period immediately preceding the observation period 

Ff 
Wind speed at an altitude of 10-12 meters above the Earth's surface, averaged over 
the 10-minute period immediately preceding the observation period (meters per 
second) 

ff10 
The maximum value of the wind gust at altitude 10-12 meters above the Earth's 
surface in the 10- minute period immediately preceding the observation period 
(meters per second) 

ff3 
The maximum value of the wind gust at altitude 10-12 meters above the earth's 
surface in the period between deadlines (meters per second) 

WW Current weather reported from the weather station 

Tn 
Minimum air temperature (degrees Celsius) for the past period (no more than 12 
hours) 

Tx 
Maximum air temperature (degrees Celsius) for the past period (no more than 12 
hours) 

VV Horizontal visibility range (km) 

Td 
Dew point temperature at a height of 2 meters above the earth's surface (degrees 
Celsius) 

 

To determine the most significant features for weather prediction, we determined a correlation of the features using 

the Python library Pandas' built-in .corr() method. This method supports different correlation coefficients, including 

Spearman rank correlation, Pearson correlation, and Kendall Tau correlation. Figure 1 presents the flowchart, which 

guided our feature selection process. The retained features were: 'T' (temperature), 'Po' (sea level pressure), 'P' 

(station pressure), 'Pa' (absolute pressure), 'Ff' (wind speed), 'Tn' (minimum temperature), 'Tx' (maximum 

temperature), 'VV' (visibility), 'U' (humidity), and 'Td' (dew point). We prioritized features with pairwise correlations 

between -0.1 and 0.1, as well as those that improved overall model performance. 
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Figure 1: Overview of the guided feature selection process 

After feature selection, we addressed missing values using data preprocessing techniques. Table 2 summarizes the 

completeness of the retained features. Only two columns contained fully populated data, while the others had missing 

values requiring treatment. For numerical attributes, replacing missing values with the mean yielded the best 

performance. Categorical attributes were converted into numerical equivalents to maintain consistency in the 

dataset. For instance, the dataset recorded "calm" as a textual value when wind speed was absent. Instead of 

discarding such rows, we replaced "calm" with zero, leading to improved predictive accuracy. 

Table 2 : Number of rows with missing values for given attributes 

Column  Rows with NaN value 

T 0 
Po 1 

P 1 

Pa 4 

Ff 0 
Tn 2568 
Tx 2205 
VV 1331 
U 7 
Td 7 

 

Once the data was preprocessed, we split it into training and testing sets. The training dataset included weather 

records from April 1, 2022, to March 31, 2023, while the test dataset covered April 1, 2023, to March 31, 2024. This 

temporal division ensured that both sets represented a full annual cycle, maintaining seasonality consistency and 

enhancing the model’s generalization ability. The chosen split method was essential for evaluating the model’s 

predictive performance across different weather conditions, reducing potential overfitting to specific seasonal 

patterns. 

The first step in our approach was to scale the dataset to enhance model performance. We utilized MinMaxScaler 

from the scikit-learn Python library, which normalizes feature values to a defined range—typically [0,1][0,1][0,1] or 

[−1,1][-1,1][−1,1] if negative values are present. Scaling improved model stability and overall prediction accuracy, as 

reflected in the final results. 
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The next step was selecting the best-performing general model for further experimentation. We evaluated multiple 

regression-based machine learning models during training and prediction phases, assessing their performance for 

weather forecasting. The following models were tested: 

• Gradient Boosting Regressor: An ensemble learning method that combines multiple weak models 

(typically decision trees) by sequentially minimizing residual errors. It iteratively refines predictions, leading 

to strong overall performance. 

• Random Forest: An ensemble method that constructs multiple decision trees on different subsets of the 

data. The final prediction is obtained by averaging outputs from all trees, reducing overfitting and improving 

robustness. 

• ElasticNet: A hybrid of Lasso (L1) and Ridge (L2) regression, balancing feature selection and 

multicollinearity handling. It is particularly useful for high-dimensional datasets. 

• SGD Regressor: A linear regression model optimized using Stochastic Gradient Descent (SGD), which 

updates parameters iteratively based on small data batches, making it suitable for large-scale datasets. 

• Bayesian Ridge: A probabilistic linear regression method that applies Bayesian inference to determine 

regularization strength automatically, improving generalization. 

• Support Vector Regressor (SVR): A regression variant of Support Vector Machines (SVM) that finds an 

optimal hyperplane while allowing slight deviations, balancing prediction accuracy and flexibility. 

• CatBoost: A gradient boosting algorithm designed for categorical features. It employs ordered boosting and 

specialized categorical encoding techniques to enhance performance. 

• Kernel Ridge Regression: A combination of Ridge Regression and the kernel trick, enabling non-linear 

relationships to be captured by mapping data into a higher-dimensional space. 

• XGBoost: An optimized gradient boosting algorithm known for its speed and efficiency. It builds sequential 

tree-based models while minimizing errors through advanced regularization techniques. 

• LightGBM: A gradient boosting framework designed for efficiency, using a leaf-wise tree growth strategy 

that results in faster training and reduced memory consumption compared to conventional boosting 

methods. 

Each model was assessed based on predictive accuracy, efficiency, and scalability. The results demonstrated that 

CatBoost outperformed the other models, making it the primary candidate for further optimization and refinement 

in our information system. 

3. RESULTS 

The results indicate that XGBoost and LightGBM exhibited slightly lower performance compared to CatBoost, 

suggesting that while gradient boosting algorithms are well-suited for this dataset, CatBoost outperformed its 

counterparts. Given that a single model was required for the final implementation, a hybrid approach was not 

pursued. 

The next step involved tuning model parameters to improve performance. However, after extensive testing, it was 

found that hyperparameter tuning led to worse results compared to the default settings. Consequently, the default 

CatBoost model was retained without further optimization. Once the final model was trained and tested with the 

applied preprocessing techniques, it achieved an R² score of 0.97237, indicating high predictive accuracy. Since an 

R² score of 1.0 represents a perfect prediction, the obtained value suggests that the model performed exceptionally 

well. Table 2 presents a comparison of forecasting results before and after outlier removal, highlighting the impact of 

data preprocessing on model accuracy. The findings confirm that CatBoost performs significantly better without 

additional parameter tuning and is the most suitable model for weather prediction tasks [20]. 

Table 3: Model performance results after training the models 

Model name Mean Squared Error 
GB Regressor 0.740616 
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RF Regressor 0.602757 

Linear Regression 3.430981 
ElasticNet 107.581766 

SGD Regressor 2.586797 
Bayesian Ridge 3.427670 

SVR 2.530081 
CatBoost 0.240654 

Kernel Ridge 2.453900 
XGBoost 0.678889 

LightGBM 0.637373 
 

With a mean squared error (MSE) of 0.240654, CatBoost outperformed all other tested models. To further validate 

its effectiveness, Grid Search Cross-Validation was applied to optimize hyperparameters. However, the results 

confirmed that parameter tuning did not enhance performance, reinforcing the decision to proceed with the default 

model (See Table 3). 

Table 4: Sample of real and predicted temperatures comparison outputs  

Time Temperature in Actual Result Temperature in Predicted Result 
01.04.2023 23:00 2.0 1.899 
01.04.2023 20:00 5.2 5.078 

01.04.2023 17:00 8.4 8.459 
01.04.2023 14:00 8.8 8.987 

 

To better understand feature importance, we conducted tests using Feature Importance Analysis and SHAP (SHapley 

Additive exPlanations) values. These analyses revealed that the most significant features for the model were Dew 

Point (Td), Humidity (U), Atmospheric Pressure at Sea Level (P), and Atmospheric Pressure at Station Level (Po). 

SHAP analysis introduced additional influential features, including maximum (Tx) and minimum (Tn) temperatures 

[21]. The results indicate that temperature predictions for this region are primarily influenced by dew point, 

humidity, and atmospheric pressure at sea level, whereas atmospheric pressure at the station level and daily 

temperature extremes have a comparatively lower impact [22]. Other variables were found to have negligible 

influence on the predictive performance of the model. 

 

Figure 2 : Temperature anomaly outputs using Python scikitlearn library 
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Figure 3 : Heatmap of predicted temperature outputs using Python scikitlearn library 

For better visualization, Table 4, Figure 2, and Figure 3 provide a direct comparison between predicted and actual 

results over a short time period, showcasing the model’s real-world forecasting accuracy. These findings reinforce the 

suitability of CatBoost as the optimal model for weather prediction, offering a highly accurate and computationally 

efficient approach without requiring complex hyperparameter tuning. 

4. CONCLUSION 

This paper provides a comprehensive framework for constructing a machine learning model tailored for numerical 

weather forecasting using publicly accessible datasets. The primary objective of this research was to explore and 

analyze the relationships between the features within these datasets and actual recorded weather data, focusing on 

how these relationships can enhance forecasting accuracy. Various machine learning techniques were evaluated to 

determine the best approaches for weather prediction in the Almaty city region, taking into account the unique 

regional characteristics, such as lower atmospheric pressure due to the mountainous topography, which influences 

local weather patterns. 

Through this approach, we achieved a model that reliably forecasts weather based on the provided data. This model 

shows promising accuracy for Almaty and holds potential adaptability for use in predicting weather in other regions 

with similar or distinct climatological features. The research underscores the possibility of building scalable weather 

prediction applications capable of performing detailed numerical forecasting; however, technical constraints, 

particularly in processing power and computational resources, currently limit the speed and overall performance of 

the model. With improvements in computational infrastructure, especially increased CPU and GPU resources, we 

anticipate that model efficiency and forecast accuracy could be significantly enhanced, opening pathways for more 

responsive regional and future weather predictions in Almaty and beyond. 

Several key areas for future research and improvements remain open. First, integrating deep learning techniques, 

such as Transformer-based models, could enhance the model’s ability to capture long-term dependencies and 

complex temporal patterns in weather data. Incorporating real-time data streams from IoT-based weather 

monitoring systems would allow for near-instantaneous updates and improve forecast accuracy. These advancements 

will further improve the practical applicability of machine learning in meteorology, making predictions more precise, 

adaptable, and useful for decision-making in various sectors. 
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