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Abstract 

Urban expansion represents a critical challenge for sustainable development, necessitating advanced 

analytical frameworks to monitor ecological transformations and environmental service provision. 

This review synthesizes current research on Geospatial Artificial Intelligence (GeoAI) applications 

for spatio-temporal urban growth assessment and ecosystem service evaluation. The study examines 

machine learning algorithms, deep learning architectures, and remote sensing technologies employed 

for land use/land cover change detection, urban morphology analysis, and environmental impact 

assessment. Through comprehensive literature analysis, we identify Random Forest, Convolutional 

Neural Networks, and ensemble methods achieving accuracies exceeding 90% in urban classification 

tasks. Results demonstrate GeoAI's capacity to integrate multi-source geospatial data for real-time 

monitoring, revealing significant urban expansion patterns globally, with developing nations 

experiencing 200-300% growth in built-up areas over two decades. Discussion highlights trade-offs 

between urbanization and ecosystem services, emphasizing vegetation loss, urban heat island 

intensification, and biodiversity decline. The review concludes that GeoAI frameworks provide robust, 

scalable solutions for sustainable urban planning, though challenges persist regarding model 

interpretability, data integration, and ethical considerations in deployment. 
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1. Introduction 

The unprecedented pace of global urbanization presents transformative challenges for environmental 

sustainability and human well-being. By 2030, urban populations are projected to constitute 61% of the global 

demographic, with most growth concentrated in developing regions across Africa and Asia. This rapid urban 

transformation fundamentally alters land use patterns, ecological functions, and environmental service 

provision, creating urgent demands for advanced monitoring and predictive frameworks. Traditional urban 

growth modeling approaches, including linear regression and mathematical simulation models, prove inadequate 

for capturing the nonlinear, multidimensional dynamics characterizing contemporary urbanization processes. 

Geospatial Artificial Intelligence (GeoAI) has emerged as a revolutionary paradigm integrating artificial 

intelligence methodologies with geospatial data science and remote sensing technologies. GeoAI encompasses 

machine learning algorithms, deep learning architectures, and computer vision techniques specifically designed 

to extract meaningful patterns from Earth observation data. Recent advances in computational power, satellite 

constellation deployment, and algorithm sophistication have enabled unprecedented capabilities in urban 

environment monitoring, including automated feature extraction, change detection, and predictive modeling at 

multiple spatial and temporal scales. 
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Urban ecosystem services—the benefits human populations derive from ecological systems—face severe 

degradation under rapid urbanization pressures. These services encompass regulating functions such as 

temperature moderation and air purification, provisioning services including water supply and food production, 

supporting services like nutrient cycling and soil formation, and cultural services providing recreational and 

aesthetic values. Understanding the complex interrelationships between urban expansion patterns, ecological 

transformation processes, and environmental service capacity requires sophisticated analytical frameworks 

capable of processing heterogeneous geospatial big data. This review addresses critical knowledge gaps by 

synthesizing contemporary GeoAI applications in urban growth assessment and ecosystem service evaluation. 

The integration of remote sensing data with machine learning techniques offers transformative potential for real-

time urban monitoring, scenario modeling, and evidence-based planning interventions. However, significant 

challenges persist regarding algorithmic interpretability, multi-source data integration, computational scalability, 

and ethical deployment considerations. This paper systematically evaluates current methodologies, empirical 

findings, and future directions for GeoAI-enabled urban sustainability research. 

2. Literature Review 

Evolution of GeoAI Technologies 

The convergence of artificial intelligence and geospatial science has fundamentally transformed urban analysis 

capabilities over the past decade. Early applications of machine learning in urban studies focused primarily on 

supervised classification of satellite imagery using algorithms such as Support Vector Machines and Decision 

Trees. These pioneering efforts demonstrated potential for automated land cover mapping but remained limited 

by computational constraints and feature engineering requirements. The deep learning revolution, initiated by 

breakthroughs in Convolutional Neural Networks, enabled dramatic advances in spatial feature extraction and 

pattern recognition from high-dimensional remote sensing data. Contemporary GeoAI encompasses diverse 

methodological approaches spanning supervised learning, unsupervised learning, and deep neural architectures. 

Random Forest algorithms have established dominance in land use classification tasks, achieving accuracies 

exceeding 95% through ensemble learning mechanisms that aggregate predictions from multiple decision trees. 

Gradient Boosting methods including XGBoost provide robust performance for spatial prediction tasks by 

iteratively correcting prediction errors. Deep learning architectures, particularly U-Net and ResNet variants, 

excel in semantic segmentation tasks, enabling pixel-level classification of urban features from very high-

resolution imagery. 

Remote Sensing Technologies for Urban Monitoring 

Satellite remote sensing platforms provide critical data infrastructure for continental to global-scale urban 

monitoring applications. The Landsat program, spanning nearly five decades, offers consistent multispectral 

imagery enabling long-term land change analysis at 30-meter spatial resolution. Sentinel-2 constellation 

provides enhanced temporal revisit capabilities with 10-meter resolution, facilitating near-real-time monitoring 

of urban dynamics. Very high-resolution commercial satellites including WorldView and IKONOS enable 

detailed urban morphology analysis at sub-meter scales, supporting fine-grained feature extraction and 

infrastructure mapping. Synthetic Aperture Radar technologies complement optical systems by providing 

weather-independent observation capabilities and sensitivity to structural characteristics. SAR data proves 

particularly valuable for urban applications including building detection, settlement mapping, and change 

detection in cloud-prone tropical regions. The integration of LiDAR data enables precise three-dimensional 

urban modeling, supporting applications in building height extraction, green volume quantification, and urban 

canyon characterization relevant for microclimate modeling. 

Urban Growth Dynamics and Driving Forces 
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Urban expansion processes exhibit complex spatial and temporal patterns driven by interacting socioeconomic, 

demographic, and policy factors. Empirical studies document accelerating urbanization rates globally, with 

built-up areas expanding faster than population growth rates in many regions. Recent investigations utilizing 

long-term satellite records reveal that urban areas expanded by approximately 200-300% across developing 

nations between 2000 and 2020, with particularly rapid growth in Asian and African metropolitan regions. This 

disproportionate land consumption relative to population increase reflects declining urban densities, 

infrastructure development, and changing settlement patterns. Spatial patterns of urban growth demonstrate 

characteristic morphologies including compact intensification, linear corridor development along transportation 

networks, and sprawling low-density expansion at metropolitan peripheries. Machine learning analyses of 

driving factors consistently identify distance to existing urban centers, proximity to major transportation 

infrastructure, topographic characteristics, and local policy frameworks as primary determinants of development 

probability. Understanding these spatial dynamics enables predictive modeling for scenario planning and growth 

boundary delineation. 

3. Objectives 

The primary objectives of this review are: 

1. To synthesize existing GeoAI methods for spatio-temporal urban growth and land use change analysis, 

focusing on algorithm efficiency, data needs, and computational performance across scales. 

2. To evaluate machine learning frameworks for multi-source geospatial data fusion, enhancing urban 

classification and change detection accuracy through integrated datasets. 

3. To analyze ecological transformations linked to urban expansion, including vegetation loss, habitat 

fragmentation, thermal shifts, and hydrological alterations. 

4. To assess GeoAI-based models for mapping and quantifying ecosystem services across urban–rural 

gradients under varying developmental and climatic conditions. 

4. Methodology 

Review Design and Scope 

This comprehensive review employs systematic literature analysis methodology to evaluate GeoAI applications 

in urban growth assessment and ecosystem service monitoring. The review encompasses peer-reviewed journal 

articles, conference proceedings, and technical reports published between 2020 and 2025, focusing on recent 

methodological innovations and empirical applications. Literature search strategies utilized multiple academic 

databases including Google Scholar, PubMed, Scopus, and Web of Science, employing search terms combining 

"GeoAI," "urban expansion," "machine learning," "remote sensing," "land use change," "ecosystem services," 

and related terminology. Initial screening identified over 500 potentially relevant publications, which underwent 

rigorous evaluation based on methodological rigor, empirical contribution, and relevance to review objectives. 

Data Sources and Integration Approaches 

Reviewed studies predominantly utilize satellite remote sensing data from multiple platforms and sensors. 

Landsat series imagery provides foundational long-term datasets enabling retrospective analysis of urban 

dynamics over multi-decadal periods. Sentinel constellation data offers enhanced temporal resolution and 

spectral capabilities supporting near-real-time monitoring applications. Very high-resolution commercial 

imagery enables detailed urban morphology characterization and infrastructure mapping. Synthetic Aperture 

Radar data from Sentinel-1 and other platforms provides weather-independent observation capabilities 

particularly valuable in tropical regions experiencing frequent cloud cover. Machine learning frameworks 

integrate diverse ancillary datasets including digital elevation models, road network data, population density 

surfaces, nighttime light imagery, and socioeconomic indicators. Google Earth Engine platform has 
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revolutionized geospatial analysis by providing cloud-based computational infrastructure enabling large-scale 

processing of petabyte-scale remote sensing archives. This democratization of geospatial big data analysis 

facilitates reproducible research and methodological innovation across the scientific community. 

Algorithm Selection and Performance Evaluation 

Reviewed literature demonstrates application of diverse machine learning algorithms across urban analysis 

tasks. Random Forest emerges as the most widely adopted approach due to robust performance, computational 

efficiency, and ability to handle high-dimensional feature spaces without extensive preprocessing. Deep learning 

architectures including Convolutional Neural Networks show superior performance for complex spatial pattern 

recognition tasks but require substantial training data and computational resources. Hybrid approaches 

combining multiple algorithms through ensemble methods or sequential processing pipelines achieve enhanced 

performance through leveraging complementary algorithmic strengths. Performance evaluation employs 

standard accuracy metrics including overall accuracy, kappa coefficient, precision, recall, and F1 scores for 

classification tasks. Change detection analyses utilize metrics quantifying spatial agreement between predicted 

and observed land transitions. Cross-validation techniques ensure generalization capability and guard against 

overfitting. Spatial validation strategies address autocorrelation concerns inherent in geospatial data through 

spatial cross-validation and independent test region selection. 

Ecosystem Service Assessment Frameworks 

GeoAI applications for ecosystem service quantification integrate remote sensing observations with process-

based models and empirical relationships. The InVEST modeling framework provides widely adopted tools for 

ecosystem service assessment including habitat quality, carbon storage, water yield, and sediment retention. 

Machine learning approaches directly relate remote sensing features to service provision through training on 

field measurements or proxy indicators. Spatial analysis techniques quantify service flows, beneficiary 

populations, and equity dimensions through Geographic Information System operations combining 

environmental data with demographic and socioeconomic information. 

5. Results 

GeoAI Algorithm Performance in Urban Classification 

Table 1 presents comparative performance metrics for machine learning algorithms applied to urban land use 

classification tasks across diverse geographic contexts and data sources. 

Table 1: Performance Comparison of Machine Learning Algorithms for Urban Classification 

Study Algorithm Study 

Area 

Data Source Overall 

Accuracy 

Kappa 

Coefficient 

Spatial 

Resolution 

Zhao et al. 

(2024) 

Random Forest Pakistan Landsat 8, GEE 92.7% 0.89 30m 

Hao et al. 

(2024) 

U-Net China High-resolution 

imagery 

91.9% 0.87 0.5m 

Mutale et al. 

(2024) 

Support Vector 

Machine 

Zambia/Sri 

Lanka 

Landsat time-

series 

88.3% 0.84 30m 

Farhan et al. 

(2024) 

CNN + Random 

Forest 

Pakistan Landsat 8 93.3% 0.91 30m 

Barboza et 

al. (2024) 

Gradient 

Boosting 

Peru Sentinel-2 89.8% 0.86 10m 
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Random Forest algorithms demonstrate robust performance across diverse environmental contexts, achieving 

accuracies consistently exceeding 90% when provided with comprehensive feature sets combining spectral 

indices, texture measures, and ancillary data. The algorithm's ensemble learning mechanism effectively handles 

high-dimensional feature spaces and nonlinear relationships characterizing urban environments. Deep learning 

architectures including U-Net achieve superior performance for very high-resolution imagery classification tasks 

but require substantial training data quantities and computational resources for model optimization. Hybrid 

approaches integrating multiple algorithms show promise for leveraging complementary strengths, with 

ensemble methods achieving marginal accuracy improvements over individual classifiers. 

Spatio-Temporal Urban Expansion Patterns 

Table 2 documents urban growth rates and patterns identified through GeoAI-enabled remote sensing analysis 

across different metropolitan regions and timeframes. 

Table 2: Spatio-Temporal Urban Expansion Patterns Detected Through GeoAI Analysis 

Study Region Time 

Period 

Initial 

Urban Area 

Final Urban 

Area 

Growth 

Rate 

Dominant 

Pattern 

Tariq et al. 

(2022) 

Multan, Pakistan 1990-

2020 

47.3 km² 156.8 km² 231% Sprawling 

expansion 

Aslam et al. 

(2024) 

Major Pakistani 

cities 

2000-

2020 

892 km² 2347 km² 163% Corridor 

development 

Zhou et al. 

(2025) 

Changsha, 

China 

2000-

2023 

563.8 km² 1628.2 km² 189% Compact 

intensification 

Din & Mak 

(2021) 

Hyderabad, 

Pakistan 

1990-

2020 

215 km² 687 km² 219% Multi-nuclei 

growth 

Esmaeili et 

al. (2024) 

Istanbul, Turkey 1990-

2020 

428 km² 983 km² 130% Linear corridor 

These empirical findings reveal accelerating urban expansion rates across developing nations, with built-up 

areas increasing by 130-231% over two to three decade periods. The most rapid growth occurred during 2010-

2015 coinciding with national urbanization policies and economic development initiatives. Spatial pattern 

analysis identifies diverse morphologies including compact intensification within existing urban boundaries, 

linear corridor development along transportation networks, and sprawling low-density expansion at metropolitan 

peripheries. Machine learning change detection approaches successfully identify subtle land cover transitions 

and gradual urbanization processes often missed by traditional change detection methods. 

Ecological Transformation Under Urban Expansion 

Table 3 summarizes vegetation dynamics and ecological indicators quantified through GeoAI analysis of remote 

sensing time series. 

Table 3: Ecological Transformation Metrics Quantified Through GeoAI Remote Sensing Analysis 

Study Location Indicator Baseline 

Value 

Current 

Value 

Change 

Magnitude 

Time 

Period 

Lehmler et al. 

(2023) 

Germany (urban 

areas) 

Green 

Volume 

78.4 

m³/pixel 

61.2 

m³/pixel 

-22% 2015-2022 

Chen et al. (2023) Global urban 

areas 

Vegetation 

Cover 

34.2% 28.7% -16% 2000-2020 
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Oosterbroek 

(2023) 

Morocco (Rabat) NDVI 

(mean) 

0.52 0.38 -27% 2010-2023 

Bi et al. (2023) Yangtze River 

Belt 

Wetland 

Area 

3847 

km² 

3271 

km² 

-15% 2005-2020 

Aznarez et al. 

(2024) 

Multiple global 

cities 

Tree Canopy 

Cover 

28.3% 22.1% -22% 2000-2020 

Ecological transformation analyses reveal consistent patterns of vegetation decline associated with urban 

expansion across geographic contexts. Green volume metrics quantified through multi-source remote sensing 

integration demonstrate reductions of 15-27% in rapidly urbanizing regions over one to two decade periods. 

Normalized Difference Vegetation Index time series analysis identifies spatial heterogeneity in vegetation 

dynamics, with central urban cores experiencing more severe degradation than peripheral areas. Wetland 

systems face particularly acute pressures, with area reductions of 10-20% documented in multiple regions. 

These ecological transformations directly impact ecosystem service provision including microclimate 

regulation, air quality enhancement, and biodiversity support. 

Environmental Service Assessment Through GeoAI 

Table 4 presents ecosystem service quantification results derived from GeoAI modeling frameworks integrating 

remote sensing observations with process-based models. 

Table 4: Ecosystem Service Quantification Using GeoAI-Enabled Assessment Frameworks 

Study Region Service 

Category 

Assessment 

Method 

Baseline 

Value 

Current 

Value 

Change 

(%) 

Xia et al. 

(2023) 

China 

(various) 

Carbon Storage InVEST + ML 847 Mg C/ha 712 Mg 

C/ha 

-16% 

Li et al. 

(2022) 

Poyang Lake 

Basin 

Water Yield InVEST model 524 mm/year 467 

mm/year 

-11% 

Wu et al. 

(2022) 

Various 

regions 

Habitat Quality InVEST + RS 0.72 (index) 0.58 (index) -19% 

Liang et 

al. (2024) 

Yellow River 

Basin 

Soil 

Conservation 

RUSLE + GIS 15.3 t/ha/year 19.7 

t/ha/year 

+29% 

Pei et al. 

(2024) 

Yunnan-

Guizhou 

Multiple 

Services 

PLUS + 

InVEST 

Variable Variable -8 to 

+12% 

Ecosystem service assessments reveal heterogeneous impacts of urban expansion across service categories. 

Regulating services including carbon storage and habitat quality experience substantial declines ranging from 

15-25% in rapidly urbanizing watersheds. Water yield reductions of 10-15% reflect altered hydrological regimes 

associated with impervious surface expansion and vegetation loss. Soil conservation exhibits complex patterns, 

with localized improvements in some areas due to conservation interventions offsetting degradation in 

expanding urban peripheries. Trade-off analyses demonstrate conflicts between development objectives and 

environmental conservation, highlighting the necessity for integrated planning frameworks balancing multiple 

sustainability dimensions. 

Predictive Modeling and Future Scenarios 

Table 5 summarizes GeoAI-based urban growth projections and ecosystem service forecasts under different 

development scenarios.  
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Table 5: GeoAI-Based Urban Growth and Ecosystem Service Projections to 2030-2050 

Study Region Scenario Projected Urban 

Expansion 

Projected Service 

Change 

Modeling 

Approach 

Wang et al. 

(2022) 

Central 

Yunnan 

Business-as-

usual 

+42% by 2030 Carbon storage -

23% 

CA-MC + RF 

Farhan et al. 

(2024) 

Islamabad Planned 

development 

+35% by 2042 Mixed impacts CA-Markov + 

ANN 

Mehra & 

Swain (2024) 

Dharmshala, 

India 

Current trends +22% by 2030 Agricultural loss -

18% 

ANN 

prediction 

Wu et al. 

(2024) 

Dalian, 

China 

Multiple SSPs +28% to +47% by 

2040 

Variable by 

scenario 

PLUS-InVEST 

Beroho et al. 

(2023) 

Morocco Climate 

scenarios 

+31% by 2035 Water stress 

+25% 

CA-Markov 

Predictive modeling exercises demonstrate substantial projected urban expansion under business-as-usual 

scenarios, with built-up area increases of 30-50% anticipated by 2030-2040 across diverse regional contexts. 

Scenario analyses comparing alternative development pathways reveal significant variations in environmental 

outcomes depending on planning interventions, growth management policies, and infrastructure investment 

patterns. Deep learning-based prediction models capture complex nonlinear relationships between driving 

factors and urban development probability, enabling spatially explicit forecasts supporting proactive planning 

interventions. Uncertainty quantification remains a critical challenge, with projection confidence intervals 

widening substantially for longer forecasting horizons beyond 15-20 years. 

6. Conclusion 

This comprehensive review demonstrates that GeoAI technologies provide transformative capabilities for 

spatio-temporal assessment of urban growth patterns, ecological transformations, and ecosystem service 

dynamics. Machine learning algorithms achieve robust performance exceeding 90% accuracy in urban land use 

classification tasks, with Random Forest methods offering optimal balance of accuracy, computational 

efficiency, and interpretability for operational applications. Deep learning architectures demonstrate superior 

performance for complex spatial pattern recognition from very high-resolution imagery but require substantial 

data and computational resources. Empirical evidence synthesized across diverse geographic contexts reveals 

accelerating urban expansion rates of 130-300% over two to three decade periods in developing nations, driving 

severe ecological transformations including 15-27% vegetation cover reductions and substantial wetland losses. 

Ecosystem service assessments enabled by GeoAI frameworks quantify declining regulating services including 

carbon storage reductions of 15-25%, water yield decreases of 10-15%, and habitat quality degradation of 

approximately 20% in rapidly urbanizing regions. These environmental impacts reflect fundamental conflicts 

between conventional development patterns and sustainability objectives, necessitating integrated planning 

frameworks balancing economic development with environmental conservation. GeoAI predictive models 

project continued urban expansion of 30-50% by 2030-2040 under business-as-usual scenarios, with substantial 

variations in environmental outcomes depending on policy interventions and planning approaches. Critical 

challenges persisting for GeoAI deployment include model interpretability limitations, multi-source data 

integration complexities, temporal dynamics modeling requirements, and ethical considerations regarding 

automated decision systems. Future research priorities encompass explainable AI development, multimodal 

deep learning advancement, process-based model integration, and participatory mapping approaches engaging 

community knowledge with expert GeoAI analysis. Despite these challenges, GeoAI frameworks offer 

unprecedented opportunities for evidence-based urban planning supporting sustainable development pathways 

that balance human needs with environmental stewardship. The continued evolution of these technologies, 

combined with expanding Earth observation infrastructure and computational capabilities, promises enhanced 

capacity for monitoring, understanding, and managing urban-environmental systems in the Anthropocene. 
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