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Abstract 
The integration of Internet of Things (IoT) and machine learning (ML) techniques has gained significant attention 
in the field of environmental modelling, offering enhanced capabilities for real-time data acquisition, analysis, and 
prediction. This paper explores the application of IoT-based systems in conjunction with ML algorithms for predictive 
environmental modelling, with a focus on improving the accuracy and efficiency of environmental forecasts. The study 
utilizes various IoT sensors for data collection, including temperature, humidity, and air quality sensors, which provide 
continuous monitoring of environmental variables. Machine learning models, such as regression analysis, decision 
trees, and neural networks, are employed to analyze the collected data and generate predictive insights. The integration 
process is detailed, along with the challenges associated with data preprocessing, real-time processing, and system 
scalability. Results demonstrate that combining IoT with machine learning significantly improves the predictive 
accuracy compared to traditional methods. This approach has the potential to revolutionize environmental monitoring 
systems by enabling timely and data-driven decision-making for better sustainability management. The paper concludes 
with a discussion on future directions, including the application of edge computing and advanced AI techniques to 
further enhance real-time environmental prediction models. 
Keywords: Internet of Things (IoT), Machine Learning (ML), Predictive Environmental Modelling, Environmental 
Monitoring, Real-time Data Analysis, Sensor Networks, Data Preprocessing, Environmental Forecasting, Smart 
Cities, Climate Change Prediction, IoT-ML Integration, Sustainability Management. 
 
1. INTRODUCTION 
Environmental modelling plays a pivotal role in understanding the dynamics of natural systems and 
predicting the impacts of various factors such as climate change, pollution, and resource depletion. In 
recent decades, the increasing complexity of environmental challenges has heightened the demand for 
robust, accurate, and real-time predictive models[1]. These models are essential tools for forecasting 
environmental conditions, assessing risks, and supporting informed decision-making for effective 
management and mitigation strategies. As global concerns related to climate change, biodiversity loss, and 
resource scarcity intensify, the need for advanced environmental modelling systems capable of providing 
timely and actionable insights has become more pressing[2]. Traditional environmental modelling 
approaches, although valuable, often face significant limitations in terms of accuracy, real-time processing 
capabilities, and the scope of data integration. 
The advent of the Internet of Things (IoT) and machine learning (ML) technologies presents a unique 
opportunity to address these challenges. IoT, with its extensive network of interconnected devices and 
sensors, offers the capability to collect vast amounts of real-time environmental data[3]. These data points, 
ranging from temperature and humidity to air quality and water levels, are crucial for building dynamic 
models that reflect the actual state of the environment. However, the sheer volume of data generated by 
IoT systems necessitates advanced analytical techniques to extract meaningful patterns and trends. 
Machine learning, with its ability to process large datasets and identify complex relationships[4], can 
enhance the predictive power of environmental models by learning from past data and adapting to 
changing conditions. The integration of IoT and ML can, therefore, provide a comprehensive and scalable 
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solution to the limitations of traditional environmental modelling methods, enabling more accurate and 
timely predictions[5]. 
Current environmental modelling approaches often rely on static models or models that require 
significant manual input for data updates and parameter adjustments. These methods may fail to account 
for real-time changes or the dynamic interactions between various environmental factors. Moreover, the 
accuracy of traditional models is often constrained by the limited availability of high-quality data and the 
inability to process complex, multi-dimensional data sources in real-time[6]. In many cases, environmental 
models are based on historical data, making it difficult to account for sudden shifts in environmental 
conditions or the long-term effects of human activities such as urbanization, deforestation, and 
industrialization[7]. There is, therefore, an urgent need for a new generation of environmental models 
that can dynamically adapt to real-time data inputs, process large-scale sensor data, and provide more 
accurate forecasts for sustainable environmental management. 
This paper aims to explore how the integration of IoT and machine learning can significantly enhance 
the predictive capabilities of environmental models. By combining IoT’s ability to collect real-time, high-
dimensional environmental data with ML algorithms' capacity to analyze and predict future trends, this 
approach promises to offer a more accurate, scalable, and adaptive solution for environmental 
modelling[8]. Specifically, this research will focus on how IoT sensors can be used to gather data on 
various environmental variables, which will then be analyzed using machine learning techniques to create 
predictive models. These models will not only improve the accuracy of environmental forecasts but also 
provide actionable insights for policy-makers, urban planners, and environmental managers. 
The significance of integrating IoT and machine learning in environmental modelling is profound. By 
enabling real-time monitoring and predictive analysis, this integration has the potential to transform 
environmental management practices. It can improve the efficiency of early warning systems for natural 
disasters such as floods, droughts, and wildfires, allowing for timely interventions that can save lives and 
reduce economic losses[9]. Furthermore, predictive models that incorporate IoT and ML can support 
sustainable agriculture, water management, and pollution control by offering precise, data-driven 
recommendations. The ability to monitor environmental conditions in real-time, combined with the 
power of machine learning to identify patterns and predict future trends, can lead to more informed 
decision-making and optimized resource management. Additionally, this integration can contribute to 
global efforts in addressing climate change by providing accurate predictions of environmental changes 
and facilitating the development of mitigation strategies[10]. By bridging the gap between data collection, 
real-time analysis, and decision-making, IoT and machine learning offer a promising avenue for enhancing 
the sustainability of ecosystems and improving the overall quality of life. 
 
2. LITERATURE REVIEW 
IoT in Environmental Monitoring 
The Internet of Things (IoT) has emerged as a powerful tool for environmental monitoring, offering 
significant advantages in terms of real-time data collection, remote sensing, and continuous surveillance. 
With the widespread deployment of IoT sensors, the ability to monitor various environmental parameters 
such as air quality, water quality, temperature, humidity, and soil moisture has been enhanced. Numerous 
studies have demonstrated the application of IoT technologies in environmental monitoring, making it 
possible to gather high-resolution data from remote and hard-to-reach areas[11]. For instance, IoT-based 
systems have been widely utilized for air quality monitoring, where sensors are deployed in urban and 
industrial areas to measure pollutants such as particulate matter (PM), nitrogen dioxide (NO₂), sulfur 
dioxide (SO₂), and carbon monoxide (CO). These real-time air quality monitoring systems provide 
valuable data that can be used for pollution control, regulatory compliance, and public health 
monitoring[12]. In water quality monitoring, IoT systems equipped with various sensors can track 
parameters such as pH, turbidity, dissolved oxygen, and chemical composition. These systems are often 
used to monitor the health of aquatic ecosystems and ensure the safety of drinking water. For example, a 
study by Nguyen et al. (2020) demonstrated an IoT-based platform for real-time water quality monitoring, 
which successfully provided data for early detection of pollution and enabled timely intervention. 
Similarly, in agriculture, IoT-based temperature and humidity sensors are used to monitor climate 
conditions, optimize irrigation systems, and enhance crop yields[13]. By providing continuous 
monitoring, IoT systems enable more efficient and sustainable management of natural resources, 
reducing waste and improving productivity. 
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The adoption of IoT in environmental monitoring has significantly improved the ability to collect and 
analyze environmental data. However, the challenge remains in processing and analyzing the large 
volumes of data generated by IoT sensors[14]. The data generated by these systems often come in the form 
of raw, unstructured information, which needs to be cleaned, organized, and processed before it can be 
used for decision-making. This highlights the need for advanced data analytics techniques that can handle 
large-scale, real-time environmental data and transform it into actionable insights. 
 
3. Machine Learning for Environmental Modelling 
Machine learning (ML) techniques have become essential tools in environmental modelling due to their 
ability to analyze complex datasets, uncover hidden patterns, and make predictions based on historical 
data. Among the most widely used machine learning techniques in environmental modelling are 
regression models, decision trees, and neural networks. 
Regression analysis, one of the most fundamental ML techniques, is often employed in environmental 
modelling to predict continuous variables such as temperature, rainfall, or pollutant levels. Linear 
regression models have been widely used for forecasting environmental parameters based on historical 
data[15]. However, for more complex environmental problems that involve multiple variables and non-
linear relationships, advanced regression models such as multiple regression, support vector regression, 
or random forest regression have been applied. 
Decision trees are another widely used machine learning technique in environmental modelling. These 
models work by recursively splitting the data into subsets based on feature values, with the goal of creating 
homogeneous groups of data[16]. Decision trees are particularly useful for classifying environmental data 
and identifying key factors that influence environmental outcomes. They are often used in classification 
tasks, such as identifying pollution hotspots or classifying soil types based on environmental conditions. 
Neural networks, particularly deep learning models, have become increasingly popular in environmental 
modelling due to their ability to handle complex and non-linear relationships in large datasets[17]. 
Convolutional neural networks (CNNs) and recurrent neural networks (RNNs) have been successfully 
applied to environmental modelling tasks such as climate change predictions, weather forecasting, and 
natural disaster prediction. These models can learn from vast amounts of data, automatically adjusting 
their parameters to improve prediction accuracy. A study by Zhang et al. (2020) demonstrated the 
application of deep learning models in predicting air quality, where the model outperformed traditional 
statistical methods in terms of accuracy and computational efficiency[18]. Machine learning models are 
particularly valuable in environmental predictive modelling because they can be trained on large historical 
datasets, allowing them to recognize patterns and make predictions about future environmental 
conditions. However, the performance of machine learning models heavily depends on the quality and 
quantity of the data used for training. In many environmental modelling applications, missing or noisy 
data can negatively impact the accuracy of the predictions, making data preprocessing and feature 
selection crucial components of the modelling process. 
 
4. Integration of IoT and Machine Learning 
The integration of IoT and machine learning offers a promising solution for improving the accuracy and 
efficiency of predictive environmental models. By combining IoT’s real-time data collection capabilities 
with the predictive power of machine learning algorithms, this integration allows for more accurate and 
timely predictions of environmental conditions, enabling proactive decision-making and intervention. 
Several studies have explored the integration of IoT and machine learning for environmental monitoring 
and predictive modelling. For instance, in the field of smart cities, IoT-based environmental monitoring 
systems, coupled with machine learning algorithms, have been used to predict air quality levels, optimize 
energy consumption, and improve urban planning[19]. A study by Kim et al. (2020) demonstrated the 
integration of IoT sensors for air quality monitoring with machine learning algorithms to predict 
pollutant levels in real time. The study found that the integrated system was able to provide accurate 
predictions, which helped improve the efficiency of air quality management in urban areas. In agriculture, 
IoT and machine learning integration has been used to optimize irrigation systems and improve crop 
yield predictions. By collecting real-time data from IoT sensors on soil moisture, temperature, and 
humidity, and applying machine learning algorithms to analyze the data, farmers can make informed 
decisions about irrigation schedules, fertilizer use, and crop rotation. A study by Sharma et al. (2021) 
demonstrated the use of IoT and machine learning to predict soil moisture levels and optimize irrigation 
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practices in precision agriculture[20]. The integration of IoT and machine learning also holds great 
potential in climate change modelling. By collecting data from various environmental sensors and 
applying machine learning algorithms to analyze the data, researchers can create more accurate models to 
predict the impacts of climate change on ecosystems and human populations. For example, IoT-based 
weather stations, in combination with machine learning models, can predict temperature fluctuations, 
rainfall patterns, and extreme weather events, allowing for better climate change adaptation strategies. 
Despite the promising results from the integration of IoT and machine learning, several challenges 
remain. Data quality, sensor calibration, and system scalability are some of the key issues that need to be 
addressed for the effective integration of these technologies. Furthermore, the complexity of 
environmental systems means that the models must be capable of handling multiple variables, dynamic 
conditions, and uncertainties. As such, further research is needed to refine the integration process and 
develop more robust and scalable solutions for predictive environmental modelling. In conclusion, the 
integration of IoT and machine learning represents a significant advancement in environmental 
modelling, offering a more accurate and dynamic approach to monitoring and predicting environmental 
conditions. The combination of real-time data collection, advanced analytics, and predictive modelling 
has the potential to revolutionize environmental management and decision-making, contributing to more 
sustainable and resilient ecosystems. 
 
5. METHODOLOGY 
IoT Data Collection 
The integration of Internet of Things (IoT) sensors for environmental data collection is a critical 
component in the development of predictive environmental models. Various types of sensors are utilized 
to monitor and measure different environmental variables. These sensors capture data on temperature, 
humidity, air quality, soil moisture, carbon dioxide (CO₂) levels, and other key environmental parameters. 
The data collected from these sensors provides real-time insights into environmental conditions, making 
it possible to analyze trends and predict future events with higher accuracy. For instance, temperature and 
humidity sensors are commonly used to monitor climate conditions in agricultural fields and urban areas. 
These sensors help in tracking fluctuations in temperature and moisture levels, which are crucial for 
applications such as irrigation management, crop yield prediction, and climate change studies. Carbon 
dioxide sensors are another essential IoT device, often deployed to monitor air quality, especially in urban 
and industrial settings. These sensors measure the concentration of CO₂ in the air, which is a key 
indicator of pollution levels and a critical factor in climate change modelling. In water quality monitoring, 
IoT sensors designed to measure parameters such as pH, turbidity, dissolved oxygen, and chemical 
composition are deployed in rivers, lakes, and water treatment plants. These sensors help track the health 
of aquatic ecosystems and ensure that water sources meet safety standards for consumption. The 
integration of remote sensing technologies, such as satellite-based sensors and drone-mounted sensors, 
further enhances the range and depth of data collection, providing a broader perspective of 
environmental conditions. Moreover, IoT devices are often designed to work autonomously, continuously 
transmitting data to a central server or cloud platform for analysis. These devices rely on various 
communication protocols, such as MQTT (Message Queuing Telemetry Transport) or LoRaWAN (Long 
Range Wide Area Network), to transmit data efficiently over long distances. The seamless operation and 
connectivity of IoT sensors make them ideal for monitoring environmental variables in real time across 
vast and remote areas. 
Data Preprocessing 
Data preprocessing plays a vital role in ensuring the accuracy and reliability of the data collected from IoT 
sensors. Raw data obtained from IoT devices often contains inconsistencies, missing values, or noise, 
which can negatively impact the performance of machine learning models. To address these challenges, 
data preprocessing techniques such as data cleaning, normalization, and transformation are applied to 
prepare the data for analysis. 
Data cleaning involves identifying and rectifying errors or inconsistencies in the collected data. Common 
issues include missing data points, outliers, and sensor malfunctions. Various techniques, such as 
interpolation or data imputation, can be used to handle missing values. Outliers, which are extreme values 
that differ significantly from the majority of the data, can be detected using statistical methods like the Z-
score or interquartile range and either removed or adjusted. 
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Normalization is another critical step in data preprocessing, ensuring that all the variables have a 
consistent scale. IoT sensor data often includes measurements that span different ranges, making it 
important to standardize the data before feeding it into machine learning algorithms. Normalization 
techniques such as min-max scaling or z-score normalization are commonly used to transform the data 
into a uniform scale, ensuring that no single variable disproportionately influences the model's 
predictions. Data transformation is used to convert raw sensor data into a form that is more suitable for 
machine learning algorithms. This may involve aggregating data points over specific time intervals to 
provide a summary of environmental conditions, or extracting features that highlight significant patterns 
in the data. In time-series data, for example, it may be useful to apply techniques such as windowing or 
Fourier transforms to capture temporal patterns, such as periodic fluctuations in temperature or air 
quality. These preprocessing techniques ensure that the IoT data is clean, consistent, and ready for 
analysis, enabling machine learning models to make more accurate predictions. 
Machine Learning Models 
Various machine learning algorithms are employed to process and analyze the IoT-collected 
environmental data. These algorithms can be broadly classified into supervised learning, unsupervised 
learning, and deep learning models, depending on the nature of the task and the data available. 
Supervised learning models are commonly used in environmental modelling tasks where labeled data is 
available. These models are trained on historical data that includes both the input variables (e.g., 
temperature, humidity) and the corresponding output (e.g., pollutant levels, crop yield). Regression 
techniques, such as linear regression and support vector regression, are often used for continuous 
prediction tasks, such as forecasting air quality or temperature. Classification algorithms, including 
decision trees, random forests, and support vector machines (SVM), are employed to classify 
environmental conditions into discrete categories, such as determining whether a given location falls 
under a high-risk zone for pollution. In cases where labeled data is not available, unsupervised learning 
techniques are applied. Clustering algorithms, such as k-means or DBSCAN, are used to identify patterns 
and group similar data points, which can be helpful in detecting anomalies or identifying regions with 
similar environmental characteristics. Dimensionality reduction techniques like principal component 
analysis (PCA) are also used to reduce the complexity of high-dimensional sensor data, facilitating easier 
analysis and visualization. 
Deep learning models, particularly convolutional neural networks (CNNs) and recurrent neural networks 
(RNNs), have gained significant attention for their ability to handle complex, large-scale datasets. CNNs, 
which excel in spatial data analysis, are useful for tasks such as analyzing satellite imagery or detecting 
environmental changes in sensor data. RNNs, on the other hand, are designed to work with sequential 
data, making them ideal for time-series forecasting tasks, such as predicting future weather conditions or 
pollution levels based on historical data. These machine learning models are trained on the preprocessed 
IoT data, with the goal of improving the accuracy of environmental predictions and enabling better 
decision-making. 

 
Figure 1: IoT Data Collection and Machine Learning Integration Process 
The figure.1. outlines the process of integrating IoT data collection with machine learning models for 
predictive environmental modelling. The process starts with IoT Data Collection, where environmental 
sensors gather real-time data on parameters like temperature, humidity, and air quality, which is then 
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transmitted to a central server for processing. The collected data undergoes Data Preprocessing, which 
includes cleaning, normalization, and transformation to ensure it is accurate and ready for analysis. The 
preprocessed data is then fed into Machine Learning Models, utilizing supervised learning, unsupervised 
learning, or deep learning techniques to analyze the data and make predictions. In the Integration & 
Real-Time Prediction phase, real-time data is continuously input into the models to provide ongoing 
environmental forecasts. The final Output consists of predictive insights that aid in environmental 
management and decision-making, improving accuracy and efficiency in addressing environmental 
challenges. 
Integration Process 
The integration of IoT data with machine learning models involves a series of steps to ensure that the 
data collected by IoT sensors is effectively used for predictive analysis. The process begins with the 
collection of real-time data from IoT devices, which is then transmitted to a central data processing 
platform, such as a cloud-based server or an edge device. The data is first preprocessed to address issues 
such as missing values, noise, and inconsistencies, ensuring that it is clean and standardized for machine 
learning analysis. Once the data is preprocessed, it is fed into the selected machine learning models, which 
may include supervised, unsupervised, or deep learning algorithms. These models are trained to learn 
from historical environmental data and are capable of making predictions based on real-time data inputs. 
For example, in a smart city air quality monitoring system, machine learning models could predict future 
air pollution levels based on the real-time data collected by IoT sensors placed across the city. Real-time 
prediction is made possible through the continuous data flow from IoT devices, which is processed and 
analyzed on the fly by the machine learning models. For scalability, the system is often designed to handle 
large volumes of data from multiple sources, with cloud computing or edge computing used to manage 
and process the data in real-time. Cloud platforms allow for the storage and computation of large datasets, 
while edge computing devices process data locally, reducing latency and ensuring faster decision-making. 
The integration process also involves the feedback loop, where the output of the machine learning model 
is used to update and refine the system, enabling it to adapt to changing environmental conditions. This 
dynamic integration of IoT and machine learning ensures that the system remains responsive, scalable, 
and capable of making timely predictions. In summary, the methodology for integrating IoT and machine 
learning involves the seamless flow of real-time environmental data from IoT sensors, followed by rigorous 
data preprocessing, machine learning analysis, and real-time prediction, enabling improved 
environmental monitoring and decision-making. 
 
6. System Architecture 
IoT Architecture 
The architecture of an IoT-based system for environmental monitoring is designed to facilitate the 
seamless collection, transmission, and processing of real-time data from sensors deployed in various 
environmental settings. The architecture generally consists of four main components: sensors, gateways, 
cloud platforms, and data transmission methods. Sensors form the first and most crucial layer of the 
architecture. These are physical devices deployed in the environment to collect data on various parameters 
such as temperature, humidity, air quality, soil moisture, CO₂ levels, and water quality. Sensors such as 
temperature and humidity sensors, carbon dioxide sensors, particulate matter sensors, and chemical 
sensors are used to measure the desired environmental variables. These sensors are typically low-power 
devices that can operate autonomously for extended periods, making them ideal for continuous 
monitoring in remote or urban areas. Gateways serve as intermediaries between the IoT sensors and the 
cloud or edge platforms. These devices collect data from the sensors, process it (if necessary), and transmit 
it to a centralized server or cloud platform for further analysis. Gateways often have enhanced processing 
capabilities compared to individual sensors and can perform preliminary data aggregation, filtering, and 
error correction. In scenarios where real-time processing is crucial, some gateways also provide edge 
computing capabilities, which involve processing data locally before transmission, thus reducing latency 
and minimizing bandwidth usage. 
The data from the IoT devices and gateways is transmitted to the cloud platforms, where the bulk of data 
storage, processing, and analysis occurs. Cloud platforms offer scalable storage and processing power, 
which is essential for handling large volumes of data generated by numerous sensors deployed in wide 
geographical areas. These platforms host the necessary tools for data analysis, machine learning model 
training, and visualization. Cloud services also allow for data access and monitoring from any location, 
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enabling remote management of the IoT system. The data transmission methods in the IoT system are 
responsible for ensuring that the data flows seamlessly from the sensors to the cloud platforms. Common 
transmission methods include wireless technologies such as Wi-Fi, Bluetooth, Zigbee, and cellular 
networks (e.g., 4G/5G), which allow the devices to send data over the internet. For long-range, low-power 
applications, technologies like LoRa (Long Range) or NB-IoT (Narrowband IoT) are often employed, as 
they provide efficient communication over extended distances with minimal energy consumption. 
Together, these components form the foundation of the IoT architecture, enabling real-time data 
collection, processing, and analysis for predictive environmental modelling. 
Machine Learning Architecture 
The machine learning architecture within an IoT-based environmental monitoring system is designed to 
process the massive amounts of data collected from IoT sensors and derive actionable insights through 
predictive models. This architecture is structured to handle both the data input from sensors and the 
computational complexity of machine learning algorithms, facilitating accurate environmental 
predictions. At the core of the machine learning architecture is the data pipeline, which begins with the 
IoT data collection layer. The preprocessed data from sensors flows into the system through the gateways 
and is transmitted to a cloud platform or edge device for further processing. The pipeline includes several 
key stages: data preprocessing, feature extraction, model training, and real-time prediction. Data 
preprocessing is the first stage in the machine learning pipeline, where raw data from IoT sensors is 
cleaned and transformed to ensure its quality. This involves removing any errors or inconsistencies, 
handling missing values, and normalizing the data to ensure that all features have a comparable scale. 
Feature extraction may also be performed at this stage to reduce the dimensionality of the data and 
enhance the machine learning model's ability to detect patterns and relationships. Once the data is 
preprocessed, it is used to train machine learning models. Common models used in environmental 
predictive modelling include supervised learning techniques such as linear regression, decision trees, 
support vector machines, and neural networks. These models learn from historical data to identify 
relationships between input features (e.g., temperature, humidity) and target variables (e.g., air quality, 
pollutant levels). The training process involves using labeled data (where the outcomes are known) to 
adjust the model's parameters until it can make accurate predictions on unseen data. For more complex 
environmental problems, deep learning models like convolutional neural networks (CNNs) and recurrent 
neural networks (RNNs) may be applied, particularly for tasks that require handling large-scale data, time-
series forecasting, or image processing (e.g., satellite imagery analysis for land use). These deep learning 
models have the ability to automatically learn complex features from raw data, making them highly 
effective for predicting environmental variables. The trained machine learning models are then used to 
generate real-time predictions. This prediction layer is where the model makes forecasts based on new 
data from IoT sensors. As fresh data flows into the system, the model uses it to update its predictions, 
allowing for timely decision-making and interventions. The machine learning system may also include a 
feedback loop, where the accuracy of predictions is continually monitored, and the model is retrained or 
fine-tuned as necessary to improve performance over time. This machine learning architecture allows the 
system to adapt to changing environmental conditions, providing accurate and up-to-date predictions for 
effective management and decision-making. 
Communication Protocols 
The communication protocols used in an IoT-based environmental monitoring system are critical for 
ensuring efficient and reliable data transmission between sensors, gateways, and cloud platforms. These 
protocols determine how the devices interact, the format in which data is exchanged, and the network 
infrastructure used for communication. MQTT (Message Queuing Telemetry Transport) is a widely used 
communication protocol for IoT systems, especially in applications that require low-bandwidth and low-
latency communication. MQTT is a publish/subscribe protocol that allows IoT devices (such as sensors) 
to publish data to a central broker, which then distributes the data to subscribed devices (e.g., cloud 
servers or other IoT devices). MQTT is lightweight and efficient, making it suitable for environments 
where power consumption and bandwidth are limited. HTTP (Hypertext Transfer Protocol) is another 
common protocol used in IoT systems, particularly when devices need to communicate with cloud 
platforms through the internet. While HTTP is more resource-intensive than MQTT, it is widely 
supported and allows devices to send data in a request-response format, making it suitable for applications 
where frequent updates or two-way communication between devices and cloud platforms are necessary. 
For long-range and low-power communication, LoRa (Long Range) is an ideal protocol. LoRa provides 
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long-distance communication capabilities while consuming minimal power, making it well-suited for 
environmental monitoring systems deployed over large geographical areas. LoRaWAN (Long Range Wide 
Area Network) extends the capabilities of LoRa by enabling devices to communicate over even larger 
distances using a wide-area network, often for use in agricultural, smart city, or remote environmental 
monitoring applications. For cellular-based communication, NB-IoT (Narrowband IoT) is often used, 
particularly in urban areas where 4G or 5G networks are available. NB-IoT offers low power consumption 
and extended coverage, making it an effective choice for IoT systems that require reliable communication 
across extensive areas. 
 
7. RESULTS AND DISCUSSION 
The machine learning models applied to the IoT-collected environmental data were evaluated using 
various metrics, including accuracy, precision, recall, and root mean square error (RMSE). These metrics 
provide an insight into the performance and reliability of the predictive models in forecasting 
environmental conditions. In the analysis, several machine learning techniques were employed to predict 
key environmental variables such as temperature, air quality, and CO₂ levels based on the real-time data 
collected from IoT sensors. The accuracy metric, representing the proportion of correct predictions, was 
evaluated by comparing the model’s predictions with the actual observed values. For instance, when 
predicting temperature changes, models with higher accuracy showed that the IoT data had a strong 
correlation with observed environmental conditions over time. Precision and recall were calculated for 
classification tasks, such as determining whether pollutant levels exceeded certain thresholds in urban 
environments. These metrics are particularly useful in environmental monitoring systems, where the 
focus is not only on the overall accuracy but also on the model's ability to correctly identify critical events 
(i.e., high pollution levels) without producing too many false positives (precision) or missing such events 
(recall). RMSE was used to measure the error in continuous prediction tasks, such as predicting 
temperature and CO₂ levels. A lower RMSE value indicated that the machine learning models were able 
to predict environmental variables with greater precision. The results of these evaluations demonstrate 
that the machine learning models applied to the IoT-collected data were able to provide more accurate 
and reliable environmental predictions than traditional approaches, where models often struggled to 
incorporate real-time data effectively. 

 
Figure 2: Temperature vs. Time 
In Figure 2, which represents the variation of temperature over time, the model's ability to predict 
temperature changes showed a consistent pattern with minimal error. This result demonstrates the 
model's ability to handle time-series data and predict fluctuations accurately based on historical sensor 
data. Similarly, Figure 3 depicts the pollutant levels across multiple locations, where machine learning 
models were able to identify pollution hotspots with higher precision compared to manual methods that 
might have missed subtle variations. The scatter plot in Figure 4 (CO₂ vs. temperature) further emphasizes 
the correlation between environmental variables, where machine learning techniques outperformed 
traditional linear models by better capturing non-linear relationships between CO₂ levels and 
temperature changes. 



International Journal of Environmental Sciences  
ISSN: 2229-7359  
Vol. 11 No. 24s,2025  
https://theaspd.com/index.php  
 

858 
 

 
Figure 3: Pollutant Levels in Different Locations 
A comparison with traditional environmental modelling techniques highlights the significant 
improvements brought by the integration of machine learning with IoT data. Traditional methods, often 
based on statistical models or expert systems, typically rely on static data and assumptions that fail to 
adapt to real-time changes in environmental conditions. For example, in Figure 2, the machine learning-
based model demonstrated a higher level of accuracy in predicting temperature fluctuations over a 24-
hour period compared to traditional time-series models, which would not have accounted for dynamic 
changes in sensor data. 
In Figure 3, where pollutant levels in various locations are compared, machine learning algorithms such 
as decision trees or support vector machines were able to categorize locations based on pollutant 
thresholds more effectively. Traditional environmental models, by contrast, might have used historical 
averages or simple regression techniques, which often overlook local variations or fail to capture the full 
complexity of urban pollution patterns. 

 
Figure 4: CO2 Levels vs. Temperature 
The heatmap in Figure 5, which compares environmental variables across different locations, also shows 
how machine learning enhances the ability to process multidimensional data. Traditional models might 
have struggled with this type of data, as they typically require manual intervention and cannot easily 
handle large, diverse datasets in real-time. The ability of machine learning algorithms to integrate and 
analyze these multiple data streams simultaneously represents a major advancement over traditional 
methods, which often rely on more limited, siloed data sources. 
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Figure 5: Heatmap of Environmental Variables Across Multiple Locations 

 
Figure 6: Prediction Accuracy vs. Model Complexity 
Further, in Figure 6, where prediction accuracy is plotted against model complexity, the machine learning 
models exhibited a clear improvement in accuracy as model complexity increased. Traditional models 
would typically show diminishing returns with added complexity, as they rely on simpler, more rigid 
frameworks that are not as flexible in adapting to intricate environmental data. Overall, the machine 
learning models integrated with IoT data provided significant advantages in predictive accuracy, 
scalability, and real-time adaptability compared to traditional environmental modelling techniques, which 
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are often constrained by their reliance on static data and simplified assumptions. While the integration 
of IoT and machine learning for predictive environmental modelling offers many advantages, several 
challenges and limitations were encountered during the process. One of the primary issues is the quality 
of IoT sensor data. IoT sensors are prone to errors, drift, and noise, which can significantly affect the 
accuracy of predictions. In real-time applications, it is crucial to implement robust data cleaning and 
preprocessing steps to handle missing data, outliers, and sensor calibration errors. These preprocessing 
steps, as shown in the methodology section, are essential but can introduce complexity and require 
continuous monitoring and adjustment of sensor performance. Another challenge is related to real-time 
data processing. Environmental data collected by IoT sensors often needs to be processed in real time, 
which can place significant strain on the system, particularly when large amounts of data are involved. 
The processing power required for real-time predictions, particularly with complex machine learning 
models, can result in latency issues, especially when cloud computing resources are used. Edge computing, 
as mentioned in the architecture, can help mitigate this issue by allowing certain calculations and 
predictions to be made locally, reducing the delay in transmitting data back and forth to a central server. 
Additionally, hardware limitations can pose challenges, particularly in remote or low-power environments 
where IoT sensors are deployed. These sensors often operate on limited battery life and may not always 
be able to transmit large volumes of data consistently. This limitation requires careful consideration of 
power consumption and the potential use of low-energy communication protocols, such as LoRaWAN, 
to ensure long-term operation without compromising data collection frequency. The integration process 
itself can also face difficulties, particularly when combining diverse sensor types with different data 
formats. Aligning data from heterogeneous sensors, ensuring compatibility between devices and cloud 
platforms, and maintaining a consistent data pipeline can be technically challenging. Furthermore, 
machine learning models need to be trained on high-quality, representative datasets, which may not 
always be available, leading to potential biases or inaccuracies in the model's predictions. 
 
8. CONCLUSION 
In conclusion, the integration of IoT and machine learning for predictive environmental modelling has 
shown significant improvements in both accuracy and efficiency compared to traditional methods. The 
results indicate that machine learning models, applied to IoT-collected data, provide more reliable and 
real-time predictions of environmental conditions, such as temperature fluctuations and pollutant levels, 
than static, conventional models. Specific improvements were observed in the precision of pollutant 
classification, the accurate prediction of temperature over time, and the ability to capture complex 
relationships between environmental variables. However, challenges such as data quality, real-time 
processing constraints, and hardware limitations remain. These issues require further research into 
advanced data cleaning techniques, real-time analytics, and the optimization of IoT systems for extended 
deployments. The future scope of this work includes the integration of more diverse IoT sensors, 
advanced machine learning techniques like deep learning, and the implementation of edge computing to 
reduce latency and improve the scalability of environmental prediction systems. Ultimately, this approach 
offers the potential for more sustainable and adaptive environmental management practices that can 
respond to dynamic environmental changes in real-time. 
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