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Abstract- — IoT-Rain Sense is an innovative and state-of-the-art solution for rain prediction on demand and continual weather 

monitoring based-on Internet of things (IOT) systems and cloud-based Neural Networks designed to predict precise, hyper 

localised forecasts. The architecture of the system consists of three main components: Data Acquisition, Feature Processing, and 

Weather Prediction. In phase 1, sensors being IoT based and ESP32 microcontrollers keep on monitoring temperature, humidity 

and light intensity over the environment of an application. The measurements are displayed in real time on a built local LCD 

interface. These sensors are cheap and energy-friendly, which means they could be sprinkled around agriculture and cities and 

institutions, without bothering anyone, and can scale up as needed. The second level is focused on feature processing, including 

preprocessing which aims to clean, filter and normalize raw data in order to control the quality of them. There is more weather 

related information added to 

Keywords— ESP32, IoT, Light Intensity Sensor, Temperature and Humidity Sensor, LCD Display, RealTime Weather 

Monitoring, Rainfall Forecasting, Smart Weather Station, Environmental Data Acquisition, Machine Learning.  

 

I. INTRODUCTION  

 
Integration of Internet of Things (IoT) in the sensor-based 

networks has revolutionized environmental and weather 

monitoring with access to on-line data acquisition, processing 

and visualization [1]. Accurate rainfall measurement is vital in 

agriculture, urban development, disaster risk reduction and 

water resources management [2] [3]. Traditional weather 

stations extract the small density of the dozens of square 

kilometers per hectare sensor and one-shot manual 

measurement can not be recorded by a tiny microclimatic 

variation [4]. This is not the case for IoT based applications 

which depend on constant measurements at specific second 

and meter accuracy level [5]. In the developed system, a 

temperature and humidity sensor is used to perform 

continuous measuring of atmosphere parameters [6], which 

contribute with important inputs for local weather variability 

interpretation [7] [8]. These altitudes are critical to the 

calculation of humidity, dew point and temperature trends that 

inform forecasts for rain [9]. This information can be 

supplemented with a solar energy measuring device that gives 

estimates of cloud-free, daylight weather conditions and 

potential evapotranspiration rates [10]. Taken together, all the 

sensors present a full climate picture. At the heart of the 

system is an on board ESP32 microcontroller [11]. It is very 

suitable to IoT applications: it has low power consumption 

with small form factor and less components, but via the 

802.11b/g/n wireless network [12]. Thanks to built-in Wi-Fi 

and BLE interfaces, also supported directly by sensor 

interface, this SoC also could be used to enable data 

acquisition [13]. The ESP32 processes sensor inputs and then 

sends that processed data to The Cloud or local dashboards. 

Here, we describe a smooth transition to combine real-world 

data with predictions [14]. 

 

The unit has an integrated LCD for local (real time) weather 

parameter monitoring. No need for all cloud APIs - 

everything's viewable instantly on-site - temperature, 

humidity and light readings [15]. This local feedback allows 

for real time decision support and give the user more control 

in systems such as an urban farm or agriculture system where 

on-the-go measurements are desired Wireless communication 

protocols [16], including Wi-Fi and Bluetooth, were used to 

send sensor data from the ESP32 to cloud based servers where 

it was stored and analyzed [17]. These are the protocols by 

which low-latency, reliable data transfer is achieved delivery 

for real-time monitoring and weather forecasting [18] [19]. 

Furthermore, a module-based ESP32 setup would also be 

highly scalable with more sensors or modules for better spread 

and accuracy in hyperlocal areas [20]. Pre-processing the input 

data is essential before fitting predictive models. Recorded 

sensor readings are often degraded by noise, missing 

measurements, or outliers generated due to environmental 

interference and limitations of sensors [21]. There are several 

processing ways including: data smoothing; normalization; 

and interpolation, which can be used to preprocess the raw 
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data, ensuring the validity and reliability of subsequent 

analyses [22]. It is a step of vital importance to improve the 

performance of machine learning algorithms [23]. 

 

Machine learning algorithms are employed in rainfall 

forecasting and abnormal climate phenomenon recognition 

[24]. Such complex nonlinear relationship between 

environmental driving factors and rain patterns can be 

captured by models like Random Forests, Support Vector 

Regression (SVR), XG Boost, Long ShortTerm-Memory 

(LSTM) networks [25]. In particular, LSTMs as a class of 

RNNs are capable of modeling temporal dependencies that 

best suit our problem by associating memories along very 

large time scales, which should enable highly accurate short 

and long term (at least 10 minutes) hydrological predictions 

from continuous sensor readings [26]. Deoma also enables 

integration of sources i.e. to compensate local sensor reads 

with the weather which was observed by satellites, radar or 

large meteorological APIs [27]. It ameliorates the stability of 

prediction and can deal with potential inadequacies of local 

observations [28]. Incorporation of numerous sources of 

information ensures the ability to detect local and regional 

weather patternsReal-time alerting functions have been 

implemented in the system for extreme, or hazardous weather 

[29]. Proprietary ML-based algorithms are used to enable 

accurate predictions [30]. Those alarms can also help in 

coming up with a preventive action for agriculture, urban 

management and emergency [31]. 

 

In agricultural scope, being able to predict rainfall in real time 

can make precise irrigation to be performed and inform the 

plant or harvesting necessities of plants as well as their health. 

By adding IoT sensors to the water sources being used to 

irrigate crops, decisions can be made with real-time data that 

is optimized for that location and as a result, water is saved 

while crop return increases [32]. It is also predictive which in 

turn reduces damages of crops caused by unexpected weather 

conditions [33]. City planners and local municipalities rely on 

microclimate weather data to regulate drainage systems, traffic 

patterns and flooding protection [34]. Rainfall intensity and 

environmental condition at real time are very helpful for 

operation planning, as well as show people safety information 

in the event of heavy rain [35]. Disaster management 

authorities can deploy the system for warning and distributing 

resources in times of disaster [36]. Through timely advance 

notice based on the right forecast, concerted evacuation 

cooperation is promoted and emergency services are 

mobilized and the damage from a flash flood or landslide can 

be minimized [37]. This is highly advantageous to the outlying 

regions as they experience seasonal and unpredictable weather 

conditions [38]. 

The design aims for low cost and high scalability. Low-cost 

sensors and the ESP32 microcontroller reduce the cost of 

deployment to near-zero level, allowing for dense sensor 

networks for hyperlocal monitoring [39]. Thanks to its 

modular design, you can add on more sensors so the system 

has greater range and predictive capabilities. Edge computing 

by ESP32 enables preprocessing sensor data at the sensor 

node, reducing latency and dependence for a reliable cloud 

connectivity [40]. It can realize emergency information such 

as the wind-driven rain onset instantly and reduce data 

transmitted to cloud servers. IoT sensors, machine learning & 

cloud analytics combined mean that the solution is ‘live’ and 

adapting to based on environmental deviation [41]. Predictive 

models can be updated periodically with new sensor data, 

thereby improving predictions over time while adjusting to 

variations in the climate. Fine temporal resolution sensor 

readings are useful to understand microclimate variations that 

current weather stations cannot capture. This fineness is of 

fundamental importance for region-specific applications such 

as campus weather, precision farming and urban flooding 

where small variations induce a large impact on the decision 

making. 

 

The service could also be used for environmental trending 

from sensor information over a longer period to analyse 

seasonal weather patterns, or changes in climate or local 

atmospheric phenomena[19-20]. These findings provide 

insight for the design of water resource development, urban 

infrastructure response and climate mitigation. Taking these 

requirements into account, a combined usage of IoT and 

machine learning enables the system to instantaneously feel 

abnormal weather (Examples sudden rain fall, High raise in 

humidity). This kind of anomaly detection can be used to 

protect crops, infrastructure and it may also prevent physical 

harms or treats on human being by providing an early-warning 

system. For decision-makers, Dashboards and mobile apps 

allow to visualize real-time data and access it from different 

stakeholders. Working as an operation center, real estate 

brokers and city developers can monitor surrounding 

environmental status for making a proper preventive measure. 

Moreover, the modular architecture of the system facilitates 

the integration in a non-disruptive manner of further 

environmental sensors (i.e., soil moisture sensor or wind 

sensor) and/or enhanced predicting algorithms in future. And 

it is this adaptability that makes the framework relevant to new 

technologies and requirements in environmental monitoring. 

The proposed ESP32 based IOT sensor framework, in 

summary, presents a cost-effective solution for accurate 

prediction of rainfall and real time measurement of the 

weather. It uses real-time environmental monitoring, machine 

learning to generate predictive models, continuous alerts and 
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local or cloud visualizations to guide agriculture practices, 

urban planning decisions, disaster emergency responses and 

ecological conservation operations. 

 

II. LITRATURE REVIEW 
 

A. B. Agarwal et al.,[1-5] proposed an approach for accurate 

and flexible hyperlocal weather forecasting system by 

embedding IoT enabled sensor networks with machine 

learning (machine) model. Their effort was to overcome the 

deficiencies of traditional NWP models which did not capture 

microclimatic rapid changes (as well as local anomalies) due 

to coarse spatial resolution and slow assimilation of data. The 

thermodynamic models were trained in high spatial resolution 

using real time atmospheric measurements taken from dense 

IoT sensor deployments allowing to dynamically adjust to 

changing weather conditions. Multiple machine learning 

methods such as regression analysis, neural network and 

ensemble learning were used to improve the short term 

forecast accuracy and identify abnormal patterns of weather 

conditions. The proposed framework also included strategies 

based on multi-source data fusion and unsupervised learning 

to accurately detect early warning signals of extreme weather 

events. The experimental results show that the proposed model 

achieved better performance in spatial and temporal accuracy 

than some state-of-the-art methods, thus validating its 

potential of real-time anomaly detection and localized 

prediction. In summary, the research created a scalable and 

flexible architecture for hyperlocal weather prediction that 

validated the concept of leveraging IoT-fueled data acquisition 

together with adaptive learning models in providing accurate 

high-resolution predictions. 

 

S. Indhumathi et al.[6-8] introduced an advanced IoT-enabled 

weather forecasting system which enables sensor-driven data 

collections and machine learning approach, namely SVM, to 

improve the prediction performance in real time. The study 

aimed at overcoming the drawbacks of traditional weather 

forecasting systems, which were generally based on few 

scattered observation data networks and computationally 

expensive numerical models that made difficult to read or late 

access. The designed framework used IoT-based sensor 

networks to constantly monitor critical environmental 

parameters including temperature, relative humidity, wind 

speed, rainfall and atmospheric pressure whose information is 

sent to cloud platforms for further analysis and storage. The 

framework was able to make efficient use of historical and 

current weather data for rational predictions employing SVM-

based predictive models resulting in accurate 

rainfall/precipitation prediction. The authors have integrated 

web-based visualisation tools, which makes predictive 

analysis results viewable on interactive dashboards for 

decision-making in applications such as agriculture, water 

management, marine operations and disaster risks. 

Experiments showed that the proposed real-time, data-driven 

monitoring system allowed superior prediction accuracy with 

a faster processing time compared to classical models. 

Therefore, the study demonstrated that the combination of IoT 

sensing technologies and predictive analytics based on 

machine learning could produce an efficient, scalable and 

adaptable system for weather forecasting under different 

environmental conditions. 

 

Z. M. Mahdi et al.[9-10] introduced energy efficient IoT-based 

smart weather forecasting system, which retrieved sensor data 

and applied advanced machine learning algorithms to provide 

an accurate real-time forecast for localizing a weather situation. 

This work moved away from conventional macro-scale 

forecasting models with minimal or no spatial resolution for 

small subdomains such as university campuses and urban 

locations. The system was based on a network of IoT sensors 

able to measure significant environmental parameters at fixed 

time intervals, including temperature, humidity, rain intensity, 

light and air pressure. Thereafter, data streams were used for 

feeding different machine learning algorithms like Support 

Vector Machine (SVM), Logistic Regression, XG Boost and 

Artificial Neural Networks (ANN) for classification of weather 

and prediction purposes. Among these methods, XG Boost 

achieved the best performance in terms of classification 

accuracy and convergence time. The system was designed with 

the objective of categorizing weather into one of three 

categories—sunny, drizzle and rain—and high predictive 

capability performance is presented through extensive 

experimental evaluation. Again, the results confirmed 

(speculatively) that a predictive model’s reliability, response 

time and accuracy in an IoT-based weather sensing system was 

enhanced when XG Boost had been incorporated into it. In the 

end, the results demonstrated that IoT technology and 

predictive model combined with machine learning 

methodology implementation was effective and suitable for 

practical application, such as local weather prediction and 

intelligent environmental control. 

 

J. Jab Anjalin Hilda et al.[11] developed an IoT based advanced 

weather monitoring and alert system in order to improve the 

precision, timeliness and reliability of real time meteorological 

prediction process. The study filled the gaps of traditional 

meteorological stations such as coverage deficiency and time 

gap, by designing an IoT architecture sensor-embedded for 

scales to monitor the environment continuously. Several 

sensors were embedded in the system to be used for 

measurement of critical atmospheric elements, such as 
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temperature, humidity air pressure, and rain that increases the 

accuracy of micro weather predictions. The sensors directed 

information to cloudbased platforms via secure and efficient 

communication protocols for the purpose of centralized data 

processing, analysis, and remote access through web interfaces. 

The framework was enhanced with an automatic warning 

system to provide forecasts of potential floods, so that disaster 

mitigation preparedness could be implemented. Results of 

experimental tests showed that the proposed model performed 

better than the conventional methods in forecasting accuracy 

and response time as well as system scalability. Altogether, the 

work of J. Jabanjalin Hilda and co-workers that systems that 

combine IoT devices with real-time data analytics and 

automatic alerts can greatly improve situational awareness, and 

make decision with the support of data in meteorological and 

administrative management. 

 

Naga Vindhya Bandi et al.[12-14]presented IoT and machine 

learning technology implemented weather forecasting system 

for improving accuracy, versatility, productivity of 

meteorological forecast. It overcame limitations of 

conventional NWP models for the need to effectively model 

non-linearity and uncertainties in atmospheric data. The 

introduced system made use of terrestrial sensor networks 

capable to continuously collect high-resolution environmental 

data, comprising temperature, humidity, precipitation and wind 

speed in space and time. The assembled information were 

systematically applied with a variety of the state-of-the-old 

machine learning models that is Random Forest, Gradient 

Boosting and Neural Networks presented high accuracy 

compared to traditional statistical methods to discriminate 

complicated meteorological features. Through the combination 

of real-time IoT data streams and adaptive learning models, the 

system was able to successfully forecast short-step and long-

horizon weather conditions more accurately with better 

responsiveness. The experimental results demonstrated that the 

proposed system was superior to other models in forecast 

accuracy and calculation efficiency. Our work is in general 

agreement with that by Naga Vindhya Bandi et al. 

demonstrated the potential of integrating IoT based sensing 

methods with data-driven machine learning algorithms for 

enabling intelligent, scalable and reliable meteorological 

forecast systems to aid in informed and proactive climate 

centric decision making. 

 

Rani C. Tiple et al.[15] presented the hybrid optimization 

technique based weather forecasting model in (WFS) using 

conjunction of Opposition based Shuffled Shepherd Algorithm 

(OSSA) and Mayfly Algorithm (MA) for enhancing accuracy 

and speed of meteorological forecast within the IoT-based 

Wireless Sensor Network (WSN). The method overcame the 

limitations of traditional forecasting techniques that struggled 

with nonlinear relations and changes in climatic parameters, 

such as temperature, humidity and precipitation.” The latter 

system employed a real-time concurrent WSN network to 

obtain climate data with high spatial and temporal resolution. 

For parameters of prediction machine learning models: to 

optimize the parameters of prediction ML models, an 

hybridized solution between OSSA and MA optimization was 

integrated in this routine aiming a good performance on speed 

convergence, robustness and prediction accuracy. Comparison 

with typical models indicated that the hybrid model was able 

to adapt sufficiently well to rapid changing environmental 

conditions, leading in lower prediction errors on diverse 

meteorological datasets. The study also demonstrated that the 

integration of metaheuristic optimization-based algorithms and 

IoT-based sensor networks significantly enhances the 

reliability of real-time environmental monitoring systems. The 

overall observation in the research of Rani C. Tiple et al. 

demonstrated that the OSSA-MA hybrid optimization model is 

an efficient and effective method to model the adaptive and 

real-time predicted weather forecast, which providing 

substantial improvements on both forecasting accuracy and 

system efficiency. 

 

Kalpana Murugan et al.[16-17]designed an Artificial Neural 

Network (ANN) based weather prediction and smart 

agriculture system to improve the precision, portability and 

effectiveness of environmental forecasting and resource 

management. The work also overcame the drawbacks of 

conventional statistical and physical models which are 

typically unable to model nonlinear relationships between 

multiple climatological variables, such as temperature, 

humidity, rainfall and soil moisture. The developed ANN 

model was trained with the hope of human-like cognitive 

processes to undertake the analysis and prediction of weather 

patterns, based on real-time environmental information 

obtained through IoT sensor-based networks. This fusion 

allowed the real-time tracking with enhanced time resolution, 

which can provide benefits on weather forecast or irrigation 

control. The ANN model taught with the large suitable 

experimental date and transferred in a fair degree by learning 

the second enormous dataset could predict accurately rainfalls 

and weather variables under varying climatic conditions. The 

platform also included automatic irrigation booking, using 

predictive weather model to maximize the usage of water 

resources in farms. The results clearly indicated that the ANN 

based models are a reliable, adaptive and scalable signed 

technology for precision weather forecasting and smart 

farming applications. In general, the manuscripts by Kalpana 

Murugan et al. demonstrated that integrating neural network 

based prediction with IoT facilitated environmental 
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monitoring can be an effective means for intelligent data 

driven decisions in meteorology and agriculture. 

 

Urvashi Sugandh et al.[18] introduced blockchain–IoT model, 

presented for the improvement of climate-resilient agriculture 

with real-time environmental monitoring, data integrity and 

automated insurance. The research focused on the constraints 

of conventional farming systems, which were frequently 

unable to react effectively in response to sudden weather-

related extremes because real-time data was slow in coming 

their way while lack of transparency and bureaucracy had 

bedevilled compensation processes. The system used IoT-

based sensor networks to provide continuous monitoring of 

key parameters (such as the health of the crops, soil moisture 

and microclimatic conditions) that can be timely reacted on to 

help make better decisions. In parallel, blockchain was 

deployed for secure storage of the data and traceability of 

transactions/authenticity while implementing smart contracts 

to automatize processes for most of parametric-based 

insurance schemes that automatically paid a compensation 

when certain weather conditions identified as Key Weather 

Variables (KWV) exceeded predefined thresholds. 

Experimental analysis revealed the hybrid blockchain–IoT 

framework enhanced the accuracy of climate data, minimized 

farmers’ vulnerability to climatic shocks and enabled more 

accurate climate models and predictive analytics. In general, 

the study of Urvashi Sugandh et al. described the disruptive 

power of hybrid digital architectures to support sustainable, 

adaptive and resilient agricultural ecosystems making them 

more secure in the face of rising vulnerability to climate 

change. 

 

Parveen Badoni et al. [19] presented WEATHERCAST, a 

Sensor-enabled IoT-based automated weather forecast system 

that utilizes sensor-based environmental monitoring and 

intelligent algorithms to enhance the accuracy, timeliness, 

relevancy and utility of the weather forecasting. The purpose 

of the research was to address limitations associated with 

established technologies for observing weather that, in general, 

are not able to provide useful and locale information on a 

timely manner that is required by decision-making processes in 

development, event planning, transportation and public health. 

The system was built using the Internet of Things (IoT) 

Automated Weather Station (AWS). It monitors several 

environmental parameters in a network of sensors over time, 

and performs prediction using the ARIMA model as well as a 

deep learning framework. This means more precise and 

adaptable prediction over time. The solution integrated IoT 

data capture with intelligent analytics to connect event data 

from a variety of sources, giving precise hyperlocal weather 

intelligence. Its performance in IoT, smart urban infrastructure 

and industrial applications was successfully demonstrated with 

the evidence of not only its better accuracy on aggregated 

metrics for predictions but also the computational speed 

advantages. Overall, Parveen Badoni et al. discussed how the 

idea of inflormatic ranges that provide data-rich, internet-of-

things-fuled forecasting platforms for resilience to climate 

change, safety or society and evidence-based decision making 

had become a reality in manners that would lend itself towards 

sustainable urban living and prepare society better than ever to 

the changes of its environment. 

 

Adriano S. de Albuquerque  [20] proposed an inexpensive IoT 

based rain forecasting system, which sent real-time sensed 

information to the AI models to increase accuracy and speed in 

short-term precipitation prediction. The work was prompted by 

the inadequacy of conventional meteorological systems to 

represent fine-scale intradiurnal variability in atmospheric 

conditions. Low-cost IoT sensors were employed to monitor 

environmental parameters (as rainfall, temperature, humidity 

and wind measurement) at 10’ time step to obtain high 

frequency data appropriate for predictive modelling of glueing 

effect on mechanical properties . Several machine learning 

methods such as linear regression (LR), Random Forest 

Regressor(RF) classifier, Support Vector Regression (SVR), 

and Long Short-Term Memory (LSTM) Networks have been 

utilized. The performance result showed the capability of 

capturing complex temporal dynamics in weather pattern, 

given by the superior performance on the best-approach LSTM 

base model that reached a MAE and RMSE value of 0.03 and 

0.04, accordingly. The research highlighted the potential of 

integrating IoT-based environmental monitoring and cutting-

edge AI algorithms towards cost-effectively accurate 

forecasting precipitation to harvest progress that permits for the 

development of flood prevention strategies, mitigation plans 

and sustainable environmental care. 

 

III. PROPOSED MODEL 
 

IoT-Rain Sense: IoT-base real-time weather monitoring and 

rainfall forecastingThis framework of IoT enabled rainfall 

forecasting and real-time weather monitoring is driven by the 

power of the IoT sensor networks which appeals to operate in 

conjunction with sophisticated machine learning algorithms, 

thus offers precise, hyperlocal environmental forecasts. The 

system is conceptually comprised of three principal phases: 

Data Acquisition, Feature Processing and Weather Prediction. 

In the first phase, environmental data arecontinually gathered 

by a IoT sensors in the form of digital temperature / humidity 

sensor, light intensity sensor and ESP32 microcontroller for 

locally displaying on an LCD. These sensors offer non-

invasive, real-time weather parameter monitoring without the 
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need for elaborate installations in fields and hence can be 

deployed over agricultural lands, urban settings or educational 

campuses. 

 

The second step process Features Raw sensor readings are 

preprocessed to make it reliable and consistent. The 

temperature, humidity, and light intensity data are processed 

using methods including noise removal, normalization, 

missing data processing etc. You can also calculate additional 

derived features of the dataset, such as dew point, heat index 

or cloud cover estimation. This step also addresses that the 

environmental variables format are suitable for machine 

learning models to learn patterns and relationships that are 

crucial for rainfall prediction. 

 

Stage three where, Weather forecasting based on machine 

learning algorithm In the third stage, we developed a weather 

prediction model based on machine-learning algorithm. 

Models Random Forest, Support Vector Regression (SVR), 

XG Boost and Long ShortTerm Memory (LSTM) networks are 

used to capture the temporal structure as well as the nonlinear 

relationships between sensor inputs and rainfall events. LSTM 

models are very powerful in modeling sequential 

dependencies with sensor data and are capable of yielding 

accurate forecasting results over both short range and long 

range forecasting horizons. A multi-feature fusion strategy is 

introduced: including temperature, humidity and light 

intensity measurements are integrated into a feature vector that 

is trained by predictive models with the purpose of enhancing 

the accuracy and robustness. 

 

To increase the reliability of the system, we have included 

adaptive learning and model retraining to constantly improve 

as sensor data accumulates over time. The platform is also 

equipped with realtime alerting functions enabling the user to 

be aware of forecast rainfall, extreme humidity shifts or deviant 

environmental conditions. "By leveraging IoT sensor 

networks, cloud-based analytics, machine learning prediction 

and local visualization, our solution provides a scalable, cost-

effective and resilient system for small-area rain monitoring as 

well as rainfall forecasting." With its library of 2D and (soon to 

be released) 3D components, it is both drag-and-drop easy. Two 

additional benefits have been added since it was first 

released:Python code support for addition of user commands or 

components that are not included in the package;allowing users 

to import CSV data files into a Graphical User Interface 

(GUI).Its modular, flexible and transparent construction means 

research can take place across an extremely wide range of 

applications from agriculture and urban planning through 

disaster management to environmental science. 

 

Algorithm 

Step 1: IoT Data Acquisition 

• REAL TIME (Temperature,Humidity and Light Intensity) 

readings using SENSORS(API’s are called to get data) on 

ESP32. 

• LCD and cloud: Readings are shown on the LCD and also 

sent to cloud for analysis. 

 

Step 2: Data Preprocessing 

• Noising and missing or corrupted data from sensors. 

• Feature vector normalization and standardization for peak 

performance. 

 

Step 3: Feature Fusion and Representation 

• Aggregate the spectral measurement to form a feature 

vector containing mean, min and max across time window 

stats. 

• Scaling and Normalization features in order to force a 

better machine learning model performance. 

 

Step 4:Machine Learning Model Training 

• Model trainings based on past sensor and rainfall data, e.g., 

Random Forest, XG Boost, SVR or LSTM. 

• The error metrics, such as the MSE or RMSE, can be 

learned using supervised learning. 

 

Step 5: Real-Time Prediction 

• Feed the newly processed sensor data readings into the trained 

ML model. 

• Output the predicted rainfall in the future time step. 

 

Step 6:Generating Alerts / Visualization  

• “Alert Generation and Visualization”: A DDMol model 

was built on the structural side that generates alerts. 

• Alert based on forecasted rainfall amount, relative to 

predefined rain thresholds. 

• See data and predictions on LCD or cloud dashboards. 

 

Step 7: Adaptive Training and Model Updation  

• Periodic retraining of the ML model with new data 

consisting portlet on IoT sensors. 

• Test and contrast such as 4 with Metricsand If necessary, 

Prediction Model(). 

 

Mathematical Equations 

Let:  

• T(t) = Temperature reading from sensor at time t  

• H(t) = Humidity reading from sensor at time t  

• L(t) = Light intensity reading from sensor at time t  
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• X(t)=[T(t), H(t), L(t)] ^T = Sensor data vector  

• X = Pre-processed feature vector  

• R(t) = Predicted rainfall at time t  

• R = Rainfall threshold for alert  

• W = Learned model parameters  

 

Sensor Measurement Model 

In IoT-based environmental monitoring, the actual sensor 

reading at any time t can be represented as the true 

environmental state with additive noise. 

 

xt=st+ηt,ηt∼N(0,Ση) 

 

This expresses that the measured data xₜ equals the true signal 

sₜ plus Gaussian noise ηₜ. 

 

Exponential Moving Average (Noise Filtering) 

Filtered sensor data is obtained by applying an exponential 

moving average to smooth random fluctuations. 

 

ŝt=αxt+(1-α)ŝt-1,0<α≤1 

 

This ensures stable and reliable sensor readings. 

 

Dew Point Estimation (Derived Feature) 

The dew point temperature is estimated from air temperature 

and relative humidity using the Magnus–Tetens approximation. 

 

γ(T,RH)=ln⁡(RH)+
aT

b+T
,Tdew=

bγ(T,RH)

a-γ(T,RH)
 

 

Here a = 17.27 and b = 237.7°C are empirical constants. 

 

Cloud Cover Estimation from Light Intensity 

The degree of cloudiness is computed by comparing actual light 

intensity with clear-sky irradiance. 

 

Ct=1-
Lt

Lclear(t,θ⊙)
,Ct∈[0,1] 

 

When Cₜ = 0 the sky is clear; when Cₜ = 1 it is fully cloudy. 

 

Feature Fusion Vector 

Multiple weather features are combined into a unified feature 

vector for input to machine-learning models. 

 

zt=Φ(f
t-τ1:t

(1) ,f
t-τ2:t

(2) ,…,f
t-τm:t

(m) ) 

 

This vector includes temperature, humidity, light intensity, dew 

point, and other derived parameters. 

 

Support Vector Regression (SVR) for Rainfall Prediction 

The SVR model predicts rainfall volume by fitting a nonlinear 

function within an ε-insensitive margin. 

  

min⁡
w,b,ξ,ξ

*
 
1

2
∥w∥2+C∑  

N

i=1

(ξ
i
+ξ

i

*
) 

s.t.{

y
i
-⟨w,ϕ(zi)⟩-b≤ε+ξ

i
,

⟨w,ϕ(zi)⟩+b-y
i
≤ε+ξ

i

*
,

ξ
i
,ξ
i

*
≥0

 

 

This captures the nonlinear mapping between weather 

parameters and rainfall intensity. 

 

LSTM Neural Network (Temporal Prediction Model) 

Long Short-Term Memory networks model temporal 

dependencies within sequential IoT data. 

 
it =σ(Wizt+Uiht-1+bi),

ft =σ(Wfzt+Ufht-1+bf),

ot =σ(Wozt+Uoht-1+bo),

c̃t =tanh⁡(Wczt+Ucht-1+bc),

ct =ft⊙ct-1+it⊙c̃t,

ht =ot⊙tanh⁡(ct)

 

 

This structure allows the model to learn both short-term and 

long-term dependencies in the weather data. 

 

Mean Squared Error (Model Loss Function) 

The loss function quantifies the difference between predicted 

and actual rainfall values. 

 

LMSE=
1

N
∑

N

i=1

(y
i
-ŷ

i
)2 

 

Lower values of Lₘₛₑ indicate higher prediction accuracy. 

 

Adaptive Learning Rule (Model Retraining) 

The model parameters are continuously updated as new sensor 

data becomes available. 

 

θt+1=θt-η(λ(θt-θ0)+∇θLt) 

 

This adaptive mechanism ensures long-term robustness and 

accuracy. 
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Rainfall Alerting Rule 

An automated alert is triggered when the predicted probability 

of rainfall exceeds a defined threshold.  

 

Alertt={
1, if P(y

t
=1∣zt)≥τ,

0, otherwise.
 

 

This enables timely user notifications for rainfall or extreme 

weather events. 

 

IV. RESULTS 
 

The PoCs of the IoT-based weather forecasting models show 

significant outperformance of the IoT-Rain Sense in all its 

performances. Relative to the No Rain model, IoT-Rain Sense 

consistently realized better predictive performance than 

conventional machine learning models. The prediction 

accuracies of temperature, humidity, and rainfall were 93%, 

92%, and 94% respectively, which are higher than those of the 

IoT-SVM, IoT-XG Boost and IoT-ANN models. This 

demonstrates that the model is capable of accurately 

representing non-linear temporal patterns in environmental 

sensor data, and subsequently provide more accurate 

hyperlocal weather predictions. 

 

The error analysis also verifies the resiliency of IoT-Rain 

Sense. Both the MAE and RMSE were smallest among all 

models, 0.03 mm and 0.04 mm, respectively. These lower 

errors demonstrate that the IoT-Rain Sense gives better 

estimates of rainfall and reduced variations from observed 

amounts which are very important for applications such as 

agriculture, disaster management and urban planning. 

 

As for computation and operation, IoT-Rain Sense took the 

longest training time (38 min) be- cause of the complicated 

LSTM model and multi-feature fusion. But the compromise is 

warranted by much better predictive performance and stability. 

The system detected the most faults (98%) and had the fastest 

real-time response time (response >85 ms), which would 

enable alerts and predictions to be issued promptly and reliably 

in fast changing environmental conditions. 

 

Finally, these results suggest that a combination of IoT sensor 

networks and LSTM-based machine learning like in IoT-Rain 

Sense is scalable, precise and robust for real time weather 

monitoring. However, existing machine learning methods such 

as SVM, XG Boost and ANN can have reasonable performance 

but they do not explicitly consider the sequential dependencies 

between levels of EMS and may fail to achieve lower accuracy 

rates. IoT-Rain Sense not only improves forecast accuracy and 

reliability, but also ensures that the response time is fast, 

offering good practical applicability in hyperlocal weather 

forecasting and decision-making tasks. 

 

Table 1: Temperature Prediction Accuracy (%) 

Model Accuracy (%) 

IoT-SVM Forecast 82 

IoT-XG Boost Monitor 88 

IoT-ANN Smart Forecast 87 

IoT-Rain Sense 93 

 

The temperature forecast accuracy of present IoT models using 

the IoT-Rain Sense. The best accuracy for the proposed model 

(93%) demonstrates its leading capability to extract fine-

grained thermal variations. 

 

  
Figure 1: Accuracy Comparison of IoT-Based Temperature 

Forecasting Models 

 

This figure shows the temperature forecast accuracy (%) of 

four IOT-enabled weather forecasting models. The Proposed 

Model, IoT-Rain Sense, obtained the highest accuracy of 93% 

compared to other models such as IoT-SVM, IoT-XG Boost 

and IoT-ANN. The figure obviously demonstrates that with 

more advanced learning architectures here the performance of 

Rain Sense based on LSTM is far way better than other models. 

 

Table 1: Humidity Prediction Accuracy (%) 

Model Accuracy (%) 

IoT-SVM Forecast 80 

IoT-XG Boost Monitor 86 

IoT-ANN Smart Forecast 85 

IoT-Rain Sense 92 
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Forecasting with LSTM provided a better accuracy (92%) for 

predicting humidity, highlighting its ability to represent 

nonlinear relationship between environmental variables as 

opposed to traditional ML techniques. 

 

 
Figure 2: Accuracy Comparison of IoT-Based Humidity 

Forecasting Models 

 

Comparison of forecast capability under humidity level 

between the four IoT integrated forecasting models. The IoT-

Rain Sensor (Proposed model) has 92% of accuracy which is 

higher among conventional models such as IoT-SVM, IoT-XG 

Boost and IoT-ANN. The line chart shows progressive 

improvement in performance, indicating enhanced learning and 

time-related analysis efficiency by advanced machine learning 

libraries linked with IoT sensor nets. 

 

Table 2: Rainfall Prediction Accuracy (%) 

Model Accuracy (%) 

IoT-SVM Forecast 79 

IoT-XG Boost Monitor 87 

IoT-ANN Smart Forecast 85 

IoT-Rain Sense 94 

 

At 94% accuracy, the model was able to better predict rainfall 

by learning successive weather patterns and providing more 

accurate short-term and hyperlocal forecasts. 

 
Figure 3: Accuracy Comparison of IoT-Based Rainfall 

Forecasting Models 

 

The predictive value of four IoT-related forecasting models for 

rain. The proposed IoT LSTM Fusion Framework attained the 

best accuracy of 94%, which was noticeably outperforming the 

other models. The bar diagram depicts clearly the enhancement 

of prognostics using IoT sensor data and advanced deep 

learning techniques for real-time weather forecasting. 

 

Table 3: Mean Absolute Error (MAE) in Rainfall Prediction 

(mm) 

Model MAE (mm) 

IoT-SVM Forecast 0.09 

IoT-XG Boost Monitor 0.05 

IoT-ANN Smart Forecast 0.04 

IoT-Rain Sense 0.03 

  

The lowest MAE (0.03 mm) was achieved by the proposed 

system, indicating less error between forecasted and ground 

truth rainfall values that helps to take decision with more 

precision 

  

 
Figure 4: MAE Comparison of IoT-Based Forecasting Models 
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Mean Absolute Error (MAE) of the four IoT-based 

weather_models. The Proposed IoT LSTM Fusion Framework 

obtained the lowest MAE (0.03 mm), showing the best 

prediction accuracy with small deviation between predicted and 

observed rainfalls. The downward curve of the graph indicates 

that level of accuracy is getting better as we move ahead from 

classical SVM to LSTM deep learning model. 

 

Table 4: Root Mean Square Error (RMSE) in Prediction (mm) 

Model RMSE (mm) 

IoT-SVM Forecast 0.12 

IoT-XG Boost Monitor 0.08 

IoT-ANN Smart Forecast 0.06 

IoT-Rain Sense 0.04 

 

Such an RMSE of 0.04 mm justifies smoother and more 

consistent predictions than traditional machine learning 

models. 

 

  
Figure 5: MAE Comparison of IoT-Based Forecasting Models 

 

The Mean Absolute Error (MAE) values of the various IoT-

based forecasting models. Among all models the MAE value of 

0.03 mm could be achieved by Proposed IoT LSTM Fusion 

Framework, indicating its best accuracy and least deviation 

from real weather measurement results. The downward trend 

seen in the graph represents an increasing chance of better 

prediction as deeper and more developed machine learning 

architecture is applied. 

 

Table 5: Model Training Time (minutes) 

Model Training Time (min) 

IoT-SVM Forecast 18 

IoT-XG Boost Monitor 26 

IoT-ANN Smart Forecast 32 

IoT-Rain Sense 38 

 

Even though the proposed pipeline took a few more minutes to 

train (38 min), this slower speed sacrificed for much accuracy 

and overall robustness. 

 

  
Figure 6: Model Training Time Comparison Among IoT-

Based Forecasting Models 

 

Training time of four IoT-based forecasting models. Amongst 

them, the proposed IoT-Rain Sense needed the longest 38 min 

for training corresponding to a higher computational cost but 

being more accurate in its prediction. The area graph visually 

highlights the training time increasing as models become more 

complex from simpler SVM to advanced LSTM based 

architectures. 

 

Table 6: System Reliability (%) 

Model Reliability (%) 

IoT-SVM Forecast 90 

IoT-XG Boost Monitor 93 

IoT-ANN Smart Forecast 94 

IoT-Rain Sense 98 

 

with the lowest probability of failure (98%) that illustrated 

excellent robustness and good performance in real‐time 

weather monitoring applications. 
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Figure 7: System Reliability Comparison Among IoT-Based 

Forecasting Models 

 

This figure shows the reliability (%) of four IoT-based 

forecasting models. The reliability of the Proposed Model was 

reached with their IoT – Rain Sense and found to be 98%, 

showing them more stability and uniformity. The area graph 

highlights the consistent increase in reliability achieved by 

models when moving from a basic SVM and XG Boost setups, 

to a sophisticated LSTM-based methodology. 

 

Table 7: Real-Time Responsiveness (ms per prediction) 

Model Response Time (ms) 

IoT-SVM Forecast 140 

IoT-XG Boost Monitor 120 

IoT-ANN Smart Forecast 100 

IoT-Rain Sense 85 

 

With the lowest average response time (85 ms), the proposed 

method ensures fast prediction and alert, which is suitable for 

real-time applications like disaster early warning and smart 

agriculture. 

 

  
  

Figure 8: Real-Time Response Time Comparison among IoT-

Based Forecasting Models 

The meantime lead time in four IoT-based models for 

forecasting. IoT-Rain Sense (Proposed Model) obtained the 

lowest response time of 85 ms, it also reveals better real-time 

computation performance. Response time improvement is 

depicted with the area graph as models go from classical (SVM 

and XG Boost) to ANN and LSTM type of architectures; ideal 

for weather monitoring applications where response time is of 

importance. 

 

V. CONCLUSION 
 

The results of the tests show that combining IoT sensor 

networks and advanced LSTM based machine learning in IoT-

Rain Sense, as suggested, presents a robust system for 

hyperlocal weather monitoring and rain forecasting. Through 

real-time acquisition of temperature, humidity and light 

intensity information and feature fusion, the system can build 

an incremental model for any complex environment. This 

method even performs better than traditional ML models like 

SVM, XG Boost and ANN in predictive accuracy, error 

reduction, and real-time response. Experiment results 

demonstrate that IOT-rain sense estimates up to the highest 

prediction accuracies over temperature, humidity and rainfall 

with lowest MAE and RMSE values. Though it takes a bit 

longer for training, the system has superior reliability (98%) 

and quick response time in real-time (85 ms), which help 

provide timely alerts and decision assistance. These findings 

demonstrate the potential of the system for use in high-stakes 

settings such as agriculture, urban planning, disaster response 

and smart city infrastructure. Finally, the proposed IoT-Rain 

Sense provides an adaptive, fault tolerant and affordable real 

time environmental monitoring application. Its high accuracy, 

the treatment of sequential and nonlinear dependencies and the 

fast alerts delivering property position it as a potential use-case 

for improving actions to climate change adaption, resources 

management and proactive decision making in various 

domains. 
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