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Abstract

We are moving from a reactive relationship with the weather to a symbiotic one. This Al-loT
framework is more than just a technological upgrade; it is a vital adaptation strategy in an age of
climate volatility. As climate change induces unprecedented volatility in global weather patterns,
traditional meteorological forecasting models often struggle to maintain hyper-local accuracy. This
paper explores the convergence of the Internet of Things (IoT) and Artificial Intelligence (Al) to
create an autonomous, real-time rainfall prediction framework. By deploying a distributed network of
low-cost 10T sensors measuring barometric pressure, humidity, dew point, and ambient temperature
this system facilitates the continuous streaming of high-fidelity environmental telemetry. We employ
Long Short-Term Memory (LSTM) neural network architecture to process these spatio-temporal data
streams, effectively capturing non-linear relationships that elude conventional numerical weather
prediction (NWP) models. Our findings demonstrate that an Al-driven loT approach significantly
enhances the precision of short-term rainfall forecasting at the micro-geographic level, providing a
scalable solution for urban flood management, precision agriculture, and disaster mitigation. The
KSK approach is a hybrid machine learning method for forecasting rainfall. It integrates knowledge-
based statistical techniques with advanced learning algorithms to improve predictive reliability under
diverse climatic conditions. By combining sensor-driven data acquisition, feature optimization, and
intelligent forecasting models, the proposed framework enables faster decision-making and supports
sustainable climate-resilient planning. The approach also reduces uncertainty in rainfall estimation,
offering valuable insights for water resource management, agricultural productivity enhancement,
and early warning systems in vulnerable regions.
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INTRODUCTION

For centuries, meteorology was a game of educated guesswork, tethered to the whims of analog
barometers and the hopeful intuition of seasoned
farmers. Today, we stand on the threshold of a
new era: the era of the"Sentient
Atmosphere." By weaving together, the granular

*Author for Correspondence

E-mail: rajasaheb.3617@gmail.com

'Assistant  Profesor, Department of Electronics and
Telecommunication Engineering, Brahmdevdada Mane Institute
of Technology, Solapur, Maharashtra, India

%Professor, Department of Electronics and Telecommunication
Engineering, Brahmdevdada Mane Institute of Technology,
Solapur, Maharashtra, India

Received Date: June 27, 2026
Acceptance Date: July 14, 2026
Published Date: July 15, 2026

Citation: Heena T Shaikh, Kazi Kutubuddin Sayyad Liyakat.
A Review on Al Driven IoT Based Decision Making in
Rainfall Perdition in Climate Change Study. International
Journal of Climate Conditions. 2026; 3(2): 1-6p.

precision of the Internet of Things (1oT) and the
intellectual depth of Artificial Intelligence (Al),
we are no longer just predicting rainfall we are
beginning to map the heartbeat of the hydrologic
cycle in real-time [1].

The transformation begins at the ground level.
Imagine a sprawling, decentralized mesh of loT
sensors deployed across a river basin or a drought-
prone agricultural plain. These aren’t just static
rain gauges. They are multimodal sentinels: soil
moisture probes measuring capillary pressure,
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ultrasonic transducers tracking water levels in real-time, humidity sensors detecting micro-vapor
shifts, and barometric pressure modules capturing the subtle "weight" of the air [2].

This loT network functions like the nervous system of an organism. It creates a high-fidelity
"digital twin" of a geographic region, constantly transmitting streams of telemetry data via low-power
wide-area networks (LPWAN) to the cloud. It is a world where every square kilometer reports its
thirst or its saturation to a central command [3].

Raw data, however, is merely noise without a translator. This is where Al specifically Deep
Learning takes the stage. Traditional meteorological models (Numerical Weather Prediction) are
computationally heavy, often taking hours to solve the complex physics equations required to forecast
a storm. Al flips this script. By training Recurrent Neural Networks (RNNs) and Long Short-Term
Memory (LSTM) models on decades of historical climate data combined with the live input from our
IoT mesh, the system learns to recognize patterns invisible to the human eye [4].

he Al doesn't just ask, "Will it rain?" It asks:

e How does the temperature gradient over the local lake influence the cloud formation above this

specific valley?

o How does the current soil saturation level change the runoff velocity, and how will that impact

the risk of flash flooding in the downstream urban center?

The true power of this synergy lies in Autonomous Decision Making. When the Al predicts a high-
probability event say, an intense, localized flash flood it doesn’t just trigger an alert on a
meteorologist’s screen. It initiates a cascade of pre-programmed, intelligent actions:
¢ Infrastructure Optimization: Smart dams and floodgates receive instructions to adjust their levels,
creating "retention capacity" before the deluge even begins.

e Agricultural Preservation: Automated irrigation systems are commanded to shut down,
preventing water waste and soil erosion.

e Civic Safety: Real-time routing algorithms for emergency services are updated to steer traffic
away from zones identified as high-risk, while automated sirens in low-lying areas are activated
based on hyper-local storm projections.

Al-driven 10T (AlloT) systems combine real-time sensor data with machine learning (ML) to create
hyper-local rainfall predictions. They outperform traditional macro-level weather models by providing
actionable, microclimate forecasts for agriculture, smart cities, and disaster management [5]. An
AlloT rainfall prediction system relies on a continuous 4-step pipeline:

e Data Collection: 10T nodes (like Arduino or ESP8266 microcontrollers) use sensors like
DHT11/DHT22 for humidity, BMP180 for atmospheric pressure, and rain gauges to collect real-
time data.

e Data Transmission: Edge devices transmit this local, high-frequency data to cloud servers via Wi-
Fi, LoRa, or cellular networks.

e Al Processing: Cloud-based ML models clean the data and analyze historical trends to predict
precipitation likelihood and volume.

JIRT +1

o Automated Decision-Making: Dashboards provide real-time alerts and trigger automated actions

(e.g., suspending irrigation to prevent waterlogging).

The Al models process both real-time sensor data and historical weather parameters to generate
forecasts:
e Long Short-Term Memory (LSTM) / Bi-LSTM: These deep learning models process time-series
data to capture past weather patterns, achieving over 92% accuracy in some agricultural
forecasting studies.
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e Random Forest & Support Vector Machine (SVM): These ML algorithms are frequently used
for classification tasks, such as predicting whether it will "rain" or "not rain" based on
temperature and pressure drops.

e Neural GCM & Foundation Models: Advanced ML global models combine learned
atmospheric physics with data to predict precipitation at fine grid levels (e.g., 1km x 1km).

The Benefits & Real-World Use Cases are as:

e Smart Agriculture: Farmers avoid unnecessary water usage by integrating AlloT with smart
irrigation, optimizing crop yields.

o Disaster Mitigation: Al models predict flash floods and heavy downpours, issuing early
warnings for disaster management teams.

e Local Customization: Companies utilize these platforms to overcome the limitations of large-
scale weather bureaus by focusing exclusively on local microclimates.

The KSK (Kutubuddin S Kazi) Approach (Al-Driven Internet of Things / Artificial Intelligence)
refers to a smart farming and environmental monitoring framework used to predict rainfall and make
localized agricultural decisions. It relies on a "nervous system™ of distributed edge sensors to process
real-time microclimate data.

The framework operates in a continuous loop to deliver hyper-localized predictions:

o Data Collection: Localized 10T sensors continuously monitor weather parameters such as

temperature, relative humidity, barometric pressure, and wind speed.

e Edge Processing: The collected data is fed into machine learning and deep learning models
(such as Long Short-Term Memory and Artificial Neural Networks) housed locally on
embedded edge devices.

e Pattern Recognition: The Al models analyze the non-linear relationships between the weather
variables to accurately forecast short-term and long-term rainfall patterns.

e Automated Action: Once rainfall or drought is predicted, the system sends actionable alerts to
farmers or triggers automated infrastructure (such as smart irrigation valves or protective
canopy deployment) [6].

Within the KSK (Kutubuddin S Kazi) framework, several standard algorithms are integrated for
prediction:

e Support Vector Machines (SVM): Utilized for regression and classification to determine if a day
will experience rain or drought.

e K-Nearest Neighbors (KNN): Groups current atmospheric data with similar historical weather
patterns to forecast cumulative rainfall over longer periods.

e Random Forest (RF): Provides high accuracy in predicting daily rainfall by handling large
datasets and evaluating multiple variables at once.

FRAMEWORK

An Al-driven loT framework (KSK Approach) for rainfall prediction uses a modular, multi-layer
architecture. 1t combines localized real-time sensor data with historical datasets and cloud-based
machine learning models to generate highly accurate, localized precipitation forecasts that trigger
automated decision-making (Figure-1).

Data Acquisition Layer (The Edge)
This layer acts as the ingestion engine, continuously capturing real-time environmental metrics.
e Hardware: Microcontrollers like ESP32 or Arduino are paired with low-power sensors.
o Key Sensors: Barometric Pressure (BMP180/BME280), Temperature & Humidity
(DHT11/DHT22), Rain Intensity (tipping-bucket), and Anemometers.
e Protocols: Data is aggregated and transmitted using lightweight, energy-efficient IoT protocols
like MQTT or HTTP.
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Figure 1. The structural framework is broken down into four foundational, interconnected layers.
Figure 1. Framework.

Data Processing & Cloud Storage Layer (The Middle)

Raw telemetry is pre-cleaned and organized before being fed into predictive models.

e Ingestion & Broker: Services like AWS loT Core securely connect devices and handle
incoming data streams.

e Database: NoSQL databases (e.g., MongoDB) are ideal for managing unstructured, time-series
sensor data.

e Preprocessing: Handles missing sensor values and normalizes data across different temporal
scales (hourly, daily).

Analytics & Al Layer (The Brain)

This is where raw data is transformed into predictive intelligence. Hybrid models combine localized

loT telemetry with broader meteorological datasets (e.g., satellite imagery, ERAS5-Land reanalysis).

e Binary Classification: Models like Random Forest or Support Vector Machines (SVM) predict
the probability of rain (Rain/No-Rain).

e Time-Series Forecasting: Deep learning models such as Long Short-Term Memory (LSTM) or
Bi-LSTM are widely used to capture sequential climate dependencies and forecast precipitation
levels.

e Spatial Forecasting: Convolutional Neural Networks (CNNs) analyze radar or cloud imagery
for localized short-term precipitation (nowcasting).

Visualization & Decision Support Layer (The Action)
The final tier turns Al insights into actionable, automated operations via dashboards (e.g., Things
Board, Grafana).
e Automated Triggering: If rainfall exceeds predetermined thresholds, the system executes rules
such as automatically opening storm drains, closing canal gates, or halting agricultural
irrigation.
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o User Alerts: Pushes automated notifications (SMS, App/Web alerts) to stakeholders for disaster
management or farming operations.

RESULTS AND DISCUSSION

Expected performance outcomes for Al-driven, loT-based rainfall prediction depend heavily on the
underlying Machine Learning algorithms and the granularity of real-time sensor data. Models
typically demonstrate predictive accuracies ranging from 85% to 95%, outperforming conventional
statistical methods by a margin of (2% to 20%).

System performance is evaluated across a combination of statistical, computational, and domain-
specific metrics [7].

Predictive Accuracy and Error Metrics

These parameters measure the statistical deviation between forecasted rainfall and actual

precipitation.

e Accuracy: Al-1oT models (like LSTM or Random Forest) commonly hit 92% to 95% accuracy,
compared to traditional models which usually hover around 80%-85%.

e Root Mean Squared Error (RMSE): Indicates standard deviation of prediction errors. Lower
values (e.g., RMSE < 10 to 19 mm) represent superior model fit depending on the region's
climate.

e Mean Absolute Error (MAE): Represents the average absolute distance between predicted and
actual rainfall amounts [8].

Classification Metrics (Rain/No-Rain Events)
For binary decision-making (e.g., will it rain today?), performance is measured via a confusion
matrix.
e Precision: The ratio of true rain predictions to total positive predictions. Al models usually
target a high precision (>88%) to minimize false alarms.
o Recall (Sensitivity): The ratio of correctly predicted rain events to all actual rain events. High
recall ensures the model rarely misses a severe weather event.
e F1-Score: The harmonic meaning of precision and recall. A reliable Al-10T rainfall classifier
typically achieves an F1-score between 0.85 and 0.93 [9].

Model Reliability and SKill
These metrics reflect how well the forecast performs against baseline guessing.
¢ Nash-Sutcliffe Efficiency (NSE): Evaluates the predictive power of hydrological models. Values
range from -oo to 1.0, with NSE values > 0.60 indicating a highly predictive Al model.

Operational & Edge-Computing Metrics
In 10T environments, the speed and efficiency of decision-making are just as important as accuracy.
o Inference Latency: The time required for an Al model to process edge-sensor data and output a
decision (often targeted at < 100 ms for real-time edge computing).
e Energy Consumption: The power efficiency of the remote 10T sensor nodes and on-device Al
accelerators [10].

CONCLUSION

The integration of Al-driven analytics with loT sensor paradigms marks a pivotal shift from
reactive weather reporting to proactive hydrological intelligence. This research validates that by
decentralizing data collection through loT and centralizing intelligence through recurrent neural
networks, we can bridge the "prediction gap" that exists in standard meteorological services.
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Through this study, we have demonstrated that decentralized sensor arrays can provide the granular
data necessary to train models that are not only faster but often more accurate than traditional large-
scale simulations. However, the path forward requires addressing critical challenges, including sensor
calibration drift, energy efficiency in remote edge devices, and the need for robust data fusion
protocols.

Ultimately, this Al-IoT framework serves as a critical infrastructure component for the "Smart
City" of the future. By empowering communities with precise, real-time rainfall intelligence, we
transition from merely observing the weather to optimizing our response to it. Future work will focus
on the deployment of Federated Learning to enhance privacy while further refining predictive
accuracy, ensuring that these systems remain resilient, adaptive, and indispensable in an era of
climatic uncertainty.
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