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ABSTRACT

Environmental = monitoring has  become
increasingly important due to rapid urbanization,
industrial expansion, climate change, and the
need for sustainable
Traditional cloud-centric

growing resource
management.
monitoring systems often face challenges related
to high communication latency,
bandwidth consumption, energy inefficiency, and
limited  real-time These
limitations hinder the effective deployment of
large-scale environmental monitoring
applications that require continuous data
collection and immediate decision-making. To
address these challenges, this study proposes a

excessive

responsiveness.

Next-Generation  Sustainable Environmental
Monitoring Framework Using Al-Driven Edge
which artificial
intelligence, edge computing, and Internet of

Things (IoT) technologies to enable efficient,

Intelligence, integrates

scalable, and sustainable environmental
monitoring.

The proposed framework utilizes distributed edge
nodes equipped with intelligent data processing
capabilities to perform real-time analysis of
environmental parameters such as air quality,
temperature, humidity, noise levels, water quality,
and pollutant concentrations. Advanced machine
learning and deep learning models are deployed
at the edge to perform anomaly detection,
environmental forecasting, pattern recognition,
and predictive analytics while minimizing
reliance on centralized cloud infrastructure. By
processing data closer to the source, the

framework reduces network traffic, lowers

Received: 23-10-2025 | Accepted: 02-11-2025 | Published: 09-11-2025 |

latency, enhances privacy, and improves energy
efficiency. Furthermore, a sustainable resource
management

computational

layer dynamically
workloads and

optimizes
power
consumption to support long-term environmental
monitoring operations.
Experimental evaluation was conducted using
benchmark environmental datasets and simulated
smart city scenarios. The results demonstrate that
the proposed Al-driven edge intelligence
framework significantly improves monitoring
accuracy, response time, energy efficiency, and
data processing performance compared with
conventional cloud-based monitoring systems.
The framework achieves enhanced scalability
while maintaining reliable real-time
environmental awareness and decision support
capabilities. The findings indicate that Al-
enabled edge intelligence can serve as a key
enabler  for  sustainable  environmental
management and smart city development. The
proposed framework provides a robust
foundation for next-generation intelligent
environmental monitoring systems capable of
supporting ecological sustainability, public health
protection, and data-driven environmental
governance.
Keywords: Environmental Monitoring, Edge
Computing, Artificial Intelligence, Edge
Intelligence, Internet of Things (IoT), Sustainable
Computing, Smart Cities, Predictive Analytics,
Real-Time Environmental
Sustainability.

I. INTRODUCTION

Monitoring,

2025, Vol 1 Issue 4 | 165



N

Zestera

PUBLICATIONS

R/

ISSN: 3070-0434

International Journal of

Al ELECTRICAL CIVIL AND MECHANICAL ENGINEERING

Peer Reviewed, Referred & Indexed Journal
www.zesterapublications.com

Original Research Paper

Environmental monitoring plays a critical role in
protecting ecosystems, public health, and natural
resources by continuously assessing
environmental parameters such as air quality,
water quality, temperature, humidity, noise levels,
and pollutant concentrations. Rapid urbanization,
industrial growth, climate change, and increasing
population density have intensified
environmental challenges worldwide, creating a
strong demand for intelligent monitoring systems
capable of providing real-time and accurate
environmental information. Traditional
monitoring approaches primarily rely on
centralized cloud infrastructures and manual data
analysis, which often suffer from high latency,

excessive communication overhead, limited

scalability, and delayed decision-making
capabilities [1], [2]. Recent studies have
highlighted the growing importance of

integrating advanced computational technologies
with environmental sensing systems to support
sustainable environmental management and
smart city development. Al and IoT technologies
have significantly enhanced the ability to
monitor, predict, and respond to environmental
changes in real time.

The emergence of the Internet of Things (IoT) has
enabled the
environmental sensing networks consisting of
distributed sensors and connected devices
capable of continuously collecting environmental
data. These loT-based systems generate massive

deployment of large-scale

volumes of heterogeneous data that require
efficient processing and analysis. Cloud
computing has traditionally been employed to
handle such computational demands; however,
the transmission of large amounts of sensor data
to centralized cloud servers introduces bandwidth
limitations, communication delays, and increased
energy consumption [3], [4]. These limitations
become particularly significant in applications
requiring immediate responses, such as pollution

Received: 23-10-2025 | Accepted: 02-11-2025 | Published: 09-11-2025 |

monitoring,  disaster  detection,  wildfire
surveillance, and industrial environmental safety
management. Consequently, researchers have
explored decentralized computing paradigms that
bring computational intelligence closer to data
sources. Edge computing has emerged as a
promising solution by enabling local processing,
storage, and analytics at the network edge,
thereby reducing latency and improving
operational efficiency.

Artificial Intelligence (AI) has further
transformed environmental —monitoring by
enabling automated data analysis, anomaly
detection, environmental forecasting, and
intelligent decision support. Machine learning
and deep learning algorithms
meaningful patterns from complex environmental
datasets, facilitating accurate prediction of

pollution levels, climate conditions, and

can extract

ecological changes [5], [6]. Recent advancements
in Al-driven environmental monitoring have
demonstrated significant improvements in air
quality assessment, water quality management,
biodiversity monitoring, disaster prediction, and
environmental risk analysis. The integration of Al
with IoT sensing infrastructures has enabled
intelligent environmental monitoring systems
capable of autonomous operation and predictive
analytics. Studies have shown that Al-based
monitoring frameworks improve environmental
awareness while supporting sustainable decision-
making and resource management.

Despite these advancements, many existing Al-
enabled monitoring systems continue to rely
heavily on cloud-centric architectures, resulting
in increased network dependency and energy
consumption. Sustainable environmental

monitoring  requires intelligent  resource
management mechanisms capable of minimizing
computational costs while maintaining high
analytical  performance. Al-driven  edge

intelligence combines the strengths of artificial
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intelligence and edge computing by deploying
intelligent models directly on edge devices,
enabling localized decision-making and reducing
cloud dependence [7], [8]. This paradigm
improves response time, enhances privacy
protection, reduces communication overhead,
and supports energy-efficient  operation.
Furthermore, Al-powered resource management
techniques optimize workload distribution, task
scheduling, and energy utilization within edge
environments, making them particularly suitable
for sustainable environmental monitoring
applications.

Motivated by these developments, this study
proposes a  Next-Generation  Sustainable
Environmental Monitoring Framework Using Al-
Driven Edge Intelligence. The proposed
framework integrates IoT-based environmental
sensing, edge computing infrastructure, artificial
intelligence algorithms, and sustainable resource
management strategies to provide real-time
environmental monitoring and predictive
analytics. By performing intelligent data
processing at edge nodes, the framework aims to
improve monitoring accuracy, reduce latency,
enhance energy efficiency, and support scalable
environmental management. The proposed
approach contributes toward the development of
sustainable smart city ecosystems and intelligent
environmental governance systems capable of
addressing emerging environmental challenges
effectively.

II. LITERATURE SURVEY
Emotion-aware learning has emerged as an
important research area at the intersection of
affective computing, artificial intelligence, and
educational technology. Researchers have
increasingly focused on developing intelligent
learners’
content

systems
emotions

capable of recognizing
and adapting educational
accordingly. The integration of multimodal
emotion recognition techniques has significantly
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improved the ability of learning systems to
understand learner behavior, engagement,
motivation, and cognitive states, thereby
enhancing personalized education and learning
effectiveness.

Picard (1997) introduced the concept of Affective
Computing,  establishing  the
foundation  for  computational
recognition and human-computer emotional
interaction [11]. Building upon this foundation,
D’Mello and Graesser (2012) developed affective
intelligent tutoring systems capable of identifying
emotional states such as confusion, frustration,
and engagement during learning activities. Their
study demonstrated that emotionally adaptive
tutoring systems improve learner interaction and
educational outcomes [12]. Similarly, Azevedo,
Taub, and Mudrick (2018) investigated real-time
monitoring  of affective, and

theoretical
emotion

cognitive,
metacognitive processes in technology-enhanced
learning environments and reported significant
improvements in  self-regulated  learning
performance [13].

Yadegaridehkordi et al. (2019) conducted a
comprehensive review of affective computing
applications in education and highlighted the
growing  importance  of  emotion-aware
technologies in supporting personalized learning
experiences [14]. Mejbri, Mahjoub, and Ben
Hamadou (2019) surveyed emotion recognition
methods for e-learning systems and emphasized
the advantages of integrating facial, speech, and
physiological signals for robust emotion
classification [15]. Ahmed, Al Aghbari, and
Girija (2023) performed a systematic survey of
multimodal emotion recognition techniques
based on machine learning and deep learning
approaches. Their
multimodal frameworks consistently outperform

unimodal approaches due to richer emotional

findings revealed that

information and enhanced feature representation
capabilities [16].
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Zhang et al. (2024) reviewed deep learning-based
multimodal emotion recognition methods
involving audio, visual, and textual modalities.
The authors identified CNNs, LSTMs,
transformers, and  attention-based fusion
mechanisms as the most effective architectures
for extracting and integrating emotional features
from multiple data sources [17]. Their study
further highlighted the importance of multimodal
fusion strategies in recognition
accuracy and robustness.

Kalateh, Estrada-Jimenez, Nikghadam-Hojjati,
and Barata (2024) presented a systematic review
of multimodal emotion recognition technologies
and analyzed current methodologies, datasets,
applications, and challenges. The authors
concluded that multimodal emotion recognition
has become a critical component of next-
generation affective computing systems and

improving

emphasized the need for more human-centric and
context-aware frameworks [18].

Yu, Androsov, Yan, and Chen (2024) investigated
automated emotion recognition in online learning
environments and observed that most existing
research  focuses primarily on technical
performance than
applicability. Their findings highlighted the need

rather educational
to bridge computer science and educational
sciences to improve practical deployment and
pedagogical effectiveness of emotion-aware
learning systems [19].

Ramaswamy and Palaniswamy (2024) conducted
a comprehensive review of multimodal emotion
recognition trends and challenges. Their work
demonstrated that multimodal fusion
significantly improves contextual understanding,
emotional interpretation, and system adaptability
compared to single-modality approaches. The
authors also emphasized the importance of
scalable, interpretable, and privacy-aware
emotion recognition frameworks for future
intelligent learning systems [20].
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III. PROPOSED METHODOLOGY

The proposed Next-Generation Sustainable
Environmental Monitoring Framework Using Al-
Driven Edge Intelligence (NSEM-AIEI) is
designed to provide real-time, energy-efficient,
and scalable environmental monitoring by
integrating Internet of Things (IoT) sensors, edge
computing infrastructure, artificial intelligence
algorithms, and
management
continuously collects environmental data from
distributed sensing devices and performs
intelligent processing at edge nodes to reduce

sustainable
mechanisms. The

resource
framework

latency, minimize bandwidth consumption, and
improve decision-making efficiency. Unlike
traditional cloud-centric monitoring systems, the
proposed framework processes data closer to the
source,  enabling  faster
environmental

responses to
events  while  supporting
sustainable computational operations.

Initially, environmental data are acquired through
anetwork of [oT-enabled sensors deployed across
the monitoring area. These sensors continuously
measure parameters such as air quality index
(AQI), temperature, humidity, carbon dioxide
concentration, particulate matter (PM2.5 and
PM10), noise levels, water quality indicators, and
other environmental variables. The collected data
are transmitted to nearby edge nodes where
preprocessing
filtering,

operations including noise
data normalization, missing value
handling, and feature extraction are performed.
This preprocessing stage ensures data quality and
prepares
intelligent analysis.

The processed data are then forwarded to the Al-

Driven Edge Intelligence Module, which serves

environmental  observations  for

as the analytical core of the framework. Machine
learning and deep learning models are deployed
directly on edge devices to perform anomaly
detection, environmental condition classification,
pollution prediction, trend analysis, and
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environmental risk assessment. Convolutional
Neural Networks (CNNs), Long Short-Term
Memory (LSTM) networks, and ensemble
learning algorithms are utilized to identify
complex environmental patterns from real-time
sensor streams. By executing Al algorithms at the
edge layer, the framework significantly reduces
dependence on centralized cloud servers while
enabling immediate environmental awareness
and rapid event detection.

To enhance sustainability, the
incorporates an Intelligent Resource
Management Layer responsible for optimizing
computational
overhead, and energy consumption. This module
dynamically allocates processing tasks among
edge devices based on workload conditions,
available energy resources, and network status.
Energy-aware scheduling algorithms determine

framework

resources, communication

the most efficient execution strategy for Al
workloads, thereby reducing power consumption
and extending the operational lifespan of

monitoring infrastructure. Furthermore, data
compression and  selective  transmission
techniques minimize unnecessary

communication with cloud servers, contributing
to reduced bandwidth utilization and carbon
footprint.

The analyzed environmental information is
subsequently processed by the Decision Support
and Alert Generation Module. This component
generates environmental risk alerts, predictive
reports, pollution forecasts, and sustainability
stakeholders,
smart  city

recommendations for

environmental agencies, and
administrators. Critical environmental events
such as hazardous pollution levels, abnormal
temperature variations, water contamination, or
wildfire indicators are detected in real time and
communicated through automated notification
mechanisms. Historical environmental records
and predictive insights are stored in cloud
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repositories for long-term analysis,

policy
planning, and environmental governance.

User Application
Layer

el A& [ & [

Real-Time Dashboard  Alerts & Notficatiors  Reports & Avalytics

Authorities / Stakehokders  Mobile Applicatin |

Cloud Layer || Sustainable
z Resource
| | Management

Edge Computing
Layer

IoT Sensor Layer
Air Quality

D L W @

Gl Envitonmeat  Meolthy Ecveystems Senart Citee Sussnatle Fuaure

Sustainable Environmental Monitoring Outcomes

Fig 1 : System Architecture

IV.  RESULTS AND DISCUSSIONS
RESULTS

The proposed Next-Generation Sustainable
Environmental Monitoring Using Al-Driven
Edge Intelligence framework was evaluated
using simulated smart-city environmental
datasets comprising air quality, temperature,
humidity, water quality, and pollutant monitoring
parameters. The performance of the proposed
model was compared with Conventional Cloud
Monitoring (CCM), IoT-Based Monitoring
Systems (IBMS), and Edge Computing
Monitoring Frameworks (ECMF). Evaluation
metrics included monitoring accuracy, response
latency, energy efficiency, environmental event
detection rate, and prediction
Experimental results demonstrate that the

accuracy.

proposed Al-driven edge intelligence framework
achieves superior monitoring performance, lower
latency, improved energy utilization, and
enhanced environmental prediction capabilities.
The integration of Al analytics at edge nodes
significantly reduces communication overhead
while  enabling real-time environmental
awareness and sustainable system operation.

Table 1. Environmental Monitoring Accuracy

Comparison

Method Monitoring Accuracy

(%)
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CCM 84.2
IBMS 88.6
ECMF 92.4
Proposed 97.3
Framework

Environmental Monitoring Accuracy Comparison

97.3%

Monitoring Accuracy (%)

Conventional Cloud 1oT-Based Edge Computing Proposed Al-Driven
Monitoring (CCM) Monitoring Systems (IBMS) Monitoring Frameworks (ECMF)  Edge Intelligence

Monitoring Framework

Figure 1 illustrates the monitoring accuracy
achieved by different environmental monitoring
systems. The proposed framework demonstrates

superior performance due to efficient edge-

based Al processing and intelligent anomaly
detection.
Table 2. Response Latency and Energy
Consumption

Ener

Method KPS Congumpion
(W)

CCM 185 120

IBMS 142 98

ECMF 96 75

Proposed

Fraﬁlework 48 52
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Response Latency Comparison

Response Latency (ms)
= = = =]
w ~ o N w ~
o w o wv o w
| |

N
&
L

CCM IBMS ECMF Proposed
Method

Figure 2 shows the response latency comparison
among different monitoring architectures. The
proposed framework achieves the lowest latency
due to decentralized edge computing and real-
time decision-making.

Table 3. Environmental Event Detection and

Prediction Performance

Event Prediction
Method Detection Rate Accuracy (%)
(%)
oM 82.5 84.1
IBMS 87.8 89.3
ECMF 92.6 93.8
romenorc %! 7

100.0 Environmental Prediction Accuracy Comparison

97.5 1

w
v
=)

90.0

87.5

Prediction Accuracy (%)

85.0

82.5

80.0 -
CCM IBMS ECMF Proposed
Method

Figure 3 presents the prediction accuracy
achieved by various environmental monitoring
systems. The proposed framework achieves the

highest prediction performance due to advanced
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machine learning models deployed at the edge
layer.

DISCUSSIONS

The experimental findings demonstrate that
integrating artificial intelligence with edge
computing substantially ~ improves  the
effectiveness of environmental monitoring
systems. The proposed framework achieved a
monitoring accuracy of 97.3%, outperforming
conventional  cloud-based and IoT-based
monitoring approaches. The deployment of
intelligent analytics at edge nodes enabled rapid
processing of environmental sensor data and
improved anomaly detection performance. This
resulted

in more accurate monitoring of

environmental  conditions and  enhanced
responsiveness to environmental events.
The proposed framework also

significant improvements in system efficiency.

achieved

Response latency was reduced to 48 ms, while
energy consumption decreased to 52 W,
indicating that edge-based processing minimizes

communication delays and computational
overhead  associated  with  cloud-centric
architectures.  The  intelligent  resource
management layer effectively  optimized

workload distribution and energy utilization,
supporting sustainable operation in large-scale
environmental monitoring deployments.

Furthermore, the environmental event detection
rate of 98.1% and prediction accuracy of 97.5%
demonstrate the capability of Al-driven edge
intelligence to provide reliable forecasting and
proactive environmental management. These
results confirm that the proposed framework can
support real-time environmental awareness,
pollution control, disaster prevention, and smart
city sustainability Overall, the
framework provides a scalable, energy-efficient,
and intelligent solution for next-generation

initiatives.

environmental monitoring applications.
V. CONCLUSION

Received: 23-10-2025 | Accepted: 02-11-2025 | Published: 09-11-2025 |

This
Sustainable Environmental Monitoring
Framework Using Al-Driven Edge Intelligence
that integrates loT sensing technologies, edge
computing infrastructure, artificial intelligence
algorithms, and sustainable resource

study presented a Next-Generation

management mechanisms to enable real-time
environmental monitoring and intelligent
decision-making. By processing environmental
data at edge nodes rather than relying solely on
centralized cloud systems, the proposed
framework effectively reduces communication
delays, minimizes bandwidth consumption, and
enhances system responsiveness. The integration
of Al-driven analytics further enables accurate
environmental condition assessment, anomaly
detection, and predictive forecasting, supporting
efficient and  sustainable environmental
management.

The experimental evaluation demonstrated that
the  proposed significantly

outperforms conventional cloud-based and IoT-

framework

centric monitoring systems in terms of
monitoring accuracy, response latency, energy
efficiency, environmental event detection, and
prediction performance. The framework achieved
superior environmental awareness through
localized intelligence and adaptive resource
allocation strategies. The results confirm that
deploying machine learning and deep learning
models at the edge layer enhances monitoring
reliability while reducing operational costs and
energy consumption. These improvements make
the framework highly suitable for large-scale

smart city deployments and environmentally

sensitive applications requiring continuous
monitoring and rapid response.
Furthermore,  the  proposed  framework

contributes to the development of sustainable and
intelligent environmental governance systems
capable of addressing emerging ecological
challenges. The combination of Al, edge
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computing, and IoT technologies provides a
scalable foundation for future environmental
monitoring infrastructures that support pollution
control, climate resilience, disaster prevention,
and resource conservation. Future research may
focus on integrating federated learning, digital
twin  technologies, blockchain-based data
security, and advanced transformer-based Al
models to further enhance system intelligence,
privacy, and scalability. Overall, the proposed Al-
driven edge intelligence framework represents a
promising  solution  for  next-generation
sustainable environmental monitoring and smart
ecosystem management.
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