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Abstract
Artificial Intelligence (AI) has been introduced as a revolutionary tool for carbon emission monitoring, and helps in making investment decisions that are both environmentally friendly and sustainable. The systematic review summarises the existing evidence regarding AI applications in estimating carbon emissions, using Measurement, Reporting and Verification (MRV) schemes and their incorporation into Environmental, Social and Governance (ESG) ratings, as well as green finance programs. The systematic review included 55 studies that were published between 2021 and 2025 in the industrial, energy, transportation, agricultural, and multisectoral contexts. It is shown that machine-learning, deep-learning, and hybrid algorithms are significantly more effective in enhancing the accuracy of emission estimation, promoting close to real-time monitoring, and helping locate hotspots of emissions. The review also clarifies how AI-derived insights can help to both inform ESG reporting and make climate-aligned investment decisions, and facilitate regulatory compliance. However, there are ongoing issues of data quality shortages, poor model interpretability, barriers to the estimation of Scope 3 emissions, and now disparities in technological access. The paper highlights the strategic importance of AI in the context of filling the gap between environmental monitoring and sustainable finance, providing researchers, investors, and policymakers with evidence-based suggestions to increase their pace of decarbonisation in the world.
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1. Introduction
1.1 Background 
The measures of mitigation of climate change in the world gain more and more dependency on the proper monitoring and the transparent reporting of carbon emissions, thus contributing to both the regulatory compliance and the sustainability-based strategies in investments. But the traditional carbon accounting and reporting systems continue to be plagued by some of the most documented weaknesses, such as absent or infrequent data gathering, the use of coarse or generic emission factors, low granularity, and long verification times. Such limitations reduce the accuracy and timeliness of the information on the emissions, which restricts the effectiveness of environmental policymaking and makes it difficult to assess so-called green investment opportunities. Recent studies also highlight the similarity of the problems of data quality in infrastructure, urban systems, and industrial processes, in which environmental performance is still hard to measure in real time (Markolf et al., 2021; Nurul, 2023; Robbins & Van Wynsberghe, 2022).
At the same time, the rate of artificial intelligence (AI) development has provided new opportunities to monitor the environment. It is increasingly recognised that AI models, combined with sensors, remote sensing, Internet of Things (IoT) networks, autonomous monitoring systems, and big data analytics, have the capacity to provide finer, more frequent, and automated approximations of greenhouse gas (GHG) emissions. These integrated systems have been implemented in a wide variety of areas, such as smart factories (Kalla & Smith, 2024), sustainable energy systems (Eswaran et al., 2025; Ojadi et al., 2024), and resilient infrastructure design (Olawale et al., 2023; Khan et al., 2024). The main constraints of conventional accounting processes can be overcome using artificial intelligence-based solutions, as they can learn non-linear relationships, consider the spatiotemporal variability, and provide high scalability to large, non-homogeneous datasets (Alotaibi & Nassif, 2024; Gaur et al., 2023). Similar studies on smart cities and urban systems also show that AI is beneficial in terms of coordination, predictions, and optimisation of resources in the field of water, energy, transportation, and agriculture (Fu et al., 2023; Ejaz et al., 2025; Gyamfi et al., 2024; Kumar et al., 2024).
A qualitative and bibliometric analysis of 4,762 academic publications published in 1991-2024 documents a sharp increase in the application of artificial intelligence to environmental surveillance by 2010, with the main areas of today’s application being atmospheric and water quality monitoring, climate modelling, biodiversity measurement, and disaster reduction. The discussion highlights the central role of combining AI with remote sensing, the Internet of Things, and real-time analytics to enhance the accuracy and timeliness of environmental monitoring (Alotaibi & Nassif, 2024). Similar results can be observed with regard to research on AI-enhanced national and regional climate-reduction schemes, such as applications to energy infrastructure and smart-grid control (Asad, 2024; Tran et al., 2022; Singh, 2024).
Within the given domain of carbon emissions, the growing body of empirical data testifies to the successful use of machine-learning (ML) and deep-learning (DL) algorithms to predict emissions, trace energy usage, and trace carbon footprints in such domains as manufacturing, logistics, built environments, and agriculture (Arya et al., 2024; Parthasarathy, 2024; Yang et al., 2025; Bhuiyan, 2024). The combination of hybrid ML models, ensemble models and fuzzy-based decision support systems has shown significant potential in improving predictive accuracy and providing actionable information that is relevant in carbon management (Yuksel et al., 2025; Sharma et al., 2025). In addition, the results of manufacturing and supply-chain research show that AI may indirectly lead to a decline in emissions due to operational efficiency improvements, green innovation and predictive maintenance (Chen & Jin, 2023; Nazari et al., 2025; Uddin et al., 2024).
At the same time, there has been an increasing demand among investors, regulators, and financial institutions to have credible data on the environment. The importance of sustainable finance is now increasingly based on quality data on emissions to support ESG (environmental, social, and governance) analysis, climate-related risk analysis, and green investment decisions. The potential of Artificial Intelligence is the possibility to make ESG measurements more robust, the tools used in screening investments more effective, and the process of sustainability reporting more transparent (Xu, 2024; Akash & Kumari, 2025; Elhady & Shoheib, 2025). Systems with AI-based analytics are already present in green-finance risk modelling, intelligent investment advisory systems, and carbon-neutral corporate strategy development (Joseph et al., 2025; Soubhari et al., 2025; Saraswathi et al., 2025; Waykar & Yambal, 2025; Lasmi, 2024; Li, 2024; Chen et al., 2025). The future studies explore the possibilities of AI to reinvent corporate governance and organisational behaviour in the direction of more sustainable behaviour (Gupta & Arora, 2025; Jain et al., 2025; James et al., 2025).
In spite of these opportunities, there are still significant obstacles. The issue of data quality, transparency, interpretability, and accountability remains throughout the AI-based environmental monitoring systems (Sheng, 2025; Pricopoaia et al., 2024). Specifically, the level of operational and regulatory preparedness is significantly different in different jurisdictions, and most AI systems are not reproducible or interoperable with global carbon-monitoring systems. There are also uncertainties concerning the environmental footprint of AI technologies themselves, the risk of automation bias in making sustainability decisions, and the overall impact of the introduction of AI into key processes related to environmental governance (Robbins & Van Wynsberghe, 2022; Sargin, 2024; Mandu & Racoveanu, 2025).
1.2 Objective and Research Questions
This study aims to systematically review and synthesise the existing evidence on how AI technologies are being used to monitor carbon emissions and support environmentally sustainable investment strategies. Specifically, the review addresses the following research questions:
1. What AI models are used for emission estimation and monitoring accuracy improvement?
2. How do AI-based insights influence ESG assessments and green investment decisions?
3. What limitations exist in data quality, transparency, and accountability when applying AI to carbon monitoring and climate finance?

1.3 Significance of the Review 
This is an important systematic review in a number of ways. To begin with, the review will fill a significant gap in the academic literature by combining the knowledge of environmental monitoring with sustainable finance. Although a growing literature on AI-based environmental monitoring (Alotaibi & Nassif, 2024; Fu et al., 2023; Ejaz et al., 2025) and a similar increase in the literature on sustainable and responsible investment practices (Akash & Kumari, 2025; James et al., 2025; Waykar & Yambal, 2025) suggest otherwise, a relative dearth of research studies explicitly connects emissions modelling to investment decision-making. The technical models behind AI-driven sustainable finance, risk modelling and capital allocation have not yet brought together, even though recent work has started to explore how AI can be leveraged in this respect (Joseph et al., 2025; Chen et al., 2025), underpinning their technical models and streams of environmental data. As such, the review summarises these developing connections, which provide a comprehensive account of the potential of AI to act as an intermediary between environmental science and sustainable finance by improving the quality, precision, and believability of emissions data used in green investment decision-making.
Second, by listing the AI models used and their methodological strengths and weaknesses, and the contextual environments in which they are applied, the review can serve as a useful source of information to researchers, practitioners and policymakers. Existing literature reveals that there is a significant diversity of methodologies, which spans from machine-learning-based carbon forecasting (Bhuiyan, 2024; Uddin et al., 2024) and system-of-systems environmental modelling (Gaur et al., 2023), or even AI-assisted estimation of energy, building, and supply-chain emissions (Chen & ⁯Jin, 2023; Arya et al., 2024; Nazari et al., 2025). Combining these methods, the review can support the making of more informed assumptions about the suitability of particular AI methods to particular tasks (real-time monitoring, urban energy network, industrial emissions tracking), and clarify the impact of contextual variables (data availability, regulatory context, transparency demands) (Kalla & Smith, 2024; Ojadi et al., 2024; Mandu & Racoveanu, 2025).
Third, the review does not portray artificial intelligence as a panacea by subjecting the limitations, which are the quality of the data, transparency, interpretability, reproducibility, and governance issues, to rigorous scrutiny. Rather, it provides a critical and balanced review. Researchers are becoming more concerned with the risks linked to the use of AI-driven environmental systems in areas of sustainability involving high stakes, such as lack of transparency, algorithmic discrimination, information validity, and regulatory accountability (Robbins & Van Wynsberghe, 2022; Sargin, 2024; Pricopoaia et al., 2024). These problems acquire even greater salience when the use of AI applications influences investment options, adherence to regulations, and sustainability paths in the long term. Anticipating these risks in advance, the review will help in building trust in AI tools, and governance frameworks can be used in order to deploy in a safe, transparent, and accountable manner.
Additionally, the review also enlightens future research agendas concerning untapped or new areas of research, such as AI use in Scope 3 emissions, interjurisdictional standardisation of carbon-accounting practices, combining AI applications and legal and enforcement systems (Mandu & Racoveanu, 2025), and human-AI governance systems. It also supports methodological improvements such as better data-curation pipelines, a higher level of interoperability between monitoring systems, reporting of model architectures and assumptions, and enhanced accountability mechanisms. These suggestions align with broader academic calls to make AI use in the area of sustainability responsible and emphasise that technological innovation should be accompanied by institutional readiness and effective monitoring (Sheng, 2025; Robbins & Van Wynsberghe, 2022).



2. Methodology
2.1 Research Design
The paper took a systematic review approach to the synthesis of available evidence on the use of artificial intelligence (AI) techniques to monitor carbon emissions and their resultant effect on the process of making green investment decisions. This systematic review was selected, as it has a structured, transparent and repeatable structure that allows the complete aggregation, assessment and synthesis of empirical and theoretical studies. Through systematic searches, systematic screening, and thorough literature analysis, the study aims at providing an objective evaluation of AI utilisation in Measurement, Reporting, and Verification (MRV) processes, ESG-related analytics, and sustainable finance, and, at the same time, pinpointing methodological, data, and governance complications. 
2.2 Eligibility Criteria  
To make the included studies relevant and of quality, clear inclusion and exclusion criteria were put in place. The studies were included in case they satisfied the following criteria:  
AI use in carbon or GHG emissions: a study which utilised machine learning (ML), deep learning (DL), neural networks, support vector regression, random forests, hybrid AI, or other data-driven computational models to estimate, predict or verify carbon emissions.  
Connection with green investment or ESG outcomes: Those studies that associated emissions data, modelling or monitoring with sustainable finance, ESG reporting, investment decision or policy analysis.  
Empirical, methodological or analytic rigour: peer-reviewed journal articles, conference papers or institutional reports that reported validated methodologies, models or frameworks.  
Geographical range: international, such as research on industrial, urban, transportation, and multisectoral systems.  
Periodicity: article publications between 2021 and 2025, although the focus will be on the last five years of standards to find the latest applications of AI and climate-finance.  
The exclusion criteria were:  
(i) articles on climate models that lack the application of AI;  
(ii) financial analyses which are not based on environmental measures;  
(iii) theoretical or hypothetical AI uses which have not been validated or supported with data; and  
(iv) non-English language publications in which the translation was not possible.  
2.3 Information Sources
The systematic search of the literature was conducted in a variety of electronic databases in order to obtain scientific and policy-oriented sources. These scholarly databases were: Scopus, Web of Science, SpringerLink, ScienceDirect, IEEE Xplore, and Google Scholar. They also reviewed institutional reports and grey literature to include the latest guidance and datasets of international organisations, such as the Intergovernmental Panel on Climate Change (IPCC), United Nations Environment Programme (UNEP), Task Force on climate-related financial disclosures (TCFD), International Sustainability Standards Board (ISSB), and ESG databases. A backward snowballing method was used to analyse the reference lists of major review articles to ensure that the coverage was exhaustive. This interdisciplinary nature of this multi-source methodology helped to create a wide view of environmental science, artificial intelligence methods, and sustainable finance.
2.4 Search Strategy  
The search strategy was a combination of controlled vocabulary (such as MeSH terms, IEEE keywords) and free-text keywords to get the relevant studies. Keywords were grouped into three thematic areas; (i) AI methods (such as “artificial intelligence”, “machine learning”, “deep learning”, “neural networks”, “random forest, support vector regression, emissions monitoring); (ii) carbon-emission monitoring (greenhouse gas emissions”, “carbon accounting”, “emissions estimation”, “emissions monitoring”); and (iii) green investment or ESG effects (such as “sustainable finance”, “ESG reporting”, “green investment”, “climate finance”). Systematic synthesis of terms was done using Boolean operators (“AND”, “OR”) and truncation characters. Pilot searches and expert advice on domain expertise were used to refine the search iteratively to ensure maximum sensitivity and specificity.
2.5 Data Synthesis and Analysis
Due to the expected heterogeneity of methodologies across studies (different models of AI, types of emissions, sectors, and various types of validation), narrative synthesis has been performed. The studies were categorized by thematic areas: (i) AI models and methods of estimating and monitoring emissions; (ii) areas of application (industrial, urban, transportation, supply chain); (iii) connections with ESG reporting and the green investment decision-making procedure; and (iv) issues and constraints (data quality, transparency, scalability, governance). Under every category, the results were synthesised to find the patterns, common trends, best practices and gaps in the research. To enable cross-study comparisons, where possible, quantitative findings, such as model performance indicators (RMSE, R 2, accuracy, or F 1 -score), were displayed in summary tables.
Moreover, cross-cutting analyses were conducted to identify the role of AI-based emissions monitoring in sustainable finance decision-making by pointing out the connection between methodological decisions and ESG results. Critical discussion of limitations, risks and uncertainties was made, such as possible biases, lack of data, and challenges in interpretation. This is necessary to make sure that the review reflects the technical potential of AI as well as its future implications for environmental governance and green investment strategies.
2.6 Ethical Considerations
Ethical issues were also dealt with since the findings were reported properly, the sources were properly attributed, and the review process was transparent. Additionally, the review provides a critical assessment of the ethical consequences of the adoption of AI in emission monitoring, such as transparency, accountability, data privacy, and unequal adoption in different regions or sectors.
3. Results
3.1 Overview of Selected Studies
The review included fifty-five empirical studies published in the years 2021 to 2025, with a significant increase in the number of publications starting in 2023, which is an indicator of an increasing scholarly interest in artificial intelligence usage in the monitoring of carbon-emissions, sustainable finance, and climate-related decision-making. The majority of the studies are based in Asia, followed by Europe and North America, and a small group also takes international or cross-regional views, usually in the context of international organisations.  
The most common thematic areas include the energy, industrial, urban -infrastructure, transportation, agricultural, and building industries; a minor group of studies uses multi-sectoral or system-based approaches, such as global supply chains and ESG models. In terms of methodology, the heterogeneous combination of classical machine-learning models (random forests, support-vector machines, gradient-boosting models), with deep-learning models (artificial neural networks, convolutional neural networks and long short-term memory models), is used by researchers, and in some cases, statistical or conceptual methods are also deployed.  
Remote-sensing imagery, Internet-of-Things sensor networks, corporate carbon disclosure data, ESG databases, and national or global emissions inventories were all data inputs. The methods of validation were also diverse: most of the empirical studies reported model validation or scenario-based assessment, but some of them relied primarily on descriptive or qualitative analysis.
3.2 AI Models Used for Emission Estimation and Monitoring
Machine learning (ML) and artificial intelligence (AI) have become crucial tools of the quantification of the carbon emissions in industrial, urban, and transportation systems. The literature outlines three major types of AI models, such as machine learning, deep learning, and hybrid models, which are best adapted to various types of data and different application settings.  

3.2.1 Randomised Controlled Trials (RCT)  

Learning models are widely used to approximate industrial processes, urban energy systems, and transportation network emissions based upon formal data. Random Forest (RF) is especially common because of its ability to characterise nonlinear relationships and deal with heterogeneous inputs, which provides R 2 between 0.78 and 0.91 in emissions prediction efforts (Gaur et al., 2023). Gradient Boosting and Support Vector Regression models have shown similar performance, particularly in predicting building and industrial facility energy consumption (Adegbite et al., 2024; Aymelek & Kurt, 2023).  

They are superior to standard regression models as they can represent interaction among emission drivers and are useful when the historical data are tabular and have a moderate size, organised history. They can also be used in urban energy planning, industrial performance monitoring, and identifying the emission hotspots within the supply chain, which provides stable input to operational management and sustainability reporting (Chen & Jin, 2023; Bhuiyan, 2024).

Table 1: AI Models Used for Carbon-Emission Estimation and Monitoring
	AI Model
	Description
	Typical Applications
	Key Advantages
	Reported Performance Metrics

	Random Forest (RF)
	Ensemble ML model using decision trees
	Industrial emissions, building energy use, and transport networks
	Handles nonlinearity, is robust to missing data, and is interpretable
	R²: 0.78–0.91; RMSE: 2–5% of emission range

	Support Vector Regression (SVR)
	ML regression using hyperplane optimisation
	Energy-use forecasting, process emissions
	Effective with small-to-medium datasets, high generalizability
	R²: 0.75–0.88; MAE: 3–6%

	Gradient Boosting (XGBoost, LightGBM)
	Sequential ensemble boosting
	Supply-chain emissions, urban energy
	High predictive accuracy, handles heterogeneous data
	R²: 0.80–0.92; F1-score (classification): 0.85–0.90

	Artificial Neural Networks (ANN)
	Deep learning model with fully connected layers
	Industrial and building energy modelling
	Captures complex nonlinear relationships
	R²: 0.82–0.94; RMSE: 2–4%

	Convolutional Neural Networks (CNN)
	Deep learning for spatial data
	Satellite emissions monitoring, methane detection
	Handles image and spatial data efficiently
	Accuracy: 88–93%; Precision: 85–91%

	Long Short-Term Memory Networks (LSTM)
	Recurrent neural networks for sequential data
	Time-series forecasting of emissions
	Captures temporal dependencies, suitable for dynamic data
	R²: 0.79–0.92; MAE: 2–5%

	Hybrid Models (ML + Statistical/Physical Models)
	Combines AI with domain models
	Buildings, supply chains, multi-sectoral MRV
	Improves interpretability, reduces bias, and handles heterogeneous data
	R²: 0.81–0.93; RMSE: 2–4%



Table 1 provides a list of general overviews of AI models used in the monitoring of carbon emissions, with the main focus on their applications, advantages, and performance metrics. Machine-learning models such as random forest, support vector regression are commonly used with structured data, and deep-learning models, including convolutional neural networks, long short-term memory networks, are specifically useful in handling both spatial and temporal data. Hybrid models are more reliable and interpretable due to the combination of modalities of artificial intelligence and domain knowledge.  

3.2.2 Deep Learning Approaches 
 
Deep learning (DL) models have been applied to high-dimensional or unstructured data, such as satellite data, dense sensor arrays, and spatiotemporal emissions data. ANNs, CNNs, and Long Short-term Memory (LSTM) networks help to achieve a much finer analysis and real-time prediction.  

CNNs have a high ability to process remote-sensing images to detect methane leakage, smoke stack emissions, as well as land-use-related carbon fluxes, and are often highly effective, with detection accuracy over 90 per cent (Fu et al., 2023). LSTM networks are also particularly well adapted to mobile time series prediction, which allows monitoring of real-time emissions in power grids, transportation networks, and industry processes because it has the ability to extract temporal correlations and intricate load-emission interactions (Uddin et al., 2024). Such DL models thus push the levels of analysis of emissions monitoring to higher levels, providing practical informational content at many scales of spatial areas, including local plants and citywide energy systems.




3.2.3 Hybrid Models

Hybrid models are models that will be a combination of the predictive performance of artificial intelligence with the structural or physical performance of a statistical model or engineering-based model. Hybrid artificial neural-network-physical (ANN-physical) models are built in the building industry to combine the predictions of the neural-network with the equations of energy-balance to increase the interpretability of the model and minimise the bias in the model (Lai et al., 2025). Equally, in the area of supply-chain, pattern-recognition methods are combined with the traditional methods of emission-factors calculations, so that the essential task of the hybrid machine-learning-statistical models is to achieve the ability to estimate emissions even in those locations where the data is sparse, heterogeneous, or uncertain (Nazari et al., 2025; Chen et al., 2025).

Such hybrid methods are especially useful in situations in which the completeness and quality of data are not consistently high, and a compromise has to be drawn among reliability, transparency, and predictive performance. Hybrid models allow promoting stronger and more practical emissions monitoring in a variety of industrial and urban systems by integrating the ability to learn patterns in artificial intelligence based on data with special physical or statistical knowledge (Gaur et al., 2023; Minghai et al., 2024).

3.3 The AI Models in the Emission Estimation and Monitoring

Machine learning (ML) and artificial intelligence (AI) methods have taken centre stage in estimating carbon-emissions in industrial, urban, and transportation industries. These techniques use a wider range of data points to deliver more precise and specific as well as actionable data than conventional statistical techniques.

Machine Learning Models

Random Forest (RF), Support Vector Regression (SVR) and Gradient Boosting are some of the commonly used ML models because of their strength to capture the nonlinear relationships and the capacity to manage moderately sized and heterogeneous datasets. RF, and especially in the context of industrial emissions estimation, RF has been proven to be predictive with reported ranges of R 2 between 0.78 and 0.91, which is better than traditional regression techniques (Gaur et al., 2023). The performance of SVR and Gradient Boosting models is comparable, particularly in scenarios where structured historical data are accessible, like building energy predictions, industrial energy-use modelling, and urban energy systems optimisation (Adegbite et al.,2024; Aymelek & Kurt, 2024; Chen et al., 2024). These models work especially well in case emissions drivers are sufficiently documented and relatively constant over periods of time, making them operational planning-wise and regulatory reporting.

Deep Learning Models 

Deep learning (DL) approaches have significant benefits for complex, high-dimensional, or unstructured data. Artificial neural networks (ANN), convolutional neural networks (CNN), and long short-term memory (LSTM) networks are gradually used to analyse satellite images, spatiotemporal emissions patterns, and dense streams of sensors (Bhuiyan, 2024). In remote sensing, such as identifying the methane leakage, the industrial smokestack plumes, and mapping the carbon fluxes related to land-use, CNNs have proven to be exceptionally effective with detection rates often reaching over 90 per cent (Chen & Jin, 2023; Fu et al., 2023). Due to their ability to capture the temporal dynamics and non-linear load-emissions relationships, LSTM networks are highly applicable in the dynamic and near-real-time prediction of emissions in electricity grids, transportation systems and industrial operations (Uddin et al., 2024). As such, the analytical frontier of emissions monitoring is pushed further owing to these DL models, which are affordable to provide fine-graned real time insights on several environmental and energy systems.

Hybrid AI models combine the predictive capabilities of machine or deep learning with the structural rigour of physically, statistically or engineering-based models. Hybrid ANN-physical models. In building energy modelling, neural-network predictions are combined with engineering equations of energy-balance, with the resultant models that are more interpretable and less biased to modelling (Lai et al., 2025). Hybrid ML-statistical methods combine pattern recognition with the traditional emission-factor computation in the estimation of supply-chain emissions, which is very powerful in prediction in situations where the data is sparse, uncertain, or skewed (Nazari et al., 2025; Chen et al., 2025). The hybrid frameworks are especially useful in industries that are competing with heterogeneous or incomplete data because they trade predictive quality, transparency, and methodological validity (Gaur et al., 2023; Minghai et al., 2024).

3.4 Data Sources and Integration

The emissions monitoring based on artificial intelligence uses a heterogeneous collection of data sources, thus reflecting the complexity inherent in the nature of the environment and industry.

Remote Sensing Data  

The satellite imagery and airborne sensors are tools that are essential in monitoring extensive industrial emissions, releases of methane, and changes in land-use. The high spatial resolution provision makes it easy to obtain detailed and spatially explicit emissions estimates and to locate the hotspots of emissions, which subsequently make it possible to implement restrictive actions and monitor regulatory activity (Gaur et al., 2023; Fu et al., 2023). Urban and industrial environments are particularly useful in the use of remote-sensing information, as direct measurements might be impractical or impossible.

IoT and Sensor Networks  

Smart meters, Internetof Things (IoT) devices, and industrial sensors produce high-frequency real-time data streams very important in dynamic emissions monitoring. The provided datasets comprise the operational variation at the building, manufacturing and even the larger industrial process levels, which allows artificial-intelligence models to generate near-real-time estimations and actionable forecasts (Ojabi et al., 2024; Nurul, 2023; Aymelek & Kurt, 2023). The combination of such fine-grained indicators can facilitate operational decisions and the investment plans that would correspond to the sustainability goals (Akash & Kumari, 2025; Joseph et al., 2025).

Corporate Disclosures and ESG Databases  

Structured inputs to AI models are publicly reported environmental data, energy-use data, and Environmental, Social, and Governance (ESG) data, which expose the connection between environmental performance and sustainable finance and investment decision-making. Incorporating the corporate reports with AI analytics would enable investors and policymakers to have a more precise view of climate-aligned performance, which would make it easier to allocate green capital and would prevent a breach of the reporting standards (Barnabas and Owen, 2025; Uddin et al., 2024; Li, 2024).

National and international emission inventories

The calibration and validation points of AI models are made up of authoritative emissions inventories that are kept by agencies like the Intergovernmental Panel on Climate Change (IPCC), the United Nations Environment Programme (UNEP) and national government agencies. Standardised data allow the increase in the comparability between the studies, the credibility of the models, and the increase in the reporting transparency (Chen et al., 2024; Bhuiyan, 2024). Numerous studies use remote-sensing information, IoT flows, corporate disclosures, and inventories in hybrid AI systems and thus enhance predictive accuracy, strength, and generalizability. The example of this methodological synthesis demonstrates the ability of AI to combine heterogeneous data sets into meaningful emissions data to act (Minghai et al., 2024).






Table 2: Data Sources Used in AI-Based Emission Monitoring
	Data Source
	Description
	Typical Use Cases
	Advantages
	Limitations

	Satellite / Remote Sensing
	High-resolution spatial imagery
	Methane leakage detection, industrial stack monitoring, land-use changes
	Global coverage, high spatial resolution
	Cloud cover, revisit frequency, requires preprocessing

	IoT & Sensor Networks
	Real-time environmental and process sensors
	Building energy monitoring, industrial processes, and transportation
	High-frequency, localised data; supports real-time insights
	Installation & maintenance cost; data gaps possible

	Corporate ESG Disclosures
	Self-reported emissions, energy data
	Linking AI monitoring with ESG ratings
	Publicly available, standardised in some sectors
	Potential inaccuracies or underreporting; limited granularity

	National / International Inventories
	IPCC, UNEP, government datasets
	Calibration & validation of AI models
	Authoritative, consistent data
	Time-lagged, limited spatial resolution

	Hybrid / Multi-Source Integration
	A combination of satellite, sensor, and disclosure data
	Complex multi-sector monitoring, cross-validation
	Improved accuracy, reliability, and robustness
	Requires advanced data harmonisation & integration



Table 2 gives a comprehensive list of the data sources used in AI-based emission monitoring. It establishes the integration of heterogeneous sources, such as satellite images, sensor networks, corporate ESG reports, and global inventories, to aid the model training, calibration, and validation. This table also gives a clear understanding of the respective benefits and constraints of each type of data, hence explaining the importance of multi-source integration in attaining accuracy and reliability in monitoring.

3.5 Applications in ESG Reporting and Green Investment Decisions

With the AI becoming more and more influential in reporting on the environment, social, and governance (ESG) and in deciding between green investment or not, it turns raw data on emissions and sustainability into something that can be acted upon. According to recent scholarship, three key areas of implementation can be identified: corporate ESG performance evaluation, investment decision support and policy-regulatory applications.  

Corporate Social Responsibility Performance Evaluation

Carbon monitoring systems powered by AI can help companies to make detailed, granular emissions data at operations and the supply chain. Through providing near-real-time analytics, AI enables organisations to improve the accuracy of ESG reporting, as well as to comply with the requirements of global reporting standards, such as the Task Force on Climate-related Financial Disclosures (TCFD) and the International Sustainability Standards Board (ISSB) guidelines (Barnabas & Owen, 2025; Arya et al., 2024). Empirical studies show that AI-based technologies can be used to detect areas of inefficiency and hotspots in energy use, optimise the use of resources, and mitigate the carbon footprints of companies (Bhuiyan, 2024; Chen & Jin, 2023; Asad, 2024). To illustrate, AI-based decision-support systems used in the energy sector of the United States have helped to design more accurate emission-reduction policies and enhance monitoring, reporting, and verification (MRV) (Asad, 2024; Ojadi et al., 2024).  

Besides, the use of AI is not restricted to direct emissions monitoring. In the context of the city and infrastructure development, AI helps to allocate resources sustainably, optimise energy efficiency, and develop green construction, which then facilitates larger corporate sustainability goals (Abioye & Idehenre, 2024; Maralapalle et al., 2025; Fu et al., 2023; Markolf et al., 2021). The insights derived by AI can also allow organisations to adopt green human-resource management and introduce sustainability into the operations (Gupta & Arora, 2025; James et al., 2025).  

Investment Decision Support

Emissions and ESG data generated by AI provide investors with the instruments to find investment opportunities aligned with climate, reduce risks to the environment, and optimise portfolios. Incorporating AI- forecasted emissions with ESG rating and financial performance indicators, investors are able to make effective choices that are sustainability-oriented (Akash & Kumari, 2025; Joseph et al., 2025; Waykar & Yambal, 2025). Empirical evidence shows that companies that use AI-based surveillance can have better access to green finance, such as sustainability-related loans, green bonds, and specialised investment funds (Li, 2024; Yuksel et al., 2025).  

Predictive modelling and scenario analysis in investment-strategy development are also achieved through AI. Hybrid fuzzy types of decision making, multi-criteria sustainability models, and intelligent types of investment-advisory systems are tools that help investors to assess long-term risks, predict carbon emissions, and estimate possible returns on sustainable investments (Saraswathi et al., 2025; Minghai et al., 2024; Jain et al., 2025; Uddin et al., 2024). In addition, AI in the financial field leads to the appearance of new financial products designed in terms of sustainability, including green bonds, carbon-capture funding, and derivatives based on ESG (Lasmi, 2024; Waykar & Yambal, 2025).  

Policy and Regulatory Applications

AI-generated data is becoming a significant source of climate policy, carbon pricing, cap-and-trade, and performance-based incentives by governments and regulatory agencies. The AI increases regulatory compliance through the identification of non-conformities, emission-reduction strategies optimisation, and enhanced efficiency of the MRV systems (Mandu & Racoveanu, 2025; Chen et al., 2024; Nurul, 2023). Through the use of AI in smart grids, energy networks, and sustainable urban infrastructure, regulators are able to implement environmental standards in a more efficient way, design incentive programmes and national climate action plans (Eswaran et al., 2025; Ojadi et al., 2024; Maralapalle et al., 2025).  

Also, AI will help to enforce the environmental law with the help of automated monitoring, predictive analytics, and anomaly detection to enhance mechanisms of compliance and limit the possibility of law violations (Mandu & Racoveanu, 2025; Bhuiyan, 2024). Smart infrastructure with AI can assist in sustainable consumption and decarbonisation courses in urban and industrial environments and provide planners with practical information on long-term environmental management (Ejaz et al., 2025; Sharma et al., 2025; Sargin, 2024).  

Synthesis and Implications

Altogether, AI can serve as a key facilitator of the esg reporting and the decision-making process related to green investments, providing accurate, timely, and practical information to both corporations, investors and policymakers. With the introduction of AI into sustainability practices, organisations can become more transparent, more efficient in their operations, and receive access to green financing. Governments can become better at regulatory enforcement and policy-making. All these applications are working together to underline the importance of AI in enhancing corporate sustainability, facilitating the creation of environmentally-oriented investment, and providing support to national and global climate goals (Barnabas & Owen, 2025; Aakash & Kumari, 2025; Arya et al., 2024; Joseph et al., 2025; Uddin et al., 2024).


Table 3: ESG and green investment impact of AI-based emission monitoring
	ai application
	esg / investment use case
	key benefits
	challenges/limitations
	example references

	real-time emission monitoring
	supports ESG performance reporting
	improved transparency; accurate disclosures; tcfd/issb compliance
	data gaps; model interpretability; scope 3 coverage
	Barnabas & Owen, 2025

	predictive forecasting
	Scenario analysis for green investments
	identifies low-carbon investment opportunities; proactive risk management
	black-box models; requires high-quality historical data
	-

	Supply-chain emission estimation
	green procurement & sustainable investment decisions
	enables ESG-aligned supply-chain optimisation; supports scope 3 reduction
	incomplete supplier data; heterogeneous reporting standards
	Khan & Teh, 2025

	policy & regulatory support
	carbon pricing, cap-and-trade compliance
	detects non-compliance; informs carbon-reduction strategies
	requires integration with governance frameworks; regional data disparities
	IPCC, 2023; UNEP, 2024



The process through which AI-generated data on emissions contributes to ESG reporting, investment decision-making, and enforcement of the policy is outlined in Table 3. It lists the key advantages, such as improved transparency and risk management, and such relevant issues as interpretability and data quality, and coverage constraints. This table therefore clarifies the practical implications of AI on more than just the practice of monitoring, with the central intent on constructability in sustainable finance and green investment approaches.

3.6 limitations and challenges identified

Although the method of carbon emissions estimation and esg application by AI was significant, some limitations and challenges could be observed repeatedly throughout the literature:
1. data quality and availability: the quality, completeness, and granularity of input data are of great significance to the performance of AI models. Unpredictive reliability and lack of predictive reliability may be caused by incompleteness, inconsistency, or low-resolution datasets, which are often common to developing economies, fragmented supply chains, and smaller businesses (Bhuiyan, 2024; Ejaz et al., 2025; Kumar et al., 2024). Indicatively, the presence of sensor gaps, uneven corporate reporting, or a lack of historical energy-use data frequently necessitates the use of imputed values or proxies, thus putting uncertainty in the estimation of emissions (Uddin et al., 2024; Chen & Jin, 2023).
2. transparency and interpretability: transparency and interpretability when information is accessed, the user must understand it; otherwise, the data's usefulness declines. transparency and interpretability when the information is made available to the user, he or she needs to be able to interpret it, or its utility will decrease.  
Most AI models, and especially architectures based on deep learning, such as CNNs and lstms, are black-box, and it is difficult to explain how such models arrive at their predictions. This impossibility of interpretation creates enormous barriers to regulatory implementation, investor confidence, and corporate governance because decision-makers need explanatory grounds to justify environmental claims, investment decisions, or policy intervention (Robbins & van Wynsberghe, 2022; Mandu & Ramoveanu, 2025; Sheng, 2025). Hybrid models solve this problem to a certain extent, combining AI with physics-based or statistical models, but tradeoffs between interpretability and predictive power still occur.
3. The third domain of scope is the emissions and value-chain complexity
AI models may not capture entirely scope 3 emissions, which involve upstream and downstream value-chain activities. Such emissions cannot be easily measured as they have scattered sources of data, are not standardised in reporting, and different methods of calculating them (Akash & Kumari, 2025; Joseph et al., 2025). Therefore, AI-based solutions are often based on proxies or estimates, which may add some bias and uncertainty to the esg reporting and investment analysis (Soubhari et al., 2025; Chen et al., 2025).
4. Energy consumption and environmental impact of AI
The process of training and deploying AI models may be computationally intensive and thus a source of indirect carbon emissions. Multiple studies have indicated the necessity to maintain a balance between model complexity, computing resources, and environmental sustainability, which is known as the eco2ai (Budennyy et al., 2022; Robbins & van Wynsberghe, 2022). Under some conditions, the high-energy training can counter the advantages of the environment obtained by the more precise systems of emissions monitoring, which is why it is necessary to pay attention to the energy-efficient model design and optimisation of hardware.
3.7 governance, equity, and access
This can increase inequity in regions and organisations by depending on unequal access to high-quality data, computational capacity, and expertise in artificial intelligence. The limited technological capabilities of firms and jurisdictions might make it difficult to adopt ai-based monitoring systems, which may result in a loss of the possibility of green financing or compliance with regulations (Waykar &  Yambal, 2025; Abioye & Idehenre, 2024; Olawale et al., 2023). This inequity provides equity issues, especially in the global ESG investment platforms, where capital decisions and policy decisions are increasingly informed using AI-based insights.
Discussion of Key Findings
1. Integration of AI in carbon-emission monitoring
The presented review results indicate that AI can help considerably in improving carbon-emission monitoring because it allows managing large, heterogeneous datasets and creating high-resolution, near-real-time outputs. Machine Learning (ML) models, like the Random Forest (RF) and Support Vector Regression (SVR), are very reliable when dealing with structured or tabular data, that is, industrial energy consumption, building operations, or a transportation network (Adegbite et al., 2024). spatially and temporally granular monitoring, including detecting methane leakage, industrial smokestacks, and land-use change, can be performed through Deep Learning (DL) models, such as Convolutional Neural Networks (CNNs) and Long Short-Term Memory (LSTM) networks, with detection rates of up to 90 % (Fu et al., 2023).
Hybrid models that combine predictive performance with either physics-based or statistical models strike a balance between predictive and interpretive performance, and thus overcome the question of the black-box behaviour of certain deep learning models (Lai et al., 2025). The existence of such diverse AI models and industry-specific applications supports the need to consider the context-dependent implementation: simpler ml models might apply to structured process-level data, and dl or hybrid methods are more applicable to high-dimensional and dynamic data in a complex environment or city (Gaur et al., 2023; Minghai et al., 2024).
2. Implications for ESG reporting and green investment
The data on carbon emissions made through artificial intelligence is exceptionally beneficial in environmental, social and governance (ESG) reporting and sustainable investment. AI contributes to better transparency and information asymmetry reduction and enhances the plausibility of PDF reports by providing granular and timely information (Barnabas & Owen, 2025; Aakash & Kumari, 2025). The investors and financial institutions, in their turn, will be able to use the AI-predicted emissions to create climate-consistent portfolios, control environmental risks, and have access to green finance instruments- bonds, loans, and ESG investment funds (Joseph et al., 2025; Waykar & Yambal, 2025; Yuksel et al., 2025).
In addition to monitoring, AI supports scenario analysis, prediction, and forecasting of decisions, consequently allowing proactive investment decisions. As an example, AI projections of the supply-chain emissions could be used to invest in low-carbon logistics, renewable energy, and energy-saving measures, making it an enabling strategy and not a monitoring instrument (Saraswathi et al., 2025; Chen et al., 2025; Soubhari et al., 2025). These are the capabilities that underscore the role of AI in the gap between environmental performance measures and financial and strategic choices.
3. Technical and Institutional Challenges
Despite all its future advantages, the implementation of artificial intelligence (AI) is hindered by various technical and institutional challenges. The lack of data quality and accessibility remains among the most serious limitations, especially when it comes to Scope 3 emissions and global value chains, where fragmented or incomplete datasets can reduce the accuracy of the model (Bhuiyan, 2024, 2025; Chen & Jin, 2023). It is necessary to implement the standardised protocols of data collection and reporting to guarantee the comparability and accuracy of data collection mentioned above between the firms and jurisdictions (Li, 2024; Mandun & Racoveanu, 2025).
Transparency and interpretability are also difficult. Such black-box deep learning can lead to a lack of confidence in the regulator, investors, and corporate stakeholders, which explains the need to have explainable AI (XAI) systems and hybrid models that maintain predictive performance and still explain the mechanisms (Robbins & Van Wynsberghe, 2022; Sheng, 2025).
Adoption is also further restricted by institutional and governance considerations. The differences in access to computational resources, high-quality data, and the expertise of AI can be used to enhance disparities, reducing the ability of some regions or companies to take advantage of green financing opportunities (Waykar & Idehenre, 2024; Abioye & Idehenre, 2023; Olawale et al., 2023). The key participants in creating incentives, protocols, and equitable access models to AI-enabled environmental monitoring and ESG reporting are policymakers, industry consortia, and standard-setting bodies.



4. Future Research Directions
The review outlines some potentially fruitful research areas for the future:
1. Multi-source integration. Data obtained via satellite imagery, sensor networks, corporate disclosures and emissions inventory should be included in AI models to be developed in the future to ensure that the results remain interpretable and computationally efficient (Uddin et al., 2024; Fu et al., 2023).
2. Enhancing the Scope 3 emissions estimation: The coverage of value-chain emissions by building joint data-sharing platforms, standardised reporting processes, and integration of hybrid AI-statistics models, as suggested by the recent research (Akash & Kumari, 2025; Joseph et al., 2025).
3. Assessing the environmental impact of AI: It is imperative to evaluate the trade-offs between the model complexity, computational energy consumption and sustainability, according to the ecofitAI framework, to avoid the demise of decarbonization efforts because of AI adoption (Robbins & Van Wynsberghe, 2022).
4. Longitudinal impact studies: Long-term longitudinal studies of AI-based monitoring are required to investigate the impact of AI on ESG performance, green investment choices, and compliance with regulations over time, and, therefore, provide solid evidence of its strategic usefulness (Barnabas & Owen, 2025).
Contribution to Knowledge
This review summarises the fast-growing literature on artificial intelligence (AI) technologies to track carbon emissions, the gap between the methodological advances and the practical meaning of sustainable finance and investment. The research clarifies the opportunities, as well as the constraints, of AI implementation through a critical examination of the strengths, weaknesses, and deployments of machine learning (ML), deep learning (DL), and hybrid approaches to the sector.  
The review thus incorporates environmental science, AI, and sustainable finance, which offers a factual foundation of policy-making, industry practice, and subsequent academic investigation.  It proves that AI is not only an instrument of technical assistance with regard to the creation of emissions, but it is also a strategic facilitator of transparency, responsible investment, and decarbonization of the world. This combined view hence guides the design of fair, effective, and meaningful AI applications on climate change mitigation and environmental, social, and governance (ESG) performance measurement.
Conclusion
The current review shows that there is a significant potential to use AI technologies to enhance carbon-emission monitoring and make sustainable investment decisions. Machine-learning and deep-learning systems, which are used either on their own or as part of hybrid models, can boost predictive accuracy in numerous industries and data classes. By incorporating AI results into the evaluation of environmental, social, and governance (ESG) and integrating these results with the monitoring of the environment and financial planning, investors and policymakers are capable of making climate-congruent decisions, thus enabling a compromise between environmental monitoring and financial planning.  

However, there are still issues, including the fact that high-quality, standardised data are required, higher model transparency, and complete coverage of Scope 3 emissions are necessary. The review clarifies the potential of AI in achieving accurate, actionable and equitable management of carbon emissions by systematically synthesising evidence, cutting across AI applications, data sources, sectors and green finance effects.

Policy Implications
1. Data and Reporting Standardisation The policymakers should introduce standardised and high-quality data and reporting standards to foster the reliability and comparability of AI models across jurisdictions.  

2. As a part of Regulatory Frameworks: AI-based emissions monitoring can support the compliance checks of carbon pricing systems, cap-and-trade programs, and climate-related reporting regimes like the Task Force on Climate-Related Financial Disclosures (TCFD) and the International Sustainability Standards Board (ISSB).  

3. Encouragement of Green Investment: Regulatory incentives, such as special treatment to portfolios which meet the climate goals, can encourage investors to use AI-enabled emissions knowledge to promote sustainable finance.  

4. Capacity Building and Equity: Policymakers should solve the technological gap in the region through the encouragement of access to AI tools, high-resolution data, and training programmes, which will lead to equal access to carbon monitoring and green investment.  

5. Promoting Explainable AI: The introduction of interpretable and understandable AI models can help enhance the trust of stakeholders and contribute to regulatory acceptability, in addition to making sound environmental decisions.
Recommendations for Research and Practice
Based on the findings of the review, the following recommendations were made:
· It is suggested that the improvement of the Scope3 emission monitoring could be developed by creating artificial intelligence models capable of effectively estimating the supply-chain and indirect emissions, using the multi-source data integration, and following the standardised reporting frameworks.  
· Advancing hybrid and explainable AI models entails using domain-specific knowledge in conjunction with artificial intelligence and using explainable AI processes to further improve interpretability and enable adoption by regulators.  
· The use of multi-source data infrastructure is recommended to drive the combination of the satellite visuals, the Internet of Things, corporate disclosures, and the national inventories and reinforce the veracity and the reliability of the AI models.  
· The environmental footprint of AI will need to be determined and optimised to determine and optimise the energy usage and carbon emissions of AI training and inference to ascertain that AI-based monitoring systems have a sustainable future.  
· The longitudinal impact studies are suggested to assess the impact of AI-enabled monitoring on the ESG performance, investment decisions and regulatory compliance in the long run.  
· There will be a need to form policy-research collaboration, which will bring the researchers, policymakers, and investors to the same page in terms of aligning AI development with the reality of the practical needs of climate governance and green finance.
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