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ABSTRACT
Integration of geospatial technology and Artificial Intelligence (AI) algorithms, coupled with socio-economic assessments can optimize sustainable land use management decision-making. The evaluation examines how remote sensing collaborates with geographic information systems (GIS) and predictive AI models support land use analysis. The inclusion of socio-economic data improves the analysis of human-environment connections, which results in stronger decision-making in development in land management. Current applications encounter several significant challenges, such as limited interpretability of AI models, inconsistent data availability, and weak system integration across geographic, social and computational domains. The article examines integrated methodologies with their constraints as well as the requirements for standardized protocols, together with interdisciplinary teamwork and ethical management of AI systems. During land cover observation, high-resolution remote sensing works together with machine learning approaches to detect changes, yet the assessment methods within deep learning remain unclear to users. Socio-economic data integration faces challenges because different information collection methods generate inconsistent results, and various data resolutions create difficulties for integration. Research priorities must include real-time data collection as well as hybrid AI model development alongside stakeholder-driven land use planning systems. The study provides vital information to support adapting sustainable land management by stressing various aspects of geospatial technologies to bring solutions under various socio-economic environments between important sectors as well as explaining the capabilities of AI systems.
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1. INTRODUCTION 
Geospatial technology is a combination of state-of-the-art remote sensing and technology for geographic information systems (GIS) and global navigation satellite systems (GNSS) for the mapping and monitoring of land uses and their changes in various landscapes.  However, integration of geospatial technologies with AI to understand the causes, mechanisms, and consequences of spatial heterogeneity, while its ultimate objective is to provide a scientific basis for developing and maintaining ecologically, economically, and socially sustainable landscapes is vital for efficient and viable decision making in land management specially for sensitive landscapes like catchments.
Land use transformation has acquired a great importance for environmental management and policy making purposes as a result of the worldwide problems such as fast urbanization, climate change in addition to food supply issues. Tracking methods used for historical land use analysis have been field surveys and census data, as well as archival records. The monitoring methods performed are highly limited in terms of their spatial access, and therefore, limited in their ability to obtain real time collection of dynamic land change data with insufficient dynamic land change data update validity (Mohd Noor et al., 2018; Guzman et al., 2013).
The adjustments in usage patterns of land located within catchment areas are essential drivers which create conditions for environmental sustainability, together with hydrological cycles and socio-economic development. These modifications directly impact four vital procedures, including water availability and soil erosion, alongside carbon sequestration and biodiversity conservation. The success of sustainable land use management depends on studying the dynamic processes which produce negative results, including deforestation and habitat loss and urban sprawl (Floreano & de Moraes, 2021; Alegbeleye et al., 2024). 
Throughout the world, the wide adoption of Remote Sensing (RS), Geographic Information Systems (GIS), and Global Positioning Systems (GPS) technologies enables continuous monitoring of land cover alterations and spatial pattern detection, along with land use prediction models (Chen et al., 2020; Abraham & Kundapura, 2022). According to Prasad and Ramesh (2019) as well as Gidey et al. (2017), time-based environmental change can be assessed using satellite imagery and geospatial analytics. For one, there are several advantages of geospatial technologies, but they suffer from common limitations in detecting fine relationships of land use versus social and economic variables.
Recently, Artificial Intelligence (AI) has grown as a revolutionary instrument for detecting land use changes and classifying land areas. The implementation of the AI algorithm based on Machine Learning (ML) and Deep Learning (DL) systems such as Convolutional Neural Networks (CNNs) and Support Vector Machines (SVMs) strongly increases the accuracy of LULC classification and predictive modelling as represented by Wang et al. (2022), Gu and Zeng (2023) and Kasahun and Legesse (2024). AI-based methodologies are using superior rates of precision and speed, and prediction capacity than the traditional methods (Li & Demir, 2023; Xie & Niculescu, 2021).
2. EMERGING ISSUES IN INTEGRATED LAND USE MODELING 
The main difficulty with contemporary land use assessment methods concerns incorporating social and economic elements within artificial intelligence models that rely on geographic data. The primary elements that control land use development, including human population growth and agricultural land expansion and infrastructure progression and regulatory measures, influence the landscape structure just as much as physical landscape modifications (Nkeki, 2016; Barbier, 2004; Southgate, 2023; Herath et al., 2023). The existing models neglect to examine socio-economic forces properly alongside their main focus of biophysical landscape changes (Riquetti et al., 2023; Macleod et al., 2007).
The thorough comprehension of land use evolution requires cross-disciplinary computational models which merge artificial intelligence Geographic Information System methods with economic and social data collections. The research works to establish a solution through its investigation of integrating Artificial Intelligence with geospatial tools as well as socio-economic data metrics to improve catchment land use evaluations. This research details a complete decision support framework for sustainable land management through linking census information to the economic indicators and remote sensing imagery with the aid of AI simulation techniques (Carrero et al., 2014; Kasahun & Legesse, 2024).
Despite remarkable advances in AI and geospatial technologies, some of the major obstacles prevent conducting a complete land use analysis in a catchment. Firstly, data scarcity is a main obstacle that hinders land use monitoring, especially where resource underpinnings are not comprehensive such as in developing regions (Floreano & De Moraes, 2021; Alegbeleye, Prokopenko, Sheppard, & Rust, 2024). Many constraints on technological development, finances and data sharing limit the amount of satellite coverage in many remote areas. Moreover, publicly available datasets that undergo low frequency updates are ineffective in tracking sudden changes to the environment and the urban (Haque & Basak, 2017; Wang et al., 2022.).
Secondly, there is a further critical challenge of lack of transparency in AI based land use models. Several Deep Learning (DL) models, including CNNs and U-Net architectures are “black boxes”, meaning their ability to be interpreted (Hoeser & Kuenzer, 2020; Kasetty & Rajakumar, 2024). The lack of explainability is a concern with respect to these models' suitability for decision making driven by policy, given stakeholder need for justified results generated by AI (Gu & Zeng, 2023; Ruiz et al., 2023).
Thirdly, static dataset-based land use classification models that are built using most existing land use classification models fail to account for the real time dynamics of land transition (Prasad & Ramesh, 2019; Akpoti et al., 2019). Indeed, these models generally cannot accommodate real time monitoring tools that would help in monitoring fluctuations in socio-economic and environmental aspects (Macleod et al., 2007; Barbier, 2004). Therefore, the need to develop hybrid AI-geospatial frameworks combining temporal analysis with live streams is increasing, given the challenges of enhancing predictive accuracy.
Furthermore, both land use changes and changes in landscape are heavily dictated by socio-economic drivers, while most existing AI-geospatial models concentrate purely physical changes in the landscape (Carrero et al., 2014; Ruiz et al., 2023). Nevertheless, it is human induced factors, e.g., migration trends, land ownership policies, and economic activities, which are the critical determinants of dynamic land use (Riquetti et al., 2023; Macleod et al., 2007). Thus, an integration of AI powered spatial analysis with socio economic data can result in a more comprehensive approach to land management.
Lastly, advancing AI models in land use analysis is computationally expensive and requires substantial resources, which are seldom present in the resource limited communities (Gupta & Bhatnagar, 2025; Wang et al., 2022). Deep leaning algorithms demand a lot of processing capacity and are thus inaccessible to institutions which do not entertain high technological infrastructure. Hence, a fundamental step forward is to develop the cost effective and flexible AI models capable of working cross different geographical, socio economic conditions (Gidey et al., 2017; Xie & Niculescu, 2021).


3. RESEARCH OBJECTIVES
The main objective of the review was to critically evaluate the integration of geospatial technological, AI, and socio-economic data for land use assessment in sensitive landscapes like catchments. The specific objectives were to analyze research on analysis of geospatial technologies, AI application, and socio-economic aspects in land use assessment, to examine advancements in machine learning, deep learning, and geospatial modeling for catchment landscape analysis. And also, the review aimed to identify challenges and opportunities in integrating AI-geospatial models with socio-economic data for sustainable land management. Furthermore, it sought to provide policy recommendations for land use planners, environmental agencies, and researchers to enhance decision-making.
Therefore, this study contributes to the theory and practice of the land use management by integrating qualitative synthesis of the current knowledge and identification of areas that would encourage the development of hybrid AI-geospatial and real-time monitoring for the sustainable land use. (Wang et al., 2022; Akpoti et al., 2019; Ruiz et al., 2023).
4. GEOSPATIAL TECHNOLOGIES IN LAND USE DYNAMICS
4.1 Overview of Geospatial Technologies
Land use dynamics study has gradually been changing since the incorporation of Remote Sensing (RS) and Geographic Information Systems (GIS) as well as Global Positioning Systems (GPS) since these technologies ensure collection of spatial information regarding the changes in the environment (Floreano & de Moraes, 2021; Alegbeleye et al., 2024). This means that new technologies allow a researcher to study the movements of the land cover from human activities hence give better future probable projections than the survey methods (Chen et al., 2020; Haque & Basak, 2017). In this context, land use change of both the local and the global areas is only achievable with the help of geospatial techniques for the preservation of the natural ecological management systems (Prasad & Ramesh, 2019; Gidey et al., 2017).
4. 2 Remote Sensing in Land Use Analysis
Remote sensing serves as an analytical tool for the assessment of land use changes depending on time-sensitive photography from satellites and UAVs (Mohd Noor et al., 2018; Akumu et al., 2021). The integration of Landsat and Sentinel-2 and MODIS data has led to better classifications of land cover as well as change detection analysis as indicated by previous works by Chen et al. When it comes to landscape modifications within catchments, things become easier to explain because hyperspectral photography combines LiDAR technology and other advanced remote sensing technologies (Scăunaș et al., 2019; Akpoti et al., 2019).
4.3 GIS Applications in Land Use Mapping
GIS serves as an effective tool in conducting spatial analysis of the spatial operations and display of land usage, and hence enhances the land use transformations. Research teams use GIS in doing complex spatial works because it integrates remote sensing with socio-economic and environmental factors as postulated by Bora & Goswami (2016) and Nkeki (2016). The Land Change Modeler (LCM) and Cellular Automata (CA)-Markov model set up as conventional for estimating potential future land use changes while modelling urban growth pattern as confirmed by Dangulla et al. (2020) as well as Prasad and Ramesh (2019).
GIS enriches decision-making through spatial datasets which enables the formulation of better land-use plans and policies, according to the study by Sumari et al. (2020) and Rignall & Kusunose (2018). Using spatial statistical analysis and overlay assessment on GIS users can easily detect the area of land use conflict while conducting the environmental-hazard assessment for ideal resource allocation (Abraham & Kundapura, 2022; Berie & Burud, 2018). Application of GIS-machine learning integration provides the researchers to identify land use change patterns and detection of changemaker’s that makes it easy for the development of sustainable management strategy formation (Kasahun & Legesse, 2024; Ruiz et al., 2023).
5. INTEGRATION OF AI AND GEOSPATIAL TECHNOLOGIES IN LAND USE ANALYSIS
Integration of artificial intelligence and geospatial technology has enhanced the field of land use dynamics by improving on the quality of classification as well as flux prediction techniques. The utilization of artificial intelligence-based ML algorithms and DL models together with AI techniques allows for enhanced precise land use and land cover (LULC) mapping procedures according to Gu & Zeng (2023) and Ruiz et al. (2023). Traditional methods for land use classification produce errors because of similar spectral signatures and blended land cover types yet AI-driven solutions boost feature detection along with spatial pattern understanding which improves land use assessment accuracy (Bora & Goswami, 2016; Rignall & Kusunose, 2018).
The supervised land use classification field uses RF and SVMs as they can adequately accommodate data non-linearity on geospatial features (Chen et al., 2020). Multi-temporal change assessment using satellite images is well understand by deep learning structures including Convolutional Neural Networks (CNNs) as stated by Wang et al. (2022) and Kasahun and Legesse (2024) on automated feature detection. The number of researchers employ CNN-based frameworks to model urban growth and monitor deforestation and conduct agricultural land assessments (Gupta & Bhatnagar, 2025; Gidey et al., 2017).
Several predictive modeling and future land use simulation processes become possible through AI systems operating within geospatial analytics. AI models utilize existing land use records to generate predictions about future growth patterns, detect vulnerable deforestation areas as well as evaluate how climate change affects land surface management (Hoeser & Kuenzer, 2020; Ruiz et al., 2023). Professional researchers utilize AI forecasting models combined with socio-economic information to study the effects of infrastructure growth alongside population increase and regulatory shifts upon land usage modifications (Riquetti et al., 2023; Macleod et al., 2007).
AI development has optimized object-based image analysis so it provides better segmentation capabilities for detailed satellite imagery analysis (Kasahun & Legesse, 2024). Geospatial tools enhanced by AI technology currently enable precision agriculture operations and smart city development and disaster risk assessment programs which deliver sustainable land resource management solutions (Southgate, 2023; Wang et al., 2022).
However, various obstacles persist in the midst of recent technological progress. Deep learning algorithms present interpretability barriers to decision makers because they operate as "black boxes" with little explain ability potential (Hoeser & Kuenzer, 2020; Kasetty & Rajakumar, 2024). AI-driven geospatial models remain limited due to the insufficient development of socio-economic data integration which hinders comprehensive land use dynamics detection (Carrero et al., 2014; Ruiz et al., 2023).
To address these challenges, future research should focus on building hybrid AI-geospatial frameworks which unite deep learning models with conventional GIS-based analytics to enhance accuracy levels. In addition, the implementation of AI models in public policies requires enhancement of interpretability features to gain wider acceptance in governmental choices. Furthermore, geospatial data integration requires interdisciplinary approaches between multiple indicators including environmental and socio-economic metrics. Ultimately, through the combination of different approaches AI-powered geospatial analytics delivers improved sustainable land use planning and management by promising precise explanatory and actionable solutions.
[bookmark: Start]5.1 Challenges and Limitations of Geospatial Technologies
Geospatial technologies face considerable difficulties when implemented for land use research even though they deliver substantial benefits. This application faces its main difficulty because high-resolution data remains unavailable to many countries that find it hard to meet commercial satellite imaging fee and licensing requirements (Floreano & de Moraes, 2021; Haque & Basak, 2017). Multiple difficulties arise from combining diverse geospatial datasets because of the combination of data processing requirements and resolution inconsistencies and calculation power needs (Abraham & Kundapura, 2022; Scăunaș et al., 2019).
Proper interpretation of geospatial data proves difficult because of the barriers presented by AI-based classification systems. Conference challenges remain regarding the improved precision of machine learning models created by classification operations due to issues generated from data training strategies and feature selection functions in diverse ecological and socio-economic environments (Gu & Zeng, 2023; Ruiz et al., 2023). The main challenge in GIS and remote sensing software deployment includes standardizing data formats and implementing interrelated system functionality between different platforms (Bora and Goswami, 2016; Alegbeleye et al., 2024).
6. ROLE OF ARTIFICIAL INTELLIGENCE (AI) IN LAND USE DYNAMICS
6.1 AI-Based Land Use Classification and Mapping
The earlier method which involved manual mapping of land use classification, spectral indices, and statistical modeling does not effectively reflect both subtle and dynamic changes in the land cover. The large-scale land use monitoring is faced with these traditional methods that are having issues related to subjectivity along with the spectral ambiguities and the compatibility of desired multitemporal datasets (Naghibi et al., 2016; Dabija et al., 2021). The use of classification-based AI methods in the process of GMU became popular because they are useful in processing large-dataset and abstraction in spatial data and improved the detection.
Sentinel-2 and Landsat high-resolution data that derived from Google Earth Engine has improve spatial dimension and minimize classification error according to the research done by Xie & Niculescu (2021) & Kasahun & Legesse (2024) on land use classification. OBIA through machine learning helps in the precise segmentation of the high-resolution image and improves the differentiation between the different categories of LU changes (Rodriguez-Galiano et al., 2015). AI super-resolution techniques work with low resolution images to produce better results in identifying changes in the use of land more so in areas which may not have sufficient satellite data available.
For land use change detection and deforestation identification as well as evaluation of agricultural yield, the object detection technique with the use of AI proves vital (Himeur et al., 2022). These automated detection systems show the capacity to detect minimum changes in the land cover which other classification systems would miss therefore playing a central role in early-warning system as well as for conservation initiatives. Land use classification also involves application of XAI to make the predictions of a deep learning model to be both explainable to the end users eliminating the criticism of “black-box” systems (Kasetty & Rajakumar, 2024). The explanation of the methodology is significantly supported by the visualization of the general workflow of how AI-based classification works; from processing satellite data to feature extraction and classification using deep learning method to the final output. This format would provide a proper comparison of the potential benefits of diverse AI systems used in mapping of land use as well as changes.
7. SOCIO-ECONOMIC INFLUENCES ON LAND USE
7.1 Socio-Economic Drivers of Land Use Dynamics
The evaluation of land use changes through an analysis of environmental and social-economic factors helps determine to what degree land use needs transformation and where those effects will occur. Many research groups have built land use models for simulation and analysis of land alterations (Baker, 1989; Turner, 1987; Turner et al. 2007; Lambin, 1994). 
Multiple socio-economic elements including population expansion together with economic development alongside agricultural growth together with infrastructure building among other policy regulations induce changes in land use (Meyer & Turner, 1992; Barbier, 2004). The procedure of land distribution experiences effects from socioeconomic elements and urban development patterns and both deforestation and resource mining operations (Arfanuzzaman & Dahiya, 2019; Mahtta et al., 2022). Policymakers need to understand socio-economic land transformation mechanisms because it enables them to create balanced sustainable development plans merging economic expansion with nature preservation (Dadashpoor et al., 2019; Lin et al., 2018).
Large sections of the earth exhibit major contrasting socioeconomic elements that affect how land gets utilized. Socioeconomic essentials and better transportation systems result in urban land transformations in developing urban regions yet agricultural output alongside stability in land ownership remains the main drivers of rural land use changes (Bianchini et al., 2021; Wu et al., 2011). Political directions through governmental governance mechanisms lead to both sustainable land use and environmental damage (Kalnay & Cai, 2003; Southgate, 2023).
A comprehensive evaluation of socio-economic factors demands the combination of multi-disciplinary methods together with spatial analytical techniques and economic systems and participatory governance structures according to Mahtta et al. (2022) and Lin et al. (2018). Future investigation needs to explain the combined effects between economic elements and urban alterations and governance mechanisms upon land management and resource distribution patterns between diverse geographic regions (Rignall & Kusunose, 2018; Palmer et al., 2009).
8. INTEGRATION OF GEOSPATIAL, AI, AND SOCIO-ECONOMIC DATA FOR LAND USE ASSESSMENT
The combination of geospatial tools with artificial intelligence algorithms alongside socio-economic data elements brings advanced accuracy and improved efficiency and scalability to land use assessment methods. Researchers can build data-driven models to measure physical land cover alterations and human-made changes through their combination of elements which ultimately helps develop better land management policies. Such data combination enables stakeholders to perform cross-dimensional assessments that integrate environmental knowledge with economic and social information regarding land use patterns. Through AI-driven geospatial analysis both land use classification and change detection and predictive modeling became automated while feature detection along with traditional classification technique errors were minimized. RF with SVMs joins CNNs and U-Net in utilizing remote sensing images from Sentinel-2, Landsat, and Google Earth Engine to yield better results in land cover detection. Synthetic Aperture Radar (SAR) data provides an option to work with optical imagery for cloud-prone region land use assessment through persistent all-weather monitoring capabilities.
Socio-economic data now serves as a crucial component for land use assessments because demographic patterns together with economic mechanisms along with infrastructure constructs and land ownership patterns determine land ecosystem dynamics. Researches using AI with geospatial models better understand land dynamics through the combination of census data and agricultural indices with urban statistics and climate vulnerability evaluations. Land management strategies achieve better human development alignment through AI-based geospatial models because socio-economic factors strongly determine deforestation patterns and urban growth and agricultural changes. 
9. INTEGRATED LAND USE ASSESSMENT
The evaluation process of land use management changes when geospatial technology operating through artificial intelligence merges with socio-economic data. By integrating multiple components, the technological system enables decisions that use precise data for productive purposes (Batty et al 2012; Li et al 2021). In previous modern history the combination of remote sensing technology with GIS performed land use checks. Advanced AI models combined with socio-economic data optimize space analysis accuracy rates while predicting land use alterations since they manage technical complexity effectively (Goodchild et al 1996; Chen et al 2023). The integration of these technological tools achieves a whole system that allows complete land use change analysis while developing policies for sustainable land management (Wang & Li 2019; Verburg et al. 2019).
Better computing approaches alongside modern data processing technology has substantially improved research techniques involved in integrated land use studies. Large geographic databases with cloud computing infrastructure provide users with massive datasets to enhance their capacity for collection as well as forecasting (Foody 2002; Huang et al. 2020). The process of modeling spatial information remains a fundamental requirement for uniting collected information across multiple sources. The technology allows experts to build various land use transformation models through social, economic and environmental framework analysis (Roy et al. 2016; Zhu et al. 2019).
Modern technology enables the sequential combination of geographical artificial intelligence systems with economic information yet emerging problems in land use analysis persist. Data inconsistencies together with resolution differences as well as incompatible system integration lead to platform integration limitations according to Bian et al. (2022) and Chen et al. (2020). Future researchers need to create standardized protocols to enhance precision in integrated land use modeling together with techniques which achieve practical implementation in real-life scenarios (Yang et al. 2021; Zhu et al. 2022).
10. GEOSPATIAL TECHNOLOGIES FOR LAND USE MAPPING AND CHANGE DETECTION
Integration of Remote Sensing technology with Geographic Information Systems functions as a core tool for mapping land usage along with detecting changes in land areas. Researchers can track significant land cover shifts across large areas through time using technologies which yield spatially and temporally abundant data sets (Foody 2002; Huang et al. 2020). Multispectral and hyperspectral satellite data allows precise tracking of environmental changes and urban growth and land use transitions. The environmental changes are better understood through historical analysis made possible by satellite missions including Landsat, Sentinel-2, and MODIS (Roy et al., 2016; Zhu et al., 2019). Research-based decisions for land resource management can be facilitated through analysis of these datasets which detects deforestation patterns alongside agricultural expansion and urban growth (Wang et al., 2022; Zhang et al., 2023).
GIS platforms have advanced geospatial analysis through dataset consolidation which binds together different information types such as maps and geographic and demographic data. The power of GIS emerges from uniting multiple data types which helps improve predictive analysis for land use modeling along with spatial patterns discovery (Chen et al., 2020; Bian et al., 2022). Routine application of GIS-based statistical tools and predictive models with machine learning capabilities allows scientists to detect advancing land use patterns and environmental threats (Palermo et al., 2023; Xie et al., 2023). Adding socio-economic factors into GIS frameworks enables better assessment of human-made land alterations for more extensive land use planning.
The field of geospatial analytics now includes multi-temporal analysis methods together with land change simulation modeling and data fusion approaches which increase the precision of land use classification. Researches now have access to automated and scalable detection methods for land use pattern spatial variations through the application of hybrid GIS-AI techniques with Object-Based Image Analysis (OBIA) (Palermo et al., 2023; Xie et al., 2023). OS geospatial technologies operating from open-source platforms now enable real-time monitoring enhancements which bring adaptable and flexible solutions toward sustainable land management (Zhang et al., 2023; Bian et al., 2022). Evolution of AI-based GIS technologies will boost land management strategies by enabling precise land use assessment and improved future trend predictions and adaptive policy support resulting in sustainable resource use and environmental preservation.
11. AI-DRIVEN APPROACHES IN LAND USE ASSESSMENT
General assessment of land use through artificial intelligence technologies completes automated work and detects patterns and generates predictive results (Liu & Cao, 2021; Sun et al., 2023). Random Forest (RF) and Support Vector Machines (SVM) and Deep Neural Networks (DNN) represent three types of machine learning (ML) algorithms which dominate land use classification and achieve better results than standard rule-based systems (Maxwell et al., 2018; Zhu et al., 2020). The AI models process extensive geospatial data to discover important patterns which allows them to make highly precise future land use predictions (Chen et al., 2023; Wang & Li, 2019).
High-dimensional datasets are analyzed more effectively with Convolutional Neural Networks (CNN) and Recurrent Neural Networks (RNN) as deep learning capabilities enable them to leverage both space-time dependencies (Kussul et al., 2017; Nogueira et al., 2017). Remote sensing technology benefits from deep learning frameworks because these frameworks perform automatic feature extraction which minimizes manual interpretation needs and improves accuracy (Verburg et al., 2019; Sun et al., 2023). New developments in Explainable AI (XAI) aim to provide transparent understandability of artificial intelligence systems for achievable land use assessments (Xie et al., 2023; Palermo et al., 2023).
People who use AI predictive modeling systems can predict which land will transition by studying historical patterns alongside climate conditions and social-economic data (Chen et al., 2023; Wang & Li, 2019). Sustainable land management receives advantages from hybrid systems which unite AI elements with GIS and remote sensing data sources (Sun et al., 2023; Verburg et al., 2019). The incorporation of AI into geospatial platforms allows for constant observation of land use changes which enables decision-makers to develop adaptive management strategies when facing environmental or economic adjustments (Palermo et al., 2023; Zhang et al., 2023).
Geospatial technologies with Artificial Intelligence analysis of socio-economic data has transformed land use assessment into a data-intensive method of studying land dynamics. Geospatial tools allow continuous space-time observation of land systems while AI models produce predictions linked to socio-economic frameworks used for human-induced land change analysis. The combination of addressing current land management problems and employing modern technological advancements will enhance the performance of policy decisions while promoting sustainable land practicing. The advancement of integrated land use analysis requires priority research in interdisciplinarity and standardized frameworks together with real-time monitoring systems according to Verburg et al. (2019) and Li et al (2021).
Table1 Comparative Table of Simulation Models vs. AI-Based Models
	Model Type
	Examples
	Strengths
	Limitations
	References

	Simulation Models
	CA, ABM, Markov Chain
	Good for pattern recognition and rule-based modeling
	Limited adaptability, rule-based constraints
	Floreano & de Moraes (2021); Alegbeleye et al. (2024)

	Statistical Models
	Logistic Regression, MLR
	Easy to implement, interpretable results
	Assumes linear relationships, less flexible
	Bora & Goswami (2016); Nkeki (2016)

	Machine Learning
	RF, SVM, ANN
	Handles large datasets, high accuracy
	Requires large training data, black-box nature
	Kasahun & Legesse (2024); Chaturvedi & de Vries (2021)

	Deep Learning
	CNNs, U-Net, LSTMs
	High feature extraction, robust spatial analysis
	Computationally expensive, difficult to interpret
	Zhang et al. (2023); Talukdar et al. (2020)



12. CHALLENGES AND LIMITATIONS OF LAND USE ASSESSMENT 
12.1 Data Availability and Quality Constraints
Land use assessment becomes limited by the inconsistent quality and availability of geospatial data and AI models along with socio-economic data in different areas (Foody, 2020; Goodchild et al., 2020). The remote sensing imagery combined with socio-economic datasets are limited within developing countries because they cannot access high-resolution information resulting in limited ground-level land use assessments (Chen et al., 2023; Verburg et al., 2019). Land use classifications and change detection analyses suffer from data collection methodology inconsistency and varying reporting standards leading to biases that produce uncertainties according to Bian et al. (2022) and Wang et al. (2022).
Time-sensitive socioeconomic data disadvantages the inclusion of human-influenced land use modifications within predictive models (Turner et al., 2022; Palermo et al., 2023). The deficits in specific regions regarding data availability limit the model's universal applicability along with its ability to transfer predictions across various settings (Nogueira et al., 2021; Xie et al., 2023). The research field should prioritize developing open-access data platforms and better methods to harmonize data because they will improve these limits (Li et al., 2021; Brown & Kyttä, 2018).

12.2 Challenges in AI Model Interpretability and Bias
Deep learning models substantially boost land use assessment but their unexplainable nature creates critical obstacles to understanding their operational procedures (Kasahun & Legesse, 2024; Himes et al., 2022). Comprehensive neural network systems behind machine learning algorithms demonstrate low explainability that creates obstacles for policymakers along with stakeholders to understand decision-making processes (Palermo et al., 2023; Bian et al., 2022). AI trust becomes a significant issue because of black-box operations in deep learning when planning urban land use through policy (Xie et al., 2023; Goodchild et al., 2020).
AI systems draw their training data from databases which might not provide comprehensive coverage of the socioeconomic and environmental factors unique to diverse geographical regions (Sun et al., 2023; Wang et al., 2022). The outcome produces reduction in prediction accuracy which often happens in areas with distinctive ecological features and urban characteristics (Brown & Kyttä, 2018; Verburg et al., 2019). The development of XAI frameworks and human-AI decision-support systems must address existing limitations in model transparency and fairness because it requires such frameworks as well as systems which enhance model transparency and fairness (Chen et al., 2023; Turner et al., 2022).
12.3 Integration Barriers Between Geospatial, AI, and Socio-Economic Data
Technological progress in data fusion does not eliminate obstacles in uniting spatial information with AI and economic factors and land use evaluation techniques (Foody 2020; Verburg et al. 2019). The dissimilar spatial and temporal ranges between data types create obstacles for smooth integration according to Chen et al. (2023) and Goodchild et al. (2020). Access barriers between geospatial databases and machine learning algorithms alongside economic indicators limit the development of comprehensive land use models (Palermo et al., 2023; Wang et al., 2022).
The effective use of integrated land use assessments faces obstacles from policy and governance challenges according to Li et al. (2021) and Brown and Kyttä (2018). The absence of standardized regulations for using AI in environmental management across various regions produces variable classification methods and decision systems for land use assessment (Xie et al., 2023; Bian et al., 2022). Successful integration of these barriers demands strengthened cross-disciplinary partnerships and open-access methodologies according to Turner et al. (2022) and Nogueira et al. (2021).
13. FUTURE DIRECTIONS & RESEARCH GAPS
Geospatial technologies integrated with socio-economic databases has helped for a shift in the field of land use assessment (Verburg et al., 2019, Li et al., 2021). Remote sensing coupled with GIS systems measure the wide patterns of large areas and AI boosts the speed and accuracy of LUCC detection (Chen et al., 2023; Boucher et al., 2021). As resources increased, so too did socio-economic information integrated with new technology practices on land management provided a coherent procedure to evaluate human intervention with environment as observed by Turner, et al., 2022 and Goodchild et al. 2020. This is a work that still has multiple issues related to data harmonization between different sources, the improvement of the AI interpretation, and the integration of socio-economic information in predictive systems (Foody 2020; Wang et al 2022). Ontology construction and dissonant in data formats act as practical limitations for AI as a decision-support system according to Xie et al. (2023) and Nogueira et al. (2021) and the use of explainable AI (XAI) remains a minor priority. These should be combined with AI ethical governance as well as intersectoral cooperation to ensure that there is transparency while at the same time achieving the goals of reliable resolution of these gaps.
When there was a combination of AI with GIS systems, it implies better land utilization with the zoning regulations and preservation programs (Goodchild et al., 2020; Wang et al., 2022). The PGIS when integrated with citizen science programs shall help in creating awareness about the various forms of governance for fair land management in line with Verburg et al. (2019) and Batty et al. (2021). 
14. CONCLUSION
As noted in the current review, the synthesis of geospatial technologies, Artificial Intelligence (AI), and socio-economic considerations is a radical direction of sustainable land use management. The use of geospatial technology (remote sensing and GIS) has advanced land cover dynamics monitoring and modeling, whereas AI-based solutions (machine learning and deep learning), have greatly increased the precision of land use measurement, its automation, and prediction. Nevertheless, even with these technical innovations, there are still ongoing issues with respect to data accessibility, interpretation of the models, computing expenses, and the successful integration of socio-economic forces.
The results highlight that the land use change is a socio-economic phenomenon as well as a biophysical process, and it is dependent on the demographic pressures, policy frameworks and economic activity. Hence, to have successful land management, hybrid systems integrating AI-based geospatial analytics with socio-economic data will be needed to enable more comprehensive and situational decision-making. The future studies should aim at enhancing data harmonization, explainable and resource-efficient AI models, as well as reinforcing interdisciplinary partnerships to encompass technical, environmental, and social aspects.
The combination of these domains is, in the end, highly promising towards improving climate change resilience, facilitating fair land policies, and sustainable development. Through transparency, inclusiveness, and ethical administration of the use of AI and geospatial systems, land managers and policymakers can use the innovative technologies to get more adaptive, informed, and sustainable land use approaches.
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