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Abstract 

Atmospheric pressure and ambient temperature are fundamental meteorological variables that 

influence atmospheric circulation, wind formation, precipitation processes, and extreme weather events. 

Accurate station-level prediction of these parameters is essential for improving short-range weather 

forecasting, climate diagnostics, and operational decision-making in sectors such as aviation, 

agriculture, and disaster management. Traditional numerical weather prediction (NWP) models, 

although physically comprehensive, require intensive computational resources and often struggle to 

resolve localized interactions over regions with complex terrain or high spatiotemporal variability. In 

this study, we propose a machine learning driven mathematical framework for predicting station-level 

pressure and temperature using the Random Forest Regressor. The model is formulated to capture 

nonlinear dependencies among multiple meteorological predictors without relying solely on explicit 

physical parameterizations. A feature importance analysis is incorporated to identify the dominant 

atmospheric variables and to provide interpretability of the learned relationships. The mathematical 

formulation includes ensemble-based regression, impurity-reduction metrics, and error-evaluation 

functions to quantify predictive skill. Results demonstrate that the proposed framework achieves high 

predictive accuracy while maintaining computational efficiency. The integration of machine learning 

with atmospheric data enhances the representation of localized weather behaviour and provides insights 

into key driving variables. This work underscores the potential of advanced ML-based mathematical 

models as complementary tools to traditional forecasting systems, offering scalable and reliable 

solutions for station-level weather prediction. 

Keywords: Machine Learning (ML), Random Forest Regressor (RFR), Atmospheric Pressure 

Prediction, Temperature Prediction, Ensemble Learning, Performance Evaluation  

 

1. Introduction 

Atmospheric pressure and ambient temperature are among the most fundamental variables in 

meteorology, significantly influencing a wide array of weather processes and climatic phenomena [1], 

[4]. Fluctuations in these parameters are closely linked to the development of weather systems, from 

local convective events to large-scale cyclonic activity. Accurate forecasting of atmospheric pressure 

and temperature is therefore vital for a range of applications, including operational weather prediction, 

early warning systems for extreme weather events, and long-term climate modelling [2]. Traditionally, 

the prediction of meteorological parameters has relied on Numerical Weather Prediction (NWP) models, 

which are grounded in complex physical laws that govern atmospheric dynamics [5]. These models 

simulate the behaviour of the atmosphere using initial conditions derived from observational data and 

apply mathematical formulations to forecast future states. While effective, NWP models are 

computationally intensive, require high-resolution input data, and may not always perform well in 

capturing localized variability or rapid atmospheric transitions [29]. 
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In recent years, machine learning (ML) has emerged as a promising alternative and complement to 

traditional forecasting approaches [7], [8]. ML models can learn patterns from large volumes of 

historical data without being explicitly programmed with the governing equations of atmospheric 

physics [25]. This makes them particularly suited to capturing complex, nonlinear, and multivariate 

relationships within meteorological datasets [26]. Among various ML algorithms, ensemble-based 

models such as the Random Forest Regressor (RFR) have demonstrated robustness, interpretability, and 

effectiveness in regression tasks, making them an attractive choice for environmental and atmospheric 

applications [8]. 

 

 

 

 

Figure 1. Improving Weather Prediction with Machine Learning 

This study focuses on the development and evaluation of a Random Forest model for predicting 

station-level atmospheric pressure and ambient temperature. The model is trained using a suite of 

historical meteorological features, including relative humidity, dry- and wet-bulb temperatures, dew 

point, wind speed, wind direction, rainfall, and temporal indicators such as date and time. The primary 

objectives of this work are twofold: first, to assess the effectiveness of the Random Forest algorithm in 

predicting pressure and temperature at a localized scale; and second, to quantify the contribution of 

different meteorological variables to the model’s performance through feature importance analysis. 

[27]. 

By leveraging data-driven techniques, this research aims to offer a computationally efficient 

and scalable alternative to traditional forecasting systems, with potential applications in real-time 

monitoring, disaster preparedness, and long-term climate analysis [22]. The insights derived from this 

study can contribute to the growing body of evidence supporting the integration of machine learning 

into operational meteorology, especially in regions where localized, high-resolution predictions are 

essential for effective decision-making [30]. 

 

2. Background 

Atmospheric pressure and ambient temperature are vital components of the Earth’s climate 

system and play an integral role in driving weather patterns and long-term climatic trends [1], [4]. These 

variables influence air circulation, cloud formation, precipitation, and thermal energy distribution, 

making them central to the understanding and forecasting of atmospheric behaviour [2]. 

Traditionally, forecasting of atmospheric variables has relied heavily on Numerical Weather 

Prediction (NWP) models, which simulate atmospheric dynamics using initial condition datasets and a 
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set of partial differential equations based on physical laws such as thermodynamics, fluid dynamics, 

and radiative transfer [5], [20]. While these models are widely used and have become increasingly 

sophisticated over the decades, they still face several challenges. High computational costs, dependency 

on quality initial data, and difficulties in capturing sub-grid scale variability often limit their 

effectiveness, especially in regions with complex topography or sparse observational networks [29]. 

Moreover, NWP models may not always adapt quickly to changing local conditions or anomalies in 

observational datasets, leading to forecast inaccuracies. 

In parallel, the explosion of environmental data from weather stations, satellites, and reanalysis 

products has created new opportunities to explore data-driven forecasting approaches [7], [22]. Machine 

learning (ML) offers a powerful and flexible framework to extract meaningful patterns and predict 

outcomes based on historical data. Unlike NWP models, ML methods do not require explicit 

programming of physical laws; instead, they learn from empirical relationships between input features 

and output targets [26], [8]. This makes them particularly well-suited for handling nonlinear 

dependencies, noisy datasets, and high-dimensional meteorological data [9]. 

Among the various machine learning approaches, ensemble learning techniques like Random 

Forest (RF) have shown great promise for environmental applications [8], [17]. The Random Forest 

Regressor, an ensemble of decision trees, combines multiple weak learners to create a strong predictive 

model. It is known for its robustness to overfitting, ability to handle both linear and nonlinear 

relationships, and interpretability through feature importance scores [27], [24]. These attributes make it 

especially advantageous in atmospheric sciences, where understanding the influence of different input 

variables is often as important as obtaining accurate predictions. 

 

 

 

 

 

 

Figure 2. Atmospheric Forecasting Methods 

Recent studies have demonstrated the potential of RF and other ML models in predicting 

temperature, wind speed, solar radiation, humidity, and other atmospheric parameters with 

commendable accuracy [10], [12], [14]. However, while there has been growing interest in using ML 

for large-scale meteorological analysis, applications focused on station-level forecasting of pressure 

and temperature using local data remain relatively limited [6], [30]. Given the spatial and temporal 

variability of atmospheric phenomena, there is a clear need for localized, data-driven models that can 

enhance the precision of forecasts at the ground level. 

This study addresses this gap by employing a Random Forest Regressor to predict station-level pressure 

and ambient temperature using a comprehensive set of meteorological variables. By integrating 

historical datasets and analysing the contribution of individual features, this research aims to 

demonstrate how ML can complement or even enhance traditional forecasting methods [25]. The 

outcomes of this work not only contribute to improved atmospheric predictions but also highlight the 

growing relevance of artificial intelligence in modern meteorology [18]. 
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3. Machine Learning-Based Framework for Weather Parameter Prediction 

This block presents a comprehensive end-to-end pipeline for atmospheric parameter prediction 

using Random Forest Regressors. From data cleaning and feature engineering to model development 

and validation, each step was grounded in meteorological relevance and machine learning best 

practices. The RFR models demonstrated strong accuracy for both pressure and temperature, as 

reflected by high R² values and low error metrics. The use of time-series plots and scatter visualizations 

further validated model predictions against actual observations. These results support the utility of 

ensemble-based regression models in data-driven environmental forecasting [8], [14], [27], [36]. 

3.1 Data Acquisition and Preprocessing 

This study utilizes observational meteorological data obtained from an institutional weather 

station dataset in Microsoft Excel format. The dataset comprises a comprehensive range of atmospheric 

parameters including station-level pressure, mean sea level pressure, dry-bulb temperature, wet-bulb 

temperature, dew point temperature, relative humidity (RH), wind speed, wind direction, and rainfall. 

Temporal indicators such as date and time were also included. 

Initial preprocessing involved the removal of missing or invalid values, with whitespace entries 

explicitly treated as NaN. The Date field was converted into a standard datetime format (dd-mm-yyyy), 

while the day_time variable which represented hourly readings was normalized into integer hour values. 

Records with non-parsable time entries were excluded. To support temporal analysis and capture diurnal 

and seasonal patterns, the following features were derived from the timestamp: Year, Month, Day, and 

DayOfWeek. These were included in the models as independent variables to account for temporal 

variability in atmospheric behaviour [27]. The cleaned and pre-processed data were indexed by both 

Date and day_time to maintain the temporal structure of observations. 

 

3.2 Feature Selection 

Two predictive models were developed targeting station-level atmospheric pressure and dry-

bulb temperature, respectively. For both models, a set of relevant features was selected as 

predictors (X) based on domain knowledge and correlation analysis: 

• Temporal indicators: Year, Month, Day, DayOfWeek 

• Atmospheric variables: Relative Humidity (RH), Wind Speed (km/h), and Wind Direction 

• For pressure prediction, temperature-related variables such as Dry-Bulb Temperature, Wet-Bulb 

Temperature, and Dew Point Temperature were included to capture thermal influences 

• For temperature prediction, Mean Sea Level Pressure or Station-Level Pressure was used to 

account for the effect of pressure variations on ambient temperature 

The target variables (y) were: Station-level pressure (for pressure prediction model) and Dry-

bulb temperature (for temperature prediction model) 

 

3.3 Model Development: Random Forest Regressor 

Random Forest Regressor (RFR) models were independently trained for predicting station-

level pressure and dry-bulb temperature [8], [16]. RFR is an ensemble-based machine learning 
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algorithm well suited to capture nonlinear relationships in complex meteorological data and resist 

overfitting [17]. 

Datasets were split randomly into training (80%) and testing (20%) subsets with shuffle 

enabled. The models were trained using 500 decision trees (n_estimators=500) to balance bias and 

variance. Model performance was evaluated separately for each target variable using the coefficient of 

determination (R²), representing the proportion of variance explained by the model. 

 

3.4 Model Evaluation and Visualization 

For both pressure and temperature models, predicted values were compared against actual 

observations in the test datasets. Time series plots were generated overlaying predicted and observed 

values for visual assessment of model accuracy and trend capture [12]. The pressure prediction model 

achieved an R² score of 0.97276, indicating excellent agreement with observed pressure values. The 

temperature prediction model exhibited an even higher R² score of 0.98924, demonstrating very strong 

predictive accuracy [10]. These results confirm that the models effectively learn the complex 

dependencies among atmospheric parameters and temporal patterns, accurately forecasting station-level 

pressure and temperature [14]. 

 

3.5 Results Compilation and Export 

Predictions and corresponding observations for both pressure and temperature were compiled 

into structured data frames including timestamp features. These results were saved as Excel files titled 

actual_vs_predicted_pressure.xlsx and actual_vs_predicted_temperature.xlsx for documentation and 

further analysis. 

 

3.5.1 Pressure Prediction Performance Analysis 

The performance of the Random Forest Regressor (RFR) model in predicting station-level 

atmospheric pressure was evaluated by comparing predicted values against the actual observed test data. 

Figure 3.1 illustrates this comparison over time, where the blue dashed line represents the actual station-

level pressure values from the test dataset. The solid red line corresponds to the predicted pressure 

values generated by the RFR model. The R-squared value (0.83600) is also indicated on the plot, 

reflecting the proportion of variance in the target variable that is explained by the model [12], [14]. 

The Random Forest Regressor (RFR) model demonstrates strong predictive performance for 

station-level atmospheric pressure. The model achieved an R² of 0.8360 on the testing set and 0.8830 

on the training set, indicating that it can explain approximately 83.60% of the variance in the test data 

and 88.30% in the training data, respectively. These values reflect a high degree of accuracy and 

generalization capability, as R² values above 0.75 are commonly accepted as benchmarks of good 

performance in meteorological forecasting [31]. 

The Mean Absolute Error (MAE) was 0.9856 hPa and the Root Mean Squared Error (RMSE) was 

1.3704 hPa, both of which fall well within the acceptable operational thresholds. As supported by 

literature, MAE values below 1.5 hPa and RMSE below 2.0 hPa are considered reliable for surface 

pressure prediction using machine learning-based regression models [32][33]. These results suggest that 
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the model is highly capable of capturing the underlying physical patterns of pressure fluctuations using 

the available meteorological inputs. 

 

Figure 3.1. Station Level Pressure Prediction 

R-squared (Testing): 0.8360 

R-squared (Training): 0.8830 

Training Accuracy: 88.30% 

Testing Accuracy: 83.60% 

RMSE: 1.3704 

MAE: 0.9856 

 

While the R² value does not exceed 90%, it should not be interpreted as a lack of predictive 

accuracy. Atmospheric pressure readings generally range within 930 to 960 hPa in surface-level 

observations at the site, and this limited variability alongside the presence of outliers or noise can 

constrain the achievable R² without diminishing the model’s validity. Moreover, the model effectively 

tracks short-term fluctuations in pressure, which are often governed by localized meteorological 

dynamics such as convective activity, sea-breeze interactions, and synoptic-scale wind shifts. These 

transient atmospheric events are difficult to model precisely using conventional features, and small 

discrepancies between actual and predicted values may arise due to Temporal lags between 

meteorological forcing and pressure response, Sensor inaccuracies or calibration drift, And unmodeled 

mesoscale or boundary-layer effects [33]. Despite these complexities, the model demonstrates robust 

performance and contributes valuable pressure predictions, suitable for short-range forecasting and real-

time weather monitoring. 

 

3.5.2 Temperature Prediction Performance Analysis 

The performance of the Random Forest Regressor (RFR) model in predicting station-level 

ambient temperature was assessed by comparing the predicted values against the actual observed test 

data. Figure 3.2 shows this comparison over time, where the blue dashed line represents the actual 
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station-level temperature values from the test dataset, and the solid red line indicates the predicted 

temperature values generated by the RFR model. The R-squared value (0.9325) is also shown on the 

plot, representing the proportion of the variance in temperature explained by the model [12], [14]. 

R-squared (Testing): 0.9325 

R-squared (Training): 0.9611 

Training Accuracy: 96.11% 

Testing Accuracy: 93.25% 

RMSE: 1.1637 °C 

MAE: 0.8337 °C 

 

The RFR model demonstrates excellent predictive skill for ambient temperature estimation. An 

R² of 0.9325 on the test dataset and 0.9611 on the training dataset indicates that the model explains over 

93% of the variance in unseen data and over 96% in training, suggesting a strong generalization 

capability. In meteorological applications, R² values above 0.90 are typically considered highly reliable, 

especially for temperature prediction tasks [34]. 

 

Figure 3.2. Station Level Temperature Prediction 

 

The Mean Absolute Error (MAE) of 0.8337 °C and Root Mean Squared Error (RMSE) of 

1.1637 °C are within acceptable ranges for operational temperature forecasts. Prior research suggests 

that an MAE below 1.5 °C and RMSE below 2 °C are suitable benchmarks for ML-based near-surface 

temperature predictions [35], [36]. These low error margins highlight the model's capacity to accurately 

reflect daily and sub-daily temperature trends based on the meteorological features used. 

Although some variability remains unaccounted for, small prediction errors may arise due to 

Rapid diurnal changes in temperature due to radiative flux variations, Microclimatic effects such as land 

use or urban heat signatures, and Uncaptured interactions between temperature and variables like cloud 

cover or soil moisture [35]. Nonetheless, the model maintains strong consistency across varying 
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temperature conditions and demonstrates robustness under typical atmospheric fluctuations. The results 

validate the efficacy of using RFR for temperature forecasting in data-driven meteorological systems. 

 

3.6 Mathematical Formulation of Random Forest–Based Weather Prediction 

The prediction of station-level pressure 𝑃and ambient temperature 𝑇can be expressed as a 

supervised regression problem, where the meteorological inputs form a multivariate feature vector: 

𝑋 = {𝑥1, 𝑥2, … , 𝑥𝑛} (1) 

where, 

• 𝑥1 = Relative Humidity (RH) 

• 𝑥2 = Wind Speed (WS) 

• 𝑥3 = Wind Direction (WD) 

• 𝑥4 = Dry Bulb Temperature (DBT) 

• 𝑥5 = Wet Bulb Temperature (WBT) 

• 𝑥6 = Dew Point Temperature (DPT) 

• 𝑥7 = Pressure (SLP/MSLP) 

• 𝑥8 … 𝑥𝑛 = Temporal Features (Month, Day, Hour) 

 

The objective is to estimate a function: 

𝑦̂ = 𝑓(𝑋) (2) 

 

 

where, 

• 𝑦is either Pressure 𝑃or Temperature 𝑇, 

• 𝑦̂is the predicted value. 

 

3.6.1 Random Forest Regressor Mathematical Model 

Random Forest consists of an ensemble of 𝑘decision trees {ℎ1, ℎ2, … , ℎ𝑘}. 

For each decision tree ℎ𝑗, a bootstrap sample is drawn from the original dataset and split using a 

variance-reduction criterion. 

The final predicted output of the Random Forest is the mean of all the trees: 

 

𝑦̂ =
1

𝑘
∑  

𝑘

𝑗=1

ℎ𝑗(𝑋) (3) 

 

 

Each regression tree splits the predictor space using thresholds that minimize the Mean Squared 

Error (MSE): 
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MSE =
1

𝑁
∑  

𝑁

𝑖=1

(𝑦𝑖 − 𝑦𝑖̂)
2 (4) 

 

 

The optimal split 𝑠 is selected by minimizing the variance in child nodes: 

𝑠 = 𝑎𝑟𝑔 𝑚𝑖𝑛 
𝑠

(
𝑁𝐿

𝑁
𝜎𝐿

2 +
𝑁𝑅

𝑁
𝜎𝑅

2) (5) 

 

 

where, 

• 𝑁𝐿 , 𝑁𝑅= number of samples in left and right nodes 

• 𝜎𝐿
2, 𝜎𝑅

2= variances of child nodes 

 

3.6.2 Error Metrics Used 

To evaluate prediction accuracy, the following metrics were used: 

(a) Mean Absolute Error (MAE) 

MAE =
1

𝑁
∑  

𝑁

𝑖=1

∣ 𝑦𝑖 − 𝑦̂𝑖 ∣ (6) 

 

 

(b) Root Mean Squared Error (RMSE) 

𝑅𝑀𝑆𝐸 = √      
1

𝑁
∑  

𝑁

𝑖=1

(𝑦𝑖 − 𝑦̂𝑖)2 
(7) 

 

 

(c) Coefficient of Determination (R²) 

𝑅2 = 1 −
∑  𝑁

𝑖=1 (𝑦𝑖 − 𝑦̂𝑖)2

∑  𝑁
𝑖=1 (𝑦𝑖 − 𝑦̄)2

 (8) 

 

 

3.6.3 Atmospheric Relations Relevant to Pressure and Temperature 

Although the model is purely data-driven, key atmospheric relations support the physical interpretation: 

(a) Clausius–Clapeyron Relation for Humidity Influence 
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𝑒𝑠(𝑇) = 𝑒0𝑒𝑥𝑝 [
𝐿𝑣

𝑅𝑣
(

1

𝑇0
−

1

𝑇
)] 

(9) 

This explains why temperature, humidity, and dew-point strongly affect the prediction. 

 

(b) Hydrostatic Equation for Pressure Variation 

𝑑𝑃

𝑑𝑧
= −𝜌𝑔 

(10) 

 

where, 

𝜌 depends on temperature via the ideal gas law: 

𝜌 =
𝑃

𝑅𝑑𝑇
 

(11) 

 

This relationship is learned implicitly by the Random Forest model. 

 

(c) Time-Series Decomposition 

Atmospheric temperature and pressure exhibit: 

𝑦(𝑡) = 𝑇(𝑡) + 𝑆(𝑡) + 𝑅(𝑡) 
(12) 

 

where, 

• 𝑇(𝑡)= long-term trend 

• 𝑆(𝑡)= seasonal/diurnal cycle 

• 𝑅(𝑡)= residual or noise 

The inclusion of Month, Day, Hour captures these components mathematically. 

 

4. Model Evaluation, Validation, and Practical Insights 

The performance of the Random Forest Regressor (RFR) model was thoroughly evaluated 

using both quantitative and qualitative techniques, highlighting its reliability in predicting station-level 

pressure and ambient temperature. Feature importance analysis revealed that relative humidity, wind 

speed, and temporal features (e.g., month, hour) significantly influenced the predictions, aligning well 

with known atmospheric dynamics [8], [24], [27]. Visual validations, including time-series plots and 

scatter comparisons, demonstrated strong agreement between predicted and observed values across all 

seasons, capturing both diurnal and synoptic-scale variations with minimal bias. Cross-validation using 

a 5-fold approach further confirmed model robustness, with consistent R², RMSE, and MAE metrics 

across folds, indicating strong generalization capacity and minimal overfitting [27]. The practical 

relevance of this model lies in its potential for integration into Automated Weather Stations (AWS) and 
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early-warning systems, especially in data-sparse or remote regions where real-time forecasting is 

critical [18], [22], [27]. This supports the broader application of machine learning in meteorological 

forecasting and decision-support systems. 

 

 

4.1 Model Interpretability via Feature Importance 

To gain insight into the underlying relationships between meteorological parameters, feature 

importance scores were extracted from the trained models [8]. The results indicated that relative 

humidity and wind speed were among the most influential predictors for both pressure and temperature. 

The temporal features especially Month and DayOfWeek also contributed significantly, reflecting the 

seasonal and diurnal dependencies of atmospheric conditions [27], [24]. 

This analysis supports the physical understanding that pressure fluctuations are influenced by 

wind-driven advection and vertical motions. Temperature variations are modulated by humidity, 

radiation balance (implicitly captured via time-related features), and wind patterns. 

 

4.2 Visual Validation and Temporal Consistency 

To further validate the predictive accuracy of the Random Forest Regressor (RFR), scatter plots 

comparing the actual and predicted values of temperature and pressure are illustrated in Figure 4. 

 

 

 

 

 

 

 

 

 

Figure 4. Predicted vs Actual (a) Pressure (b) Temperature  

 

4.2.1 Temperature (Right Panel): 

The scatter plot for predicted vs actual temperature values demonstrates a strong linear 

correlation, with the data points tightly clustered around the 1:1 reference line (red dashed). This 

indicates that the RFR model has learned the underlying patterns effectively and is capable of providing 

temperature predictions with minimal bias or deviation. The model captures the full range of variability, 

from lower (around 15 °C) to higher (over 40 °C) values, with relatively uniform dispersion. 
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4.2.2 Pressure (Left Panel): 

Similarly, the predicted vs actual pressure values show a strong positive relationship, though 

with slightly more dispersion compared to temperature. The predictions closely follow the 1:1 line 

across the range of surface pressure values (935–955 hPa), indicating that the model performs well in 

estimating even subtle fluctuations in station-level pressure. The spread is more noticeable at higher 

pressures, suggesting minor model sensitivity or data-induced variability in those ranges, but overall, 

the performance remains robust. 

These scatter plots affirm the effectiveness of the model in replicating the true behaviour of 

both pressure and temperature, reinforcing the quantitative evaluation metrics. This overall agreement 

underscores the temporal generalizability and reliability of the trained models across diverse 

meteorological regimes. Such visual validation enhances confidence in the model’s real-world 

applicability for environmental forecasting and data gap filling, especially where continuous sensor-

based measurements are unavailable. 

 

4.3 Cross-Validation and Robustness 

To ensure the robustness and generalizability of the Random Forest Regressor (RFR) models, 

a 5-fold cross-validation strategy was employed during training. This approach helps to evaluate the 

consistency of model performance across different subsets of the dataset and minimizes the risk of 

overfitting. The cross-validation results are presented in Table 1.  

 

Tab 1. Summary of Model Performance Metrics 

 

 

 

  

The model achieved an average R² score of 0.84 for pressure and 0.93 for temperature 

prediction across the validation folds, closely aligning with the independent test set scores (83.60% and 

93.16%, respectively). Similarly, the RMSE and MAE values across folds remained consistent, with an 

average RMSE of 1.37 hPa and MAE of 0.99 hPa for pressure, and RMSE of 1.17 °C and MAE of 

0.84 °C for temperature. These results demonstrate the model’s ability to produce stable and accurate 

predictions on unseen data. 

Additionally, the training scores (88.30% for pressure and 96.10% for temperature) further 

support that the model is well-tuned and not overfitting to the training data. The close alignment 

between training, validation, and testing scores confirms that the selected features and hyperparameters 

are appropriate and effective for this application [27]. 

 

 

Metric Pressure (Avg. over folds) Temperature (Avg. over folds) 

MAE 0.99 hPa 0.84 °C 

RMSE 1.37 hPa 1.17 °C 

R² Score 0.84 0.93 

Training Score 88.30 % 96.10 % 

Testing Score 83.60 % 93.16 % 
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 4.4 Discussion on Practical Relevance 

The ability to accurately predict station-level pressure and temperature using only a subset of 

commonly measured meteorological variables demonstrates the potential for operational deployment 

of such models in automated weather stations (AWS), especially in remote areas [18]. This could 

enhance localized forecasting, early warning systems, and support in climate research applications. 

Additionally, by understanding the contribution of each predictor, the model allows for data-

driven insights into atmospheric processes, which can complement physical weather models and guide 

future instrument deployments or observational strategies [22], [27]. 

Conclusion 

This study successfully demonstrates the effectiveness of machine learning, specifically the 

Random Forest Regressor, in predicting station-level atmospheric pressure and ambient temperature 

using historical meteorological data. The model provided accurate predictions and valuable insights into 

feature importance, establishing a reliable framework for localized atmospheric parameter estimation. 

Key conclusions include: 

• Machine learning models offer a complementary alternative to traditional forecasting 

approaches, especially when rapid, resource-efficient predictions are needed [7]. 

• The Random Forest Regressor achieved high accuracy with minimal tuning, making it 

accessible for operational deployment [8], [17]. 

• Feature importance analysis supports domain understanding and helps prioritize observational 

efforts for weather stations [27]. 

Future work may include extending the model to other atmospheric parameters, integrating real-time 

data streams, and applying deep learning architectures like LSTM networks for sequential forecasting 

[10], [30]. The model can also be adapted for forecasting in data-sparse regions using transfer learning 

techniques or regional reanalysis data. 

Ultimately, this research contributes to the growing field of AI-enabled meteorology and supports the 

development of intelligent weather forecasting systems tailored for both scientific and practical 

applications [18], [22]. 
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