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Abstract

Environmental pollution and degradation are currently significant challenges for the whole planet, requiring innovative
ways to monitor and clean up environmental pollution. Al (Artificial Intelligence), especially via machine learning and
deep learning, provides powerful methods for the analysis of data, prediction of outcomes and making decisions about
pollution mitigation efforts. The focus of this review article is how Al is being applied to environmental monitoring and
remediation. There are numerous ways in which Al-based methodologies are helping augment traditional methods of
monitoring environmental parameters through the use of sensor networks, remote sensing, and large volumes of data.
The use of these technologies is enhancing our ability to detect pollutants, predict the trajectory of contaminated sites
and assess the environmental risk associated with contaminated areas. In the case of remediation, Al can help optimize
the application of remediation strategies (e.g., bioremediation and phytoremediation) by helping to identify the optimal
conditions for carrying out these tasks while improving the efficiency of these remediation techniques. In addition, Al
models can be used for optimizing processes, detecting faults, and improving resource utilization in water and
wastewater treatment processes.

Although the use of Al has many advantages in terms of monitoring and cleaning up pollution, there are some challenges
related to using Al in environmental applications, including lack of available data, a lack of transparency in the models
developed using Al, and difficulties associated with integrating Al methods with existing frameworks for environmental
monitoring and remediation. However, with continued advances in the development of Al technologies, along with a
collaborative interdisciplinary approach, there is great potential for sustainable and effective environmental management
by utilizing Al In addition to discussing the current state of Al as applied to environmental monitoring and remediation,
this review will also identify major problems that need to be resolved and the future possibilities for implementing Al
in this field of study.
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Introduction

The monitoring of the environment is conducted through science-based, systematic observation and measurement and
evaluation of the environment, which enables us to assess changes to the environment that may negatively impact
ecosystems or public health(Panda et al., 2026). Traditionally, monitoring methods, including statistical analysis,
laboratory analysis and manual sampling, all experience substantial limitations as the costs are too high; the time to
produce these results is too long; and the level of accuracy is typically low(Hill & Narine, 2026). Because of limited
financial resources available to environmental programs, environmental monitoring data collected usually have narrow
applications due to small sample sizes and time delays between sample collection and result reporting, which occur in
one of two ways: 1) delays cause missed decision opportunities in emergencies, and/or 2) human error and interpretation
add an additional layer of inaccuracy to the manual methods(Yun & van Zundert, 2026). Both of these issues greatly
reduce the accuracy of the data collected by manual methods(Manono et al., 2026). Budgetary limitations deny local
governments from acquiring the advanced technology and trained individuals required for effective environmental
monitoring due to lack of resources available, which impact those regions with very few resources(Soesanto et al., 2026).

© 2026, IJSREM | https://ijsrem.com DOI: 10.55041/IJSREM63049 | Page 1


https://ijsrem.com/

Al 1Y

b %
finew 44 International Journal of Scientific Research in Engineering and Management (IJSREM)

W Volume: 10 Issue: 05 | May - 2026 SJIF Rating: 8.659 ISSN: 2582-3930

By enhancing the objectivity and ease of use of environmental monitoring, artificial intelligence (Al) solves many of
these problems(S. Singh & Singh, 2026). Al is a subfield of computer science that uses algorithms to simulate human
intelligence in the tasks in question herein (i.e., sensing and reasoning)(KARACA et al., 2026). Examples of uses of Al
to improve environmental monitoring include the processing of very large data sets, identifying patterns within the data,
and using those patterns to make predictions about future events related to the environment such as predicting natural
disasters or monitoring levels of pollutants(Samanta et al., 2026). By using Al techniques, organisations are able to
collect data regarding the environment that is more accurate, faster, less expensive, more scalable and more integrated
than traditional methods of environmental monitoring(Miller et al., 2025). For example, CNNs (Convolutional Neural
Networks) are to detect deforestation; SVMs (Support Vector Machines) are to predict when harmful algal blooms will
occur, and RNNs (Recurrent Neural Networks) can be used to predict flood events from long before any rain would
have occurred(Kim et al., 2023).

Al's role in environmental monitoring brings both benefits initially and the potential for high costs initially, with a long-
term view(Tetteh, 2026). This narrative review looks into the current status of Al technologies in environmental
monitoring and their potential usefulness for future study and application(Magara & Phahlane, 2026).

Methodology

The use of Al in environmental monitoring and conservation has great promise, but also poses several challenges and
ethical questions that need to be answered. These issues include: (1) data privacy; (2) algorithmic bias; and (3)
transparency, which will be important to developing an equitable way for all areas to benefit from the use of Al by
having varying levels of technological capability(min, 2023). Furthermore, Al will impact conservation through methods
such as optimization algorithms and predictive modelling to rank/conserve habitats and increase effectiveness in the use
of natural resources(Rizavi et al., 2026). Al can help identify threats to species and ecosystems when helping develop
better strategies for managing them.

The ability of Al to analyse large amounts of environmental data will aid in predicting future ecological changes and
assist in identifying high-value conservation sites(Zuo et al., 2026). While using cutting-edge Al technologies (computer
vision, deep learning, machine learning) to complete tasks related to pattern recognition and data analysis in
environmental science, Al has revolutionised how we perform research on the environment by providing better and more
accurate data collection methods(Devisri & Manjula, 2026a).

Ecosystem conservation and understanding is still reliant on traditional methods (data analysis, remote sensing and field
surveys), but these methods are being restricted due to accuracy, scalability and collection efficiencies(Hashmi et al.,
2027). Traditional methods of data collection lag behind rapidly changing environmental conditions and do not provide
the necessary data in time for effective management(Akpan et al., 2026a). The increasing limitations of older techniques
illustrate that we need more advanced and dynamic monitoring and conservation strategies. Al methods will help to
provide more accurate and efficient data collection through advanced methods(Dahiya et al., 1 C.E.).

This research presents an expansive assessment of the functionality of Al technology in regards to aiding in
environmental protection and monitoring activities(Devisri & Manjula, 2026b).It incorporates methods of collecting
data using satellite images, IoT sensors, and existing data sets - then using Al tools for model development to implement
usage of Al-based monitoring, resulting in improved conservation efforts(Chimienti et al., 2025). Ethical considerations
concerning the application of Al technologies are also discussed throughout the research. For example, raw data (which
came from reputable sources) was subjected to a series of processes such as cleaning, normalizing, and aligning before
being used in the analyses to ensure quality and consistency in the data sets used in this project(Liu et al., 2026).

The environment is polluted and this leads to various negative impacts on human health including respiratory disease,
cardiovascular disease and cancer. If pollution from the environment is detected in a timely manner, it enables responders
to take action so as to reduce exposure to hazardous substances or to intervene and treat people adversely affected by
pollution(Khanam et al., 2023). By monitoring the levels of pollution in the environment, there is a reduction in health-
related issues that are associated with environmental toxins. In addition, monitoring levels of pollution helps to preserve
ecosystems and prevent a loss of biodiversity(Sharma, Sharma, et al., 2026). Understanding are the sources of pollutants,
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such as emissions from industries, car exhaust; and runoff from agricultural practices, allows for the development and
implementation of cleaner technologies and stricter emission laws(Oluwalana-Sanusi et al., 2026). Effective
enforcement of environmental laws through proper detection of pollution is necessary to ensure compliance with these
laws and foster more sustainable behaviours of both businesses and individuals(Essaid et al., 2026a).

Effective regulatory frameworks allow for appropriate measures to be taken against those causing environmental damage
and motivate the adoption of responsible behaviours and more sustainable practices(Essaid et al., 2026b). Educating the
community is also important because people who are informed about environmental issues are more likely to participate
in activities designed to reduce pollution and improve the environment(Atef & Ramachandran, 2026). Public awareness
campaigns are capable of making measurable changes in behaviour, including decreased use of cars and increased
participation in clean-up activities, thus creating a healthier environment(Blaisdell, 2026). R and Python provide
stakeholders with sophisticated methods for collecting and analyzing data, building models, and engaging with the public
in their efforts to reduce pollution using Al(Tsiaras & Tampekis, 2026). By employing sensors (such as Google Nest
and hardware created by various manufacturers) and loT devices (such as smartwatches), Al can provide real-time
information about air quality, water quality, and soil quality via data streams(Baby et al., 2026). Python assists with
efficiently controlling the data stream; pyserial facilitates the connection of the hardware to collect data and the Pandas
package manages the organization and processing of collected data(Kumar, 2026). In addition, R provides capabilities
to conduct statistical analysis (e.g., using ggplot2 and dplyr for visualizing pollution trends) and visualize pollution
trends through the use of visualization techniques(Naveed et al., 2026).

Model Al. Powered
Environmental
Monitoring

Development

Ethical Al Enhance Conversation
Consideration Strategies

Fig 1. Methodology diagram.

There is empirical evidence of the impact of Al and IoT on monitoring the environment; IoT systems successfully
monitor air and water quality, as they compile a substantial amount of information on pollutants (such as particulate
matter and ozone) to help inform decision-making about how to manage the environment(Ramirez Diaz et al., 2026).
Al has also improved soil quality through optimized agricultural practices, yielding better crops. Additionally, there is
evidence that using advanced sensors with machine learning algorithms can detect hazardous materials at a level that
balances accuracy and interpretability of the resulting model(Geddis et al., 2026). Various types of pollution analysis as
applications of Python can be witnessed through multiple examples. In 2024, for example; Imam et al used machine
learning techniques to categorize air quality across various locations using their research(Dawar et al., 2024). Han et al
also pursued this approach of using statistical and machine learning methods to further refine their Al model based on
contributions from pollution sources around the world(Zhao et al., 2026). Furthermore, Pradhan et al. discovered
effective Al methodologies which involved using gradient boosting regression to quantify different air pollutant
concentrations; while Carlos-Mancilla et al proposed an innovative smart platform that utilizes web scraping methods
to aid in identifying and monitoring all types of environmental pollutants(Hackenberger et al., 2025).

monitoring is being revolutionized through Al-based technologies including devices Pollution that provide real-time
alerts to pollution. Examples of the tools that allow for real-time visualisation of this type of data are; Django and Flask
from Python, and Shiny from R. As an example of researchers that have incorporated IoT with Deep Learning in
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monitoring of air pollution, are Gomathi et al(Gomathi & Malathi, 2026). They created a model that uses Long Short
Term Memory (LSTM) networks in combination with the ADAM optimisation method to forecast particulate matter for
the next hour(Bennis et al., 2026). Another example of how to monitor both air and noise pollution via the internet is
from the research conducted by Prakash et al., who created a wireless Android application that incorporates data
visualisation(Anees et al., 2026). According to Srivastava et al. they have developed an Internet of Things (IoT) based
air pollution monitoring system which through data analysis is able to provide forecasts of the Air Quality Index (AQI)
in real time, while utilising machine learning methods, such as support vector machines (SVM) and random decision
forests, for both predictions and emergency notifications(P. Kumar. Dutta et al., 2026). Karkuzhali & Senthilkumar
concluded that through Al and IoT, the quality of monitoring the environment relates to public health has greatly
improved through effective air quality management(S. Ahmed et al., 2026).

Data Collection o 8 Al-Driven Analysis
Collect data using sensors, Pre-process data using Python Analyze data using
loT devices, drones, satellites + (cleaning, organizing) AI/ML models
« pandas, NumPy for data handling; (classification, prediction
+ filing missing values Python librarkss ke seikit-loary
« normalizing formats TensorFlow, PyTorch for
applying ML techniques

Report Generation

Perform statistical analysis & create
visualizations in R

R for regression models, time-series analysis,
and visualizations using ggplot2

Generate reports

for stakeholders
(summaries, visualizations)

(e.g. policymakers,
researchers, public)

Fig 2. Example data analysis workflow in environmental monitoring using Al, Python, and R.
Fundamentals of Artificial Intelligence in Environmental Sciences

Key considerations include the following factors will help you choose the right AI model for environmental monitoring;:
data availability, compute resources, and level of expertise available to build the model(Shafik et al., 2026). For example,
SVMs (support vector machines) can handle high-dimensional data and complex relationships very well, so they're a
good model for image classification and natural language processing; they're also effective at identifying animals in the
wild and detecting deforestation(Khare et al., 2026). Support vector regression (SVR), also an extension of SVMs, is
highly effective for performing regression tasks within the field. Decision trees are also popular due to their ease of use
and ability to explain how they work, which makes them good candidates for monitoring deforestation or assessing
water quality; however, they have the disadvantage of increased likelihood of overfitting when used with complex data
sets(Mandava & Sravanthi, 2026). A better option may be random forests because they combine decision tree
methodologies with some level of robustness against overfitting across multiple data sources, but require higher
computational power(Vijaya et al., 2026).

Due to their design specifically for image data, CNNs perform very well at recognizing complex patterns in pictures
but require a large amount of labeled data as well as computing resources to build and operate(ElBehairy et al., 2026).
Similarly, RNNs are well-suited for modeling sequential or time-series data and performing many types of predictive
data analyses (e.g., predicting severe weather, generating environmental reports); however, like CNNs, they require
significant amounts of computer processing power(Wen et al., 2026). More advanced models, such as CDLSTMs
(convolutional deep long short-term memory), improve climate forecasting and groundwater modeling. Furthermore,
hybrid models that incorporate both machine learning methods and deep learning methods will often perform better than
either technology alone(Biswakalyani et al., 2026). While some machine learning models can be difficult to train, they
can be convenient and powerful when used for many types of complex environmental system interactions. One example
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of an innovative way to use Al and machine learning is to forecast air quality using the Synthetic Minority Over-sampling
Technique with Deep Neural Networks (SMOTE+DB), which focuses on utilizing various sample data sources to
anticipate changes in outdoor air quality(Mane et al., 2025).

Different Al models provide different strengths and weaknesses, emphasizing the need to choose the appropriate model
based on the specific environmental applications. For example, support vector machines (SVM) and support vector
regression (SVR) can be very effective for high dimensional data, however, these models can require extensive
computational resources to implement(Coco-Bassey & Akpama, 2026). Decision trees can be very accessible but may
not work as well with more complex data sets. Random forest models provide good flexibility at a cost of processing
resources. Convolutional neural networks (CNN) perform very well with image-type data, but require the availability of
very large data sets and significant processing power(Samal et al., 2026). Recurrent neural networks (RNN) are most
appropriate for sequential applications; however, very detailed modelling approaches may be needed to accurately
predict future events with this model type. Hybrid models can offer high levels of accuracy and reliability but can take
a lot of time to develop(Qudah, 2026).

Principles

Key principles govern the creation of Al models, which serve as guidelines for intelligent system development, data-
driven learning (i.e., how to develop an intelligent system through data), generalization, feature engineering (i.e., how
to identify and derive valuable features from a dataset), and balancing model complexity(Dhanka et al., 2025). Data is
at the heart of all Al systems. Al models employ large datasets to learn by identifying patterns in the data they are trained
on. For example, in the area of environmental monitoring, the SMOTEDNN model has been used to predict air quality
using data from numerous sources, as well as to track water quality using common parameters such as pH and turbidity.
Generalization allows Al models to apply their learnings from a subset of data to other datasets (i.e., using information
from one type of data set to predict the outcome of a different type of data), enabling applications in climate forecasting
and wildlife conservation(Gupta & Mahapatra, 2025). Feature engineer involves choosing the most important variables
to produce an accurate prediction. When monitoring both water quality and agricultural yield, choosing the appropriate
variables is critical to an accurate prediction. A balance between model complexity and model simplicity is required to
prevent difficulties such as overfitting. The use of a proper balance is essential when evaluating the performance of
models used for environmental monitoring or urban planning(Gao & Zheng, 2024). The application of continuous
learning (or the ability of Al systems to continue evolving by adding new data) will further improve the performance of
Al models used for deforestation monitoring or healthcare providers’ forecasting of disease outbreaks.Finally, building
models that are interpretable and easy for users to understand is essential. In many cases, interpretable models are
particularly important for building trust and maintaining ethical practices. The use of interpretable models (such as those
produced by decision trees) is necessary for developing policies that will help protect the environment (i.e., assist in
tracking deforestation). Overall, these best practices provide a foundation upon which Al models can be developed(Jiang
et al., 2025).

Al Applications in Environmental Monitoring
Air Quality Monitoring and Forecasting

Air Pollution has become one of the most serious problems facing our planet today. Pollution has been directly linked
with poor health outcomes, and economic growth can be affected by the level of air pollution in our communities(Navas-
Acien et al., 2026). Today there are many significant health problems related to the air we breathe, including different
types of cancer, heart disease, and respiratory illnesses.To help address air pollution (which is an issue we will all
continue to face), we are seeing technology such as Al being integrated into air quality monitoring systems as a potential
solution to this urgent problem. With the ability to provide real-time, accurate measurements of air quality, Al systems
offer valuable data to support decision-making and policy development aimed at reducing air pollution and protecting
the public's health(Hoek et al., 2026).

Al technology uses machine learning methods to analyse data from many different sources, including real-time data
generated with air quality sensors and satellite imaging, as well as historical data from weather reports, in order to
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provide timely information about air quality. Machine learning is able to utilize some of the same types of algorithms to

identify the sources of pollution, predict pollution levels, and suggest ways to decrease air quality deterioration by

making use of underlying trends and patterns(Janikovic¢ova et al., 2026). The most common Al methods used in assessing

air quality include Artificial Neural Networks (ANN), Deep Neural Networks (DNN), Support Vector Machines (SVM),

and Fuzzy Logic. Choosing which method/algorithm to use generally depends on the types of information you require

and what types of pollutants you are monitoring(S. Wang et al., 2026a).

&

| Air Quallity |
Monitoring.

Al in
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Wildlife
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Fig 3. Role of Atrtificial Intelligence in Environmental monitoring.

Research has shown differences in the performance of these Al models. A systematic review of the literature done by
Masood and Ahmad (2021) suggested that the DNN is the best-performing tool for predicting air quality, while Dobrea
et al. (2020) found Support Vector Regression (SVR) and Autoregressive Integrated Moving Average (ARIMA) to be
superior for time series analysis of particulate matter (PM) =<10 um and =<2.5 um—two sizes of PM that can
significantly affect health(S. Wang et al., 2026b). Additionally, Subramaniam et al. (2022) highlighted the benefits of
creating hybrid models by taking the best components of several Al techniques in order to improve decision-making
about environmental policy. This type of hybrid Al framework was also validated by Fu et al. (2022), who indicated that
hybrid Al models could be used reliably to forecast air quality as a method for improving environmental decision-
making(Elabd et al., 2026).

Al monitoring systems are much more efficient than traditional monitoring systems because they can assimilate large
amounts of data from numerous location sources of air quality in near real time and provide a comprehensive picture of
air quality at any given moment. Al also increases the accuracy and precision of the data analysis process, reducing
errors associated with traditional monitoring. Al techniques can develop customised solutions based on the source of the
pollution and geographic location, allowing for initiatives such as traffic reform, industrial process adjustments, and
urban planning modifications to be undertaken. Al recommendation systems are f(AL-Quhfa et al., n.d.).

Al-enhanced technologies have found uses in many industries for monitoring and improving air quality. One of the most
important uses is in urban planning, where Al analyzes both traffic data and urban development data to develop site-
specific strategies for reducing air pollution. An example would be using traffic data to propose changes to traffic flows
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or using urban development data to suggest modifications to the layout of a city that would allow for improved air
circulation(Akpan et al., 2026b). For manufacturers, Al applications can provide insights into the types of materials and
energy sources to use by examining emissions data and making suggestions for alternative materials/energy sources to
optimize production while reducing waste. Another area of use is related to public health. Al algorithms examine the
relationship between air quality and health outcomes, allowing health professionals to locate vulnerable populations and
design appropriate health interventions. An example of this would be when Al recommends modifications to public
transit routes to facilitate reduced access to environmental pollutants for at-risk populations(Q. R. Wang et al., 2026).

In general, Al provides a new way to approach air quality and managing air quality, and has enormous potential to
change public health outcomes and support proactive public policy initiatives related to the environment.

Water Quality Monitoring

The viability of humanity is heavily tied to water quality, which is extremely important for public health.
Unfortunately, this valuable resource is being compromised as a result of pollution, climate change and population
growth(Mathew et al., 2026). Traditional methods for monitoring water quality are often laborious, expensive and
limited in their range; thus, they carry a higher risk for human error and long analysis times. Recently developed machine
learning methodologies via artificial intelligence (Al) offer a paradigm shift towards more accurate and timely real-time
monitoring of water quality(P. Dutta & Sarma, 2026a).

Machine Learning algorithms can leverage numerous data sources, such as meteorological data, historical records and
sensor data to recognize patterns that can be indicators of declining water quality. Al techniques such as Artificial Neural
Networks (ANNs) and Long Short-Term Memory (LSTM) models have been found to have very high accuracy rates in
determining various water quality indicators; thus, forming the foundation for the Water Quality Index (WQI). There
are several advantages to using Al over existing methods: The ability to continuously monitor water quality, which
allows immediate detection and reaction to contamination risks to protect human health and the environment(Suman et
al., 2025). Fast processing times mean that vast amounts of data can be analyzed quickly to identify patterns, project
future water quality problems and recommend specific remediation actions, such as optimal treatment options or
pollutant control options.

Al is a tool that can help many industries, including: water resource management, agriculture and environmental
protections(M. Singh et al., 2026). When applied to water management (i.e., water treatment), Al applications can
develop effective solutions for specific water treatment problems (e.g., filtration system solutions, chemical treatment
solutions, etc.) and create a more efficient way to address water quality issues (e.g., through monitoring of irrigation
processes, developing optimal cropping schemes). When applied to agriculture, Al applications can assist with
developing efficient irrigation processes and cropping schemes to mitigate water quality issues. Similar applications of
Al technology can also improve environmental protections through the development of methods to control pollution and
to preserve aquatic ecosystems(El-Emam & Shata, 2025).

Numerous studies have demonstrated successful use of Al technology for water quality monitoring activities and water
quality testing. Additionally, these studies demonstrate that Al technology improves water quality monitoring tasks
compared to traditional methods. Different research studies have employed different methodologies, such as deep
learning networks, decision trees and support vector machines, to monitor critical water quality characteristics (i.e.,
temperature, pH, dissolved oxygen). All of this ongoing research illustrates the need to develop better data standards for
water quality and to create better Al-based technologies to utilize multiple data sources for water quality monitoring(P.
Dutta & Sarma, 2026b). Al-based water quality monitoring provides a dramatic improvement in addressing many of the
shortcomings of traditional water-related monitoring methods and will help advance the process of managing our water
resources while protecting the health of our communities as we deal with increasing global environmental challenges.

Soil and Agricultural Monitoring

The use of artificial intelligence (Al) for soil monitoring represents a new paradigm for the management of agriculture,
conservation of the environment, and planning for land use. Traditional soil monitoring techniques rely heavily on
manual sampling of soil and subsequent laboratory analysis, which is often limited by the time required for these
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sampling methods and the effort to analyze the samples(Shi et al., 2026). With the introduction of Al to soil monitoring,
there are many innovative new techniques that can improve soil monitoring by providing greater accuracy, more
efficiency, and greater scalability.

Machine learning algorithms like Random Forests and Decision Trees are increasingly proving themselves able to handle
large volumes of high-dimensional, complex datasets. These algorithms analyze large amounts of data collected from
several different sources to predict the physical and/or chemical characteristics of soil, such as moisture, nutrient levels,
and pH. For example, estimates of soil organic carbon stocks calculated using Random Forests have been shown to
improve accuracy compared with the estimates of soil organic carbon stocks generated from standard statistical
methods(X. Wang et al., 2026). The development of support vector machines (SVMs) makes it possible to classify soil
based on its physical and chemical characteristics and produce more accurate assessments of soil health.

Soil Monitoring Using Deep Learning Models

Image-based soil analysis with deep learning models, in particular Convolutional Neural Networks (CNNs), has the
potential to make a big impact on soil monitoring. Using images taken from satellites or drones, CNNs can use those
images to find patterns associated with soil health, erosion, and contamination. Drones equipped with specialized
cameras can capture high-resolution images for Al algorithms to evaluate soil health and detect problems such as nutrient
deficiencies or pest infestations(Seethapathy et al., 2026). Recurrent Neural Network (RNN) models can help with time-
series analysis by predicting soil properties’ future value based upon historical values, allowing for better proactive soil
management(Teymoori et al., 2026).

AT’s capabilities in soil monitoring will further increase with the integration of smart sensors and the Internet of Things
(IoT). IoT-enabled smart sensors will be able to continuously monitor soil parameters such as moisture, temperature,
and nutrient levels, allowing for near real-time data collection and analysis of soil conditions. This enables Al algorithms
to produce actionable soil management insights from the data received(Suthar et al., 2026). An example of this would
be the Arable Mark 2 device, which combines weather, soil, and crop data to provide a more comprehensive view of
field conditions. Another example of how Al can provide real-time recommendations for soil management is the John
Deere Operations Center.

There are many benefits to using Al for soil monitoring. Farmers and land managers can get information on current soil
conditions so they will be able to make better choices; this results in fewer mistakes when forecasting. Because Al
systems can be scaled up or down to accommodate the size of the agricultural ecosystem, large scale-farming operations
will benefit from its expansive reach and ability to provide accurate assessments of large agricultural areas(Yang et al.,
2026). The power of Al to predict performance can help farmers schedule irrigation, fertilization and other activities
more effectively, as well as ensure they are using sustainable farm practices.

Despite these many advantages, there are challenges involved in implementing Al for soil monitoring. The effectiveness
of the Al model will depend on the amount and quality of soil data that is available; if the dataset is only partially
completed or contains incorrect amounts of data, the results from the Al will not be reliable. Additionally, implementing
an Al technology requires a lot of initial investment and retraining of employees; even though once it is operational, the
costs of use are usually less than the manual labour that had to be performed before Al was adopted(Bick et al., 2026).
Therefore, it is essential to address these challenges if Al is going to be able to deliver on the promise of transforming
soil monitoring and to be widely adopted. Overall, the incorporation of Al into soil monitoring reflects an innovative
shift in the way farmers manage and protect the environment. By using machine learning, deep learning technologies
and IoT devices, Al provides accurate and timely monitoring of the health of soils on a large scale(Subash et al., 2026).

Climate and Weather Data Analysis

In the 21st century climate change has become a major global challenge impacting all human existence throughout the
world. Increased sea temperature and acidification in addition to rising sea levels and extreme weather events represent
immense threats to our planet's health. As detailed by Ford et al. (2022), these conditions will continue to have substantial
sociological and ecological consequences with future implications expected to be even worse than those occurring now.
Average global temperatures have risen by 0.60 C since 1950 contributing to decreased agricultural production, soil
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erosion, desertification, environmental degradation, acidification of oceans, depletion of freshwater resources, plant and
animal habitat loss, and ozone depletion(Mahbod, 2026).

Due to the complexity and magnitude of consequences associated with climate change, there are numerous
multidisciplinary research projects underway around the world to increase the understanding of climate change through
gathering scientific data on the Earth's climate system. The Paris Agreement represents an international agreement to
limit temperature increases due to global warming to to less than two degree Celsius, although legally binding
commitments to reduce greenhouse gas emissions are nonspecific(Arey et al., 2026). Countries across the globe have
determined it is necessary to take action to mitigate the effects of climate change; they have committed to reducing their
emissions through , and through the development and implementation of new technologies to reduce greenhouse gas
emissions.

Earth system models (ESMs) and services have a value to society by providing support for social processes and
informing policies on climate change and how to mitigate climate change. Weather models are built from simulations
of various interactions between the components of the Earth's system, including the atmosphere, oceans, the land surface,
and ice using mathematical models(Volodin et al., 2026). Bala and Pandey (2020) describe ESMs as being important
for understanding past climate variability, predicting future climate variability and estimating the impacts of human
activities on the climate.

The rapidly increasing amount of data being generated through various forms of Earth system data (e.g., new Earth
Observation (EO) satellite technologies and cost-effective crowd-sourced sensors) puts Earth system science in a
position to use new deep learning (DL) techniques to analyze their data. The majority of the algorithms and ESMs that
are currently used to analyze large amounts of Earth system remain manually built and, therefore, have limited ability
to scale their models when processing large data sets(Salehi, 2026). ESMs have been built over many years of climate
data collection and require testing to demonstrate that the model produces good representations of real-world climates.
Weather models are mathematical equations that predict the atmosphere's state at some time in the future based on the
state of known variables at some time in the past(Sartori & Fogt, 2026). To determine the future-state prediction, these
equations require numerical methods to solve systems of complex and non-linear equations, typically governed by laws
of conservation such as momentum, energy, and water mass. General circulation models (GCMs) simulating the ocean
currents and dynamics in conjunction with atmospheric movement and their connections while accounting for hydro-
climate interaction variables using a variety of temporal and spatial scales. Regional climate models (RCMs), use global
data to achieve finer resolution of local climate by performing dynamic downscaling of the global datasets(Abbas et al.,
2026). Validating the performance of complex climate models against recent climate observations is important for
validating the accuracy of those models.

As the complexity of the climate models continues to grow and the amount of observational data expands, so too does
the use of artificial intelligence (Al) in weather forecasting. Al is being used to increase the accuracy of forecasts, reduce
the bias of predictions, and develop new climate models. The main contributor to climate change is the anthropogenic
accumulation of CO2 in the atmosphere(Alagoz et al., 2026). CO2 can remain in the atmosphere for centuries to
thousands of years. Many countries have started to use Al-based techniques (e.g., Adaptive Neuro-Fuzzy Inference
Systems (ANFIS) and Artificial Neural Networks (ANN)) to produce improved rainfall forecasts, and other types of
rainfall and land use forecasts, while accounting for environmental variables. Research has shown that Al-based models
are more accurate for summer-month predictions than winter-month predictions, and that Al-based model prediction
results are closely aligned to the CMIP6 models' performance metrics(Ciftgi et al., 2025). In addition, machine learning
methodologies have been shown to be superior for predicting extreme heat events than traditional methods, providing
significant value to communities and decision-makers. In other words, artificial intelligence has been used very
successfully in developing and assessing carbon markets because of its ability to create more accurate carbon market
concepts and more flexible pricing mechanisms(Bisiotis et al., 2025). This is especially true based on research conducted
related to carbon trading programs in several areas including the UK and China.
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Human and Epidemiological Monitoring Related to Environmental Pollutants

Artificial intelligence (Al) has shown to be an effective tool for monitoring human health related to environmental
pollutants through the use of machine learning algorithms such as Gradient Boosting Machines (GBM) and Random
Forests (RF)(Alkharashi et al., 2026). The fast processing of large amounts of data will allow the use of data-driven
methods for predicting the occurrence of both cardiovascular and respiratory diseases caused by air pollution through
predictive models that use large datasets.

IBM Watson Health is a great example of how Al can be used in the medical field to identify a patient’s risk of having
a disease before they become symptomatic. Al has also improved our ability to assess people’s exposure to pollutants
by using deep learning and data collected from a variety of sources including wearable sensors and satellite imagery to
correlate the degree of exposure with health status(Afri et al., 2026). An example of a project that has utilized Al for
monitoring air quality in real time is the Air Quality Egg, which uses both IoT sensors and Al. Al can also be used for
monitoring disease outbreaks through the use of natural language processing techniques to automate the collection and
analysis of data. HealthMap is another example of an Al-based tool that monitors disease outbreaks on a global level
and enables rapid response to public health emergencies(Sharma, Kumar, et al., 2026).

Al will also continue to be a valuable resource for epidemiological surveillance through automating data collection and
analysis as well as for predicting and simulating the health effects of air pollution on population health through tools
such as the European Air Quality Portal. Al technology has made substantial improvements; however, there are very
serious difficulties with Al tools. These difficulties include security or data privacy issues and algorithmic bias. The
development of diverse datasets and the creation of ethical guidelines for Al use in public health are essential to the
success of Al technologies(Rabiee, 2026). The benefits that Al offers for environmental monitoring include an improved
ability to process large amounts of information quickly, which will allow more rapid action and lower environmental-
monitoring costs; however, there are significant challenges in terms of collecting quality data and the availability of
quality data(Sultan, 2026).

Al in Environmental Remediation
Soil Remediation Using Al-Assisted Technologies

As a result of swift industrial growth, increased farming intensity, and incorrect disposal methods, soil contamination
has developed into one of the greatest concerns regarding the natural environment(Mutinta, 2025). The degradation of
soil quality from contaminants such as heavy metals and pesticides has had a negative impact on agricultural productivity
and has created potential negative effects on human health and ecosystems. Traditional remediation processes have
proven to be inefficient, expensive, and typically time-consuming in addressing the complexities associated with
contamination patterns. In this context, the artificial intelligence (Al) technology of machine learning and deep learning
are beginning to be relied upon as much more powerful approaches for improving the efficiency and cost-effectiveness
of soil remediation solutions(Zhang et al., 2026).

Al technologies have been developed to assist with the analysis of large amounts of complex data about environmental
contaminants, such as identifying contamination patterns, predicting how pollutants will move and behave, and
designing optimized remediation strategies. A key application of Al in soil remediation is site characterisation and
contamination mapping. By using remote sensing data, geographic information systems (GIS) data, and soil sensor data
to feed into an Al model, the Al model can accurately identify contaminated sites and produce a remediated
contamination map(Madgaocar et al., 2026). An example of this type of Al based model would be to use machine
learning methods, such as random forests, to classify different soil types and predict the location of various contaminants
(i.e., lead, cadmium, and arsenic) within those soil types.

Predicting the fate of pollutants in the soil environment and their behavior is also a major application of artificial
intelligence. In addition to the ability to simulate how pollutants are transported through soils, Al models consider many
factors that impact the behavior of these contaminants including the soil texture, pH, moisture content and the presence
of microbial activity(Wahid et al., 2026). The prediction capabilities offered by Al provide researchers and
environmental managers with the tools to assess the risk of contamination, and to design and implement targeted
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remediation strategies. Compared to traditional modeling approaches, Al-based models are able to better accommodate
the nonlinear relationships and complex interaction between soil contaminants(Anokye, 2026).

Al plays a critical role in improving remediation technologies, such as bioremediation, phytoremediation, and chemical
remediation. In bioremediation, for example, Al can help identify the optimal microbial strains and environmental
conditions for degrading pollutants. Similarly, in phytoremediation, Al can provide recommendations for the most
suitable plant species to utilize for contaminant uptake and/or degradation. Ultimately, by analyzing field and laboratory
data, Al will enable the optimization of all necessary parameters for maximum remediation efficiency (such as nutrient
levels, temperature, and moisture) to ensure that remediation is as effective as possible(P. Singh et al., 2026).

Al-driven technologies enable active and adaptive management of cleanup activities in contaminated areas through real-
time monitoring and continuous collection of soil property data collection and pollutant concentration measurements
using sensors. Al algorithms analyze these continuous measurements to develop real-time insights from the data and
dynamically adjust cleanup method(s). Active management of soil cleanup will lead to greater efficiency, reduced costs,
and decreased likelihood of adverse effects to the environment from contaminated soil and soils being cleaned
up(Basheer et al., 2026).

In addition, Al can serve as a decision support tool for Env. Mgmt. Decision support tools pull information from multiple
sources, then synthesize and provide specific recommendations to policy-makers/developers regarding best practices or
options available. For example: Al can be utilized in determining when and where to remediate sites through risk
assessments, economic feasibility, and potential environmental consequences. The application of Al in decision making
will permit the more effective use of scarce financial and physical resources directed towards the protection of
environmental quality(Celik et al., 2026).

While there are many benefits to the use of Al for soil cleanup, there are also many associated challenges such as large,
high-quality databases, interpretability of models and the integration of Al with current environmental management
systems. Field validation and scalability of Al applications will also be critical to implementation of Al for soil
remediation. The rise of Al-supported technologies has revolutionized the process of soil remediation in terms of
precision, efficiency, and sustainability(Jana & Bhunia, 2026). advanced data analysis, predictive modeling, and the
optimization of remediation methods enable Al to provide new ways to address complex soil contamination issues,
making it a promising avenue for future research. Future research should investigate the integration of Al with emerging
technologies, including remote sensing and IoT, to expand its capabilities in environmental management even
further(Gowda et al., 1 C.E.).

Water and Wastewater Treatment Systems

The increasing need for access to clean drinking water, combined with the rising amount of wastewater created by
industries and households, have created a dire need for effective treatment systems in order to support sustainable
development. Many traditional methods used to treat both water and wastewater typically use fixed operational
parameters and manual processes to monitor performance, which can limit their ability to operate efficiently or respond
to changing conditions(Morchid, Qjidaa, et al., 2026). Over the past few years, Artificial Intelligence (Al) as well as
Machine Learning and Deep Learning techniques have emerged as game-changing technologies that can help improve
the overall performance, automation, and reliability of both types of treatment systems. Currently, Al is being utilized
extensively for both the monitoring and predicting of water quality. By utilizing large data sources (such as data collected
from sensors, laboratory measurements, or remote sensing), Al can predict key parameters of water based on the use of
models that identify and correlate key characteristics of the data (e.g., turbidity, pH, DO, and COD), and the models can
also analyze large amounts of real-time data so that machine learning algorithms can identify trends and detect
anomalies(Morchid, Elbasri, et al., 2026). This can help improve the safety of drinking water as the opportunity exists
to know when water has been contaminated prior to someone consuming said treated water.

Al will also play an important role in optimizing treatment processes in WWTPs (Wastewater Treatment Plants). The
treatment of wastewater is a complex process that consists of a combination of biological, chemical, and physical
processes, which include the use of activated sludge systems, membrane filtration, and disinfection(W. Ahmed et al.,
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2026). Al can analyze operational data so that treatment processes can be optimized by better controlling certain
parameters (i.e., aeration rate, sludge retention time, and chemical saturation). The use of Al in treatment will result in
higher treatment efficiency and less energy being used, while also providing both lower operation costs. Al control
systems can automatically change the aeration of the biological treatment units to help keep the right level of the
microbes performing well through its changes in aeration due to better increased treatment systems(Borowska et al.,
2026).

Al will also be of major benefit when it comes to the management of predictive maintenance and fault detection through
monitoring of the overall operation of the systems for the many failures (equipment failures), membrane fouling and
process stability/instability that occur at the wastewater treatment plants (WWTP) and using predictive models that
forecast the potential for unwanted failures against maintenance schedules thus assisting in minimizing down time and
increasing the reliability and life of the treatment components of the infrastructure(Domaneschi et al., 2026).

Al can assist in helping make decisions regarding the use and management of resources through the use of decision
support systems by integrating data from multiple sources and providing recommended solutions to water reuse, sludge
management, and process control. Al can also assist in optimizing the water distribution network through the forecasting
of demand and the reduction of losses associated with any leaks or inefficiencies. Though there are many benefits of
using Al, there are also challenges such as the need for quality data, the need for proper integration related to the existing
infrastructure, and concerns related to interpretability(Keshavamurthy et al., 2026). The advancement of sensor
technology and the associated data analytics will continue to address these limitations. Water and wastewater treatment
procedures are being transformed through intelligent process monitoring, process optimization, and predictive
management with the help of Al-based technologies. These methods provide an excellent opportunity to increase
efficiency, lower costs, and facilitate sustainable use of water resources in response to growing environmental
issues(Daokoru-Olukole et al., 2026).

Challenges, Limitations, and Ethical Considerations

Al's application for monitoring the environment is very promising, but there are some limitations that need to be resolved
before it can be fully utilized. One major issue is that Al applications depend on large amounts of quality data to
successfully train an Al model. There is not enough reliable evidence, which creates issues with bias in a dataset and
subsequently skewed predictions, which will continue to open doors to inequality(Lin, 2026). In addition, when an Al
model uses too many parameters (complexity), it will fit the training data but will have issues when it comes to
generalizing to new data. This requires that those using Al applications for environmental monitoring strike a balance
between the level of detail included in their model and their ability to generalize based on observations of a particular
phenomenon.

In an environmental monitoring context, trust in Al outcomes is critical because many times the consequences of those
outcomes will have severe implications(Regona et al., 2026). Models that are not interpretable (black box type models,
e.g., deep learning) create an issue of trust and interpretation. In many cases, only large organizations and developed
countries are capable of utilizing Al due to high levels of resource utilization of sophisticated Al applications. In addition
to ethical concerns about bias being perpetuated due to details of training datasets, fairness in Al applications that require
equitable outcomes will need to be positive at all stages. Another barrier to Al environmental monitoring applications is
that they are highly susceptible to adversarial attacks where input data that are manipulated in a manner that will result
in the Al predicting incorrectly(ForouzeshNejad et al., 2026). Safeguarding against these attacks is critical for
environmental monitoring applications. Al also has a large environmental footprint as a result of the high energy costs
associated with its widespread application for training Al models.

While these limitations exist today, there is still hope for Al’s role in improving the monitoring of the environment. The
next few years will continue to see new advancements in algorithm techniques, better ways of collecting data, and new
processing hardware that will allow for higher levels of accuracy and processing efficiencies when using Al tools for
the environment(Ali et al., 2025). Going forward, researchers should focus on creating more resilient Al models that can
analyze complex environmental datasets; ensuring that these models include considerations around their ability to be
interpretable and that they do not present ethical or security risks. Researchers, policymakers, and industry need to work
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together in order to facilitate responsible innovation and to promote the equitable use of Al in environmental
science(Madhura et al., 2027).

Future Prospects and Research Directions

The future use of Artificial Intelligence (Al) to transform Environmental Monitoring and Remediation. Advances in
Machine Learning and Deep Learning will create Al systems that will improve data accuracy, efficiency, and capability
to interpret complex Environmental Data(Fosso-Wamba et al., 2026).One of the biggest potential advantages of using
Al is its ability to integrate with Smart Sensors and IoT (Internet Of Things) to provide real-time monitoring of
specialized Environmental Parameters such as air, water, and soil quality. Continuous sources of data will be used by
Al algorithms to detect anomalies in Environmental Data Systems (e.g., detecting pollution), as well as providing early
warning systems for Environmental Hazards and allowing for timely interventions(Pham et al., 2026). Al will also
enhance Predictive Environmental Management in the future by providing highly accurate forecasting models for
Pollution rates, Climate Change, and Ecosystem degradation. This will give Policy Makers and Environmental
Regulatory agencies the ability to take preventive measures rather than reactive ones, resulting in more sustainable
Environmental Management practices.

Al will also increase the efficiency of Environmental Remediation techniques, such as using (but not limited to)
Bioremediation and Phytoremediation techniques by allowing Al to analyze Environmental data to develop
recommendations for optimal microorganisms to use in combination with the Plant species and Treatment Conditions
for pollutant removal(Krishna Raj et al., 2025). Furthermore, Al will support the development of specialized materials
and technologies to conduct Targeted Remediation projects. Al enabled drones and robots is also a growing purpose
area. They can also be used for environmental monitoring, pollution detection and cleanup of hazardous or inaccessible
areas, providing safety for humans and improving operational efficiency(Etim et al., 2026). Al also offers decision
support systems that integrate environmental, economic, and social data to provide the information necessary for making
sustainable policy and resource management decisions, but there are still challenges to be resolved such as ensuring the
quality of data, developing transparent models and integrating with existing government regulations. Overall, the
application of Al has the ability to dramatically change the manner in which environmental monitoring and remediation
occurs by providing real-time analysis, predictive capabilities and optimized solutions for sustainable environmental
protection(Raj & Roy, 2026).

Conclusion

Artificial Intelligence (AI) has become a game-changer in environmental monitoring and remediation by providing an
effective method to analyze and manage complex datasets through the use of advanced technologies, such as Machine
Learning and Deep Learning. With the ability to predict changes in the environment as well as provide support for
developing effective remediation strategies more quickly and accurately than ever before, Al has revolutionized the way
we approach environmental monitoring and remediation. Al has been instrumental in revolutionizing the way air, water,
and soil quality is monitored in real-time by providing faster data analysis, detection of pollution, and the ability to
provide recommendations on how best to prevent further damage. In addition, Al has improved the processes of
bioremediation and phytoremediation by allowing researchers to optimize operational parameters and select the most
appropriate treatment options for environmental remediation projects. The use of Al in conjunction with emerging
technologies such as [oT, remote sensing, and robotics will continue to be an important factor in solving the pressing
issues posed to the environment.

There are still some limitations associated with the use of Al, including the need for high-quality datasets, challenges
associated with understanding and interpreting model outputs, and challenges with integrating Al systems into existing
infrastructure and regulatory frameworks that govern current environmental policies. Addressing these limitations is
paramount to the widespread use of Al-based solutions for environmental monitoring and remediation. In closing, Al
represents a unique opportunity for the world to move towards a more sustainable way of managing the environment by
providing increased efficiency, accuracy, and overall decision-making abilities. Increased research and development, as
well as technological advancements will continue to assist in this effort.
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