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ABSTRACT 

The research paper focuses on the conceptual framework paper rather than a definitive experimental prediction 

study. It proposes an integrated architecture for AI-enabled environmental sustainability, with air-quality 

monitoring and prediction as the primary application and e-waste management as a secondary contextual 

application. The framework combines environmental sensing, data preprocessing, Artificial Neural Networks 

(ANN), fuzzy decision support, and environmental action. A focused Chennai air-quality case study is used to 

illustrate how AQI, PM2.5 and SO2 observations can be organized for AI-based analysis. The numerical 

observations are treated as observed values, while the ANN outputs and performance statistics are explicitly 

identified as retrospective illustrative calculations, not as independently validated experimental evidence. 

Because the source research paper does not document a complete sampling period, dataset size, train-test split, 

validation strategy, hardware environment, or energy measurements, no claim of model generalization is made. 

The proposed discussion therefore emphasizes uncertainty, data provenance, model limitations, computational 

and energy cost, and the trade-off between the environmental benefits of AI and the environmental footprint of 

AI systems. The paper concludes with a research protocol for future experimental validation using 

independently collected, time-stamped environmental data. 

Keywords: Artificial Intelligence; Environmental Sustainability; Air Quality Prediction; Chennai; Fuzzy 

Logic; Backpropagation; IoT; Sustainable AI; Uncertainty; Energy Efficiency 

INTRODUCTION 

Environmental sustainability has become a major global concern because of increasing urbanization, 

industrialization, transportation activities, energy consumption and electronic-waste generation. Air pollution, 

climate change, biodiversity loss, excessive resource consumption and improper disposal of electronic devices 

affect ecosystems and human well-being. The increasing availability of environmental sensors, satellite 

observations, Internet of Things (IoT) devices, cloud platforms and large-scale datasets create opportunities to 

apply Artificial Intelligence (AI) to these challenges. AI can identify patterns in complex environmental data 

and support prediction and decision-making. In air-quality management, AI models can process pollutant and 

meteorological parameters to estimate pollution levels and identify temporal trends. Nevertheless, the present 

paper is deliberately scoped as a conceptual framework paper with an illustrative retrospective case study. It 

does not claim that the available manuscript data constitute a fully documented experimental dataset. Observed 

city air-quality measurements are therefore kept separate from AI-generated values, and all retrospective model 

calculations are labeled as illustrative. 
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Objectives 

• To develop a conceptual framework for AI-enabled environmental sustainability with air-quality 

management as the primary use case. 

• To demonstrate, using a focused Chennai case study, how AQI, PM2.5 and SO2 observations can be 

organized for AI-based analysis. 

• To explain the roles of ANN/backpropagation and fuzzy decision support without presenting the 

retrospective calculations as definitive experimental evidence. 

• To identify data-provenance, uncertainty, validation, computational-cost and energy-footprint 

requirements for future experimental studies. 

• To briefly position e-waste management as a secondary sustainability application rather than treating 

multiple domains as separate empirical case studies. 

• To identify major challenges associated with sustainable AI deployment. 

Contributions of the Study 

• An explicitly defined conceptual framework for AI-enabled environmental sustainability. 

• A focused Chennai air-quality case study separating observed measurements from illustrative AI-

generated predictions. 

• A transparent description of the limitations of the available data, including missing sampling-period and 

validation details. 

• An integrated discussion of uncertainty, computational cost, energy consumption and AI environmental 

footprint. 

• A future experimental protocol specifying the information that must be reported before predictive 

claims can be considered definitive. 

LITERATURE REVIEW 

Manish Yadav et al., (2023) in their research paper dealing with Sustainable Development Goals found a gap in 

research with a limited understanding of Artificial Intelligence features with effective utilization of 

environmental tackling as a challenge in the area of water, biodiversity, energy, and transportation. The authors 

further added an innovative Artificial Intelligence solution would contribute to and identify air pollution as the 

fourth higher level of threat caused to humanity with the globalized population in the resident area with an 

effect of 92% harm level of air pollution. As an example, in the future, the prediction of air pollution caused by 

Artificial Intelligence powered buses emit 50 percent of air-caused pollutant matter in the year 2050 by 

recognizing the efficient route level. After an effective survey, the entitled paper further demands the address 

of sustainability pillars as environmental, economic, and social development factors with Artificial 

Intelligence. Furthermore, the research paper concentrates more on the environmental policymakers to enhance 

the idea as an innovative process combined and associated with Artificial Intelligence ethicists to encourage the 

collection of ideas and policymakers. 

Yukai Qi (2024) in his paper explained the systematic literature research method which can be used to study 

various levels of application with an enhanced AI-powered technology dealt with the protection of future role 

as an environmental cause combined with achievable sustainability development. One of the major causes of 

human health, plants, and the environment has been designed with a higher concentration of the ozone layer as 

the tropospheric atmosphere affects the earth. The concentration of the Ozone layer dealt with unit volume. The 

unit of mass ratio mg/L, g/m3 has been used as a ratio of volume with 1%, 5%, etc., often used in the health 

sector to verify the causes of air pollutants. Furthermore, the research paper describes air protection with 

upgradable optimization as intelligent algorithms. The air monitoring station has been launched to monitor high 

kinds of air pollutants that affect the environment. In the pollution prediction field, the role of AI plays a vital 

role. This paper further dealt with the application of artificial intelligence algorithms would overcome the 

weakness involved in traditional pollution prediction methods in the form of statistical data models with the 

learning analysis under large scale of learning for the improvisation and prediction of environmental pollution 
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with greater accuracy of data. As a future role, the continuous progress of technological factors involved in 

empowered AI has dealt with more significant and effective protection of the environment.  

Meenakshi Malhotra et al., (2024) in their research paper describe the causes and crisis of air pollutants in 

major cities with high-quality prediction. The challenging feature of air pollution has been combined with 

different levels of dimensional panels with temporal sequences. As a significant issue, various types of 

environmental pollution cause a healthy life for humans. To avoid pollutant matter, we must keep the 

surroundings eco-friendly. This paper suggests a neural network algorithm for predicting pollution with an 

accurate prediction factor. The interpreted data collection would suggest a high accuracy for environmental 

pollution prediction. Various organizations are demonstrating sustainable goals to protect the environment 

from threats and contamination with a balanced ecosystem. The paper further suggests that future authors 

incorporate data integrity with real data updates by highlighting various prediction models using the analysis of 

the Artificial Neural Network model. The computational complexity can be eradicated using the perfect 

prediction system for the future empowered AI with more advanced learning models for calculating the 

effectiveness and accuracy of sustainable development goals. 

Research Gap 

The reviewed literature demonstrates significant progress in AI-based environmental prediction, but 

environmental AI studies vary substantially in data provenance, validation design, interpretability and reporting 

of computational cost. A useful sustainability framework should connect sensing, preprocessing, prediction, 

uncertainty-aware decision support and environmental action while also accounting for the environmental 

footprint of the AI system itself. The present paper addresses this gap conceptually and uses the available 

Chennai observations only as an illustrative demonstration. A fully experimental study would require a larger 

independently collected dataset, explicit sampling dates, a reproducible train-test or time-series validation 

strategy, baseline models, uncertainty estimates and energy measurements. 

AI-BASED ENVIRONMENTAL SUSTAINABILITY FRAMEWORK 

The proposed framework consists of five layers: (1) Data Acquisition, (2) Data Processing, (3) AI Prediction, 

(4) Uncertainty-Aware/Fuzzy Decision Support, and (5) Environmental Action and Continuous Monitoring. 

The architecture is intended as a reusable conceptual framework; it is not presented as a validated operational 

system. 

Data Acquisition Layer 

• Air-quality monitoring stations 

• IoT environmental sensors 

• Meteorological stations 

• Traffic monitoring systems 

• Satellite observations 

• Industrial monitoring systems 

• Smart bins for e-waste collection 

Data Processing Layer 

Collected data can be transmitted to cloud or edge platforms for preprocessing. Typical preprocessing 

operations include: 

• Missing-value handling 

• Noise removal 

• Data normalization 

• Feature selection 

• Temporal aggregation 
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AI Prediction Layer 

An Artificial Neural Network can be trained using historical environmental observations. Backpropagation 

minimizes prediction error by updating network weights. In a future experimental implementation, the 

complete workflow should be: time-stamped observations → preprocessing → training/validation separation 

→ ANN prediction → uncertainty estimation → error evaluation → fuzzy decision support → environmental 

action. The current manuscript does not claim that this complete experimental workflow has been validated. 

Fuzzy Decision-Support Layer 

Environmental conditions are uncertain and may not always be represented by rigid thresholds. A fuzzy 

inference system can transform numerical environmental observations into linguistic conditions such as Low, 

Moderate, High and Very High pollution. For example: IF PM2.5 is High AND traffic is High THEN 

pollution-control level is High. In a validated system, fuzzy rules should be derived from domain expertise and 

tested against observed outcomes rather than assumed to be universally optimal. 

Environmental Action and Monitoring Layer 

• Traffic management 

• Industrial emission control 

• Air-quality alerts 

• Energy optimization 

• Green-space planning 

• Smart waste collection 

• E-waste recycling 

• Agricultural resource management 

AI FOR ENVIRONMENTAL SUSTAINABILITY: FOCUSED SCOPE 

Air-Quality Prediction 

The research paper focuses on urban air-quality management because it provides a concrete setting in which 

observations, predictions, uncertainty and environmental actions can be clearly separated. AI can support short-

term pollution forecasting, pollution-spike detection, public-health alerts and traffic/emission management. 

Other sustainability applications such as e-waste management, energy optimization, precision agriculture and 

smart transportation are retained only as contextual examples of how the framework may be extended; they are 

not treated as independent empirical case studies in this paper. 

Secondary Sustainability Applications 

AI-enabled e-waste management can support automated classification, material identification, collection-route 

optimization and recycling-process optimization. Energy systems, agriculture, healthcare and transportation 

can similarly benefit from forecasting and resource optimization. These applications motivate the broader 

framework, but no quantitative performance claims are made for them in this paper. AI can optimize traffic 

flow, transportation planning and urban resource allocation. Intelligent traffic systems can dynamically adjust 

traffic signals and potentially reduce congestion, fuel consumption and vehicle emissions. 

Table 1. Ahmedabad contextual observation series 

S.No. Time AQI (index) PM2.5 (µg/m³) SO2 (µg/m³) 

   1 6 AM 89 42 3 

   2 7 AM 103 50 3 

   3 8 AM 111 56 4 

   4 9 AM 123 63 4 
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   5 10 AM 119 60 5 

   6 11 AM 115 57 4 

   7 12 PM 105 50 6 

 

Fig 1: Graphical Representation  

The reported observations show an increase in AQI and PM2.5 during the morning period followed by a 

decline towards noon. 

Table 2. Mumbai contextual observation series 

S.No. Time AQI (index) PM2.5 (µg/m³) SO2 (µg/m³) 

   1 6 AM 132 58 4 

   2 7 AM 136 60 5 

   3 8 AM 131 59 5 

   4 9 AM 134 58 5 

   5 10 AM 135 59 6 

   6 11 AM 142 62 5 

   7 12 PM 152 62 4 

 

Fig 2: Graphical Representation 

The reported observations show an overall increase in AQI towards noon, while PM2.5 remains within a 

relatively narrow range. 

https://rsisinternational.org/journals/ijrias
https://rsisinternational.org/journals/ijrias
https://rsisinternational.org/journals/ijrias
https://rsisinternational.org/journals/ijrias
http://www.rsisinternational.org/


INTERNATIONAL JOURNAL OF RESEARCH AND INNOVATION IN APPLIED SCIENCE (IJRIAS) 

ISSN No. 2454-6194 | DOI: 10.51584/IJRIAS |Volume XI Issue XIII August 2026  

Special Issue on Innovations in Environmental Science and Sustainable Engineering 

 

Page 456 www.rsisinternational.org 

 
 

 

Table 3. New Delhi contextual observation series 

S.No. Time AQI (index) PM2.5 (µg/m³) SO2 (µg/m³) 

   1 6 AM 319 147 4 

   2 7 AM 316 146 4 

   3 8 AM 315 145 4 

   4 9 AM 322 155 5 

   5 10 AM 340 172 7 

   6 11 AM 223 96 6 

   7 12 PM 173 79 8 

 

Fig 3: Graphical Representation 

The reported observations show a reduction in AQI and PM2.5 during the later part of the observation period. 

ILLUSTRATIVE RETROSPECTIVE ANN DEMONSTRATION  

To make the distinction between observed data and model outputs explicit, this section reports the numerical 

ANN calculations as a retrospective illustration. The available source material does not provide a complete 

dataset, sampling period, independent train-test split, cross-validation or time-series validation strategy, 

repeated runs, confidence intervals, or a documented hardware/energy environment. Therefore, the results 

below must not be interpreted as evidence that the ANN will generalize to unseen cities, dates or monitoring 

stations. They are included solely to demonstrate the form of an AI prediction analysis and to show why 

transparent evaluation is required.   

Table 4. Chennai primary case-study observation series 

S.No. Time AQI (index) PM2.5 (µg/m³) SO2 (µg/m³) 

   1 6 AM 54 26 3 

   2 7 AM 52 27 2 

   3 8 AM 53 29 2 

   4 9 AM 51 25 2 

   5 10 AM 49 26 3 

   6 11 AM 73 40 3 

   7 12 PM 73 39 4 

RMSE = √[(1/n) Σ(yᵢ − ŷᵢ)²] 

The retrospective ANN configuration use one hidden layer with five neurons; City was one-hot encoded, while 

Hour, PM2.5 and SO2 were standardized. ReLU activation, L-BFGS optimization, alpha = 0.01 and 
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random_state = 1 were specified. Because the original train-test construction and validation protocol are not 

documented, these settings are reported for reproducibility of the retrospective calculation only, not as a 

validated experimental protocol. 

Illustrative Performance Statistics 

The retrospective calculation produced MAE = 3.447 AQI units, RMSE = 5.698 AQI units, R² = 0.9849 and 

MAPE = 2.55%. The corresponding 100−MAPE value of 97.45% is a derived percentage and is not 

classification accuracy. Because the sampling design and validation procedure are unavailable, these values 

should not be used to claim superior predictive performance or deployment readiness. 

Table 5. Retrospective comparison of ANN and linear regression  

Metric Value Status 

MAE (AQI units) 3.447 Illustrative 

RMSE (AQI units) 5.698 Illustrative 

R² 0.9849 Illustrative 

MAPE (%) 2.550 Illustrative 

100−MAPE (%) 97.450 Derived percentage; not accuracy 

Table 6. Observed AQI values versus retrospective ANN-generated values 

Model MAE (AQI units) 
RMSE 

(AQI units) 
R² MAPE (%) 100−MAPE (%) 

Linear Regression 9.117 14.768 0.8985 6.391 93.609 

ANN–Backpropagation 3.447 5.698 0.9849 2.550 97.450 

 

City Time Observed AQI Retrospective predicted AQI Absolute error 

Ahmedabad 11:00 115 118.07 3.07 

Ahmedabad 12:00 105 104.01 0.99 

Mumbai 11:00 142 143.67 1.67 

Mumbai 12:00 152 148.05 3.95 

New Delhi 11:00 87 89.19 2.19 

New Delhi 12:00 87 84.26 2.74 

Chennai 11:00 73 73.4 0.4 

Chennai 12:00 73 71.06 1.94 

Computational Cost, Energy Use and Reproducibility Requirements 

For an ANN with input dimension d, h hidden neurons and one output, a forward/backpropagation pass is 

approximately O(dh + h) per sample, while total training cost depends on the number of iterations/epochs and 

implementation details. Sustainable AI requires more than predictive accuracy: future experiments should 

report training time, inference time, number of parameters, memory requirements, CPU/GPU type, software 

environment, batch size, number of iterations, and energy consumption or a defensible proxy such as electricity 

use and carbon intensity. The current manuscript does not provide these measurements, so no claim of energy 

efficiency is made. 

RESULTS AND DISCUSSION 

The primary finding of the proposed paper is methodological rather than a claim of predictive superiority. The 

Chennai observations demonstrate how a small temporal air-quality series can be organized for an AI-enabled 

environmental decision framework, but the data are insufficient to establish a reliable forecasting model. The 

retrospective ANN values show the form of a prediction exercise, yet their numerical performance cannot be 
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generalized because the original sampling period, train-test split and validation design are unavailable. The 

framework is therefore best understood as a blueprint for a future validated environmental AI system. 

LIMITATIONS AND UNCERTAINTY 

Several limitations constrain the interpretation of the present work. First, the source manuscript does not 

document the exact observation dates, monitoring-station identifiers, complete sampling period or data-

download procedure. Second, the available observations are small and cover only selected hourly values, which 

is inadequate for establishing seasonal, weekly or long-term predictive behavior. Third, the retrospective model 

calculations do not have a sufficiently documented train-test and validation protocol. Fourth, AQI is an 

aggregated index and may conceal pollutant-specific behavior; predictions should therefore be evaluated 

separately for relevant pollutants where possible. Fifth, ANN outputs are subject to model uncertainty, data 

uncertainty and distribution shift. A future study should report prediction intervals, uncertainty estimates, 

sensitivity to missing/noisy inputs and performance under changing meteorological and pollution regimes. 

AI BENEFITS VERSUS AI ENVIRONMENTAL FOOTPRINT 

AI can reduce environmental impacts when it enables earlier pollution warnings, better traffic management, 

improved resource allocation or more efficient recycling. However, AI systems also consume electricity during 

data collection, model training, inference and cloud/edge operation, while hardware production and end-of-life 

disposal create additional impacts. The sustainability benefit of an AI intervention should therefore be assessed 

as a net effect: environmental benefit generated by the intervention minus the operational and embodied 

environmental costs of the AI system. For future work, energy per training run, energy per prediction or a 

suitable operational proxy should be reported together with model performance. Smaller models, edge 

inference, efficient hardware, reduced retraining frequency and carbon-aware scheduling can be considered 

where they preserve required accuracy and reliability. 

The Chennai case study suggests a practical decision pipeline: observe → preprocess → predict → quantify 

uncertainty → classify conditions through fuzzy rules → trigger an environmental response → monitor the 

outcome. The value of such a system should ultimately be measured not only by prediction error but also by 

whether the intervention reduces exposure, emissions, energy use or material waste. This outcome-based 

evaluation is a necessary complement to AI model metrics.    

 

Figure 4. Observed versus retrospective predicted AQI 
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CONCLUSION AND FUTURE RESEARCH 

The research paper explicitly positioned as a conceptual framework with an illustrative retrospective air-quality 

demonstration, not as a definitive experimental prediction study. The framework integrates IoT/environmental 

sensing, preprocessing, ANN prediction, fuzzy decision support and environmental action, with Chennai air 

quality used as the primary case study. The observed AQI, PM2.5 and SO2 values are distinguished from 

retrospective AI-generated values, and the reported ANN metrics are presented only as illustrative calculations 

because the source manuscript does not document a complete sampling period, independent train-test split, 

validation strategy or energy measurements. The discussion emphasizes uncertainty, reproducibility, 

computational cost and the environmental footprint of AI. Future experimental work should use independently 

collected, time-stamped multi-season data; chronological training/validation/test splits; baseline comparisons; 

uncertainty estimates; explainability; and energy/carbon measurements. AI should be judged by both technical 

reliability and net environmental benefit. 

Data Source 

AQI.in. India Air Quality Dashboard. https://www.aqi.in/in/dashboard/india 
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