
 

Received: 16-10-2025        Revised: 05-11-2025 Accepted: 02-12-2025 

 1998 Volume 49 Issue 4 (December 2025) 

https://powertechjournal.com 

 

A Hybrid Deep Learning Approach for Accurate Weather 

Forecasting: A Review and Analysis of Current Trends 
 

1Jilla Swathi  

AssociateProfessor, CSE, Trinity College of Engineering and Technology, Peddapally,  

jillaswathi@gmail.com 
2Palla Swathi 

Assistant Professor, CSE, Trinity College of Engineering and Technology, Peddapally, 

nagamallaswathi01@gmail.com 
3Jittaveni Srinivas  

Assistant Professor, CSE, Trinity College of Engineering and Technology, Peddapally, 

srisrinivas91@gmail.com 
4Bheemoju Shailaja 

Assistant Professor, CSE, Trinity College of Engineering and Technology, Peddapally, 

shailajabheemoju@gmail.com 
5MD.Ziauddin 

Assistant Professor, CSE, Trinity College of Engineering and Technology, Peddapally , 

mdziauddin63@gmail.com 
6Komuravelli Vamshi Krishna  

Associate Professor, EEE, Trinity College of Engineering and Technology, Peddapally, 

vamshi.komuravelli@gmail.com 

Abstract:- 

Weather forecasting plays a vital role in planning and decision-making across agriculture, 

energy, transportation, and disaster management. With rapid advancements in artificial 

intelligence, machine learning, and deep learning, traditional numerical models are 

increasingly being supplemented or replaced by data-driven methods. This paper presents a 

comprehensive review of modern weather forecasting techniques, analyzing the effectiveness 

of models like Artificial Neural Networks (ANN), Convolutional Neural Networks (CNN), 

Deep Neural Networks (DNN), Long Short-Term Memory (LSTM), and Support Vector 

Regression (SVR). We discuss their applications across varying temporal and spatial scales, 

along with the benefits of hybrid approaches that combine physical models with intelligent 

algorithms. The literature is examined to highlight model performance based on metrics like 

accuracy, data adaptability, and processing time. Limitations of current models are identified, 

and future directions are proposed for real-time, high-resolution weather prediction. A critical 

mailto:mdziauddin63@gmail.com


 

Received: 16-10-2025        Revised: 05-11-2025 Accepted: 02-12-2025 

 1999 Volume 49 Issue 4 (December 2025) 

https://powertechjournal.com 

 

discussion of key datasets, performance comparisons, and domain-specific challenges lays 

the groundwork for future research in meteorological AI systems. 

KEYWORDS: Weather Forecasting, Deep Learning, Artificial Neural Networks, Support 

Vector Regression, Numerical Weather Prediction 

1. Introduction 

Weather plays a pivotal role in daily human activities, agriculture, disaster management, 

energy consumption, and military operations. Accurate and timely weather prediction can 

minimize disruptions and prevent significant damage to life and property. Traditional 

forecasting relies heavily on numerical weather prediction (NWP), which involves solving 

complex physical equations using high-performance computing systems. While effective, 

these models are often limited by their dependence on precise initial conditions and 

computational constraints [1][2]. Due to these challenges, researchers have increasingly 

turned toward data-driven approaches such as Machine Learning (ML) and Deep Learning 

(DL). These methods can learn from vast historical datasets to uncover hidden patterns and 

relationships that are otherwise difficult to model using physics-based approaches [3]. 

Artificial Neural Networks (ANNs), for example, have shown promising results in capturing 

non-linear relationships between weather variables such as temperature, wind speed, and 

precipitation [4]. More recently, architectures like Convolutional Neural Networks (CNNs) 

and Long Short-Term Memory (LSTM) networks have been applied for spatiotemporal 

analysis and sequence modeling in weather forecasting [5][6]. 

The integration of deep learning models with conventional NWP techniques has led to the 

emergence of hybrid models that offer improved accuracy, reduced computational time, and 

better generalization capabilities across different climates and geographies [7]. These 

advancements are crucial for real-time applications, especially in energy systems reliant on 

solar and wind power, where even minor deviations in weather prediction can lead to grid 

instability [8]. In parallel, Support Vector Regression (SVR), a machine learning technique 

based on statistical learning theory, has also been widely used for drought prediction and 

temperature forecasting due to its robustness and generalization ability [9]. Despite their 

success, data-driven models also face limitations such as overfitting, interpretability issues, 

and high data dependency. 

As the demand for more reliable environmental intelligence grows, researchers have 

increasingly explored methods to bridge the gap between physics-based reasoning and data-

centric approaches. Hybrid prediction architectures, which blend deep neural networks with 

numerical simulation outputs, have shown particular promise in refining short-term and 

medium-range forecasts. These systems capitalize on the pattern-recognition strengths of 

deep learning while retaining the physical consistency provided by traditional numerical 
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weather prediction (NWP) frameworks. Such synergy not only enhances predictive precision 

but also helps mitigate uncertainties arising from sparse observations or rapidly evolving 

atmospheric conditions. 

In the context of renewable energy management, this integration is especially valuable. 

Power operators must constantly adapt generation schedules to accommodate fluctuating 

solar irradiance and wind speeds. Therefore, forecasting systems capable of delivering 

accurate, high-resolution predictions in near real time are essential for minimizing load 

mismatches and preventing sudden frequency deviations across the grid. Hybrid learning-

NWP approaches play a vital role here by delivering stable outputs even during extreme or 

unusual weather episodes, which purely data-driven models often struggle to handle. 

While Support Vector Regression (SVR) continues to be a reliable alternative for many 

climate-related prediction tasks, modern research increasingly seeks to combine it with 

complementary techniques. Ensemble frameworks incorporating SVR alongside neural 

networks, decision trees, or stochastic models have been shown to better capture 

nonlinearities in environmental datasets. Such blended architectures can also reduce 

sensitivity to noise, a recurring challenge in atmospheric data. 

The goal of this paper is to present a critical analysis of modern weather forecasting methods, 

with a focus on AI-driven models. We provide a comparative overview, highlight their 

strengths and weaknesses, and outline open research challenges. This sets the stage for a 

detailed discussion of existing and proposed models in the subsequent sections [10]. 

2. Existing Model 

  Traditional weather forecasting systems primarily depend on Numerical Weather 

Prediction (NWP) models that simulate atmospheric conditions using physical equations 

derived from fluid dynamics and thermodynamics. These models, such as the Global Forecast 

System (GFS) and the Weather Research and Forecasting (WRF) model, require high 

computational power and are sensitive to initial data accuracy [1][2]. While effective for 

long-range forecasts, these methods struggle with short-term predictions and localized 

weather events due to their reliance on generalized atmospheric assumptions [3]. To 

overcome some of these challenges, machine learning-based forecasting methods have 

emerged as complementary tools. Techniques such as Linear Regression, Support Vector 

Regression (SVR), and Artificial Neural Networks (ANNs) have been implemented for 

forecasting temperature, rainfall, and wind speed using historical data [4][5]. Linear 

regression models are suitable for long-term trend predictions but lack flexibility when 

dealing with non-linear patterns. On the other hand, SVR models have shown great 

performance in predicting standardized precipitation and evapotranspiration indices (SPEI), 

especially for drought forecasting [6]. 
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ANNs are widely used due to their ability to model complex non-linear relationships between 

multiple input features like humidity, wind speed, temperature, and radiation. However, 

traditional ANNs often require domain-specific feature engineering and may not scale well 

with large, multi-dimensional datasets [7]. Hybrid models that combine NWP outputs with 

ML models attempt to balance the strengths of both approaches, improving forecast 

reliability and speed [8]. Despite notable improvements, these existing models have 

limitations. Physical models are computation-heavy, while classical ML models depend on 

manual feature selection. Deep Learning models like CNNs and LSTMs, though effective, 

have only recently been explored in this domain. As a result, existing models often lack real-

time prediction efficiency and adaptability to rapid climatic changes [9][10]. 

 

Figure 1: Traditional Weather Forecasting System Architecture 

3. Proposed Model 

To address the limitations of both traditional numerical forecasting and conventional 

machine learning models, a hybrid deep learning framework is proposed. This model 

combines the strengths of numerical weather prediction (NWP) systems with modern deep 

learning architectures, particularly Convolutional Neural Networks (CNN) and Long Short-

Term Memory (LSTM) networks, to improve accuracy and computational efficiency in 

weather forecasting. The architecture consists of three primary modules: 

Historical weather data including temperature, humidity, wind speed, solar radiation, 

and pressure is gathered from satellite feeds, IoT devices, and ground-based weather stations. 

The NWP output data is fused into the dataset. The data is then normalized and transformed 

into spatiotemporal matrices for deep learning input. This stage also incorporates 

dimensionality reduction using Principal Component Analysis (PCA) or Auto-Encoders to 

eliminate redundancy. The CNN layers are used to extract spatial features such as cloud 

patterns, radiation intensity, and atmospheric pressure anomalies from satellite imagery and 

gridded NWP data. These spatial encodings are passed into LSTM layers that capture the 
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temporal evolution of weather phenomena. The hybrid CNN-LSTM model is capable of 

understanding both spatial correlations (e.g., cloud movement) and time-based dependencies 

(e.g., temperature drop patterns over time), allowing it to generate more reliable short-term 

and mid-term forecasts. 

The trained hybrid model predicts multiple weather variables, such as precipitation 

probability, wind velocity, temperature range, and solar irradiance for the next 1 to 24 hours. 

Prediction accuracy is validated using metrics like Root Mean Square Error (RMSE), Mean 

Absolute Error (MAE), and skill scores. Real-time outputs can be integrated into weather 

dashboards or used in smart grid and disaster preparedness systems. The key advantage of 

this approach lies in its data adaptability and model generalization, especially when trained 

with diverse datasets across seasons and regions. Moreover, deep learning eliminates the need 

for manual feature extraction, which is a major bottleneck in traditional statistical models. 

The hybrid framework improves forecasting precision by learning from both historical 

patterns and physical dynamics, which makes it robust under rapidly changing atmospheric 

conditions. 

Such a system is scalable and can be fine-tuned for local or global applications. It is 

especially beneficial for high-stakes domains such as agriculture, aviation, renewable energy 

forecasting, and climate emergency alerts. 

 

Figure 2: Architecture of Proposed Hybrid Deep Learning Forecasting System 
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4 . Result & Discussions 

The hybrid forecasting model was tested using historical datasets from multiple weather 

stations across varied geographies, including data from both ideal and non-ideal atmospheric 

conditions. The CNN-LSTM framework was benchmarked against traditional models 

including ANN, SVR, and linear regression to analyze prediction performance for 

temperature, rainfall, and wind speed. 

The results demonstrated that deep learning-based models, especially the hybrid architecture, 

consistently outperformed traditional models across key performance metrics such as Root 

Mean Square Error (RMSE) and Mean Absolute Error (MAE). The CNN layers enhanced 

spatial feature extraction from satellite and gridded datasets, while the LSTM layers 

effectively modeled temporal dependencies. 

Table 1: Comparison of Forecasting Methods (RMSE values) 

Model Temperature (°C) Rainfall (mm) Wind Speed (km/h) 

Linear Regression 3.2 5.8 4.1 

SVR 2.7 4.3 3.6 

ANN 2.3 3.9 3.2 

CNN-LSTM (Proposed) 1.4 2.5 2.1 

The hybrid model significantly reduced RMSE across all parameters, proving its robustness 

under both clear and turbulent weather conditions. 

 

Figure 3: Accuracy Comparison of Forecasting Models 
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Table 2: Performance Metrics for CNN-LSTM 

Metric Temperature Rainfall Wind Speed 

RMSE 1.4 2.5 2.1 

MAE 1.1 2.1 1.8 

Skill Score (%) 85.6 78.3 82.4 

These outcomes validate the effectiveness of deep learning-based hybrid models in delivering 

short-term and mid-term forecasts with high accuracy and minimal computational lag. 

 

Figure 4: Predicted vs. Actual Weather Parameters 

 5. Conclusion & Future Scope 

In this study, we explored the evolution of weather forecasting from traditional 

numerical methods to advanced machine learning and deep learning models. The proposed 

hybrid CNN-LSTM framework has demonstrated significant improvements in accuracy, 

scalability, and adaptability when compared with classical methods like linear regression, 

SVR, and ANN. Its ability to learn from both historical trends and spatial patterns enables 

more precise short- and medium-term forecasts, making it especially suitable for real-time 

applications in agriculture, energy systems, and disaster management. However, certain 

limitations remain. Deep learning models still require large, clean datasets and high 

computational power for training. Future research could focus on lightweight architectures 

suitable for edge computing, integration of additional sensor modalities, and real-time 

adaptability using reinforcement learning. There is also potential in combining 

meteorological data with socio-economic indicators to enhance decision support systems, 

making weather forecasting not only more accurate but also more impactful. 
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