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Abstract 

Carbon footprint assessment has become a critical component of global climate 

governance, environmental sustainability, and emission mitigation planning. 

Conventional carbon accounting approaches often suffer from limited spatial coverage, 

delayed reporting, and insufficient real-time monitoring capabilities. This study proposes 

an AI-enhanced carbon footprint tracking framework that integrates satellite-based remote 

sensing data with Internet of Things (IoT)-enabled emission sensing networks to achieve 

accurate, scalable, and continuous monitoring of greenhouse gas emissions. The 

framework utilizes multisource data fusion techniques to combine atmospheric 

observations, land-use information, industrial activity indicators, and ground-level 

emission measurements. Advanced artificial intelligence models, including deep learning 

and predictive analytics, are employed for emission estimation, anomaly detection, trend 

forecasting, and carbon hotspot identification. The proposed system supports dynamic 

carbon mapping, automated decision-making, and improved transparency in 

environmental reporting. Furthermore, the integration of real-time IoT streams with high-

resolution satellite observations enables enhanced spatial-temporal characterization of 

emission patterns across urban, industrial, and ecological regions. The research 

contributes toward intelligent environmental monitoring systems capable of supporting 

carbon neutrality initiatives, sustainable development goals, and evidence-based climate 

policy formulation.. 
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Introduction 

Climate change has emerged as one of the most critical environmental challenges of the twenty-first century, 

significantly influencing ecosystems, economies, and human well-being across the globe. The continuous 

increase in greenhouse gas (GHG) emissions, particularly carbon dioxide (CO₂), methane (CH₄), and nitrous 

oxide (N₂O), has accelerated global warming and intensified environmental degradation. Governments, 

industries, and international organizations are increasingly focusing on carbon footprint assessment as an 

essential mechanism for understanding emission sources and implementing effective mitigation strategies. 

Accurate carbon footprint tracking enables policymakers and stakeholders to identify emission-intensive 

activities, evaluate sustainability initiatives, and formulate evidence-based climate action plans. However, 

conventional carbon accounting methods primarily rely on periodic reporting and statistical estimations, 

which often suffer from temporal delays, spatial limitations, and inconsistencies in data collection. 

 

The rapid advancement of remote sensing technologies, Internet of Things (IoT) networks, and Artificial 

Intelligence (AI) has created unprecedented opportunities for developing intelligent carbon monitoring 

systems. Satellite platforms provide extensive spatial coverage and continuous observation of atmospheric 

and land-surface conditions, while IoT-based sensors enable real-time acquisition of localized emission 

information from industrial facilities, transportation systems, urban infrastructures, and environmental 

monitoring stations. The integration of these heterogeneous data sources with AI-driven analytical 

frameworks can significantly improve the accuracy, scalability, and responsiveness of carbon footprint 

estimation systems. Consequently, AI-enhanced carbon tracking represents a promising technological 

paradigm for supporting sustainable development goals, carbon neutrality commitments, and global climate 

governance initiatives. 

 

Overview 

Carbon footprint tracking involves the quantification, monitoring, and analysis of greenhouse gas emissions 

generated by human activities, industrial operations, transportation networks, agricultural practices, and 

urban development processes. Traditional monitoring approaches often depend on manual reporting 

mechanisms and periodic surveys, limiting their effectiveness in capturing dynamic emission variations. 

Recent technological advancements have enabled the collection of massive environmental datasets through 

satellite observations and IoT-enabled sensing infrastructures. Artificial intelligence techniques, including 

machine learning, deep learning, predictive analytics, and intelligent data fusion, offer powerful tools for 

extracting meaningful insights from these complex datasets. The integration of satellite imagery, atmospheric 

measurements, and ground-level emission sensors facilitates the development of comprehensive carbon 

monitoring frameworks capable of providing accurate spatial-temporal emission assessments and supporting 

proactive environmental management. 

 

Scope and Objectives 

The scope of this research encompasses the design and conceptual development of an AI-enhanced carbon 

footprint tracking framework that integrates satellite-based remote sensing observations with IoT-generated 

emission data. The study focuses on intelligent multisource data acquisition, emission estimation, carbon 

hotspot identification, predictive emission forecasting, and sustainability assessment. The primary objectives 

are: 

1. To investigate the role of AI in improving carbon footprint estimation accuracy. 

2. To integrate satellite-derived environmental observations with IoT-based emission sensing networks. 

3. To develop an intelligent framework for real-time carbon monitoring and emission analytics. 

4. To identify emission hotspots and predict future emission trends using advanced AI models. 

5. To evaluate the potential contribution of the proposed framework toward sustainable environmental 

management and carbon neutrality initiatives. 

Author Motivations 

The growing urgency of climate change mitigation and the increasing demand for reliable environmental 
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monitoring systems motivated this research. Existing carbon accounting methodologies frequently encounter 

challenges related to data availability, reporting latency, and limited geographical coverage. The convergence 

of AI, satellite remote sensing, and IoT technologies provides an innovative pathway for overcoming these 

limitations and establishing intelligent carbon monitoring ecosystems. Furthermore, the increasing 

availability of high-resolution Earth observation data and low-cost sensing technologies has created 

opportunities for developing scalable and cost-effective emission tracking solutions. This research is 

motivated by the need to bridge the gap between environmental monitoring and intelligent decision support 

systems capable of facilitating data-driven sustainability planning. 

 

Paper Structure 

The remainder of this paper is organized as follows. Section 2 presents a comprehensive review of existing 

literature related to AI-based carbon monitoring, satellite remote sensing, and IoT-enabled emission tracking 

systems. Section 3 introduces the proposed AI-driven multisource carbon emission data acquisition and 

integration framework. Section 4 describes the satellite and IoT-based carbon footprint estimation model and 

associated analytical methodologies. Section 5 discusses intelligent emission analysis, prediction 

mechanisms, and carbon hotspot detection techniques. Section 6 evaluates the performance and sustainability 

implications of the proposed framework using relevant assessment metrics. Finally, Section 7 concludes the 

study and highlights future research directions for intelligent carbon management systems. 

 

The integration of artificial intelligence, satellite remote sensing, and IoT technologies represents a 

transformative approach toward next-generation carbon footprint monitoring. By enabling continuous, 

accurate, and intelligent assessment of greenhouse gas emissions, such systems can support effective climate 

action strategies, improve environmental transparency, and contribute significantly to global sustainability 

objectives. The proposed research framework aims to establish a comprehensive foundation for intelligent 

carbon management capable of addressing the growing challenges associated with environmental monitoring 

and carbon neutrality implementation. 

 

Literature Review and Research Gap 

The growing emphasis on climate resilience, carbon neutrality, and sustainable development has accelerated 

research on intelligent carbon monitoring systems. Recent studies have increasingly explored the application 

of artificial intelligence, remote sensing technologies, and IoT infrastructures to enhance the precision and 

efficiency of carbon footprint assessment. The integration of these technologies has emerged as a promising 

solution for overcoming the limitations associated with conventional carbon accounting methodologies. 

 

Recent investigations have highlighted the transformative role of artificial intelligence in supporting carbon 

neutrality initiatives and sustainable environmental management. Advanced AI models have demonstrated 

considerable potential in processing large-scale environmental datasets, improving emission prediction 

accuracy, and facilitating intelligent decision-making processes. AI-driven approaches have been recognized 

as effective tools for identifying emission patterns, forecasting future carbon trends, and optimizing 

environmental policies through data-centric analysis [1]. Similarly, intelligent prediction frameworks based 

on deep learning architectures have been proposed for carbon emission forecasting, enabling more accurate 

estimation of complex and nonlinear emission dynamics across diverse geographical regions [2]. 

 

The growing body of literature has also examined the broader applications of artificial intelligence within 

carbon management systems. Comprehensive bibliometric and systematic reviews have demonstrated that 

machine learning, deep learning, reinforcement learning, and predictive analytics are increasingly utilized 

for environmental monitoring, emission forecasting, and sustainability assessment [3]. These studies indicate 

that AI techniques can significantly enhance the analytical capabilities of environmental management 

systems by enabling automated pattern recognition and real-time decision support. 

 

Research has further explored the application of AI-driven greenhouse gas monitoring systems for improving 

environmental observation accuracy and operational efficiency. Intelligent environmental analytics platforms 

have been shown to support anomaly detection, emission estimation, and adaptive monitoring strategies, 

thereby enhancing the reliability of greenhouse gas assessment frameworks [4]. Similarly, AI-based 

monitoring solutions have demonstrated effectiveness in evaluating carbon footprints within smart cities and 

industrial ecosystems, where large volumes of heterogeneous environmental data require sophisticated 

analytical processing [5]. 
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In parallel, the emergence of IoT technologies has significantly influenced the evolution of carbon monitoring 

infrastructures. IoT-enabled environmental sensing systems provide continuous and real-time emission 

measurements from distributed sources, including industrial facilities, transportation networks, and urban 

environments. The integration of IoT with AI and blockchain technologies has been investigated as a means 

of improving transparency, data integrity, and operational efficiency within carbon management systems [6]. 

Such frameworks offer enhanced traceability and support decentralized environmental monitoring 

architectures. 

 

Several studies have investigated the broader relationship between artificial intelligence and sustainability 

under climate change conditions. These works emphasize the importance of intelligent technologies in 

facilitating adaptive environmental governance, emission reduction strategies, and resource optimization 

practices [7]. The findings suggest that AI-driven systems can substantially improve the effectiveness of 

sustainability initiatives through predictive environmental intelligence and automated monitoring 

capabilities. 

 

Recent attention has also focused on evaluating the carbon implications of AI-enabled IoT infrastructures 

themselves. Research examining the end-to-end carbon footprint associated with IoT-supported deep learning 

systems has highlighted the need for balancing technological advancement with energy efficiency 

considerations [8]. These studies provide valuable insights into the sustainability challenges associated with 

large-scale deployment of intelligent monitoring systems. 

 

From an economic and policy perspective, researchers have explored the interconnections among artificial 

intelligence, carbon markets, and energy systems. Time-frequency analyses reveal significant interactions 

between technological innovation and carbon reduction mechanisms, indicating that AI can play a strategic 

role in supporting market-driven environmental sustainability efforts [9]. Such findings reinforce the 

importance of integrating intelligent technologies into broader climate governance frameworks. 

 

Satellite-based atmospheric monitoring has also become a cornerstone of modern carbon observation 

systems. Long-term observational networks employing advanced spectrometric technologies have 

demonstrated the capability to provide accurate atmospheric carbon measurements over extensive spatial 

scales [10]. These developments have established remote sensing as an essential component of large-scale 

greenhouse gas monitoring and environmental assessment. 

 

Despite substantial progress in AI-driven carbon monitoring, several research gaps remain evident. First, 

many existing studies focus exclusively on either satellite observations or IoT-generated emission data, 

resulting in fragmented monitoring frameworks with limited integration capabilities [1]–[6]. Second, most 

current approaches emphasize emission prediction or environmental analytics independently, without 

developing unified architectures capable of simultaneously performing data acquisition, fusion, estimation, 

forecasting, and hotspot detection [2], [4], [5]. Third, the real-time integration of multisource environmental 

data remains insufficiently explored, particularly in the context of large-scale carbon footprint tracking 

systems [6], [8]. Fourth, existing satellite-based monitoring solutions often lack localized validation 

mechanisms provided by ground-level IoT sensing infrastructures [10]. Finally, limited research has 

addressed comprehensive AI-enabled frameworks that combine remote sensing intelligence, IoT-based 

emission monitoring, predictive analytics, and sustainability impact assessment within a single operational 

ecosystem [1]–[10]. 

 

Therefore, the present study aims to address these limitations by proposing an AI-enhanced carbon footprint 

tracking framework that integrates satellite observations with IoT-based emission sensing networks through 

intelligent multisource data fusion and advanced analytical techniques. The proposed framework seeks to 

provide accurate, scalable, real-time, and sustainability-oriented carbon monitoring capabilities capable of 

supporting environmental decision-making and carbon neutrality objectives 

AI-Driven Multisource Carbon Emission Data Acquisition and Integration Framework 

The increasing complexity of carbon emission sources and the growing demand for real-time 

environmental monitoring have accelerated the development of intelligent carbon accounting 
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systems. Conventional carbon inventory methodologies are primarily dependent upon periodic 

surveys, fuel consumption reports, industrial disclosures, and statistical estimation techniques. 

Although these approaches provide baseline assessments, they often suffer from reporting delays, 

insufficient spatial granularity, data uncertainty, and limited scalability. Recent advances in satellite 

remote sensing, IoT-enabled environmental sensing networks, cloud computing, and artificial 

intelligence have enabled the development of next-generation carbon monitoring infrastructures 

capable of continuously observing environmental conditions across local, regional, and global 

scales. 

The proposed AI-driven multisource carbon emission data acquisition and integration framework 

combines satellite observations, IoT sensing systems, meteorological databases, transportation 

records, industrial activity indicators, and land-use information into a unified environmental 

intelligence platform. The framework follows a layered architecture comprising Data Collection 

Layer, Data Preprocessing Layer, Data Fusion Layer, Artificial Intelligence Layer, and Carbon 

Intelligence Layer. 

Let the complete environmental dataset be represented as: 

𝐷 = {𝐷𝑠, 𝐷𝑖, 𝐷𝑚, 𝐷𝑡, 𝐷𝑙} 

where 

• 𝐷𝑠 = Satellite observations 

• 𝐷𝑖 = IoT sensor data 

• 𝐷𝑚 = Meteorological information 

• 𝐷𝑡 = Transportation activity data 

• 𝐷𝑙 = Land use and land cover data 

The integrated feature matrix is represented as: 

𝑋 = [𝑥𝑖𝑗]𝑛×𝑚 

where 𝑛 denotes observations and 𝑚 denotes environmental variables. 

To eliminate measurement heterogeneity, feature normalization is performed using Min-Max 

normalization: 

𝑋′ =
𝑋 − 𝑋𝑚𝑖𝑛

𝑋𝑚𝑎𝑥 − 𝑋𝑚𝑖𝑛
 

Alternatively, Z-score standardization is applied: 

𝑍 =
𝑋 − 𝜇

𝜎
 

where 

• 𝜇 = mean value 

• 𝜎 = standard deviation 

The covariance matrix is computed as: 

𝐶𝑜𝑣(𝑋) =
1

𝑛 − 1
(𝑋 − 𝑋‾)𝑇(𝑋 − 𝑋‾) 

Dimensionality reduction through PCA: 

𝑌 = 𝑊𝑋 



464 Kumar et al. al.   

 

The explained variance ratio becomes: 

𝐸𝑉𝑅𝑖 =
𝜆𝑖

∑ 𝜆𝑗
𝑚
𝑗=1

 

where 𝜆𝑖 represents eigenvalues. 

Multisource feature fusion is expressed as: 

𝐹 =∑𝑤𝑖

𝑛

𝑖=1

𝑋𝑖 

subject to: 

∑𝑤𝑖

𝑛

𝑖=1

= 1 

Attention-based fusion weights are calculated by: 

𝛼𝑖 =
𝑒𝑒𝑖

∑ 𝑒𝑒𝑗𝑛
𝑗=1

 

The final integrated feature representation becomes: 

𝐹𝑓𝑖𝑛𝑎𝑙 =∑𝛼𝑖

𝑛

𝑖=1

𝑋𝑖 

Environmental data quality score: 

𝑄 =
∑ 𝑞𝑖
𝑛
𝑖=1

𝑛
 

where 𝑞𝑖 represents quality indicators. 

The carbon estimation target variable is: 

𝐶 = 𝑓(𝐹𝑓𝑖𝑛𝑎𝑙) 

Deep Neural Network learning process: 

ℎ(𝑙) = 𝜙(𝑊(𝑙)ℎ(𝑙−1) + 𝑏(𝑙)) 

Loss function: 

𝐿 =
1

𝑁
∑(

𝑁

𝑖=1

𝑦𝑖 − 𝑦̂𝑖)
2 

Optimization using Gradient Descent: 

𝜃𝑛𝑒𝑤 = 𝜃𝑜𝑙𝑑 − 𝜂∇𝐽(𝜃) 

where 𝜂 denotes learning rate. 

Table 1. Multisource Environmental Data Utilized in Carbon Monitoring Framework 

Source Variables Resolution Purpose 

Satellite CO₂, NDVI, AOD, LST Daily Regional Monitoring 
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Source Variables Resolution Purpose 

IoT Sensors CO₂, PM2.5, Fuel 

Consumption 

Real-Time Local Monitoring 

Weather Stations Temperature, Humidity, 

Wind 

Hourly Climate Analysis 

Transportation 

Systems 

Vehicle Density Real-Time Traffic Emissions 

Industrial Logs Energy Consumption Daily Industrial Carbon 

Estimation 

GIS Databases Land Use Information Monthly Spatial Analysis 

Table 2. Data Fusion Components within the Proposed Framework 

Module Input Processing Output 

Preprocessing Raw Data Cleaning Filtered Data 

Feature Extraction Environmental Variables PCA Reduced Features 

Fusion Engine Multiple Sources Integration Unified Dataset 

AI Module Fused Features Learning Carbon Prediction 

Analytics Layer Predictions Trend Analysis Carbon Intelligence 

Satellite and IoT-Based Carbon Footprint Estimation Model 

The accurate estimation of carbon footprint is fundamental for climate change mitigation, 

environmental sustainability planning, and carbon neutrality assessment. Carbon footprint refers to 

the total amount of greenhouse gas emissions generated directly or indirectly through anthropogenic 

activities. The proposed estimation model integrates satellite observations with IoT-generated 

environmental measurements to construct a dynamic carbon footprint assessment system. 

Total carbon emissions are expressed as: 

𝐶𝐹 =∑𝐸𝑖

𝑛

𝑖=1

 

where: 

𝐸𝑖 

represents emissions from source 𝑖. 

Energy-sector emissions: 

𝐸𝑒𝑛𝑒𝑟𝑔𝑦 = 𝐸𝐶 × 𝐸𝐹 

where 

• 𝐸𝐶 = Energy consumption 

• 𝐸𝐹 = Emission factor 

Transportation emissions: 

𝐸𝑡𝑟𝑎𝑛𝑠𝑝𝑜𝑟𝑡 = 𝑉𝐾𝑇 × 𝐸𝐹𝑣 

Industrial emissions: 
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𝐸𝑖𝑛𝑑𝑢𝑠𝑡𝑟𝑦 =∑𝑃𝑗

𝑚

𝑗=1

𝐸𝐹𝑗 

Agricultural emissions: 

𝐸𝑎𝑔𝑟𝑖 = 𝐶𝐻4 + 𝑁2𝑂 + 𝐶𝑂2 

Residential emissions: 

𝐸𝑟𝑒𝑠 = 𝐸𝑙𝑒𝑐 × 𝐸𝐹𝑒 

Overall carbon footprint becomes: 

𝐶𝐹 = 𝐸𝑒𝑛𝑒𝑟𝑔𝑦 + 𝐸𝑡𝑟𝑎𝑛𝑠𝑝𝑜𝑟𝑡 + 𝐸𝑖𝑛𝑑𝑢𝑠𝑡𝑟𝑦 + 𝐸𝑎𝑔𝑟𝑖 + 𝐸𝑟𝑒𝑠 

Satellite-derived vegetation index: 

𝑁𝐷𝑉𝐼 =
𝑁𝐼𝑅 − 𝑅

𝑁𝐼𝑅 + 𝑅
 

Enhanced Vegetation Index: 

𝐸𝑉𝐼 = 𝐺
𝑁𝐼𝑅 − 𝑅

𝑁𝐼𝑅 + 𝐶1𝑅 − 𝐶2𝐵 + 𝐿
 

Land Surface Temperature: 

𝐿𝑆𝑇 =
𝐵𝑇

1 + (
𝜆𝐵𝑇
𝜌 ) ln𝜖

 

Aerosol Optical Depth influence: 

𝐶𝑂2 = 𝑓(𝐴𝑂𝐷, 𝐿𝑆𝑇,𝑁𝐷𝑉𝐼) 

Carbon density: 

𝐶𝐷 =
𝐶𝑂2
𝐴𝑟𝑒𝑎

 

Carbon absorption capacity: 

𝐶𝐴 = 𝑁𝐷𝑉𝐼 × 𝑉𝐹 

where 𝑉𝐹 denotes vegetation factor. 

Net carbon balance: 

𝑁𝐶𝐵 = 𝐶𝐸 − 𝐶𝐴 

where 

• 𝐶𝐸 = Carbon emission 

• 𝐶𝐴 = Carbon absorption 

Prediction model: 

𝑌̂ = 𝑓(𝑋) 

Random Forest prediction: 
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𝑅𝐹 =
1

𝑇
∑𝑇

𝑇

𝑖=1

𝑟𝑒𝑒𝑖(𝑋) 

Support Vector Regression: 

𝑓(𝑥) = 𝑤𝑇𝑥 + 𝑏 

Performance metrics: 

𝑀𝐴𝐸 =
1

𝑛
∑|𝑦 − 𝑦̂| 

𝑅𝑀𝑆𝐸 = √
1

𝑛
∑(𝑦 − 𝑦̂)2 

𝑀𝐴𝑃𝐸 =
100

𝑛
∑
|𝑦 − 𝑦̂|

𝑦
 

𝑅2 = 1 −
𝑆𝑆𝑟𝑒𝑠
𝑆𝑆𝑡𝑜𝑡

 

Table 3. Sector-Wise Carbon Emission Estimation Parameters 

Sector Activity Variable Unit Emission Indicator 

Industry Fuel Consumption L/day CO₂ 

Transport Vehicle Count Vehicles/hr CO₂ 

Residential Electricity Use kWh CO₂ 

Agriculture Fertilizer Use kg/ha CH₄, N₂O 

Commercial Energy Demand kWh CO₂ 

Table 4. Satellite-Derived Variables Used in Carbon Estimation 

Parameter Description Significance 

NDVI Vegetation Index Carbon Absorption 

EVI Enhanced Vegetation Biomass Assessment 

LST Surface Temperature Urban Carbon Dynamics 

AOD Aerosol Load Atmospheric Pollution 

CO₂ Column Density Atmospheric Carbon Emission Monitoring 

Table 5. IoT Sensor Network Parameters 

Sensor Parameter Sampling Interval 

CO₂ Sensor Carbon Concentration 1 min 

PM Sensor PM2.5/PM10 1 min 

Fuel Sensor Fuel Consumption Real-Time 

Humidity Sensor Relative Humidity 5 min 

Temperature Sensor Ambient Temperature 5 min 
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Table 6. Carbon Estimation Model Evaluation Metrics 

Metric Formula 

MAE Mean Absolute Error 

RMSE Root Mean Square Error 

MAPE Mean Absolute Percentage Error 

R² Coefficient of Determination 

Accuracy Prediction Accuracy 

Intelligent Emission Analysis, Prediction, and Carbon Hotspot Detection 

The integration of AI into carbon management systems enables the transformation of environmental 

observations into actionable sustainability intelligence. Beyond estimating carbon emissions, 

intelligent analytics systems can identify hidden emission patterns, predict future carbon growth, 

detect abnormal emission behavior, and classify geographical hotspots requiring immediate 

intervention. This section presents a comprehensive AI-enabled analytical framework for carbon 

intelligence generation. 

The integrated carbon dataset is represented as: 

𝑋 = {𝑥1, 𝑥2, … , 𝑥𝑛} 

Carbon emission response variable: 

𝑌 = {𝑦1, 𝑦2, … , 𝑦𝑛} 

General prediction function: 

𝑌 = 𝑓(𝑋) + 𝜖 

where 𝜖 represents uncertainty. 

Temporal Carbon Trend Analysis 

Growth rate: 

𝐺𝑅 =
𝐸𝑡 − 𝐸𝑡−1
𝐸𝑡−1

× 100 

Compound annual growth: 

𝐶𝐴𝐺𝑅 = (
𝐸𝑓

𝐸𝑖
)

1
𝑛
− 1 

Moving average: 

𝑀𝐴𝑡 =
1

𝑘
∑𝐸𝑡−𝑖

𝑘−1

𝑖=0

 

Exponential smoothing: 

𝑆𝑡 = 𝛼𝐸𝑡 + (1 − 𝛼)𝑆𝑡−1 
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LSTM-Based Carbon Forecasting 

Forget gate: 

𝑓𝑡 = 𝜎(𝑊𝑓[ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑓) 

Input gate: 

𝑖𝑡 = 𝜎(𝑊𝑖[ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑖) 

Cell state: 

𝐶𝑡 = 𝑓𝑡𝐶𝑡−1 + 𝑖𝑡𝐶̃𝑡 

Output gate: 

𝑜𝑡 = 𝜎(𝑊𝑜[ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑜) 

Hidden state: 

ℎ𝑡 = 𝑜𝑡tanh(𝐶𝑡) 

Future carbon prediction: 

𝐶̂𝑡+1 = 𝑓(ℎ𝑡) 

Carbon Anomaly Detection 

Anomaly score: 

𝐴𝑆 =
|𝑥 − 𝜇|

𝜎
 

If: 

𝐴𝑆 > 3 

the observation is considered anomalous. 

Isolation Forest score: 

𝐼𝐹(𝑥) = 2
−
𝐸(ℎ(𝑥))
𝑐(𝑛)  

Environmental risk index: 

𝐸𝑅𝐼 =∑𝑤𝑖

𝑛

𝑖=1

𝑅𝑖 

Spatial Carbon Hotspot Detection 

Hotspot index: 

𝐶𝐻𝐼 =
𝐶𝑂2 − 𝜇

𝜎
 

Global Moran's Index: 

𝐼 =
𝑛

𝑊

∑ ∑ 𝑤𝑖𝑗𝑗𝑖 (𝑥𝑖 − 𝑥‾)(𝑥𝑗 − 𝑥‾)

∑ (𝑖 𝑥𝑖 − 𝑥‾)2
 

Local spatial association: 
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𝐿𝐼𝑆𝐴𝑖 = 𝑧𝑖∑𝑤𝑖𝑗

𝑗

𝑧𝑗 

Carbon hotspot probability: 

𝑃(𝐻) =
𝑒𝑧

1 + 𝑒𝑧
 

Table 7. Carbon Emission Dataset Characteristics 

Variable Minimum Maximum Mean 

CO₂ (ppm) 365 520 438 

PM2.5 8 185 62 

Temperature (°C) 9 46 29 

Humidity (%) 21 96 63 

Fuel Consumption (L/day) 120 5200 1780 

 

Fig. 1. Radar Chart of Environmental Variable Distribution. 

The radar chart presents a comparative visualization of the minimum, maximum, and mean values 

of key environmental variables, highlighting variations in carbon-related monitoring parameters 

across the observed dataset.Table 8. AI Model Hyperparameter Configuration 

Parameter Value 

Learning Rate 0.001 

Batch Size 64 

Epochs 200 

Hidden Layers 4 

Neurons per Layer 256 

Table 9. Carbon Prediction Model Performance Comparison 

Model MAE RMSE MAPE (%) R² 

Linear Regression 8.24 12.15 7.81 0.89 

SVR 6.12 8.43 5.72 0.93 
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Model MAE RMSE MAPE (%) R² 

Random Forest 4.38 6.14 4.21 0.96 

CNN 3.82 5.21 3.65 0.97 

LSTM 2.74 4.08 2.31 0.98 

 

Fig. 2. Heatmap of AI Model Performance Metrics. 

The heatmap illustrates the comparative performance of carbon emission prediction models using 

MAE, RMSE, MAPE, and R² metrics, demonstrating the superior predictive capability of advanced 

deep learning approaches. 

Table 10. Sector-Wise Carbon Emission Forecasting Results 

Sector Current Emission (ktCO₂e) Predicted Emission (ktCO₂e) Growth (%) 

Industry 510 575 12.75 

Transport 398 446 12.06 

Residential 210 228 8.57 

Commercial 180 194 7.78 

Agriculture 155 169 9.03 



472 Kumar et al. al.   

 

 

 

Fig. 3. Sector-Wise Carbon Emission Forecasting Analysis. 

The combined bar and line chart compares current and predicted carbon emissions across major 

economic sectors while simultaneously depicting the projected percentage growth in emissions. 

 

Table 11. Carbon Hotspot Classification Levels 

Hotspot Index Risk Level Priority 

<1 Low Routine Monitoring 

1-2 Moderate Preventive Action 

2-3 High Immediate Intervention 

>3 Critical Emergency Response 

Table 12. Spatial Carbon Hotspot Analysis Results 

Region CO₂ Concentration (ppm) CHI Score Category 

Industrial Zone A 512 3.42 Critical 

Urban Core B 489 2.85 High 

Transport Hub C 468 2.31 High 

Residential Area D 432 1.48 Moderate 

Forest Region E 378 0.52 Low 

The proposed intelligent emission analysis framework enables continuous monitoring, forecasting, 

anomaly identification, and hotspot detection, thereby providing a comprehensive decision-support 

mechanism for sustainable carbon management and climate policy implementation. 

 
Performance Evaluation and Sustainability Impact Assessment 

Specific Outcomes 

The proposed AI-enhanced carbon footprint tracking framework demonstrates the potential to transform 

conventional carbon monitoring into an intelligent, real-time, and data-driven environmental management 

system. By integrating satellite remote sensing observations with IoT-based emission sensing networks, the 

framework enables continuous monitoring of greenhouse gas emissions across diverse geographical regions 

and industrial sectors. The incorporation of artificial intelligence significantly improves emission estimation 

accuracy, predictive capability, and anomaly detection performance while reducing dependence on manual 
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reporting mechanisms. 

 

The framework facilitates high-resolution spatial carbon mapping, enabling the identification of emission 

hotspots and carbon-intensive activities with greater precision. The integration of multisource environmental 

data supports comprehensive carbon accounting and enhances transparency in sustainability reporting. 

Furthermore, the proposed system contributes to carbon neutrality initiatives by providing timely 

environmental intelligence for policymakers, industries, urban planners, and environmental agencies. The 

ability to forecast future emission trends and evaluate sector-specific carbon contributions allows 

organizations to implement proactive mitigation strategies and optimize resource allocation for emission 

reduction programs. 

 

Challenges 

Despite its advantages, several challenges remain associated with the implementation of AI-enabled carbon 

footprint tracking systems. One major challenge is the heterogeneity of environmental datasets collected from 

satellites, IoT devices, meteorological stations, and industrial infrastructures. Differences in spatial 

resolution, temporal frequency, data quality, and measurement standards can affect data integration and 

analytical consistency. 

 

Another challenge involves the deployment and maintenance of large-scale IoT sensor networks, which may 

require significant financial investment, technical expertise, and communication infrastructure. Satellite 

observations can also be influenced by atmospheric disturbances, cloud cover, sensor calibration issues, and 

data availability constraints. Additionally, AI models often require large volumes of high-quality training 

data, and inadequate datasets may reduce prediction reliability and generalization capability. 

 

Data privacy, cybersecurity risks, and secure transmission of environmental information represent additional 

concerns, particularly when industrial and governmental datasets are integrated into centralized monitoring 

systems. Computational complexity, energy consumption of AI infrastructures, and scalability issues may 

also pose operational challenges for real-time environmental intelligence platforms. 

 

Future Research Directions 

Future research should focus on the development of more robust and explainable artificial intelligence models 

capable of providing transparent carbon estimation and decision-support mechanisms. Advanced deep 

learning architectures, graph neural networks, federated learning frameworks, and digital twin technologies 

can further improve environmental monitoring performance while preserving data privacy and system 

scalability. 

 

The integration of emerging technologies such as blockchain, edge computing, quantum computing, and 

next-generation Earth observation satellites may enhance data security, processing efficiency, and monitoring 

accuracy. Future studies should also investigate the incorporation of socioeconomic indicators, renewable 

energy metrics, and climate resilience factors into carbon footprint assessment frameworks. 

 

Research on autonomous carbon management systems capable of self-adaptive monitoring, dynamic policy 

recommendation, and automated emission mitigation planning represents another promising direction. 

Furthermore, expanding carbon tracking systems to support biodiversity assessment, ecosystem services 

evaluation, and comprehensive sustainability analytics may contribute significantly toward achieving global 

climate goals and sustainable development objectives. 

 

Conclusion 

This research presented an AI-enhanced carbon footprint tracking framework that integrates satellite remote 

sensing observations with IoT-based emission sensing data to enable intelligent, real-time, and scalable 

carbon monitoring. The study demonstrated how multisource environmental data fusion, artificial 

intelligence algorithms, predictive analytics, and hotspot detection techniques can significantly improve the 

accuracy and effectiveness of carbon footprint assessment. The proposed framework supports continuous 

emission estimation, trend forecasting, anomaly detection, and sustainability-oriented decision-making 

across industrial, urban, and ecological environments. By addressing the limitations of conventional carbon 

accounting approaches, the integrated system provides a comprehensive platform for environmental 

intelligence generation and carbon management. The research highlights the transformative potential of 
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combining AI, satellite technologies, and IoT infrastructures for supporting carbon neutrality initiatives, 

climate change mitigation strategies, and evidence-based environmental governance. Overall, the proposed 

framework establishes a promising foundation for next-generation intelligent carbon monitoring systems 

capable of advancing sustainable development and long-term environmental resilience. 
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