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ABSTRACT 

 
Rapid urbanization and the imperative to achieve net-zero targets have elevated the need for accurate, high-resolution tracking 

of urban carbon footprints. This review synthesizes spatial-temporal data intelligence frameworks that leverage satellite 

imagery for emission estimation, source attribution, and mitigation planning, positioning them as intelligent engineering 

systems (IES) for sustainable urban governance. Grounded in systems engineering, cyber-physical systems (CPS) theory, and 

information theory, these frameworks integrate multi-resolution satellite observations (optical, thermal, SAR) with auxiliary 

socio-economic and IoT data through computer vision, spatio-temporal deep learning, and graph-based models. The analysis 

examines four AI-driven transformation pathways: from standardized emission inventories to personalized, morphology-

aware tracking; from reactive annual reporting to proactive hotspot prediction and optimization; from labor-intensive ground 

surveys to autonomous intelligent pipelines; and from isolated municipal dashboards to integrated cyber-physical urban 

ecosystems. Concrete examples include U-Net and DeepLab segmentation of building footprints and land-use change from 

Sentinel-2 and PlanetScope imagery, combined with ConvLSTM models for temporal emission dynamics, and digital-twin 

city simulations for scenario optimization. While these approaches deliver substantial gains in spatial resolution and update 

frequency, critical limitations persist regarding atmospheric interference, ground-truth scarcity, model generalization across 

heterogeneous cities, and attribution uncertainty. Future prospects emphasize physics-informed multi-modal architectures, 

edge-deployed inference, and federated learning for privacy-preserving cross-city collaboration. The work provides a rigorous 

template for developing trustworthy spatial-temporal intelligence systems aligned with broader IES principles in urban 

sustainability. 
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1. INTRODUCTION 

Urban areas account for approximately 70% of global energy-related CO₂ emissions, yet conventional inventory methods based 

on bottom-up statistical aggregation suffer from coarse spatial resolution, infrequent updates, and high uncertainty in source 

attribution [1,2]. Satellite remote sensing offers a complementary top-down perspective, providing consistent, wall-to-wall 

observations of land cover, building morphology, thermal signatures, and vegetation dynamics that correlate with emission 

processes. Recent advances in spatial-temporal data intelligence—combining high-resolution optical and SAR imagery with 

deep learning—enable fine-grained mapping of emission hotspots, tracking of urban expansion effects, and near-real-time 

monitoring of mitigation interventions.   

 

These frameworks function as intelligent engineering systems in which the physical urban environment (buildings, transport 

networks, industrial zones) is coupled with cyber layers (satellite data streams, AI inference engines, decision-support 

platforms) through continuous feedback loops. Grounded in systems engineering for holistic pipeline design, cyber-physical 

systems theory for real-time responsiveness between observation and policy action, and information theory for entropy 

reduction in emission attribution across heterogeneous data modalities, such systems exemplify AI-driven transformation of 

urban sustainability governance. This review synthesizes theoretical foundations, transformation pathways, practical 

applications, and forward-looking challenges, maintaining a critical balance between demonstrated improvements in resolution 

and timeliness and persistent risks of data quality limitations, model bias, and over-interpretation of proxy signals. Concrete 

illustrations are drawn from operational deployments using Sentinel-2, Landsat, and commercial very-high-resolution 

constellations in major metropolitan regions. 

 

2. The Theoretical Foundation of Artificial Intelligence and Intelligent Engineering Systems 

 

2.1 The Connotation and Characteristics of Intelligent Engineering Systems   

 

Intelligent engineering systems integrate physical or socio-technical processes with computational intelligence and 

bidirectional data flows to exhibit adaptive, goal-directed behavior under uncertainty. Core characteristics include autonomy 

in complex decision-making, adaptability through continuous learning, resilience via self-diagnosis and drift detection, and 
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interconnectivity enabling system-of-systems coordination [1,3]. These attributes map directly onto cyber-physical 

architectures in which real-world entities are augmented by cyber layers that close real-time feedback loops.   

 

In urban carbon management, a spatial-temporal intelligence system constitutes a distributed IES. Satellite constellations and 

ground-based sensors form the physical layer generating multi-modal observations, while computer vision models, spatio-

temporal neural networks, and digital twins constitute the cyber layer that performs perception (land-use and building 

extraction), comprehension (emission attribution), and projection (future scenario simulation). The system perceives 

heterogeneous urban signals, reasons about carbon flux dynamics and mitigation opportunities, and actuates policy 

recommendations or automated alerts that feed back into planning and infrastructure decisions. Comprehensive reviews of 

remote-sensing applications in urban sustainability document the evolution from static land-cover mapping toward dynamic, 

learning-enabled frameworks capable of handling the spatio-temporal complexity of emission processes [2,4]. 

 

2.2 The Theoretical Logic of Artificial Intelligence Empowering Engineering Systems   

 

The enabling logic rests on three interlocking theoretical foundations. Systems engineering provides the integrative 

methodology for requirements decomposition, sensor fusion, and end-to-end verification of the observation–model–decision 

pipeline. CPS theory supplies the architectural pattern of networked computation tightly coupled with urban physical dynamics, 

enabling low-latency feedback between satellite-derived insights and real-world interventions. Information theory furnishes 

the quantitative lens: carbon footprint tracking corresponds to reduction of uncertainty (entropy) regarding emission 

magnitudes, locations, and drivers; optimal multi-modal and spatio-temporal fusion maximizes mutual information between 

satellite observations and true flux values while explicitly modeling attribution ambiguity [3,5].   

 

AI empowers these systems by learning hierarchical representations that traditional inventory or simple regression methods 

cannot capture. Convolutional and transformer-based computer vision architectures extract building footprints, impervious 

surface fractions, and vegetation indices from imagery; graph neural networks and ConvLSTM models encode spatial 

dependencies and temporal evolution of urban form and activity; retrieval-augmented or physics-informed components ground 

predictions in auxiliary knowledge. An original insight is that spatial-temporal intelligence pipelines perform progressive 

“information-to-decision” compression across scales: raw multi-resolution satellite pixels are abstracted into compact emission 

intensity and attribution signals that preserve policy-relevant information while enabling scalable inference and scenario 

optimization for city-scale governance. 

 

3. The Transformation Path of Intelligent Engineering Systems Mode Driven by Artificial Intelligence 

 

3.1 Transition from Standardized Production to Personalized and Flexible Manufacturing   

 

Standardized carbon accounting historically relied on uniform emission factors applied at city or national scales, ignoring intra-

urban heterogeneity in building stock, transport patterns, and micro-climates. Spatial-temporal intelligence enables a transition 

to personalized, flexible “manufacturing” of emission maps tailored to specific urban morphologies, neighborhood 

characteristics, and temporal activity profiles. Semantic segmentation models (U-Net, DeepLab) applied to Sentinel-2 and 

PlanetScope imagery delineate building types and land-use configurations at meter-scale resolution, while graph-based models 

personalize emission factors according to local morphology and socio-economic covariates [1,4]. Concrete examples include 

systems deployed in European and Asian megacities that generate block-level carbon footprints by fusing very-high-resolution 

imagery with local cadastral data, revealing substantial intra-city variation invisible to conventional inventories. This 

personalization improves targeting of mitigation measures, yet introduces risks of overfitting to training cities and requires 

continuous validation against ground measurements. 

 

3.2 Transition from Reactive Response to Proactive Prediction and Optimization   

 

Conventional reporting remains largely reactive, delivering annual inventories long after the emissions have occurred. Spatial-

temporal frameworks shift toward proactive prediction and optimization. ConvLSTM and spatio-temporal graph neural 

networks forecast future emission trajectories under alternative urban development or policy scenarios, while reinforcement 

learning optimizes intervention portfolios (e.g., building retrofits, traffic management) by treating predicted carbon reductions 

as reward signals [3,6]. Real-world illustrations include pilot platforms in Chinese and North American cities that use multi-

temporal Landsat and Sentinel imagery to predict emission hotspots associated with urban sprawl and then simulate optimized 

zoning or transport interventions. The proactive stance supports anticipatory governance and cost-effective mitigation 

sequencing, although prediction uncertainty under novel climate or policy conditions and potential lock-in of suboptimal 

pathways necessitate robust ensemble methods and human oversight. 

 

3.3 Transition from Manual Operation to Autonomous Intelligent Control   

 

Traditional urban carbon accounting depended on labor-intensive ground surveys, manual interpretation of aerial imagery, and 
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spreadsheet-based aggregation. Spatial-temporal intelligence enables a transition to autonomous intelligent control through 

end-to-end pipelines that ingest satellite streams, perform multi-modal fusion, generate attribution maps, and update digital 

twins with minimal human intervention [2,5]. Computer vision models running on cloud or edge platforms extract dynamic 

land-cover and building information; spatio-temporal networks produce near-real-time emission estimates; automated quality-

control modules flag anomalies for human review. Demonstrated systems achieve high agreement with independent ground-

based flux measurements while updating city-scale maps at weekly or monthly intervals. Autonomy dramatically increases 

temporal resolution and reduces operational costs, yet demands rigorous uncertainty quantification, explainability mechanisms, 

and clear escalation protocols for high-impact policy decisions. 

 

3.4 Transition from Isolated Systems to Integrated Cyber-Physical Ecosystems   

 

Isolated municipal dashboards operate on static datasets without learning from broader sensor networks or policy outcomes. 

Integration into cyber-physical ecosystems connects satellite-derived intelligence to IoT sensor arrays, building energy 

management systems, transportation networks, and city-scale digital twins [4,7]. Shared representations enable continuous 

model improvement from aggregated (privacy-preserving) outcome data while supporting personalized neighborhood-level 

guidance. Digital twins of urban districts simulate the carbon consequences of proposed interventions before physical 

implementation, closing the loop between prediction and verification. This ecosystem perspective transforms carbon tracking 

from a periodic reporting exercise into a resilient, learning component of smart-city infrastructure, while elevating data 

governance, interoperability standards, and cross-sector coordination to first-order design requirements. 

 

4. Applications of Artificial Intelligence in Intelligent Engineering Systems 

 

4.1 Application in Intelligent Fault Diagnosis and Predictive Maintenance   

 

Data-driven fault diagnosis and predictive maintenance sustain reliability of satellite-based carbon intelligence. Anomaly 

detection models identify sensor drift, atmospheric interference (cloud, aerosol), or model degradation caused by urban 

landscape evolution or changes in satellite constellations [5,8]. Predictive frameworks forecast declines in emission estimation 

accuracy for specific land-cover types or seasons and trigger targeted retraining or auxiliary data ingestion. Concrete examples 

include monitoring systems that detect performance decay in thermal-based building energy models during extreme weather 

events and automatically schedule recalibration using recent high-resolution imagery. This approach maintains long-term 

trustworthiness of carbon maps in dynamic urban environments, although it requires high-quality independent validation 

datasets and careful management of false-positive drift alerts. 

 

4.2 Application in Intelligent Process Optimization and Quality Control   

 

Treating the spatial-temporal pipeline as the optimizable “process” yields measurable gains in output quality and efficiency. 

Multi-objective optimization and neural architecture search tune segmentation, fusion, and temporal modeling components to 

balance spatial resolution, temporal responsiveness, and computational cost across heterogeneous city contexts [3,6]. Quality 

control encompasses rigorous benchmarking against independent flux towers, eddy-covariance measurements, and bottom-up 

inventories, together with temporal hold-out validation that simulates real-world deployment. Computer-vision modules 

provide real-time “in-line inspection” of imagery quality and feature extraction consistency. These techniques have produced 

documented improvements in both pixel-level and city-scale emission estimation metrics, although certifying generalization 

across the full diversity of global urban forms remains an active research frontier. 

 

4.3 Application in Intelligent Human-Machine Collaboration and Operational Efficiency Enhancement   

 

Full automation of carbon accounting and policy recommendations raises legitimacy and epistemic concerns. Intelligent 

human–machine collaboration maximizes efficiency while preserving expert and democratic accountability. Spatial-temporal 

systems supply decision support through interactive emission maps, confidence intervals, scenario simulations, and natural-

language explanations of key drivers derived from attention or counterfactual analysis [2,7]. Digital-twin dashboards enable 

planners and policymakers to explore “what-if” mitigation pathways with transparent uncertainty visualization. This 

collaborative model accelerates evidence-based urban planning and standardizes assessment across municipal departments, 

allowing specialists to focus on contested or high-stakes decisions. Interface design must actively communicate model 

assumptions and limitations to prevent over-reliance and maintain appropriate human authority. 

 

5. Challenges and Prospects of Artificial Intelligence Empowering Intelligent Engineering Systems 

 

5.1 Current Main Challenges   

 

Atmospheric interference, sub-pixel heterogeneity, and limited temporal revisit constrain the direct observability of emissions 

from space, introducing substantial attribution uncertainty [1,4]. Ground-truth data for training and validation remain scarce 
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and spatially biased toward well-instrumented cities in high-income countries. Model generalization across diverse urban 

morphologies, climates, and data availability regimes is limited, risking biased or inequitable emission estimates. Privacy 

concerns arise when high-resolution imagery is fused with socio-economic or individual-level data. Adversarial manipulation 

of imagery or auxiliary inputs could undermine trust in automated outputs. Finally, translating high-resolution maps into 

actionable policy while navigating political and institutional complexities remains non-trivial, and over-interpretation of proxy 

signals may generate misplaced confidence in mitigation effectiveness. 

 

5.2 Prospects for Future Development Trends   

 

Promising trajectories address these limitations through physics-informed and multi-modal architectures that embed radiative 

transfer, energy-balance, or urban canopy models into neural networks, improving both accuracy and physical consistency 

[5,8]. Federated and split learning paradigms enable collaborative model improvement across cities without centralizing 

sensitive imagery or socio-economic data. Digital-twin ecosystems will evolve from descriptive urban replicas toward 

prescriptive platforms capable of real-time optimization of mitigation portfolios under uncertainty. Advances in uncertainty 

quantification, causal representation learning, and explainable AI will strengthen the evidentiary basis for regulatory and public 

acceptance. Over the medium term, these developments are expected to embed spatial-temporal satellite intelligence as a 

routine, trustworthy layer within learning urban governance systems, materially advancing evidence-based decarbonization 

while furnishing transferable design principles for IES in other complex socio-technical domains. 

 

6. Conclusion 

 

This review has articulated spatial-temporal data intelligence frameworks for urban carbon footprint tracking via satellite 

imagery as a paradigmatic case of AI-empowered intelligent engineering systems in sustainability governance. By grounding 

the analysis in systems engineering, cyber-physical systems theory, and information theory, the framework illuminates four 

interlocking transformation pathways that shift urban emission accounting from reactive, coarse-grained, and labor-intensive 

modes toward proactive, high-resolution, and ecosystem-integrated intelligence. Applications in model monitoring, process 

optimization, and human–AI collaboration demonstrate concrete benefits in spatial-temporal resolution, update frequency, and 

decision-support capability, supported by operational deployments and validation studies [1–8]. Persistent challenges in data 

quality, generalization, attribution uncertainty, and socio-technical integration nevertheless require sustained interdisciplinary 

effort. Future progress hinges on physics-informed multi-modal architectures, privacy-preserving collaboration, and rigorous 

assurance methodologies capable of delivering certifiable, equitable, and actionable carbon intelligence. Successful realization 

will materially strengthen urban contributions to global decarbonization while offering generalizable insights for the design of 

trustworthy intelligent engineering systems across other data-rich, spatially complex domains. 
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