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Abstract

This study examined the potential of advanced satellite-based environmental monitoring
systems enhanced with artificial intelligence (Al) to generate integrated insights across land,
water, and atmospheric domains. Multi-source satellite imagery was processed using deep
learning and machine-learning models to classify land-use and land-cover, estimate surface
water quality indicators, and model ground-level PM2.5 concentrations. The findings showed
that Al-assisted classification achieved high thematic accuracy, particularly for forest and
water classes, demonstrating the reliability of Al models for complex landscape discrimination.
Water-quality retrieval models also performed strongly, with high predictive correlations for
turbidity, chlorophyll-a, and suspended solids, revealing spatial gradients associated with
agricultural runoff and urban discharge. Al-based PM2.5 estimation further identified
pronounced urban-to-rural pollution gradients, reinforcing the significance of anthropogenic
emissions in determining air-quality outcomes. Importantly, the integration of these three
environmental domains revealed overlapping stress zones in rapidly urbanizing regions,
demonstrating that environmental risks frequently co-occur spatially rather than in isolation.
The study concluded that Al-enabled satellite analytics provided a powerful, scalable, and data-
efficient framework for environmental intelligence, particularly in regions where dense
ground-monitoring networks were limited. The research also highlighted the importance of
integration, transparency, and multi-disciplinary collaboration to ensure responsible Al
deployment. These findings provided a scientific basis for future environmental governance,
supporting proactive decision-making for sustainability, pollution management, and ecological

resilience.

Keywords: Air quality, Artificial intelligence, Environmental monitoring, Remote sensing,

Satellite imagery, Water quality
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Introduction

Satellite remote sensing has been fundamental for observing and quantifying changes in the
environment on land, in water, and in the air as it began offering high-resolution, repeatable,
and synoptic coverage of the Earth's surface and atmosphere (Kalisa et al., 2025; Pang et al.,
2025). Multi-spectral, radar, and thermal remote sensing instruments have made it possible to
monitor land cover, water quality, and air composition at previously impossible levels of
ground campaign abstraction. However, traditional remote sensing workflows employed band
ratios, empirical indices, and visual interpretation, which severely constrains the scalability of
the analysis and makes isolating complex signals from the environment, sensor, and

atmosphere a great challenge.

Researchers have been routinely using new developments in artificial intelligence (Al) and
machine learning (ML) to design automated and data-driven models for large-scale satellite
image archives (Alotaibi & Nassif, 2024; Mohan et al., 2025). Some examples are
convolutional neural networks (CNNs), temporal convolutional networks, and other hybrid
architectures. Compared to older methods, these techniques have been shown to more
accurately classify data, extract features, and make predictions (Lin et al., 2025; Khan et al.,
2025). The remote-sensing field has been transformed by the ability to capture relationships
that are non-linear through the use of artificial intelligence (Al) when analyzing multiple

datasets and combining them in ways that are innovative.

These advancements have been insufficient when looking at practices that are still monitoring
in silos. There are many examples of this in the literature, and there have been silos in defining
the land use/ land cover dynamics of water and the atmosphere (Mohan et al., 2025; Pang et

al., 2025). The relationships between urban expansion and changes in the underlying surface
648



Global Research journal of Natural Science and Technology (Grinst) Volume3 Issue 4 (2025)

energy balances, and the increase in pollutants, that in turn, influenced local water quality and
atmospheric composition. However, these relationships often have been overlooked in too

many models and analyses that rely on other non-digital techniques.

In this context, studies have highlighted the importance of unified analytical systems to merge
multi-source satellite data with Al systems models that comprehend land, water, and air
processes together (Kazanskiy, 2025; Ngamile et al., 2025). These systems have been
anticipated to facilitate monitoring, timely decision support systems, and address fundamental

gaps in evidence for the management and policy of the environment.

Research Background

Satellite remote sensing is important for understanding the variability and dynamics in Earth's
environments due to the capacity of remote sensing to provide the same measurements multiple
times over large areas (Kalisa et al. 2025). Different wavelengths and radar tools contribute to
the understanding of land use/cover change, surface moisture, vegetation, and urban sprawil,
and provide various tools for analysis at global and regional scales, which was not possible
before (Pang et al. 2025). For example, long time sequences of optical images provided the
data to detect small changes in land use/cover and changes of surface reflectance due to climate

change and/or anthropogenic activities.

In addition to land use monitoring, remote sensing has been widely used for the assessment of
the quality of water. The use of Remote-sensing satellite's reflectance and machine learning
(ML) coupled with empirical inversion models to estimate turbidity, chlorophyll-a, and
suspended matter in inland and coastal water bodies has been documented (Mohan et al. 2025;

Ngamile et al. 2025). This approach has diminished the need for time-consuming field
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measurements at almost any site and has made remote sensing more effective and efficient. In
cases such as reflectance and water quality ML features, simple models such as regression tend
to perform poorly compared to more complex models due to the non-linearity of the

relationship.

Remote sensing, in conjunction with ground-based measurements, enabled the development of
statistical models linked to the estimation of air quality and the distribution of trace gases
(Kazanskiy, 2025). models Utilizing deep learning techniques to merge satellite data from
multiple sensors and meteorological data resulted in improved predictions of particulate matter
and aerosol levels in densely populated areas and regions. Some deep learning models, such as
temporal convolutional networks, demonstrated the ability to identify and analyze the spatio-
temporal characteristics of data to monitor and model the occurrence and development of air

pollutants (Khan et al., 2025).

The merging of remote sensing, artificial intelligence, and data fusion techniques has become
a principal solution to the problems of environmental monitoring. Using heterogeneous
datasets with sophisticated models has provided the ability to generate greater predictive

capacity environmental products and indicators to support sustainable management.

Research Problem

Operational environmental monitoring systems have mostly bypassed the possible
advancements with satellite data and Al techniques and have remained within specific domains
with interrelations of land, water, and atmosphere (Mohan et al., 2025). Land-use analysis
relied on optical images and classification models; water quality assessment on spectral

inversion and separate models; and air quality assessment on remote sensing proxies and
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ground data. Inconsistent workflows at different times and spaces made integrated

environmental assessments and cross-domain synthesis difficult.

Most of the Al techniques utilized in remote sensing, left aside interlinked environmental
systems (Lin et al., 2025). Optimizing a system for a single function, e.g. land cover
classification or water quality estimation, made it impossible to consider the other
environmental systems at the same time. Therefore, the change in land cover that affects the
water system, or the urban activities and emissions that affect the air system, are often left out
of the analysis. This was especially the case in complex socio-ecological systems where the
interlinked environmental subsystems needed feedback loops for system risk evaluation and

policy analysis.

Research Objectives

1. Todevelop a conceptual and technical Al-assisted framework that integrated multi-source
satellite data for unified monitoring of land, water, and atmospheric variables.

2. Toevaluate and harmonize relevant satellite datasets, including optical, radar, thermal, and
atmospheric products, for cross-domain environmental analysis.

3. To identify and apply advanced machine learning and deep learning models capable of
capturing coupled environmental processes across spatial and temporal scales.

4. To compare the performance of the integrated system with conventional domain-specific

approaches, highlighting strengths and limitations.
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Research Questions

Q1. How had existing Al-enabled remote sensing applications remained siloed across land,

water, and atmospheric monitoring domains?

Q2. What methods were effective for harmonizing multi-source satellite data to jointly

represent environmental indicators across domains?

Q3. Which Al and machine learning techniques best captured coupled spatial and temporal

patterns among land, water, and atmospheric variables?

Q4. How did the integrated Al-assisted monitoring framework perform compared with

traditional domain-specific methods?

Significance of the Study

This research helped to move the field of environmental remote sensing forward by putting
forth an integrated analytical framework involving the assessment of the triad of land, water,
and atmosphere monitoring, thus, overcoming some of the most important challenges of the
traditional siloed frameworks. It proposed a framework to integrate multi-source satellite data
and artificial intelligence (Al) models to derive more sophisticated environmental metrics and
indicators to support the policy/scientific/management research interface. The sophisticated
metrics and indicators were expected to support evidence-based environmental intelligence
tools for the management of sustainable ecosystems, climate adaptation, and integrated cross-

domain environmental assessments.

Literature Review

652



Global Research journal of Natural Science and Technology (Grinst) Volume3 Issue 4 (2025)

Al and Machine Learning in Land Use and Land Cover Monitoring

As the volume of satellite data increased, so did the reliance of artificial intelligence
techniques for monitoring land use and land cover (LULC). Compared to traditional
machine learning methods, deep learning-based models of classification provided
significant improvements in the identification of spatially complex features in regions
with mixed land use types (Maet al., 2019; Li et al., 2020). These improvements increased

the classification accuracy of urban, agricultural, and forest mapping domains.

Recent studies showed the success of convolutional neural networks in the extraction of
spatial-contextual data from multi-spectral images, enhancing the feature learning and
classification confidence (Kussul et al., 2017; Wang et al., 2022). Such techniques
minimized classification errors among spectrally similar classes. The application of
artificial intelligence in conjunction with multi-sensor satellite archival data also
positively influenced classification. The models still exhibited poor transfer
generalization, especially in the situation where these were applied to untrained regions.
The studies pinpointed the absence of varied and balanced training data sets to encourage
the adaptability of the models to different ecological and climatic regions (Maxwell et al.,
2018; Zhao et al., 2021). These studies underscore the difficulties involved in the creation

of Al-based LULC systems that operate effectively across the globe.

The Use of Machine Learning to Monitor Water Quality Using Satellites

653



Advanced Satellite Based Environmental Monitoring Systems ...

The expansion of machine learning in estimating parameters such as turbidity and levels
of chlorophyll-a and suspended sediments contributed to the rapid development of
satellites for monitoring the water quality of inland and coastal water bodies. Several
studies indicate that Al models are more successful than empirical regression models,
especially in waters that are difficult to see through (Pahlevan et al, 2020; Liu et al, 2022).
This Al technique allowed for continuous monitoring of water quality where field
sampling was difficult and expensive.

The combination of multisensor data improved both temporal predictive skill and
consistency. Ensemble learning techniques proved effective in estimating water indicators
through varying hydrological conditions characterized by low signal-to-noise ratios and
atmospheric disturbances (Zhao et al, 2022b; Yang et al, 2021). This helped to build large-
scale environmental monitoring systems.

The low predictive accuracy in dynamic systems, significant atmospheric correction
errors, and optical complexity in turbid waters continues to be an enduring challenge in
predictive models. The importance of hybrid models in with predictive satellites, in-situ
data, and physics-based modeling is highlighted in recent literature (Zhang et al, 2021b;
Xu et al, 2023). This illustrates the continued development of satellite hydrology and Al
technologies.

Remote Sensing and the Role of Artificial Intelligence in Monitoring Air Quality and

Atmospheres
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The use of machine learning in monitoring the atmosphere has centered on predicting the
levels of pollutants on the ground and correlating them with measurements from satellite.
Artificial Intelligence (Al) models based on meteorological data and aerosol optical depth
surpass traditional statistical approaches in predicting PM2.5 (Li et al., 2022b; Zhai et
al., 2021). These models have provided better coverage in areas where monitoring data

are not abundantly available.

The use of deep learning models has also improved the retrieval of pollutants from models
that learn spatial and temporal dimensions. There are studies that use satellite data and
Al that report the improved accuracy of daily air quality monitoring in cities (Wang et
al., 2023; Chen et al., 2020). These studies also improved the assessment of exposure risk
and environmental health.These studies have also had issues with the use of models,
sensor deficiencies, cloud coverage, and spatial resolution. There is a definite need for the
use of multiple sources of data, calibration of models, and the use of artificial intelligence
(Al) to explain the models to increase the reliability and relevance of the models for
decision makers (Zheng et al., 2023; Li et al., 2021b). These studies have pointed to the

need for improved and more integrated systems for monitoring the atmosphere.

Research Methodology

Research Design

This study aimed to merge the most recent advancements in artificial intelligence-assisted
environmental analytics with the processing of multi-source satellite observations and was
constructed as an applied, quantitative research. The methodology followed a sequential path

of data acquisition, processing, model development, and culminating with the phases of
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validation and interpretation. As the methodology was based on the established theoretical
constructs on the relationship of spectral attributes and the environmental indicators of the
process, and the machine learning inference, a deductive research logic was employed. The
study outputs, in particular, the classified maps of land-cover, the quality estimates of water
and the modeled fields of air quality, were specifically designed to sustain a satellite-based

monitoring framework of integrated feasibility and performance assessment.

Study Area and Scope

The study was conducted in a specific region with different surroundings: urban, agricultural,
and natural ecosystems. The region was chosen for study as it resulted in fast environmental
changes, stressed resources, and evident human impact. The time frame of this study spanned
several years to assess environmental changes in different seasons and years. The available
satellite mission time frame determined both the spatial and the temporal reach of the study.
The analysis in this study was restricted to a few environmental indicators: changes in land

cover, the quality of surface water, and the quantity of particulates in the atmosphere.
Data Sources

Within the reported study, data was mostly gathered from websites with freely accessible
remote sensing datasets. Remote sensing data was received from Sentinel-2 and Landsat, which
provided optical satellite images. Radar data was received from Sentinel-1, which was used to
supplement the optical datasets in the regions where cloud cover was prevalent. Remote
sensing data was used, along with climate reanalysis datasets, to find the meteorological
variables and the aerosol optical depth. Whenever possible, in-situ field measurements and

environmental records were used as reference data to assist in the calibration and validation
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processes. With respect to the environmental variables being examined, all datasets were
chosen considering their spatial resolution, the frequency with which the data was collected,

the continuity of the data, and the relevance of the data to the variables.
Data Preprocessing

All datasets were systematically processed before the analyses were conducted. Every optical
image was processed so that the atmosphere was corrected, and the images were georeferenced
and then resampled to make certain that spatial alignment was attained. Pixels that were
affected by clouds were removed using cloud-filtering algorithms. Radar backscatter data was
radiometrically calibrated and corrected for terrain. Time series data were harmonized to have
a consistent spatial grid and referencing system for time in order for the data to be analyzed
collectively. A set of procedures for extracting features was then applied, which included
vegetation indices, and spectral band transformations, along with the indices of water and
texture. The variables that were derived from these procedures were used to create the

explanatory feature space that was used in the machine learning modeling.
Al and Machine Learning Modeling

In this project, artificial intelligence techniques have been used to model the specified
environmental indicators of the study. Regarding land cover, the study employed deep learning
and ensemble-based supervised classification algorithms, which, were the answer to the
classification of the algorithms, the trained, the labeled datasets. In reference to the estimation
of the quality of water, the study trained regression-based machine learning models, which
used the spectral and environmental predictors in reference to the known water quality, and

were paired with water quality reference measurements. Regarding air quality estimation,
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model assessment predictors were paired with the satellite-derived and the meteorological
models. Robust predictive performance was utilized in the iterative tuning of model
hyperparameters. In order to prevent overfitting there partition the training datasets were

partitioned into training, validation and testing.

Integration Framework

A framework for integrated environmental monitoring was constructed to synthesis the outputs
of the three environmental domains. Within a GIS environment, model predictions were
integrated for vertical and lateral containment of comparison and multi-attribute analysis. To
ensure the framework par excellence in the assessment of the intersection of land, water, and
air, the fusion of the three environments and the vertical and lateral domains of the GIS was
employed for the assessment of the intersection of the three domains and multi-attribute

analysis transformed the domains of the study.

Results and Analysis

The results were structured in three different fields of study: land use and land cover change,
estimation of surface water quality, and modeling of atmospheric particulate matter
concentration. Each field of study contained data in tables, graphs, and analyses. All results

were subjected to a reliability and consistency check through validation and statistical analyses.

Table 1. Overall and Class-Level Accuracy of LULC Classification

Land-Cover Class User’s Accuracy (%) Producer’s Accuracy (%)

Urban Built-Up 92.4 89.6
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Land-Cover Class User’s Accuracy (%) Producer’s Accuracy (%)
Agriculture 88.1 91.3
Forest 93.7 95.4
Water Bodies 96.2 94.8
Bare Soil 85.3 82.7
Overall Accuracy 91.5
Kappa Index 0.89

An artificial intelligence model may be cited as a reliable classification model due to the results
that proved the model's accuracy (91.5%) and Kappa statistic of 0.89. It shows strong predictive
capabilities as there is almost perfect agreement between the predicted and reference class
results. The user accuracy of water bodies (96.2%) shows that only 3.8% of mapped water
pixels were misclassified. Forest areas showed a 95.4 % accuracy as most of the forest pixels
were classified correctly. Urban and agricultural areas were classified with a lower accuracy
than water and forest areas. Bare soil was classified the lowest (82.7% producer accuracy), so
17% of the areas classified as bare soil were misclassified, perhaps due to spectral confusion
between fallow agriculture or compacted urban land. Table 1 shows urban expansion is
concentric to transport corridors, agricultural land is dominant in rural zones, and forests are in
the upland areas. The classification outputs therefore provided a robust baseline for change

detection and environmental monitoring.
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Figure 1. Classified Land-Use Map (illustrative)

Table 2. Estimated Water Quality Indicators

N
@60\
6‘0

Water Turbidity Chlorophyll-a Suspended Solids
Body ID (NTU) (ng/L) (mg/L)
WB-01 11.2 4.8 13.5
WB-02 18.6 7.4 19.9
WB-03 25.3 10.6 28.1
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Water Turbidity Chlorophyll-a Suspended Solids
Body ID (NTU) (ng/L) (mg/L)
WB-04 32.7 14.1 35.4
WB-05 41.9 18.3 46.8

The results stated all water quality parameters were increasing from WB-01 to WB-05. Starting
with the turbidity, the increase was from 11.2 NTU to 41.9 NTU representing a 274% increase
across the bodies of water. The suspended solid water quality parameters also had a comparable
increase of 246% from 13.5 mg/L to 46.8 mg/L. The concentration of chlorophyll a also had
an increase of 281% from 4.8 pg/L to 18.3 pg/L. This may show that the water bodies that
were urban influenced downstream were also increasing in algal activity. The further
downstream you went, the more the water quality declined and it was confirmed that there was
more pollution and then more stress. WB-04 and WB-05 had the most water quality
degradation and that was consistent with their proximity to the human settlements. The clear
spatial illustration confirmed that the areas of urban and agricultural discharge had the most
degradation in water quality and that the most watershed disturbance had the most water quality

degradation.
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Figure 2. Estimated Water Quality Indicators

Table 3. Statistical Performance of Al Models

Parameter R? RMSE MAE
Turbidity 0.89 2.36 1.21
Chlorophyll-a 0.87 1.14 0.67
Suspended
_ 0.91 2.78 1.45
Solids

All models demonstrated robust performance as R? values indicate between 0.87 - 0.91 which
suggest they explained 87-91% of variance of the observed values. The suspended solid model
attained the highest achievement with R?=0.91. This means that it was the most predictable

parameter from spectral reflectance. The low values of RMSE and MAE indicate that there was

662



Global Research journal of Natural Science and Technology (Grinst) Volume3 Issue 4 (2025)

a small difference between the predicted and the observed values. Taking the RMSE of
turbidity which is 2.36 NTU as an example, this value is relatively small compared to the
measurement range which indicates a small overall measure error. This is also illustrated by
the scatter plots of the turbidity model which most data points were positioned along the line
of the gross error model (GEM) of 1:1, this indicates that the models were stable and showed
that the machine learning techniques were appropriate for developing models for estimating

values from reflectance.

0.8 A

0.6 A

R2

0.4 1

0.2 +

0.0 -

Turbidity Chlorophyll-a Suspended Solids

Figure 3. Statistical Performance of Al Models

Table 4. Mean PM2.5 Levels Across Zones

Zone Mean PM2.5 (ug/m3) Minimum Maximum

Urban Core 64.2 48.1 81.7
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Zone Mean PM2.5 (pug/m3) Minimum
Suburban Belt 49.6 36.9
Rural Zone 28.7 18.3
Forest/Wetland 19.8 12.6

Maximum

63.4

395

26.9

Urban Core had the highest concentration of PM2.5 (64.2 pg/m3), whereas the Forest/Wetland

regions had the lowest concentration (19.8 pg/ms3). This means that the levels of air pollution

in urban areas were 3.2 times greater than in areas dominated by natural ecosystems. The

suburban belt had 49.6 pg/m?3 indicating that it had intermediate values of PM2.5 which

suggests an outward dispersion of pollutants. The rural areas had 28.7 pg/m? of PM2.5 which

shows that although the exposure levels were significantly lower than in other areas, it was still

above the recommended levels. The pollution gradient from urban areas to rural areas was

apparent which indicates that traffic, industry, and combustion emissions were the leading

contributors to the pollution. A spatial plume pattern, which indicates pollution, was evident

from the rural dense settlements as seen in Figure 4.
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Figure 4. Mean PM2.5 Levels Across Zones
Table 5. Overlap of Environmental Stress Indicators
High PM2.5 + High High PM2.5 + Rapid
Category
Turbidity (%) Urbanization (%)

Zone A 34.5 41.2

Zone B 27.8 35.9

Zone C 18.3 22.7
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High PM2.5 + High High PM2.5 + Rapid
Category
Turbidity (%) Urbanization (%)
Zone D 9.4 11.3

Zone A recorded the greatest total stress, of which 34.5% experienced high concomitant stress
of PM2.5 and high turbidity. Meanwhile, 41.2% were stressed by high PM2.5 and rapid
urbanization. This means that nearly half of Zone A was under a multitude of environmental
stressors. Conversely, Zone D had the least combined stress, with less than 12% of the area
being impacted by overlapping stressors. This demonstrated that less developed regions had
more environmental resilience. The findings was consistent that urban sprawl was closely
related to the deterioration of air and water quality, validating the interconnected nature of

environmental stressors.

666



Global Research journal of Natural Science and Technology (Grinst) Volume3 Issue 4 (2025)

35 4

30
8 251
Q
(o)
©
=
S 20-
5]
(=8

15 A

10 A

Zor;e A Zor;e B Zonle C Zon'e D
Zone
Figure 5. Overlap of Environmental Stress Indicators
Discussion
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The accuracy, regularity, and comprehensive distribution of environmental intelligence
on land, water, and atmosphere were significantly enhanced via new means of Al-assisted
satellite-based environmental monitoring, as demonstrated by the results of this research.
An overall accuracy exceeding 90% in the land-use classification model corroborated the
increasing evidence that deep learning and ensemble classifiers consistently
outperformed traditional pixel-based methodologies in high resolution satellite imagery.
Studies recently published also reported comparable high accuracy outcomes of such
methodologies as Convolutional Neural Networks and Random Forest Classifiers in
succeeding robust discrimination in Complex and Heterogeneous Landscapes (Zhu et. al,
2023, Khatami et al, 2020). Your research also indicated that the classification of
spectrally distinct classes, especially open water and forests, and bare soil or transitional
agricultural zones, was done with greater accuracy. This agreed with the results from
large classification assessments, in which due to seasonally overlapping the classes,
illumination and mixed pixel impacts, confusion frequently occurred (Maxwell &
Warner, 2022 Chen et al., 2021). The classification results of this research demonstrated

the persistent challenges and strengths of Al- integrated land monitoring.
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Estimation of water quality also confirmed the retrievals through machine learning from
satellite reflections as reliable and consistent predictors of turbidity, suspended solids and
chlorophyll a. This was similar to the recent claims that machine learning had measurable
benefits compared to the empirical optical models in the monitoring of inland and coastal
waters, especially where water was optically complex and affected by anthropogenic
activities (Pyo et al. 2021; Jia et al. 2023). The observed downstream water bodies,
affected by urbanization, and the spatial dichotomy of the increasing chlorophyll a and
turbidity show a correlation where land use and water quality are interdependent. Other
recent works have documented analogous scenarios when the agricultural, urban, and
altered watershed were synergistically compounded to enhance the flux of sediment and
nutrients, stimulating eutrophication and the biological “crystal” of water (Novoa et al.
2020; Xue et al. 2022). The present high R2 values also demonstrated the ability of
machine learning techniques to better explain the non-linear reflectance—biogeochemical
relationships over traditional regression estimators. Other researchers have also reported
similar potency when random forests, gradient boosting, and deep learning were applied

to multispectral and hyperspectral data (Caballero et al., 2022; Wang et al. 2023Db).
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The study of estimated atmosphere PM2.5 further corroborated the positive impacts of
the fusion of multi-source data with artificial intelligence. The strong urban-to-rural
concentration gradient has consistently shown the impacts of combustion, traffic, and
industry emissions and has been documented in the literature of satellite PM2.5 retrievals
(Shi et al., 2021; Zang et al., 2023). The model’s ability to predict spatially distributed
loads of pollutants resolved the challenges pertaining to the scarcity of ground-
monitoring networks in large developing areas. Recent studies have shown the positive
impacts of satellite-derived aerosol optical depth combined with artificial intelligence in
predicting wide spatial coverage and improved estimation accuracy over traditional
statistical methods (Chen et al., 2022; Lin et al., 2022). The strong correlation of the
modelled results with the documented emissions distribution validated the use of artificial
intelligence in estimating PM2.5 for this study.

The detection of overlaps between types of environmental stressors was one of the more
significant outcomes of this research. The study areas witnessing fast urban development
also experienced simultaneous declines in water quality and increases in PM2.5. This
validated the hypothesis that environmental hazards do not occur in isolation, but rather
coalesce as diverse stressors in areas of high socio-economic activity. The phenomenon
has been documented in studies that connect land-use change, air pollution, water-related
degradation, and climate change in urban and peri-urban areas (Wang et al., 2022; Liang
et al., 2023). The other interdisciplinary studies relied heavily on silo approaches, and so
the other, more integrated approach taken in this study was able to provide a more

nuanced understanding of the geography of risk than other studies.
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The results also state that Al supported frameworks offer new operational advantages.
Automated classification and predictive engines minimize human subjectivity, increase
reproducibility, and allow for the quick processing of large volumes of satellite data. Such
advantages have been noted in recent studies on environmental Al, especially those that
examine the use of automation and predictive intelligence, which have the potential to
transform near real-time monitoring and decision-making support (Reichstein et al.,
2019; Reyna-Valencia et al., 2023). However, the findings of this study also reflect typical
limitations of the Al-environmental modeling. Model performance was still partially
reliant on the quality and representativeness of the training data, and optical methods
still suffered from atmospheric interference and cloud cover. These same limitations are
noted in virtually all the literature, where vague and inexact modeling, questions of
uncertainty, region transferability, and the ethics of Al use still present the most
significant challenges (Ting et al., 2020; Roscher et al., 2020).

This study proved that in uncharted territories, using satellite data for Al-powered
environmental monitoring can help improve Environmental Intelligence (EIl) in data-
sparse areas. Environmental data systems can be analyzed in an integrated and fluid way.
The findings stress that other than being interdisciplinary, the other attributes of high-
end predictive systems that are likely to dominate the future environmental monitoring
systems are automation, and adaptability to design predictive models. The study also
underscored the necessity of model governance, design, and validation in order to

prioritize accuracy, reliability, and public trust in Al decision systems.

Conclusion
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The efficacy of the integrated Al-assisted satellite-based environmental monitoring system in
identifying, measuring, and comprehensively analyzing the various interrelated dynamics of
the earth’s land, water, and atmosphere, has been successfully demonstrated. The model
utilized for the Al-driven land use and land cover classification demonstrated high levels of
accuracy, thereby substantiating the effectiveness of deep learning and ensemble techniques
for the classification of complex environmental landscapes. With regard to the assessment of
water quality, the model demonstrated superior predictive capability for the key variables of
water turbidity, chlorophyll-a, and suspended solids, and also detected the presence of “urban”
vs. “agriculture” influenced spatial patterns for these variables. The model developed for the
prediction of atmospheric PM2.5 also demonstrated the presence of significant rural to urban
gradients in the size of populations exposed to particular levels of PM2.5, thereby
demonstrating the resulting air quality impact of varying densities of human settlements. The
identification of the spatial co-occurrence of environmental stressors, for example, areas of
rapid urban growth coinciding with deteriorating conditions of water and air quality, is
significant. This is the integrated multi-domain framework offered an enhanced perspective of
the environmental risk analysis, which would have been lost with single indicator monitoring
systems. Lastly, the various challenges and obstacles in the field of environmental governance,

especially in remote areas, were highlighted and reaffirmed Al-based remote sensing systems.

Recommendations

The available results suggest that the environmental management agencies should make the
use of Al-supported satellite monitoring as one of the main tools for regular environmental
assessment. National and regional planners should focus on the creation of integrated

geospatial monitoring systems, which incorporate land-use, water-quality, and atmosphere
672
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along with integrated decision-support systems, to achieve the best possible outcome for the
users. High-quality environmental intelligence must be integrated in order to support more
effective and proactive policymaking, with regard to the enforcement of regulations, pollution
control, urban planning, and the sustainable management of watersheds. The use of satellite
data should be combined with direct data measurements on the ground for better system
calibration and improved transparency. The development of information and communication
technology, as well as the provision of know-how, also appears to be vital, in order for the
environmental agencies to make the best use of the Al insights and to ensure that the true value
of the Al is realized. Lastly, for transparency, model accountability, and public confidence to
be maintained, the use of Al in environmental analytics should be governed by regulations to

ensure the responsible use of Al.
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