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 Weather prediction supports agriculture, transportation, energy planning, 

disaster management and daily public decision-making. Traditional 

forecasting depends on observation networks, data assimilation and 

numerical weather prediction, whereas recent systems increasingly 

combine machine learning, deep learning, remote sensing, Internet of 

Things sensing and big-data analytics. This review expands a 

preliminary manuscript into an IEEE-style survey of intelligent weather 

prediction systems. It analyzes data sources, preprocessing stages, 

algorithm families, evaluation metrics, system architecture, operational 

challenges and future research directions. The review shows that 

classical machine-learning models remain useful for local and tabular 

forecasting, while deep recurrent, convolutional, graph-based and 

transformer models provide stronger capability for time-series, radar, 

satellite and global medium-range forecasting. The paper further 

emphasizes hybrid physical-data-driven models, uncertainty-aware 

forecasting and explainable artificial intelligence as necessary steps for 

reliable deployment in high-stakes meteorological services. 
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I. INTRODUCTION 

Weather forecasting is the scientific and computational process of estimating future atmospheric 

conditions from observations, physical laws and historical patterns. Its practical value is visible in crop 
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planning, aviation safety, road transport, flood preparedness, energy dispatch, health alerts and smart-city 

management. The uploaded draft correctly identifies agriculture, transportation, disaster management and 

daily life as core application domains, and it also introduces machine learning, artificial intelligence and 

data analytics as important modern tools for forecasting systems. The present expanded review develops 

that preliminary structure into a full IEEE-style manuscript with deeper technical discussion, paragraph-

level citations, tables and graphical analysis [1], [10], [13]. 

Conventional numerical weather prediction (NWP) has improved continuously through better sensors, 

higher-resolution grids, improved physics parameterizations, satellite data assimilation and high-

performance computing. However, NWP remains expensive because it solves complex equations of 

atmospheric motion over large three-dimensional grids. Machine-learning models follow a different 

route: they learn statistical relationships from historical observations, reanalysis archives, radar imagery 

and satellite products. This does not remove the importance of physics, but it provides a complementary 

forecasting path that can be faster, scalable and suitable for local decision support [12], [13], [26]. 

The main research motivation for machine-learning-based weather prediction is the availability of 

massive atmospheric data. Automatic weather stations produce temperature, humidity, pressure, wind and 

rainfall records at high temporal resolution. Weather radars provide spatial precipitation fields. Satellites 

observe clouds, water vapor, land surface temperature and cyclone structures. Reanalysis products such 

as ERA5 merge observations with dynamical models and provide globally consistent archives for training 

data-driven systems. These sources create an ideal environment for data analytics, but they also introduce 

problems of missing values, noise, inconsistent spatial scales, temporal misalignment and regional bias 

[10], [11], [24]. 

During the last decade, weather forecasting has moved from small station-level experiments to global 

data-driven models. Early studies applied linear regression, decision trees, support vector machines, 

random forests and neural networks to forecast temperature, rainfall or weather labels. Later research 

introduced LSTM, temporal convolutional networks and CNN-based nowcasting systems to learn 

temporal and spatial patterns. Recent models such as GraphCast, Pangu-Weather, FuXi, GenCast, Aurora 

and Aardvark show that artificial intelligence can compete with strong operational baselines for several 

medium-range tasks, although performance on rare extremes and operational robustness still requires 

careful verification [14]-[18], [29]-[33]. 

This review has four objectives. First, it provides a structured explanation of weather prediction system 

architecture using machine learning and data analytics. Second, it compares major algorithm families and 



         The Academic                                                                                       Volume 4 | Issue 5 | May 2026 

Mr. Sukhdeep Singh, Er. Sukhwinder Kaur, Dr. Rajinder Kumar                                                  Page | 1798 

their suitability for different forecast horizons and data types. Third, it maps major challenges such as 

data quality, interpretability, computational cost, climate non-stationarity and extreme-event reliability. 

Fourth, it proposes future directions for practical systems that combine physical modelling, data-driven 

learning, probabilistic uncertainty and real-time sensing. The paper avoids repetitive descriptions by 

organizing the review around system components rather than repeating algorithm definitions [24], [25], 

[35]. 

II. REVIEW SCOPE AND METHOD 

This paper is a narrative technical review rather than a new experimental model. The review scope 

covers station-based short-term forecasts, local IoT weather systems, radar and satellite nowcasting, 

regional forecasting and global medium-range AI prediction. Sources were selected to include IEEE 

conference papers where available, DOI-enabled peer-reviewed research, benchmark studies and recent 

high-impact machine-learning weather models. The uploaded draft contained an introductory system 

architecture and a basic algorithm comparison table; both have been expanded into a more complete 

discussion suitable for a review article [1]-[9]. 

The literature is grouped into five categories. The first category includes classical machine-learning 

systems for local weather forecasting, such as regression, decision tree, random forest and support vector 

approaches. The second includes deep sequence models such as recurrent neural networks, LSTM and 

temporal convolutional networks. The third includes spatial nowcasting models trained on radar, satellite 

or gridded weather images. The fourth includes global AI weather models trained on reanalysis data. The 

fifth includes surveys and benchmark studies that discuss evaluation protocols and research gaps [10], 

[19]-[25]. 

A key requirement in weather-prediction review writing is to separate experimental accuracy claims 

from general model suitability. Many studies report accuracy on different datasets, climates, variables 

and time horizons, so numerical scores cannot be directly compared unless the same benchmark and 

verification protocol are used. Therefore, this paper compares models conceptually using task fit, data 

requirement, interpretability, computational burden and operational readiness rather than presenting 

unsupported universal accuracy rankings [10], [24], [27], [35]. 

III. DATA SOURCES AND PREPROCESSING 

A weather prediction system begins with data acquisition. Local stations provide temperature, relative 

humidity, wind speed, wind direction, pressure and rainfall. Radar observations provide spatial 
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precipitation intensity and motion. Satellite imagery contributes cloud properties, radiation, moisture and 

tropical cyclone information. IoT sensors can increase local density but often suffer from calibration and 

maintenance issues. Reanalysis datasets provide long historical records that are crucial for training large 

machine-learning models. Each source improves forecasting capacity but requires different quality-

control processes [3], [6], [7], [10]. 

Preprocessing is a decisive stage because weather data often contain sensor gaps, spikes, outliers and 

inconsistent sampling intervals. Missing-value handling may use interpolation, seasonal mean 

replacement, K-nearest-neighbor imputation, model-based imputation or deletion depending on the 

missing pattern. Normalization helps gradient-based learning methods converge, while cyclical encoding 

of time variables helps models represent daily and seasonal periodicity. Without preprocessing, high-

capacity models can learn sensor artifacts rather than meteorological patterns [2], [22], [23]. 

Feature engineering remains useful even when deep learning is used. For tabular models, lag features 

summarize previous weather states, rolling averages capture short-term persistence, and derived features 

such as dew point, heat index, pressure tendency and wind components provide physically meaningful 

inputs. For gridded data, spatial remapping and alignment are important because convolutional models 

and graph neural networks require consistent geometry. WeatherBench demonstrated the value of 

standard data preparation and metrics for fair comparison of global data-driven forecasting models [10], 

[11], [34]. 

Data analytics contributes exploratory analysis before model fitting. Seasonal plots reveal monsoon 

cycles, heat waves or winter inversions. Correlation analysis helps identify relationships among humidity, 

temperature, pressure and rainfall. Distribution analysis highlights rare extreme events that may be under-

represented in training data. Stationarity tests and trend analysis are important because climate change 

and land-use change can shift the distribution of weather variables over time. These issues explain why a 

model that performs well on one decade or region may not generalize automatically to another [24]-[27]. 

The best data pipeline for operational use is not limited to training data. It must also include real-time 

validation, anomaly detection, data versioning and monitoring of model drift. If a station sensor fails or 

changes calibration, the forecasting model may receive biased inputs and generate unreliable predictions. 

Modern systems therefore require logging, metadata, sensor-health checks and automated alerts. This 

makes weather prediction a full data-engineering problem, not merely a model-selection problem [6], [7], 

[33]. 
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IV. WEATHER PREDICTION SYSTEM ARCHITECTURE 

The architecture of an intelligent weather prediction system generally includes seven layers: data 

acquisition, storage, preprocessing, feature engineering, prediction engine, validation and forecast 

delivery. The uploaded draft showed a basic architecture diagram on page 3, but the revised IEEE-style 

version expands that idea into a complete workflow. The acquisition layer collects station, satellite, radar 

and IoT streams. The storage layer organizes historical and real-time records. The preprocessing layer 

improves data quality. The model layer generates deterministic or probabilistic predictions. Finally, the 

delivery layer produces dashboards, APIs, mobile alerts and decision reports [1], [6], [7]. 

The prediction engine may be designed for different forecast horizons. Nowcasting focuses on minutes 

to a few hours and often uses radar or satellite imagery. Short-range forecasting covers hours to two days 

and can combine local station data with NWP outputs. Medium-range forecasting covers approximately 

three to fifteen days and increasingly uses global AI models trained on reanalysis data. Seasonal 

forecasting and climate projection are different tasks because they emphasize probabilities, boundary 

conditions and long-term variability rather than exact day-to-day atmospheric states [13], [21], [28]. 

In practical deployments, hybrid architecture is often more reliable than a purely data-driven pipeline. 

A hybrid system can use NWP outputs as predictors, machine learning for bias correction, deep learning 

for local downscaling and post-processing for uncertainty calibration. This is important because physical 

models represent atmospheric conservation laws, while data-driven models can learn regional biases, 

local terrain effects and nonlinear corrections. Studies on optimizing NWP performance with machine 

learning show that AI can improve existing workflows rather than simply replacing them [8], [12], [26]. 

A robust architecture also requires governance. Forecasts influence disaster warnings, aviation routes, 

irrigation scheduling and energy trading, so every model should have documented data lineage, 

validation reports, model version history and fail-safe procedures. When the model faces missing inputs, 

unusual events or out-of-distribution data, the system should communicate uncertainty rather than issuing 

overconfident deterministic outputs. These requirements make explainability and reliability central to 

operational weather analytics [26], [27], [33]. 
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Fig. 1. Proposed machine-learning weather prediction system architecture. 

TABLE I. WEATHER PREDICTION SYSTEM COMPONENTS 

 

V. MACHINE LEARNING TECHNIQUES 

Linear regression remains a useful baseline for continuous variables such as temperature when the 

relationship between predictors and target is approximately linear. It is easy to interpret, computationally 

cheap and suitable for small educational datasets. However, real weather patterns are nonlinear, 

influenced by interactions between pressure, humidity, radiation, wind and topography. Consequently, 
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linear models usually cannot capture convective rainfall, sudden wind shifts or complex seasonal 

transitions unless carefully engineered features are provided [1], [35]. 

Decision trees and random forests provide stronger nonlinear modeling capacity. Decision trees are 

interpretable because they split data according to feature thresholds, while random forests reduce 

overfitting by averaging many trees. These models work well with tabular station data and do not require 

heavy normalization. They can identify important variables and handle mixed data types. Their 

limitations include weaker temporal memory and difficulty learning spatial propagation unless lag and 

location features are manually designed [1], [5], [24]. 

Support vector machines and gradient-based ensemble methods have also been used for local 

forecasting and classification. Their strength lies in handling moderate-sized datasets with nonlinear 

kernels or boosted decision rules. However, they may become expensive on very large gridded datasets 

and often require careful hyperparameter tuning. For operational services, such models are more suitable 

as station-level predictors, bias-correction tools or components of ensemble post-processing rather than 

complete global forecasting systems [24], [25], [35]. 

Artificial neural networks can approximate nonlinear relationships among meteorological variables. 

Early neural models were used to predict rainfall, temperature or weather categories from historical 

station records. Their advantage is flexible function approximation, but they require sufficient training 

data, careful learning-rate selection, regularization and validation. If a neural network is trained on a 

small local dataset without cross-validation, it can overfit seasonal patterns and fail during unusual events 

[1], [2], [22]. 

Recurrent neural networks and LSTM models are especially relevant to weather time series because 

current weather depends strongly on previous states. LSTM networks use gates to preserve information 

over longer intervals and have been applied to temperature, rainfall, humidity and wind prediction. Their 

limitation is that they often treat each station or grid point as a sequence and may not fully capture spatial 

relationships unless combined with convolutional, graph or attention mechanisms [4], [22], [23]. 

Convolutional neural networks are suitable for radar, satellite and gridded reanalysis fields because 

atmospheric variables have spatial structure. Radar nowcasting models such as RainNet and generative 

precipitation nowcasting use images of rainfall intensity to predict future precipitation maps. 

Convolutional and UNet-style architectures can preserve local spatial features, while generative methods 
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produce sharper probabilistic scenarios for heavy rain. However, these models require large image 

datasets and careful verification at high-intensity thresholds [19], [20], [32]. 

Graph neural networks and transformers have become important in global weather prediction because 

the atmosphere is defined on a sphere rather than a flat image. GraphCast uses graph neural networks to 

represent atmospheric interactions over the globe, while transformer-based and foundation-model 

approaches learn large-scale dependencies from diverse Earth-system data. These models can generate 

medium-range forecasts much faster than traditional NWP, but they require massive training data, strong 

computational resources and rigorous operational validation [15], [29], [33]. 

Hybrid models combine physical constraints, numerical model outputs and machine-learning 

correction. This strategy is attractive because weather is governed by physical laws, but operational 

models also contain systematic biases due to discretization, unresolved processes and imperfect 

parameterizations. Machine learning can improve bias correction, downscaling, post-processing and 

uncertainty estimation. NeuralGCM illustrates a broader hybrid direction by combining differentiable 

physical modelling with neural-network components for weather and climate tasks [8], [12], [28]. 

 

Fig. 2. Relative suitability of model families for review-based weather forecasting tasks. 

TABLE II. COMPARISON OF COMMON WEATHER FORECASTING ALGORITHMS 
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VI. COMPARATIVE DISCUSSION OF RECENT MODELS 

The literature shows a clear progression from local machine-learning experiments to global AI 

forecasting systems. Singh et al. applied machine learning for weather forecasting using standard 

predictors, while Booz et al. studied how data volume and recency influence deep-learning forecast 

performance. Dense station networks improved local short-term forecasting in the work of Yonekura et 

al. These studies remain important because they represent implementable systems for institutions that 

may not have access to very large global AI infrastructure [1]-[3]. 

LSTM-based systems form a bridge between classical local models and large deep architectures. 

Karthika et al. used LSTM for weather forecasting, while Hewage et al. compared LSTM and temporal 

convolutional approaches for fine-grained predictions. These studies show that sequence models can 

learn short-term temporal dependencies and are suitable for temperature, humidity and rainfall 

forecasting. Nevertheless, regional transfer remains challenging because the same architecture may 

behave differently across coastal, arid, mountainous or monsoon climates [4], [22], [23]. 

Radar and precipitation nowcasting models address a different problem: high-resolution rainfall 

prediction over minutes to hours. RainNet demonstrated how convolutional networks can map recent 

radar fields into near-future rainfall estimates. Deep generative nowcasting improved the realism and 

usefulness of short-term precipitation forecasts, while NowcastNet further integrated physical-evolution 

ideas with neural learning for extreme precipitation. These studies are highly relevant to flash-flood 

warning and urban drainage management [19], [20], [32]. 

Global AI systems have accelerated rapidly. FourCastNet introduced adaptive Fourier neural operators 

for fast high-resolution global forecasts. Pangu-Weather demonstrated strong medium-range performance 
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with 3D neural networks. GraphCast introduced a graph-based approach that predicts many atmospheric 

variables. FuXi extended cascaded prediction to fifteen-day forecasts. GenCast moved toward 

probabilistic ensemble forecasting with machine learning. These models indicate that data-driven global 

forecasting is no longer a small experimental topic but a central research direction in meteorology [14]-

[18], [31]. 

Foundation and end-to-end models represent the newest stage. Aurora is trained on diverse Earth-

system data and can be fine-tuned for multiple environmental tasks. Aardvark Weather aims to replace 

more of the conventional NWP pipeline by ingesting observations and producing gridded as well as 

station forecasts. AIFS demonstrates how an operational meteorological centre can run an AI forecasting 

system alongside physics-based models. These developments suggest a future in which forecasting 

centres use multiple model families rather than relying on a single paradigm [29], [30], [33]. 

Despite strong progress, model comparison must remain cautious. A model may outperform another on 

global averaged RMSE while performing worse for rare extremes, local heavy precipitation or cyclone 

intensity. Forecast smoothness, bias drift, calibration, resolution and data leakage are major concerns. 

Benchmarks such as WeatherBench are valuable because they define shared data and metrics, but 

operational validation against real-time observations remains necessary before model outputs can be 

trusted for public warnings [10], [27], [33], [34]. 

TABLE III. LITERATURE SYNTHESIS OF REPRESENTATIVE STUDIES 

 

VII. PERFORMANCE EVALUATION METRICS 

Evaluation metrics depend on the forecast variable and the operational purpose. For continuous 

variables such as temperature, humidity, wind speed and pressure, mean absolute error, root mean square 

error and correlation are common. RMSE penalizes large errors more strongly than MAE, which is useful 
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when large forecast errors are costly. However, a low average error does not guarantee useful forecasts 

for extremes, because extreme events may be rare in the validation set [10], [25], [34]. 

For rainfall and event prediction, classification and threshold-based metrics are needed. Accuracy can 

be misleading if the event is rare. Precision measures how many predicted events actually occurred, while 

recall measures how many observed events were detected. Critical success index and equitable threat 

score are more informative for precipitation and severe-weather alerts. Forecasts used for disaster 

warning should therefore be judged on missed events and false alarms, not only on average numerical 

error [19]-[21]. 

Probabilistic forecasting requires different verification. Continuous ranked probability score, Brier 

score, reliability diagrams and ensemble spread-skill relationships evaluate whether predicted 

probabilities are calibrated. GenCast and other ensemble AI models are important because they move 

beyond a single deterministic future and provide ranges of possible outcomes. For public decision-

making, a calibrated probability of heavy rainfall can be more valuable than one exact rainfall number 

[14], [20], [33]. 

Spatial verification is important for gridded forecasts. A rainfall system predicted slightly east of its 

observed position may receive a poor pixel-wise score even if the forecast is meteorologically useful. 

Neighborhood-based scores, object-based verification and fractions skill scores can address this issue. 

The need for spatially aware verification is especially strong in radar nowcasting, cyclone track 

prediction and high-resolution convective forecasts [19], [20], [32]. 

Operational evaluation must include latency, robustness and cost. A system that is accurate but too 

slow may be unsuitable for nowcasting. Conversely, a fast model that fails silently under sensor outages 

may create risk. Evaluation should therefore include training cost, inference time, memory requirement, 

update frequency, interpretability and ease of integration with existing meteorological workflows. These 

criteria are essential for comparing local station models with large global AI systems [6], [7], [17], [27]. 

VIII. CHALLENGES AND RESEARCH GAPS 

The first major challenge is data quality. Weather stations may have missing readings, instrument drift 

or poor siting. Satellite and radar data may contain retrieval errors and require calibration. IoT devices 

can provide dense observations, but low-cost sensors often need correction against certified instruments. 

Machine-learning systems can amplify these issues because they learn patterns directly from data. A 
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reliable system must therefore treat quality control as a scientific requirement rather than an optional 

preprocessing step [6], [7], [24]. 

The second challenge is generalization across geography and climate. A model trained in one region 

may not transfer to another region with different terrain, monsoon dynamics, coastal effects or urban heat 

islands. India-specific forecasting is particularly complex because of monsoon variability, cyclones, heat 

waves, Himalayan influences and localized convective rainfall. Regional adaptation and transfer learning 

can help, but models should be validated on local data before deployment [9], [24], [25]. 

The third challenge is extreme-event reliability. Many machine-learning models perform well for 

common weather states but struggle with rare events because the training data contain few examples. 

Severe rainfall, record-breaking heat, sudden thunderstorms and cyclone intensification are exactly the 

events for which users most need dependable forecasts. This creates a central research gap: models must 

be optimized and verified not only for average accuracy but also for high-impact tails of the distribution 

[20], [26], [27], [32]. 

The fourth challenge is interpretability. Operational forecasters need to understand why a model 

produces a warning, especially when the output differs from a trusted numerical model. Black-box 

systems may reduce confidence among users and decision-makers. Explainable AI methods, feature-

attribution tools, physically interpretable diagnostics and uncertainty visualization can increase trust. 

However, explanations must be meteorologically meaningful rather than merely mathematical heat maps 

[24]-[26]. 

The fifth challenge is reproducibility. Weather models depend on data versions, preprocessing 

pipelines, training windows, hyperparameters and evaluation protocols. If these are not reported clearly, 

results may be difficult to verify or compare. Benchmark datasets such as WeatherBench and open 

evaluation frameworks address part of this problem, but local and regional studies also need transparent 

data descriptions, code availability and realistic test periods [10], [11], [34], [35]. 

The sixth challenge is operational integration. A forecast system must work continuously, tolerate 

missing inputs, update on schedule and communicate uncertainty to users. Many academic studies report 

model accuracy but do not address deployment, maintenance, cybersecurity, cloud cost or user-interface 

design. Future research should connect meteorological skill with software engineering, data governance 

and human-centered warning communication [6], [7], [27], [33]. 

TABLE IV. CHALLENGES AND MITIGATION STRATEGIES 
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IX. APPLICATIONS AND IMPLEMENTATION CONSIDERATIONS 

Agriculture is one of the most important application areas for intelligent weather prediction. Farmers 

need localized forecasts for rainfall, heat stress, irrigation timing, pest risk and harvest planning. A 

station-level model may be adequate for short-term temperature and humidity advisories, while a regional 

model may be needed for rainfall probability and monsoon onset monitoring. The value of the forecast 

depends not only on model accuracy but also on the way recommendations are communicated to farmers 

through mobile alerts, local language messages and extension services [5], [6], [9], [24]. 

Transportation systems also benefit from machine-learning weather analytics. Road agencies need fog, 

rainfall, wind and visibility forecasts; aviation systems need convection, turbulence and wind-shear 

information; railways and ports require flood and storm warnings. In these settings, forecast latency and 

reliability are as important as accuracy. A model that produces a forecast within seconds can support 

rapid decision-making, but it should be linked to confidence estimates so that operators understand when 

a forecast is uncertain [3], [14], [21], [27]. 

Energy systems are highly weather-sensitive. Solar generation depends on cloud cover and irradiance, 

wind generation depends on wind speed and turbine-height conditions, and electricity demand changes 

with heat and cold waves. Machine learning can support short-term demand planning, renewable energy 

scheduling and outage preparedness. For such applications, forecast errors translate into economic cost, 

so probabilistic forecasts and scenario generation are more useful than a single deterministic forecast 

value [14], [17], [28], [29]. 

Disaster-management applications require the strongest verification standards. Heavy rainfall, 

cyclones, flash floods, heat waves and severe storms affect lives and infrastructure, so the system should 

minimize missed warnings while avoiding excessive false alarms. Radar nowcasting, global AI forecasts 
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and NWP ensembles can be combined into a multi-source warning platform. Human forecasters remain 

essential because they can judge model consistency, communicate risk and incorporate local knowledge 

that may not be present in the training data [20], [21], [31], [32]. 

Implementation should follow a phased roadmap. First, the organization should build a clean historical 

dataset and baseline models. Second, it should compare classical ML, deep learning and NWP-enhanced 

models using identical metrics. Third, it should deploy the best model in shadow mode, where forecasts 

are generated but not yet used for official decisions. Fourth, it should monitor accuracy, latency, failure 

cases and user feedback before full deployment. This approach reduces risk and makes the forecasting 

system more acceptable to institutions and end users [10], [27], [33], [35]. 

Ethical and social considerations should also be included in system design. Unequal sensor coverage 

can create unequal forecast quality, particularly between urban and rural regions. If a model is trained 

mainly on well-instrumented areas, it may underperform in data-sparse districts that are often more 

vulnerable to weather disasters. Open data policies, regional benchmarks, low-cost sensor calibration and 

transparent communication can reduce this gap and make AI-supported weather services more inclusive 

[24], [29], [30]. 

User-centered communication is the final link in the forecasting chain. A technically accurate forecast 

may still fail if the warning is too late, too technical or not connected to local action. Weather dashboards 

should therefore translate model outputs into risk categories, confidence levels and recommended 

actions. For example, a rainfall forecast can be connected to flood-prone roads, crop advisories or school-

closure decisions. This turns machine-learning output into practical public value [20], [27], [32]. 

X. FUTURE DIRECTIONS 

Future weather prediction systems are likely to be hybrid, probabilistic and region-aware. Hybrid 

models can use NWP for physical consistency and machine learning for post-processing, bias correction 

and rapid scenario generation. Probabilistic models can communicate uncertainty through ensembles and 

calibrated probabilities. Region-aware models can incorporate local terrain, land use, sensor density and 

climate regime. This combination is better suited to real-world forecasting than a single universal 

algorithm [8], [14], [28]. 

IoT and edge computing can make local forecasting more responsive. Schools, farms, factories and 

smart cities can deploy dense sensor networks to measure microclimates. Edge devices can run 

lightweight models for immediate alerts, while cloud systems can train larger models and integrate 
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satellite or radar data. The key requirement is calibration: low-cost sensor networks must be connected to 

quality-control standards so that the model does not learn unreliable signals [6], [7]. 

Explainable and trustworthy AI should become a core part of model design. Forecast dashboards can 

show input data quality, uncertainty ranges, important predictors, confidence levels and comparison with 

NWP baselines. This can help forecasters judge when to accept a model output and when to rely on 

human expertise. Trustworthy systems should also include audit logs, bias monitoring and post-event 

verification, especially for disaster-management use [24], [26], [27]. 

For India and similar climate-sensitive regions, future studies should emphasize monsoon rainfall, heat 

waves, fog, air-quality interactions, cyclone tracks and agriculture-specific forecasts. High-resolution 

regional datasets and benchmark tasks are needed for fair comparison. Machine learning can be used for 

localized advisories, but deployment should involve meteorological departments, agricultural extension 

services, disaster agencies and local stakeholders so that forecasts are understandable and actionable [9], 

[24], [25]. 

Finally, research should move from isolated accuracy claims toward end-to-end system evaluation. A 

useful forecasting system is not defined only by its algorithm; it is defined by the quality of its sensors, 

preprocessing, model, uncertainty communication, decision support and maintenance. Future IEEE-style 

research should therefore report complete pipelines, not only model names. This will make weather 

prediction research more reproducible, practical and socially beneficial [10], [27], [30], [33]. 

XI. CONCLUSION 

Weather prediction has entered a new phase in which machine learning and data analytics complement 

conventional numerical modelling. Classical models such as regression, decision trees and random 

forests remain useful for local station datasets and educational implementations. Deep-learning models 

such as LSTM, TCN, CNN, graph neural networks and transformers are more powerful for time-series, 

gridded and spatial-temporal forecasting. Recent global systems demonstrate that AI can provide fast and 

skillful forecasts, but operational use still requires rigorous verification, uncertainty estimation and 

human oversight [1], [14]-[18], [22], [33]. 

This review concludes that the most promising future is not a simple replacement of meteorology by 

algorithms, but an integrated forecasting ecosystem. Such an ecosystem combines physical models, 

machine-learning post-processing, real-time sensor networks, probabilistic outputs, explainable 

dashboards and region-specific validation. By following strong data-quality practices and transparent 
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evaluation, intelligent weather prediction systems can support agriculture, transport, energy, disaster 

management and public safety more effectively than isolated standalone models [8], [13], [24], [28], [30]. 

PUBLICATION AND INDEXING VERIFICATION NOTE 

This manuscript follows IEEE-style numbered citations and includes thirty-five DOI-enabled scholarly 

references. IEEE conference papers have been prioritized where directly relevant to machine-learning 

weather forecasting. However, UGC-CARE is a journal-quality reference list and is not the same as an 

IEEE conference indexing list; therefore, the final UGC-CARE or target-conference eligibility must be 

verified through the official UGC and conference portals before submission. 
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