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Abstract

Geospatial artificial intelligence (GeoAl) systems leverage multisource big data, including
high-resolution spatiotemporal images, textual data, [oT and sensor data streams, social media,
crowdsourced data, and geolocated metadata, to accurately capture urban contexts and
dynamics. Consequently, the rich, multisource data enable GeoAl inference and support
analysis of social patterns, urban form, traffic dynamics, and human activity, thereby enhancing
the accuracy and granularity of urban analytics. However, processing heterogeneous data
presents significant challenges in GeoAl systems, including data quality and compatibility
issues, spatial and temporal alignment, data gaps, provenance management, and biases.
Moreover, data from varied sources raises concerns about quality, privacy, ethics, and
governance due to the risk of exposing sensitive socio-spatial details. Realizing the potential
of multi-sourced data depends on principled, scalable, and ethically grounded research and
practice. Practitioners require human-centric approaches that support interpretable and
predictive modeling in a safe, transparent, and privacy-preserving manner. This review
examines advancements in machine learning for urban geospatial analysis and the methods
reshaping the GeoAl discipline. It highlights recent datasets for training GeoAl frameworks
and discusses challenges with multi-sourced data. We also review advances in human-centric
aspects of GeoAl, covering current trends and exploring future directions in geospatial urban
intelligence.

Keywords: GeoAl, deep learning, wurban analysis, human-centric, artificial general
intelligence, and multimodal.
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1. Introduction

Urban environments are intricate ecosystems that inextricably connect people,
infrastructure, and the environment. Urban contexts thus require a more holistic approach in
their analysis and comprehension to promote sustainability, public safety, and infrastructure
resilience. Accurate and reliable urban analysis and interpretation support decision-making in
urban planning and management, therefore making it a worthy research undertaking. However,
handling the complex urban contexts arising from intricate, interrelated systems and their
constant interactions, resulting from economic, social, and environmental flux, poses
significant challenges that traditional analytical techniques cannot address [1]. This situation
is exacerbated by surging population growth, which is driving cities to sprawl outward and the
emergence of new cities. The situation intensifies environmental pressures and challenges
planners to develop strategies that support sustainable urban growth. [2].

Urban analysis is essential for capturing, interpreting, and visualizing urban complexities.
The process enables planners to understand the interactions among land use, infrastructure,
environment, and social dynamics across spatial and temporal scales. Traditional geospatial
tools and methods, such as manual surveys, mapping, and conventional GIS modeling, often
fail to address the rapid pace, multiscale, and increasing complexity of contemporary urban
contexts. Moreover, these methods are often time-consuming and labor-intensive, and they
require specialized skills that may not be widely available. Still, traditional modeling
approaches rarely consider critical spatial information such as coordinates and Euclidean
distances, topological and spatial relationships, and interactions between objects [3, 4]. As a
result, these challenges motivated a shift from traditional analysis to data-driven geospatial
reasoning, marking a noteworthy evolution in our ability to analyze and understand urban
environments. It also enables responsive, adaptive, and sustainable urban planning approaches
that better address the diverse needs of modern cities, including traffic planning and
optimization, land use zoning, emergency response, and infrastructure management [5, 6].

The advent of artificial general intelligence (AGI) marks a promising era of data-driven
approaches, demonstrating commendable potential for urban analysis and interpretation with
unprecedented efficiency and accuracy [7-9]. To begin with, integrating AGI into urban
analytics has redefined the field, enabling more efficient processes that can accurately and
quickly handle the intricacies of urban environments. Then, the explosion of spaceborne sensor
infrastructure and the rapid improvement in photogrammetry have amplified this technological
leap, enabling acquisition and access to diverse high-resolution and temporal data. The
resulting large-scale spatial data, combined with multisource big data derived from satellite
imagery, photogrammetry infrastructure, social media, and the urban Internet of Things (IoT)
networks, powered by high-performance computing (HPC), facilitates the scalable training of
geospatial models, enabling intelligent analysis and inference of urban environments [10, 11].

GeoAl functions at the intersection of geospatial science, artificial intelligence, and
machine learning to derive insights from features, contexts, trends, associations, and
relationships within large urban datasets [12]. It's thus instrumental for urban applications such
as land-use zoning, traffic optimization, infrastructure management, and urban sprawl analysis.
Geospatial intelligence also enables proactive risk assessment and mitigation, supports
vulnerability mapping, and enhances situational awareness in contexts such as urban traffic
congestion, disaster response, urban healthcare investigations, and infrastructure failures. This
cultivates a dynamic, responsive approach to urban planning and management [13-16].
Additionally, GeoAl plays a crucial role in climate action. GeoAl models can map urban
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flooding, infer carbon sequestration, and model urban heat island effects, underscoring the
significance of GeoAl for climate mitigation and adaptation planning. For example, integrating
physics-based and data-driven GeoAl models for flood risk assessment in coastal cities has
demonstrated how hydrodynamic modeling and data analysis can quantify the impacts of urban
flooding, underscoring GeoAl's ability to deliver actionable geospatial insights [13, 17].

Abundant literature sources highlight that recent GeoAl advances and the rapid adoption
are significantly driven by the integration of diverse data modalities into GeoAl training models,
enabling a more comprehensive understanding of urban form, interactions, and characteristics
[18, 19]. For instance, by incorporating optical and SAR imagery, digital surface models,
nighttime light data, mobility data, social perception indicators, and GIS layers in the GeoAl
inferencing pipeline, researchers have improved accuracy in identifying urban functions, land
use patterns, population distribution, and infrastructure mapping [9, 20, 21]. Still, integrating
3D geospatial data, point clouds, and digital twins has enhanced the robustness and situational
awareness of urban GeoAl models [22, 23]. Owing to the potential of combining rich
multisource data into GeoAl pipelines, research is rapidly advancing towards multimodal
generative Al, building models capable of generating supplementary multimodal training data,
including text, video, audio, images, robotic sensors, and 3D models [24]. This trend opens
new possibilities for intelligent contextual reasoning, enabling a more nuanced analysis of
complex urban processes and providing valuable insights for urban planning, resource
management, and policymaking.

However, multimodal and multisource data pose significant challenges to the GeoAl
processing landscape, including data compatibility issues, bias and skewness, domain shift,
inequality, data quality, missing data, and structural complexity [25, 26]. Moreover, given that
Geospatial data contains location information and metadata that can reveal user profiles, this
raises critical concerns regarding data management, user privacy, and safety [27]. Thus, the
literature converges on the need to address challenges arising from multi-sourced data,
proposes developing privacy-preserving techniques, and recommendations for governance
frameworks that support ethical- and safety-oriented deployment. Further, studies emphasize
the importance of explainable GeoAl in addressing the opacity in the inferencing process [12,
25, 26]. Lastly, urban datasets need to be obtained from diverse geographic regions to ensure
balanced geospatial intelligence and to promote spatially agnostic, spatially explicit, and
generalizable models [28, 29].

As GeoAl's dominance in urban decision-making increases, it's necessary to conduct
reviews that highlight recent advances, challenges, and opportunities, and to track scientific
progress in the domain. Our review seeks to contribute to the ongoing discourse on advancing
GeoAl frameworks and developing robust, trustworthy, and ethical human-centric GeoAl
systems that address data incompleteness and skewness, mitigate bias, preserve privacy, and
embed ethics and safety as core design [30-38].

1.1 Comparison with existing reviews

The potential of GeoAl in urban analysis and its role in guiding urban planning and
development decisions have sparked considerable research interest, attracting reviews in the
field. Recent scientific reviews have been conducted focusing on: the influence of foundation
models on the evolution and enhancement of GeoAl [9, 39], applications of GeoAl in urban
floods monitoring and mitigation [13, 17], urban security [40], spatially-explicit GeoAl in
urban geography [41-45], urban topography and mapping [46-51], traffic management [52, 53],
smart and sustainable cities [54-56].
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In addition, more reviews have been conducted on the use and application of multimodal
data in urban GeoAl [5, 6, 11, 15], the transition from vision models to multimodal models [26,
54], and the progression towards generalist artificial systems [57, 58]. Further works have
explored advances in human-centric GeoAl for community infrastructure and human dynamics
[29, 58], as well as in explainable AI [15, 32, 59].

These studies highlight a significant rise in GeoAl research and its applications in various
urban applications. However, there are few works exploring the influence of multisource data
in the advancements in GeoAl, particularly the constraints it introduces and possible solutions.
Moreover, relatively few reviews address the uneven conditions of GeoAl deployment, such
as data inequality, algorithmic and data bias, missing data, and ethical governance. As the field
evolves rapidly, periodic reviews are essential to keep the research community informed about
gaps and progress, and to stimulate further research. This non-exhaustive review acquaints
beginners with recent advances in leveraging multisource data and related technical challenges.
It also shares the evolution of data-driven geospatial models and highlights emerging
challenges and limitations in ethical governance and institutional capacity. The article also
presents notable GeoAl applications in urban contexts.

1.2 Eligibility criteria

This review aims to cover broadly, but non-exhaustively, publications relevant to
advances in methods, challenges in using data from multiple sources, and governance issues
related to GeoAl. This approach aligns with our study’s focus on GeoAl, an interdisciplinary
field spanning many fields and applications. We systematically gather, review, and filter
relevant literature, primarily using the Web of Science (WOS) platform and Scopus. Our
qualitative analysis of recent research follows these steps: scope identification and manual
refinement. In line with the systematic review methodology outlined in [44, 60], we adopted a
two-tiered approach to define the scope using keywords and expressions. At the first level, we
used the following search terms: "GeoAl” "Machine learning,” "Deep Learning,” "AL" and
"Geospatial AL"

Since the search syntax covers a broad range, we adopted a second-level search to refine
the scope. We used the search terms indicated in Fig. 1(b) to extract publications related to our
research interest. We restricted the search to papers written in “English” published between
2020 and 2025 to obtain recent, state-of-the-art publications. Notably, our second-level search
criteria focused on GeoAl methods, relevant applications, datasets, data-governance
constraints, and human-centered approaches. After the second-level search, 388 articles were
identified as relevant to the topic of interest. However, after further screening, 125 articles were
discarded for failing to meet the relevance criteria.
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(b) Search terms used in our review
Fig. 1 The literature selection workflow.

Later, we manually refined the resultant pool. thorough examination of retrieved articles
to ensure their alignment with the review's focus and the study's scope. We screened titles,
keywords, abstracts, methodologies, and scope to assess their relevance, as visually represented
in the workflow diagram (Fig. 1). This step is crucial to maintaining the relevance and quality
of the literature review. When the initial assessment did not clearly indicate an article's
relevance, we delved deeper into the article's abstract as guided by expert knowledge.

The co-occurrence network analysis presented in Fig. 2 illustrates the interlinkages among
various fields under study and their semantic relationships to GeoAl, while Fig. 3 presents our
research taxonomy to help the reader understand the interlinkages among the various sections
of the review. The selected articles converged on three major areas: (I) Multisource data:
Influence of multisource data on the development of urban geospatial analysis methods. (II)
Data acquisition, data quality, ownership, access, diversity, processing, and institutional
mechanisms for fair access that address bias, incompleteness, skewness, and generalization.
(IIT) Data handling and alignment to human-centric principles relating to safety, ethics, and
security. Contextualizing the progression of multisource data and its impact on the evolving
GeoAl paradigm shows that emerging data challenges place GeoAl within broader institutional,
ethical, and systemic frameworks. The findings of this review indicate that GeoAl's ultimate
success depends on equitable urban research and development, human-centric urban planning,
governance structures, and social-spatial involvement by urban planners, researchers,
practitioners, and other stakeholders.



Although the synthesis consolidates findings from the reviewed studies, offering a
cohesive overview of progress, current trends, and prospects for both future researchers and
practitioners, this review paper has several intrinsic limitations. First, although the adopted
search strategy captures the latest articles in the field from 2020 to 2025, some recent and
relevant preprints and emerging methods may have been omitted. Second, the review focuses
exclusively on English-language articles, potentially excluding impactful studies published in
other languages. Additionally, interpretative judgments regarding the wvalidity and
consideration of certain articles may vary across different knowledge contexts. Finally, the
review does not delve into the analytical aspects of model performance or the metrics used
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The review article is structured to provide an exploration of leveraging multisource data
in GeoAl frameworks for urban analysis as follows. Chapter 1 introduces the topic,
distinguishing the current review from previous studies, and highlighting the literature
selection criteria and limitations. This introductory chapter provides context for the importance
of geospatial analysis and its evolving role across fields, and outlines the scope of the studies
explored. Chapter 2 shares the latest developments in geospatial analysis, covering advances
in multisource data and the evolution of machine learning techniques. This chapter discusses
how integrating multisource data has enhanced geospatial analysis capabilities and examines
the transformative impact of machine learning algorithms on geospatial analysis and
interpretation. Chapters 3 and 4 focus on current pre-training datasets for GeoAl models, their
challenges, limitations, and the opportunities they present. Later, the chapter discusses human-
centric perspectives within GeoAl frameworks and explores practical applications of GeoAl in
urban contexts. The review concludes with a discussion of current trends and future research
directions in Chapter 5, followed by a concluding chapter.

2. Advances in urban geospatial analysis

This section reviews recent advances in geospatial analysis, focusing on how multi-
sourced data has shaped the urban geospatial models from classical machine learning to deep
learning and GeoAl. We highlight key techniques in data diversity and their impact on urban
analysis and interpretation.

2.1 Advances towards multisource data in geospatial analysis

RS technologies collect extensive geospatial data (both static and dynamic) from the
ground surface using sensors and photogrammetric infrastructure, leading to spatial big data
(SBD). The SBD, when analyzed accurately, helps uncover social, environmental, and
economic interactions across the urban space, supporting research in topographical mapping,
urban planning, emergency response, environmental monitoring, and land cover analysis [18,
61]. Early RS relied on traditional photogrammetry infrastructure and low-flying aircraft,
yielding images with low spatial and temporal resolution that could not meet evolving scientific
and practical demands [62]. Owing to technological advances, massive Earth observation
missions, and enhanced photogrammetry infrastructure, sub-meter spatial resolution and high
temporal frequency have been achieved from spaceborne platforms [5, 63]. In turn, this
progress has expanded access to high-quality SBD, supporting geospatial intelligence,
planetary research, and urban studies, thereby delivering insights that inform policymaking for
sustainable urban development [64, 65].

Further, RS infrastructure generates multimodal data, including optical, synthetic aperture
radar (SAR), thermal, hyperspectral, and LiDAR imagery. Multispectral optical and LiDAR
sensors mounted on terrestrial vehicles and low-altitude aircraft capture broader spectral and
3D data, offering detailed insights into land cover phenomena based on land-surface materials.
These data are essential and support urban tasks such as land-use and land-cover analysis,
ecological investigation, and urban forest inventory and mapping [66, 67]. Data captured across
different platforms and technologies can provide a robust perspective and dynamic view of an
urban phenomenon. For instance, thermal sensors capture thermal infrared radiation emitted
and reflected from the Earth's surface, producing thermal infrared images (TIR) [68]. The TIR
supports research on the impacts of climate change, urban heat emissions, wildfires, and
volcanic activity. On the other hand, digital surface models (DSMs) generated from aerial,
satellite, or LiDAR images provide elevation data for three-dimensional analysis of urban

7
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morphology, such as terrain analysis of environmental modeling [69]. These multimodal data
exhibit broader spectral, structural, and temporal heterogeneity, which is necessary for cross-
modal inference.

Although RS data reveals essential urban characteristics and details, some aspects of
urban contexts and interactions, such as human activity patterns, complex spatial contexts, and
urban mobility and social perception, may not be sufficiently inferred from unimodal RS
images. Several studies have attempted to explain the influence of multimodal and multisource
data in advancing the analysis and understanding of urban contexts. For instance, Xia et al.
observe that relying solely on unimodal data in urban analysis proves inadequate for fully
grasping the complexities of urban environments. Besides, analyzing unimodal data obtained
from a single source, such as satellite imagery, census data, or traffic patterns, tends to yield
insights from a narrow spectrum of the multifaceted context [70]. This limited perspective tends
to yield incomplete or misleading conclusions about urban phenomena, as it overlooks the
intricate interactions among elements and contexts, especially in interrelated urban contexts.
Hu et al., in support of this observation, propose combining multi-sourced data to gain a more
comprehensive view and significantly enhance understanding of broader urban contexts and
urban morphology [71]. Further, Linden et al. observe that fusing LiDAR data with DSM can
provide rich spectral and structural cues, enhancing detailed topographic and urban modeling,
such as canopy mapping, detection of vertical structures, detection of infrastructure changes,
and building extraction [72]. Besides, some RS data acquisition technologies, such as SAR,
use microwave signals and thus are rarely affected by environmental conditions such as
extreme weather, clouds, and vegetation cover. Being weather-independent makes SAR
suitable for reliable year-round observations across seasons and weather variability [73]. When
applied in urban contexts, SAR can be fused with hyperspectral data to provide a rich scattering
signature for surface and texture discrimination, thus supporting investigations into vegetation
health, monitoring built-up areas, and assessing surface roughness [74]. Other supplementary
data include nighttime light data and ancillary urban sensing streams, which can be combined
with optical imagery and GIS layers to gain insights into economic activities and urban
intensity [75].

Recent studies have explored integrating 3D geospatial data, point clouds, and digital twin
concepts to enhance accuracy and situational awareness in urban environments. For instance,
Cai et al. applied machine learning to 3D point clouds and digital twins to derive insights from
high-dimensional geospatial data, thereby expanding the potential for urban analysis [76].
Rahman et al. proposed integrating orthophotos, point clouds, and digital surface models to
improve urban geospatial representations and to achieve more accurate 3D modeling [77].

These studies highlight the potential of incorporating multi-sourced data, spurring an
upsurge in research on multimodal data in urban analysis. Recent trends indicate that an
increasing number of studies are leveraging novel data sources, including supplementary data
such as street-view images, trajectory data, knowledge graphs, geospatial vector data, and
OpenStreetMap map layers, to create a more comprehensive representation of urban spaces [78,
79]. In addition, insights from urban studies indicate that diverse sources enrich spatial-
temporal data and complement the geometric and semantic information critical for
understanding and interpreting geospatial contexts. The integration also enables cross-
validation of findings, fills gaps where unimodal data fails, thereby revealing complex
relationships and representations that may not be evident from unimodal data. This
multifaceted approach reinforces static mapping and spatiotemporal reasoning, reducing
ambiguities and error accumulation that are typical in multi-stage unimodal pipelines. This, in
turn, enhances the analysis and robustness of modeling dynamic urban systems [57, 75].
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In the current SBD era, driven by GPS-enabled devices, mobile technologies, widespread
Internet access, and social media, urban environments generate substantial volume and variety
of georeferenced data related to social interactions. These data sources offer unprecedented
insights into urban contexts that are not discernible from other forms of RS imagery [80, 81].
Addressing these new data streams requires innovative methods for handling, processing,
analyzing, and interpreting information to infer the interdependencies that characterize
contemporary urban society. Analyzing such data can provide critical insights into urban sprawl,
traffic patterns, crime trends, and other socio-economic dynamics [82].

Moreover, the multiple data sources have surged the volume (size as perceived in storage
space), the variety (diversity ranging from geo-tagged maps, raster and vector data, meta-data
from social media, and GPS devices), and the velocity (the frequency at which data is generated
and streamed) of the urban spatial big data [83]. Further, the unique nature of geospatial data,
which includes location details embedded in spatial data from acquisition devices such as GPS
scanners, mobile mapping tools, and apps with location-tracking capabilities, as well as
volunteered Geographic information (VGI), makes the veracity parameter in spatial big data
crucial. Veracity (verifiable quality) pertains to quality issues arising from data collected from
diverse sources without a standardized quality assessment protocol for the source data [84].
While these new data sources complement the authoritative datasets that have long dominated
the field of urban analysis, they are often less certain, asynchronous, and occasionally
incomplete [84, 85]. Besides, when data is highly repetitive and collected in an ad hoc manner,
it may also introduce "dirty and irrelevant" information. Researchers argue that, despite the
availability of data-checking and alignment mechanisms to detect "out of range" distributions,
harmonizing multisource urban geospatial data remains a significant challenge. Additional
concerns tied to the veracity parameter, including privacy, confidentiality, and security, are
addressed in later sections.

The shift from single-modality to multimodal and multisource data has rapidly
transformed urban analysis, necessitating practical methods and techniques to exploit the
opportunities presented by these data while addressing critical concerns raised by the new
paradigm regarding data quality, integrity, privacy, safety, and ethical practices [86].

2.2 Progression of data-driven geospatial models

To understand the progression of data-driven geospatial models in urban analysis, we take
a panoramic view of how advancements in RS big data have transformed machine learning
models, transitioning from purely image-based to multimodal models and, ultimately, to GeoAl
models.

Geospatial image analysis has advanced through significant technological milestones, with
emerging waves of innovations stimulating new data analysis paradigms [87]. Early methods
relied on manual feature descriptors to interpret urban phenomena. This undertaking was labor-
intensive and prone to errors. At the time, simple classifiers categorized features for tasks such
as image classification and semantic segmentation, achieving moderate success due to low
image resolution. However, manual feature engineering proved inadequate for complex data
and high-resolution images, prompting the development of object-based image classification
(OBIA) methods [88]. OBIA performed a detailed, precise delineation of objects by classifying
them based on their texture, shape, contrast, size, spatial, and spectral properties. It improved
upon pixel-based methods by analyzing images at the object level, enabling enhanced
interpretation of image objects and their relationships. The potential of OBIA makes the
technique applicable to urban applications, such as urban vegetation investigation, cartography,

9



U b WN

O 00 N O

10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32
33
34
35
36
37
38
39
40
41
42
43
44
45
46
47
48
49
50

and land cover mapping [89]. Nonetheless, OBIA faced challenges in developing scale-
independent segmentation schemes for diverse tasks, leading to computational overhead from
repeated iterations while probing optimal scales. The method also struggled to handle
hierarchical relationships across high-resolution images, limiting its scalability and
generalizability [90, 91].

Later, disruptive techniques, particularly machine learning (ML), evolved, accelerating
advances in image analysis through a data-driven paradigm. The availability of training data,
the accessibility of computational infrastructure, and the practice of code sharing have
accelerated the rapid advancement in ML. This data-driven technique possesses remarkable
analytical power to learn representations, patterns, and relationships in data, enabling
predictions without explicit programming and thereby replacing manual feature engineering in
OBIA [92, 93]. While ML excels in classification, recognition, detection, and segmentation,
which are fundamental techniques in computer vision, conventional ML models face
difficulties when applied to urban RS tasks. Specifically, these models struggle to accurately
handle the complex relationships and hierarchical dependencies found in high-dimensional
urban data. The intricate, non-linear features in heterogeneous RS images, along with the
complexity of urban scenes, limit the effectiveness of ML models designed for standard
computer vision applications [94].

Deep Learning (DL), a subfield of ML, differs from traditional ML in the way it processes
data and learns patterns. While ML algorithms often rely on relatively shallow feature learning
and perform well with structured datasets, DL, particularly convolutional neural networks
(CNNs), use multiple layers to analyze more complex, unstructured data [95]. CNNs have
excelled at geospatial analytics tasks, such as automatic building footprint extraction, detection
of informal settlements, urban mapping, and road network segmentation, thanks to their ability
to analyze complex representations [96]. Other DL algorithms include recurrent neural
networks (RNNs), which exploit hierarchical relationships and representations, making them
suitable for spatial-temporal predictions and change studies such as urban sprawl and traffic
patterns [97].

Key machine learning technologies that have reshaped urban analysis include
Transformers, large language models, vision-based models, and foundation models (FMs).
Specifically, LLMs and multimodal language models (MLLs) have been widely adopted for
their ability to exploit and integrate text, images, and other unstructured multimodal data that
previous methods could not handle. While LLMs and MLLs demonstrate significant potential
for feature extraction from multimodal and multisource data, they do not fully replace
conventional machine learning approaches such as convolutional neural networks (CNNS),
graph-based methods, or ensemble techniques. For detailed content on these subjects, we refer
readers to reviews on Transformers [98], LLMs in remote sensing [96-98], and multimodal
LLM applications in urban geospatial tasks [99-101].

Multimodal data led to the application of multimodal learning to a range of urban analysis
tasks. Multimodal convolutional neural networks (CNNs) leverage both RGB images and depth
data to infer urban characteristics, such as building height estimation, that is challenging to
achieve with optical images alone. [102]. DVL-Suite is a multimodal LLM framework
designed for change detection. It captures diverse urban dynamics, including expansion and
transformation patterns, disaster assessment, and environmental challenges. For instance, the
DVL-Suite framework incorporates an embedded chat model for image-level question
answering, thereby facilitating a comprehensive understanding of city dynamics through
language-based interactions. [103]. StreetviewLLM employs a retrieval-augmented generation
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technique to extract urban perception from multimodal data sources, including street view
imagery and textual data. The model demonstrates the ability to accurately infer urban
indicators, including population density, proximity to healthcare, access to urban green spaces,
building height, and impervious surfaces. [104]. Other multimodal LLM frameworks have
recently been proposed for urban tasks, including walkability and road safety assessment [105,
106], dumpsite monitoring [107], urban traffic flow optimization [108], and cross-modal tasks
[109].

These technological advances have accelerated the development of artificial intelligence
(Al), broadly defined as information technologies that replicate, enhance, or extend human
intelligence, including perception, reasoning, learning, and decision-making. Al relies on large
datasets and analytical methods to identify patterns, generate predictions or recommendations,
and improve performance through continuous learning [9, 58, 96]. Over time, Al has become
integral to geospatial analytics. Through machine learning and pattern recognition, Al enables
advanced spatial modeling and data interpretation within the urban geospatial domain, leading
to the development of GeoAl systems. Consequently, GeoAl has become a critical tool for
analyzing complex spatial patterns, interpreting urban networks, and monitoring
transformations, thereby establishing its central role within contemporary geospatial
ecosystems [110]
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Fig. 4. GeoAl multisource data, progression, and urban analysis application.

The existing literature indicates that integrating GeoAl in urban studies, including urban
geography, city analysis, mapping, and related fields, does not replace traditional spatial
methods, concepts, or theories. Instead, GeoAl extends and reinforces these approaches.
Traditional techniques such as Geographic Information Systems (GIS), empirical surveys,
cartographic analysis, and morphological analysis provide grounded theoretical frameworks
and rigorous interpretive mechanisms but struggle to capture the nonlinear and complex
dimensions of images. [111, 112]. Conversely, GeoAl demonstrates strong capabilities for
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automated processing of high-dimensional, multimodal, and multisource data and has proven
to be an adaptable, scalable, and data-driven technique [113]. However, some researchers
contend that GeoAl is still underdeveloped and is yet to achieve the analytical depth and the
interpretive clarity that characterize traditional spatial analysis methods [114, 115].

Fig. 4 illustrates the progression of novel data sources that extend urban analysis beyond
conventional RS data. These sources provide critical information that deepens geographic
understanding of urban environments and their dynamics. However, they present challenges,
including complexities in data fusion, biases and skewness, data gaps and incompleteness, and
security and privacy issues associated with location and user information. Additionally, data
quality may be undermined by inconsistent standards applied during data collection and
transmission. [116]. Emerging challenges involve the lack of standardized data governance,
data islands, and fragmented data silos. These factors hinder the application of methods
developed using heterogeneous datasets. Furthermore, economic disparities and limited access
to expertise and computational resources contribute to digital inequalities in the training of
GeoAl frameworks.

Further, the figure highlights advancements in data-driven technologies, tracing the
transition from the OBIA era to the current GeoAl era. It also shares some urban GeoAl
applications, indicating a significant increase in downstream applications enabled by new data
sources. Earlier urban analysis applications that relied solely on RS imagery faced limitations
in inferring certain urban dynamics, such as mobility and transportation. These developments
indicate growing adoption of multisource data and suggest wider uptake of GeoAl for
automated analysis of urban challenges. By overcoming challenges from new data sources and
leveraging spatial intelligence, the GeoAl paradigm promises to deliver enhanced capabilities,
efficiency, and precision for comprehensive interpretation, perception, understanding, and
prediction of urban space.

3. Emerging issues with data, constraints, and human-centric perspectives

This section outlines the most recent and readily accessible datasets used to train GeoAl
systems for urban geospatial tasks. The outlined datasets include unconventional datasets such
as vector, trajectory, LIDAR, and address datasets. Later, we share the challenges arising from
data complexity, incompatibility, bias, and incompleteness. We also highlight issues related to
inference, explainability, transparency, and generalizability. Finally, we discuss privacy, ethics,
safety, and data management, aligning with the scope of this review.

3.1 Pre-training datasets for GeoAl models

Pre-training datasets for machine learning models are central to the performance and
capabilities of the inferencing engine. Training datasets serve as the foundational infrastructure,
akin to a root system that supports and nurtures the pre-training, testing, and evaluation of
machine learning models. Usually, models pretrained on natural images struggle with
geospatial downstream tasks. This is due to the domain variance between natural images and
geospatial scenes. As a result, GeoAl models are increasingly trained on geospatial datasets
aligned with diverse geospatial tasks to achieve optimal performance. Therefore, studying these
datasets and identifying emerging trends constitutes a relevant research inquiry.

To comprehensively understand the utility of pretraining datasets, it is essential to
recognize the fundamental technologies that underpin urban analysis tasks. Conventional
vision-based models are developed for specific tasks, such as scene classification and
perception. However, recent advancements in machine learning have led to the development
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of multitask models. In urban contexts, image scenes are categorized into classes such as built-
up areas, roads, waterways, and plantations through semantic segmentation and image
classification. In semantic segmentation (also known as dense prediction), models assign each
pixel in an image to a specific class, producing segmentation maps. The generated thematic
maps play a crucial role in interpreting essential tasks, including the extraction of urban
building footprints, roads, and powerlines. Other applications of semantic segmentation
include snow extraction, land cover distribution, urban mapping, building damage assessment,
and agricultural area identification, making it a fundamental technique in urban analysis [117,
118]. In object detection, although the task is intricately linked to semantic segmentation, it
extends beyond merely identifying "what" is present in an image to also delineating "where"
[119]. This capability is critical for supporting tasks in urban planning, disaster response, and
environmental investigation. Other fundamental tasks include change detection, which helps
identify variations in the land surface state. [120, 121]. Collectively, these tasks play a critical
role in urban analysis and are considered in urban pre-training datasets.

Another technological leap that has recently emerged is visual question-answering (VQA),
which has become a standard in multitask applications, particularly in urban contexts. Under
VQA, questions are formulated in natural language, and the inferencing engine interacts with
the system to extract the necessary information from the target urban scenes or images.
Consequently, VQA datasets are developed to train models for visual-language understanding.
These datasets integrate text corpora as question-and-answer pairs with images to facilitate
information retrieval and visual question-answering tasks. [122, 123]. Other datasets that
enhance the training of urban analysis models include LiDAR (Light Detection and Ranging)
data, which provide a comprehensive three-dimensional representation of objects and surfaces
from various angles, using thousands of points per square meter, referred to as point clouds
[124]. Geospatial models enhance the understanding of urban environments by integrating 3D
geospatial data, point clouds, and digital twin technology. This integration provides precise,
detailed representations of urban areas, enabling the simulation, monitoring, and prediction of
urban phenomena such as traffic patterns, infrastructure conditions, and environmental changes
[26, 125, 126].

Further, geographic vector data serves as a digital representation of geographic reality,
utilizing three-dimensional geometric forms, points, lines, and polygons, to create a
comprehensive repository of information. This data can be sourced from multiple sources,
including images and maps, and is notably memory efficient [127]. The compatibility of vector
data with a wide range of applications has made vector geographic datasets popular for training
geospatial models in urban analysis. Trajectory data derived from GNSS and INS technologies
supports precise object localization, facilitating the study of movement patterns and resource
distribution across both temporal and spatial dimensions. When combined with other data
sources, the augmented training data significantly enhances the representation of critical
geographical features across applications [128]. Further, address datasets offer a
comprehensive catalog of geographical areas, enabling precise placement and detailed
descriptions, which are essential for location analysis. This dataset supports vital applications,
such as route mapping for emergency responses, resource allocation, and location mapping,
making it indispensable in urban settings.

Novel data sources include crowdsourced social media and volunteered geographic
information (VGI). Powered by Internet penetration and wide use of mobile devices, social
media data have been used in urban studies to infer park visitation and perception in twin cities
[129], mapping riverscapes and cultural ecosystems [130], infer livability of urban regions
[131], mapping urban crime hotspots and risky regions [132], predict urban traffic congestion
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[133], among other urban applications. In addition, street-view imagery has been used in urban
analysis to map green spaces, assess walkability, and examine other urban dynamics [134, 135].

While current pretraining datasets have expanded considerably to encompass multimodal
and multisource data, this review presents the datasets reported for pretraining models in urban
analysis. Table 1 presents recent datasets for urban analysis, classified by application domain,
annotations, modalities, spatial resolution, year of development, and references. Although the
listed datasets are not exhaustive and do not delve into the analytical contexts relating to
model’s performance trained in these datasets, they provide researchers, particularly
newcomers to the field, with a valuable overview.

Table 1: Pre-training datasets in urban analysis

Dataset Name and - Samples N
Category Year Reference Resolution / pairs Application
2017 RSICD [136] 224 x 224 pixels 10,921 Image captioning
2020 RSVQA [122] 15-cm - 10-m 10,659 GeoQA
2021 WIT [137] Text-Image- 37.6 M VQA
Pairs
2021 FILIP [138] Text-Image- 300 M VQA
Pairs
2022 RSITMD [139] 23,715 captions 4,743 RS text-image retrieval
- 10,077 .
2022 LEVIR-CC [140] Mixed 50,385 pairs Change captioning
512 x 512 pixels
2022 WHU-OHS [141] 15 nm spectral 7,795 HSI classification
resolution
2022 LIONSB [142] Text-Image pairs 5B VOQA
. . 17,402 Visual grounding and
2023 DIOR-RSVG [143] Text-image pairs 38,320 pairs GeoVQA
Vision-L. 2023 RSICap [144] Mixed .2’585 . RS image understanding
Iston-Language text-image pairs
Datasets 6.000
2023 EarthVQA [123] 0.3m 208,593 pairs GeoQA and GeoAl
2024 UrBench [145] Mixed 11.6K pairs GeoQA and GeoAl
165,745 images and Image-Text retrieval and
2024 RemoteCLIP [146] Mixed 828,725 image-text 9
- other tasks
pairs
2024 LHRS-Align [147] Texg;ﬂ‘:ge' 1,150,000 RS image understanding
Text-Image- RS image understanding
2024 hgDC [148] Pairs 14M and VOA
2024 | GeoRSCLIP [149] Textimage- 5M GeoVQA and GeoAl
2024 RS5M [149] Tex;;:*p:\ge- 5M Vision-language tasks
2025 DDFAV [150] Mixed GeoRSCLIP
2025 SkyEyeGPT [151] Mixed 968,000 pairs Vision-language tasks
. 5,434 images, .
2025 EarthReason [152] Mixed 30,000 pairs Vision-language tasks
2019 iSAID [153] 512 x 512 2,806 Multiple RS tasks
2020 | AUAIR [154] 1920x1080 32,823 Visual object tracking
resolution
Multimodal- 2020 Earth on Canvas [155] 256 x 256 pixels 2,800 Inter-modal data retrieval
based 2021 MRSSC [156] 40m, 100 m 12,000 Scene classification
RS Datasets ) 10m-20 m .
2021 BigEarthNet-MM [157] Resolution 590,326 Classification
2022 SEN12MS-CR-TS [158] 40(;?::]200 53 Multiple RS tasks
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2022 MMFlood [159] 20m 1748 Flood impact assessment
2022 | MULTISENGE [160] 256 x 256 pixels 8,157 Land use and land cover
classification
2023 C25eg [6] 10m 413 Cross-city semantic
segmentation
2023 SSL4EO-S12 [161] 264 X 264 pixels 3M Multiple RS tasks
Change detection, urban
2023 SMARS [162] 30cm and 50cm 108 Synthetic tiles | segmentation, and
building extraction
2023 | MDAS [163] Mixed 108K Multimodal RS
applications
2024 MFED [164] Mixed 1,419 Flood assessment
2024 MMM-RS[165] Mixed 2IM RS image generation
Text-image pairs
2024 DRIFT [166] 0.2-0.5m 25,000 Vegetation monitoring
91,937 images
) . 991,206 RS image understanding
2024 RS-GPT4V [167] Mixed instruction-answer | and VQA
pairs
0.5m
2014 PotsDam [168] 6000x6000 38 Semantic Segmentation
pixels
2014 Vaihingen [168] 0.3m 33 Semantic Segmentation
2017 NWPU-RESISC45 [169] 0.2m-30m 31,500 Scene classification
2017 AID [170] 600 x 600 pixels 10,000 Scene classification
2018 FMoW [171] Mixed 1,047,691 Multiple RS tasks
2018 DeepGlobe Land Cover 2,44§x 2,448 1,146 Multiple RS tasks
[172] pixels
2018 | SpaceNet2[173] 0.3m 302,701 5“""'.”9 footprint
etection
. Land use and land cover
2019 EuroSAT [174] 64 x 64 pixels 27,000 mapping
2019 XBD [175] 0.8 m/pixel 850,000 Multiple RS tasks
2020 MLRSNet [176] 10mto 0.1m 109,161 Multilabel image
segmentation
2020 SECOND [177] 512 x 512 pixels 4,662 pairs Change detection
Gaofen Image Dataset - .
2020 (GID) [93] 150 x 150 pixels 150 Land cover mapping
2021 FloodNet [62] 1.5cm 2,343 Visual QA
2021 SYSU-CD [178] 0.5m 20,000 Change detection
RS Datasets 2021 FAIRIM [179] 0.3mto 0.8m 15,000 Object recognition
2021 LoveDA [180] 0.3m 5,987 Land cover mapping
2021 EarthNet2021 [181] 20m 32,000 Multiple RS tasks
2021 | BigEarthNet [182] 10, 20, 60m 500,326 Land cover mapping
resolution
2021 LEVIR-KR [183] Mixed 1,431,950 Geographical knowledge
Super-resolution
2021 Alsat-2B [184] 10m and 2.5m 13 construction
800x800 —
2021 DOTA-v2.0 [121] 20,000x20,000 11,268 Object detection
pixels
2022 CLCD [185] 0.5mto2m 600 Change detection
2022 SpaceNet 8 [126] 0.3-0.8m 32,000 Multiple RS tasks
2022 Landsat-SCD [186] 30m 8,468 Change detection
. Semantic segmentation on
2022 LIB-HSI [187] 512 x 512 pixels 513 hyperspectral images
2022 DynamicEarthNet [118] 3m 730 Semantic change detection
2023 ChangeNet [188] 0.3m 31,000 Change detection
2023 Billion Pixels [189] 4m 150 Land cover mapping
2023 EGY-BCD [190] 0.25m 6,091 Change detection
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2023 WHU-Mix [191] Mixed 43,727 Building extraction
2023 MillionAID [192] Mixed 10,000 OD & SS
DEM (10m) and . . .
2023 GeolmageNet [193] NAIP (1m) Not available Object detection
2023 HRCUS-CD [194] 0.5m 11,388 Change detection
2023 | UV6K [195] 0.1m 6,313 Urban vehicle
segmentation
2023 Satlas [196] Mixed 302M Multiple RS tasks
17 bitemporal very- | Change detection,
2023 GVLM [197] 0.59 m high-resolution semantic segmentation,
imagery pairs and landslide extraction
2023 SAMRS [198] Mixed 105,090 Object detection
2024 Hi-CNA dataset [199] 0.8m 6797 pairs .Of dual- Change detection
temporal images
2024 FMARS [200] 17,408 x 17,408 6,896 Disaster management
2024 | 3D-GIoBFP [201] Various Notavailaple | Building footprint
investigation
2025 EarthView [202] 0.1, 10, 20.’ 60 m 15TB Multiple RS tasks
resolution
2025 S2-100K [203] 256x256 pixels 100,000 Multiple RS tasks
Dataset Name and . L
Type Reference Resolution Year Application
USGS 3DEP [204] [205] 10m - 30m 2025 Precise 3D modeling.
Global Ecosystem . :
Dynamics  Investigation 1”:;&';?;?{ y 2022 Forest analysis
LiDAR (GEDI) [124]
UK Environment Agency . .
LIDAR data [206] 50cm—1m 2023 Precise 3D modeling.
Toronto-3D LIDAR .
dataset [207] <lm 2020 Urban modeling.
Copernicus DEM [208] 30m —90m 2022 Terrain modeling.
DEM ASTER Global [209] 30m 2020 Orthorectification.
Shuttle Radar
Topography Mission 30m 2010 Elevation modeling.
(SRTM) [210]
Supplementary OpenStreetMap [211] Global coverage 2009 :\:Jz:]\:;gatlon and urban
datasets - 9
Global Google-Microsoft Building, mapping, and
Vector Open Buildings Dataset Various 2023 change detection
[212]
Ei%?le Maps vector data Global coverage 2019 Navigation
EuRoC MAV dataset . Vehicle navigation
[214] Multimodal 2016 (Autonomous)
Trajectory | Geolife [215] 17621 2024 Geolocation and tracking
trajectories i
ExactEarth Satellite AIS . .
tracking system [216] Global coverage 2024 Maritime traffic.
11 million Geocoding and addressing
GeoNames [217] addresses. 2013 systems.
National address database 25 million . . .
Addresses (France) [218] addresses. 2024 Nationalwide addressing
Australia Post's GNAF 13 million 2016 Nationwide geocoding
[219] addresses. and addressing systems.
ISPARK [220] Istanbul City 2024 Parking lot

The number of training datasets referenced in Table 1 illustrates an upward trend in
diversity, enabling pretrained models to tackle a broader spectrum of tasks. However,

16



00N O UL A WN PR

10
11
12
13
14
15
16
17
18
19
20

21
22
23
24
25
26

27

28
29
30
31
32
33

34
35
36
37
38
39
40
41
42
43

44
45

significant challenges exist in the current datasets used for GeoAl urban analysis. First, most
training datasets are created without adhering to a standardized protocol or curation process.
This raises a qualified concern about the quality of the datasets and the choice of benchmarks
for model training. Furthermore, the diverse sizes of pre-training datasets and their imbalanced
use in existing research pose challenges for assessing the impact of pre-training data on the
adaptability of GeoAl models to downstream tasks [221]. Additionally, most domain-specific
datasets are designed to train models for closed-world scenarios, which limits their
generalization ability for environment-agnostic contexts [222].

To address these challenges, Li et al. and Fang et al. suggest developing large-scale
multimodal corpora by assembling comprehensive collections of geospatial images (including
satellite, aerial, and drone imagery) alongside corresponding textual descriptions, GIS metadata,
and annotations. This approach emphasizes cross-domain diversity to improve generalization.
Further, modalities can be paired and aligned with knowledge augmentation, integrating
images or videos with knowledge-rich text or knowledge graphs (such as place descriptions
and historical events) to facilitate cross-modal alignment [223, 224]. On the other hand, Oxori
et al. argue the need for temporal sequencing with contextual narratives, linked to datasets that
combine time-series geospatial imagery with mission logs or reports, to enhance temporal
reasoning for change studies [225]. Subsequent sections address additional concerns related to
pretraining datasets, such as regional socio-economic inequalities in urban spatial data,
generalizability issues, bias, and data management.

In conclusion, future datasets should include explicit documentation and spatial-temporal
pretext tasks while accounting for temporal and geographic diversity. Since the highlighted
parameters can differ significantly across pre-training datasets, establishing a detailed
framework for developing comprehensive, representative, and diverse geospatial datasets,
along with practical training strategies, can substantially improve benchmarking for emerging
urban geospatial models across diverse data modalities.

3.2 Data bias, incompleteness, and generalizability

GeoAl systems leverage spatial and multisource data, advanced through a model pipeline,
to derive insights and context, enabling inferences and predictions. However, the increasing
reliance on GeoAl across multiple data sources presents notable challenges, particularly in
addressing data bias, missing observations that lead to incomplete spatial-temporal coverage,
and data source fragmentation. Additional concerns stem from data heterogeneity, varying
scales, and complexity in fusion and real-time inference constraints.

Several studies have explored explainable artificial intelligence (XAI) to identify biases,
such as data- and model-bias, as well as other critical factors that lead to skewed predictions
when designing GeoAl systems. Gao argues that assessing gradients and feature attributions
may not be sufficient to uncover underlying or spatially scaled biases [7]. The study thus
proposes developing a comprehensive framework to identify the forms and sources of bias.
Some of the existing biases in machine learning inference include data bias, which relates to
the representativeness of input data; model bias, which pertains to algorithmic preferences
when computing weights during backpropagation; and perception bias, which concerns how
humans interpret spatial cues when comparing GeoAl outputs to ground truth explanations [31,
59].

Data bias in GeoAl can arise from diverse causes, including the presence of non-
representative samples (e.g., uneven ground truth), limitations inherent to sensors and vision
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systems, and sampling bias in crowdsourced, geo-constrained regions, or open data sources [7,
45, 226]. In city-to-city deployments, models can fail “out of distribution” robustness due to
unseen elements and under-distribution biases caused by vast city morphological
representation. Worse still, running bias-prone multisource geospatial data through data-driven
ML models that may themselves be algorithmically biased can exacerbate these biases [227,
228]. When these biases infiltrate data and process pipelines, they affect interpretability,
transferability, and accountability. In real-world GeoAl applications, misinterpretation of
ground truth or misalignment with model objectives can amplify bias susceptibility and
undermine trust in predictions [45, 229]. In a particular scenario, the Building and
Establishment Automated Mapper (BEAM) demonstrated a promising 94% success rate in
detecting building footprints after its deployment in informal settlements. However, over the
years, the model's performance declined due to changes in weather, sensor parameters, and
imaging protocols, necessitating costly retraining. [230]. This case aligns with Dank's assertion
that the effectiveness and efficiency of Al tools and their algorithms are largely contingent upon
the characteristics of the data used for their training. [231].

Another approach involves integrating physics-based models with data-driven GeoAl
frameworks to ensure that predictions are consistent with established physical laws. This
integration can reduce misleading biases inherent in purely data-driven methods and enhance
adaptability across diverse environments [13, 232]. In light of the above, Scheider & Richter
proposed a comprehensive strategy that highlights the importance of characterizing and
auditing data biases. The framework's objective was to curtail bias propagation, thereby
enhancing the reliability and fairness of GeoAl systems, thus improving the quality and
promoting trustworthiness in decisions derived from geospatial data and Al technologies [228,
233].

Still, human dynamics and preference considerations are crucial while addressing
perception bias, ensuring inclusive integration into decision-making processes, and
maintaining trust in GeoAl systems [14, 22]. Jiao et al. and Jin et al. assert that developing
explanations that account for geospatial scale, spatial relationships, and domain-specific
semantics, and validating them with expert insights and real-world outcomes, can mitigate
biases [31, 59]. For instance, location-based tasks can incorporate geospatial knowledge, such
as the Geospatial Positions of point-of-interest objects (e.g., crater locations) in geospatial
mapping, or hydrodynamic constraints in flood risk modeling, thereby enhancing robustness
and reducing reliance on biased data alone [42]. Such practice, supported by governance
frameworks with ethical guidelines, transparency, and evaluation protocols, can address biases
and accountability gaps, particularly in understated regions or complex applications. Still,
developing systems that combine process- and data-driven GeoAl models with open, scalable
cloud-based architectures can support robust inference with bias checks across data sources,
while facilitating model reusability and auditing [13, 234]. Further, fostering interdisciplinary
collaboration among related disciplines, such as remote sensing, hydrology, urban studies,
computer science, and policy, is reported to promote standardization of data, evaluation metrics,
and bias-mitigation strategies [45, 226, 235].

Regarding data incompleteness and complexity, urban systems are inherently multimodal
and characterized by feature-rich urban data repositories sourced from diverse origins. These
systems integrate various data streams, including traffic patterns, pedestrian mobility traces,
images, text, and sensor readings. This form of diversity provides feature-rich networks and
indicators from diverse sources, enabling multimodal analyses that support objectives such as
explanation, discovery, understanding, and generalization. However, data from different
streams introduces diversity, raising challenges related to data constraints, quality,
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incompleteness, and complexity [22, 51].

To handle these challenges, some studies have automated the construction of knowledge
graphs from multimodal inputs for retrieval, reasoning, and plan generation, facilitating tasks
such as domain questioning and image-based plan synthesis [236]. Given that multimodal
fusion occurs at multiple levels, researchers can leverage deep learning to integrate
complementary information across modalities. Urban systems can deploy techniques that
leverage text-image fusion to deliver assessments of urban recreation and environmental
amenities, underscoring their benefits for location-based services [237]. Moreover, multimodal
fusion can leverage visual context and textual cues via graph-based representations to model
comprehensive situational understanding among entities.

For example, Wang et al. SMART-Plan exemplifies how knowledge graphs can be
developed from multimodal data to aid in planning tasks and the creation of image-based plans.
By integrating semantic graphs with multimodal embeddings, the framework enables reasoning
about urban objects and their interconnections [236]. Additionally, domain-graph-enhanced
multitask models can unify perception, enhance reasoning, and facilitate planning across
various urban tasks by leveraging multimodal data and knowledge graphs. These models are
applied to safety-critical scenarios and can help conduct integrity checks and validate data
quality for localization in urban environments. Moreover, conducting coherence-based checks
across modalities is crucial for identifying inconsistencies. This is especially necessary for
mission-critical solutions such as emergency response or transit planning [238]. Notably, a
robust GeoAl strategy should strike a balance between data integration and transparent
modeling to advance societal and sustainability objectives by combining geospatial knowledge
with data-driven learning while recognizing the limitations inherent in complex urban
environments [12, 228, 239].

In a broader sense, generalizability encompasses the capacity to adapt across diverse
geographic regions and data forms and to withstand spatiotemporal variations. The
hydrological and urban studies conducted by Gonzales-Inca et al. recognize that, while GeoAl
systems have the potential to reveal novel patterns and processes, they frequently encounter
challenges related to low physical interpretability and limited generalization across different
contexts, particularly when models are overly aligned to specific training datasets or scales
[228]. Generalizability and reproducibility are further explored by Li et al.'s study, which
underscores the trade-offs between non-linear predictive power and physical interpretability.
Li emphasizes that models and evaluation protocols should prioritize generalization to new
regions or temporal contexts, aligning with methodological rigor for broader scientific
accountability [240]. To evaluate generalization, Deng et al. proposed a transformer-based
model that emphasizes spatial context and examined its performance on synthetic and real-
world datasets for spatial regression and interpolation. The results contend that spatial contexts
are a crucial component of generalization and propose that XAI methods can aid in quantifying
and communicating the capabilities of contextual generalization [241].

Further, recent evidence has highlighted the limitations of generalizing across cities when
training models on specific urban environments. These models often struggle when applied to
cities with varied morphological features. This observation also raises concerns about potential
domain-shift limitations, particularly for models trained predominantly on datasets from the
Global North when applied in Global South contexts, where urban settings exhibit extensive
and diverse characteristics. [111]. Besides, many regions in the global South face significant
limitations in digital infrastructure, including insufficient computing power, unreliable
electricity, limited broadband connectivity, and inadequate data storage or cloud services.
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These challenges restrict both institutional and regional capacity to utilize spatial-temporal data.
Additionally, the majority of datasets are sourced from the Global North, raising concerns about
financing, equity, and the unequal access to and distribution of research benefits [242-244].

In some instances, urban data generated by users in specific regions may be biased,
incomplete, or unrepresentative of the broader population. For example, social media data
collected in a city such as London is often derived from young, affluent, and educated
individuals. This raises significant concerns regarding the generalizability of Al models trained
in one urban context when applied to other regions with heterogeneous characteristics,
including cultural, socioeconomic, and structural differences [245]. Further discussions on
disparities in spatial data across regions, especially the global North and South, are extensively
covered in reviews [246-248].

To address generalizability across cities, SERT employs a regional knowledge transfer
technique to predict traffic flow in data-scarce environments [249]. This method establishes
connections between source and target regions by integrating satellite images and Points of
Interest (POI) data, thereby identifying region-specific characteristics and creating matched
region pairs via contrastive domain adaptation. The goal is to align the features of matched
regions, enabling knowledge transfer between cities and minimizing the feature distance of
unmatched regions from noise from irrelevant data. Other methods to address city-city
generalization limitations include Bayesian regularization, which exhibits lower error and
confidence bounds [250]. In other studies, Uncertainty-aware Domain Generalization (UADG)
uses specific urban features' “selective whitening” to separate city-specific style features from
general content features, improving model transferability for unseen scenarios [251]. Surrogate
models trained on multiple cities and later finetuned to predict target features in unseen urban
contexts. These studies showcase approaches to strengthen generalizability and address
incomplete data while addressing large, heterogeneous urban domains [252, 253]. However,
there are still limitations for long-tailed data distributions in cities with rare elements, such as
unique building scales, densities, and distributions, due to socioeconomic variance [254].

Addressing bias stemming from data sources is critical to ensuring the reliability and
fairness of Al models, particularly in urban analysis. Data bias can arise from unrepresentative
or incomplete datasets, which may disproportionately reflect certain populations, regions, or
conditions, leading to skewed model outcomes [255]. This issue is compounded when models
trained on data from specific cities or regions are applied elsewhere, as variations in
demographics, socio-economic factors, and environmental conditions can limit their
generalizability. Even when models perform well in their original context, they can fail to
deliver accurate or equitable results in different geographic or cultural settings.

Techniques proposed and applied to mitigate these challenges have been outlined and
discussed in recent studies, including domain adaptation and transfer learning to help models
adapt to new regions by fine-tuning on localized data, thereby enhancing their applicability
across different cities [45, 239, 256]. Additionally, incorporating fairness-aware algorithms and
continuous monitoring for bias during model deployment ensures that disparities are identified
and addressed proactively. These solutions, combined with strict data-quality controls and
reporting on data limitations and model assumptions, can contribute to more equitable and
generalizable Al applications across cities and regions [32].

3.3 Explainability, transparency, and trustworthiness

Urban analysis is gradually transitioning from isolated XAl practices to frameworks that
prioritize human-centric approaches. The term "human-centric" in this article refers to
20
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methodologies, practices, technologies, and processes that prioritize not only the urban
environment but also emphasize placing people at the core of the design and implementation
of urban systems. Various sources define XAl as the development of Al systems that are
focused on human needs, equity, interpretability, and policy relevance [22]. Thus, such
frameworks must methodize data provenance and quality, inference process, contextual
sensitivity, and user requirements into the design and evaluation of models.

Explainable GeoAl is crucial given the non-stationary and diverse nature of geospatial
data, as well as the societal implications of predictions made by GeoAl systems. Both Hanny
et al. and Liu et al. underscore the importance of exploring beyond gradient-based attributions
to include spatial context in explanations (such as details of model development, data
management, scale, and geographic specificity) when applying XAI to GeoAl [15, 32]. This
viewpoint aligns with Roussel and Bohm's review of Geospatial XAl, which examines cutting-
edge ML models and XAl techniques specifically for geospatial tasks. These studies underscore
the importance of geospatially aware explanations [257]. In related studies, Liu et al. present a
robust architecture for explainable spatial GeoAl by combining a graph neural network (GNN)
with a graph-based XAl method (GNNExplainer) for urban analytics tasks, demonstrating how
spatially explicit explanations can be generated via graph-based methods [32].

Beyond methodological advancements, other studies have emphasized human-centered
and user-relevant explanations. Hanny et al. introduce an explainable GeoAl approach for the
multimodal analysis of urban human dynamics, using COVID-19 in Rio de Janeiro as a specific
case [15]. The proposed approach emphasizes the ranking of spatiotemporal features to
facilitate transparent model building and interpretable predictions. Ye et al. underscore the
importance of human dynamics in foundation models for GeoAl, arguing that geo-context and
human-centered considerations are crucial for understanding and trusting large GeoAl systems
[22]. Roussel et al. further highlight visualization challenges for XAI in GeoAl, noting that
traditional plots lose geospatial context unless adapted for spatial plots [258]. These studies
suggest that adequate GeoAl explanations require spatially aware visualization, explicit
mapping of feature relevance to geospatial contexts, and consideration of human
interpretability in design and evaluation phases.

Moreover, to enhance explainability, reproducibility, and trustworthiness in GeoAl
systems, it is imperative to consider scientific rigor and social responsibility. For example,
OpenStreetMap (OSM) serves as a fundamental data source for GeoAl model training;
however, its quality and completeness can introduce biases into these models. To mitigate this
scenario, Li and Zipf propose a conceptual framework for converting OSM contributions into
geospatial machine-learning training data. The framework emphasizes historical data
considerations, quality indicators, and error sources, and accounts for completeness, alignment,
and variation [259]. Furthermore, the framework emphasizes the importance of incorporating
data provenance and quality checks into GeoAl workflows to prevent misleading explanations
and overconfident predictions. In related research, Saleh et al. present a comprehensive
literature review that identifies limitations in GeoAl studies, including spatial data bias, the
absence of ground truth, computational efficiency, ethical concerns, and interpretability. The
study advocates for cross-domain collaboration and the establishment of ethical guidelines to
ensure responsible deployment [45]. Further, Bordogna and Fugazza investigate the role of Al
in managing multisource geospatial information, noting that the definitions and boundaries of
GeoAl are evolving, thereby affecting transparency and methodological clarity [260].
Collectively, these works emphasize that transparent GeoAl necessitates clear data lineage,
comprehensive documentation of dataset characteristics, and explicit consideration of biases
and uncertainties arising from diverse data sources.
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Roussel et al. introduced quality-aware explainable artificial intelligence (XAI) for
geospatial analysis through the Q-GGXAI framework, which explicitly links model
explanations to quality metrics, a crucial aspect for reliable applications in urban planning,
health, and transportation [261]. This framework highlights the importance of geospatially
aware visualization design for explanations, addressing the gap between standard machine
learning and geospatial contexts. The study advocates integrated XAl-data quality pipelines
and geospatial visualization tools to help stakeholders understand model decisions in a
geographical context, a view supported by related studies [15, 22, 262].

In sum, GeoAl necessitates comprehensive strategies that identify and communicate
uncertainty and data origins, generate explanations that preserve and represent spatial context,
while prioritizing human decision-makers and ethical considerations. The findings of this
review indicate that the majority of GeoAl research focuses on improving algorithmic accuracy
and efficiency. However, there is a notable lack of critical examination of the analytical
inferencing processes that generate these outputs, leading to opaque inferencing. Furthermore,
there is insufficient information on budgetary decisions, data governance mechanisms, and
regulatory procedures, all of which should be aligned with methodological innovation and
policy directions. It is crucial that robust data governance mechanisms clearly define data
ownership and interests, accountability, and compliance across the data processing pipeline
while promoting secure data tracking, access controls, and auditable policies. Future GeoAl
frameworks must attend to data quality, make spatially agnostic decisions, generate
explanations and visuals, and exhibit robust generalization, while incorporating human-
centered governance to ensure GeoAl deployments are transparent, trustworthy, and socially
responsible.

3.4 Privacy, ethics, and safety

GeoAl analysis increasingly incorporates geospatial data into Al algorithms to derive
insights from sensitive personal data and infer geospatial context. Crowdsourced data from
social media, VGI, geotagged data, and metadata are fused with spatial data to reveal new urban
insights. This trend raises critical concerns regarding privacy, ethics, and safety. This type of
data contains rich metadata that can reveal sensitive information about individuals, households,
and communities, thereby raising risks related to confidentiality and security. Therefore, the
development and deployment of GeoAl systems require robust data governance, proactive
privacy design principles, and clear safety procedures to prevent harm and protect user data
rights and liberties [14, 38, 263]. This section presents recent studies on privacy, ethics, and
safety in GeoAl analyses, drawing on insights from urban geospatial health, IoT and sensor
ecosystems, and public welfare.

The ethical management of geographic data, known as GeoEthics, is crucial for the
responsible governance of GeoAl across public and commercial domains. Privacy risks are
exacerbated when private-sector geospatial data collection intersects with health analytics,
mobility tracking, or environmental exposure assessments. Although the principles of privacy-
by-design, data minimization, and purpose limitation have been advocated in the literature,
concerns regarding GeoAl data obtained from IoT and connected devices in urban settings,
such as location-based applications, preference mappings, and social media, amplify privacy
concerns in the handling of personal data [38, 264]. Thus, ethical risk assessment and data
governance are essential for the trustworthy implementation of IoT-enabled analytics,
underscoring the importance of individual data autonomy and informed consent in data
collection and use [265, 266].

22



O 00 NO U B WN B

[ S T Y
w N, O

14
15
16
17
18
19
20
21
22
23
24

25
26
27
28
29
30
31
32

33
34
35
36
37
38
39
40
41
42
43
44
45
46
47
48

In the field of health-oriented GeoAl, the responsible use of geospatial data in
epidemiology and health disparities research is intrinsically linked to the implementation of
privacy measures. These measures include averting the disclosure of precise geolocations and,
where feasible, employing techniques such as aggregation, differential privacy, or secure
multiparty computation to mitigate the risk of re-identification [264]. Inappropriate handling
of user geospatial data can erode trust and lead to ethical violations, underscoring the necessity
for defined privacy-preserving mechanisms during model architectural design and deployment.
Agbese et al. and Machado et al. call for the development of ethical frameworks for urban
GeoAl, emphasizing stakeholder engagement, risk assessment, and benefit appraisal. Such
frameworks can minimize harm and promote Trustworthy practices, as established in the EU
Trustworthy Al and Data Governance Charter [36, 37, 267]. Collectively, these studies stress
that privacy, data governance, and the broader societal and environmental impacts are a core
ethical obligation rather than a secondary consideration.

Research on robotic systems in care settings emphasizes the importance of integrating
privacy safeguards and safety-by-design principles into system development, alongside
stakeholder engagement and contextual risk assessments [268, 269]. In the context of GeoAl,
these considerations necessitate that automated, location-based decisions prioritize patient
autonomy and protect private data. The studies advocate for innovative, responsible
frameworks that provide structures for evaluating privacy levels across diverse domains while
observing ethical principles that promote accountability, transparency, and stakeholder
participation in governance processes [264, 270]. Similar observations are made in safety
engineering practice, where systematic mappings and reviews emphasize the need for tailored
security standards and proactive safety engineering for Al-enabled health systems to guarantee
safe operation, privacy protection, and public trust [271].

In recent studies, federated learning (FL) and decentralized Al have been proposed to
address growing concerns over data privacy and real-time processing constraints [272]. FL
addresses privacy concerns by enabling distributed Al training across multiple edge devices,
allowing AI models to learn from localized data without exposing critical information [273,
274]. In so doing, the FL approach preserves data sovereignty. However, some studies contend
that FL across heterogeneous urban contexts grapples with diverse data formats,
interoperability issues, noisy data, and network synchronization, which affect the models'
overall accuracy and performance [275].

Further, governance bodies comprising stakeholders, data scientists, and community
representatives can evaluate data flows, de-identification strategies, and re-identification risks
to promote aggregation, differential privacy, secure multiparty computation, and access
controls. These steps can significantly reduce uncertainties related to re-identification risks
while preserving analytical functionality. Additionally, incorporating fail-safes mechanisms,
advancing explainability, and adopting human-expert-in-the-loop controls in contexts that
utilize private data can effectively manage unforeseen risks. This approach prioritizes safety
certifications, conducts field testing in controlled environments, and ensures continuous
monitoring. [268, 271]. Lastly, cross-domain professionals require skills in governance, privacy,
and data literacy to understand model workflows, data governance demands, and ethical
responsibilities. The asymmetrical capacity in technical expertise not only affects effective data
handling and algorithmic design but also influences the interpretation of outputs and the
accurate communication of results, including potential assumptions, biases, and uncertainties,
to policymakers. Upskilling such professionals can address knowledge gaps that hinder
adoption and safe deployment in settings critical to public safety and privacy, and address the
overreliance on external experts who may not fully contextualize local social, cultural, and
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historical realities [46, 276].

Addressing privacy, ethics, and safety in GeoAl analysis, particularly in the context of
multi-source training datasets, is a pressing concern that demands a comprehensive, multi-
layered approach. Candidate solutions should incorporate privacy-by-design, robust data
governance, stakeholder engagement, and rigorous safety engineering. The reviewed studies
identify GeoEthics as a foundational pillar that drives privacy and consent in geospatial
contexts that utilize private data. Integrating privacy-preserving technologies, transparent
governance, and human-centered design can enhance GeoAl urban analysis and interpretation
while safeguarding individual rights and promoting public trust.

4. Applications of GeoAl in urban contexts

This section presents representative GeoAl applications, including urban investigation and
mapping, precision and smart agriculture, and disaster management.

4.1 GeoAl in urban infrastructure investigation and planning

GeoAl is revolutionizing urban mapping and infrastructure research, thereby enhancing our
understanding of complex urban systems. It also provides intelligent, data-driven insights that
support critical decision-making in urban spaces.

GeoAl in urban analysis and planning extends beyond mere resource allocation and
infrastructure development. It plays a significant role in modeling cities by integrating diverse
data sources to optimize urban systems. For instance, GeoAl supports traffic patterns analysis,
modeling public transportation routes, and investigating pedestrian flows to enhance urban
mobility. This enables urban planners to design and implement efficient transportation
networks that mitigate congestion and improve overall urban connectivity [32]. In the
environmental impact evaluation of urban development, GeoAl analysis utilizes parameters
such as settlement density and land surface temperatures to provide insights that support
decisions on green spaces, energy-efficient building designs, and advancing sustainable urban
growth strategies [277].

In cartography and mapping, high-resolution RS images are analyzed to produce maps that
serve as imprints of city infrastructure networks [278]. Further, land cover mapping can be
performed by generating thematic segmentation maps that distinguish elements such as
buildings and infrastructure, land-use areas, and water bodies in urban areas. These maps are
indispensable for improved urban planning, environmental monitoring, understanding urban
dynamics, and supporting city planning and zoning. For instance, spatial data have been
integrated with crowdsourced data to map green spaces in urban regions [279], extract of illegal
buildings enabling city planners to update building databases [280], identifying renewal
(retention, renewal, and demolition) areas in urban districts [281], investigate building
footprints [282-284], interpret land use patterns [285], investigate urban growth patterns to
project future ecological and environmental impacts [286]. In addition, leveraging textual
descriptors paired with images from multiple sources, GeoAl achieves a profound
understanding of geospatial context, supporting comprehensive modeling of urban areas [152,
287].

Still, GeoAl's ability to manage large volumes of spatial data significantly improves the
precision and efficiency of topographic mapping and urban feature extraction. This capability
is essential for maintaining infrastructure integrity within complex urban environments.
Machine learning techniques, as expounded by Ddéllner et. al., are instrumental in processing
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3D point clouds to generate geospatial digital twins [23]. These digital representations are
invaluable to urban planners and infrastructure managers, enabling them to monitor
infrastructure precisely and make informed decisions about the city's infrastructure. Moreover,
integrating these innovative methodologies not only enhances modeling precision but also
improves operational efficiency in urban contexts, thereby enabling more effective
management of infrastructure resources.

Another notable feature of GeoAl is its adaptability and robustness, which enable it to
incorporate real-time data, a critical capability for addressing the dynamic nature of urban
infrastructure needs [277]. This capability allows city managers to respond promptly to
changing conditions, whether driven by environmental factors, population shifts, or
infrastructure deterioration. This provides accurate and up-to-date information to support the
development of smarter, more adaptable urban environments that better serve their inhabitants
and withstand various challenges [288].

In the realm of explainable models for GeoAl in urban infrastructure, Liu et al. observe that
GeoAl holds substantial implications for urban governance and public engagement. By
offering clear justifications for predictions and recommendations, XAl promotes transparent
decision-making processes and cultivates trust between city authorities and residents. Liu notes
that transparency in the design and deployment of such systems can enhance public
participation in urban planning initiatives, since citizens are better equipped to comprehend
and contribute to the planning process [32].

Investigated studies demonstrate the potential of GeoAl in tackling urban investigation
and mapping. However, most current methods are still short of achieving complete autonomous
spatial-temporal urban intelligence. Exploiting the potential of geospatial-temporal data and Al
holds great promise for the design, planning, and management of future cities, as well as for
accelerating the realization of full autonomy in the field.

4.2 GeoAl in traffic management and modeling

Multiple studies suggest that artificial intelligence systems utilizing historical, live sensor,
and network data achieve improved traffic flow, reduced congestion, and increased travel
efficiency compared to traditional approaches. Additionally, the fusion of varied data streams
with machine learning techniques enhances the precision, adaptability, and scalability of urban
traffic management strategies, including congestion reduction and dynamic routing [20, 52, 53,
289, 290]. This integration enables urban planners and traffic managers to understand, manage,
and optimize these systems, thereby enhancing prediction, control, and resilience within
transportation networks.

Recent investigations in urban analysis have focused on using spatially explicit GeoAl
models to capture the heterogeneous nature of urban forms. More studies have focused on
enhancing the interpretability and reliability of Al-driven systems that support on-demand,
real-time traffic decision-making for congestion mitigation, route optimization, and planning
[52, 289]. Techniques such as graph-based neural networks, geographic information system
(GIS)-driven data fusion, and 3-D spatial simulations have shown potential to enhance traffic
prediction accuracy and support adaptive signaling and simulations, thereby aiding urban
planning decisions, especially under uncertain conditions. The net sum of integrating spatially
explicit neural architectures with graph-based frameworks has bolstered interpretable traffic-
relevant inference [20, 291].

To advance XAl in traffic modeling contexts, Liu et al. propose an explainable, spatially
25
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explicit GeoAl framework that merges a Graph Convolutional Network (GCN) with
GNNExplainer to address node- and graph-level tasks in urban analytics, including traffic
volume prediction and population estimation. The framework demonstrates that capturing
network topology and spatial autocorrelation improves predictive performance and explains
model decisions, which are essential parameters for policy-makers and traffic engineers [32].
In related studies, Dikshit et al. quantify the benefits of Al-driven routing through simulations
and case studies, demonstrating reductions in travel time, fuel consumption, and emissions.
The study findings establish a connection between traffic performance, environmental
sustainability metrics, and economic viability for city-scale deployment [53]. Moscovici et al.
examined the mitigation of traffic congestion using GeoAl. The study demonstrates that spatial
data acquisition at traffic-light intersections supports the development of GIS for Timisoara
city, Romania [292]. The proposed frameworks facilitate more effective signal coordination
and congestion mitigation by contextualizing traffic dynamics at precise geographic locations,
though they incur a computational burden in city-level deployments [293, 294].

In 3D urban traffic simulation and modeling, current technology advancements offer
enhanced visual and analytical frameworks for examining network topology, traffic volume,
and flow within realistic geometries. Feng et al. deployed a 3D simulation platform for urban
traffic using Cesium, which enables spatially accurate representations of traffic dynamics and
infrastructure interactions [295]. Feng's study demonstrates that a large-scale 3D road network
generated from GIS data enables credible simulations by producing realistic network
topologies and intersection configurations, which are essential for evaluating routing
algorithms and signal timing strategies in virtual environments. These simulation tools
complement data-driven models by supporting scenario testing under diverse conditions,
including extreme circumstances and infrastructure modifications [296].

Further, agent-based modeling and multi-criteria decision analysis (MCDA) have been
proposed as complementary methods for traffic management. Shaharuddin and Misro
recommend agent-based modeling and simulation to address congestion in urban environments,
demonstrating that analyzing mixed-traffic dynamics and cross-signal interactions can deliver
robust control strategies [291]. Still, geospatial MCDA frameworks support surveillance and
decision-making under spatial and temporal uncertainty. This can be critical in guiding
transport planners when traffic risk factors intersect with other city parameter constraints.
Integrating agent-based and MCDA paradigms with GeoAl frameworks can support
interpretable, context-aware traffic management policies [297].

Studies cite computational infrastructure constraints as a significant challenge for GeoAl-
enabled traffic management, particularly for near-real-time inference. To address the above
challenge, the Traffic Analytics Development Kits (TADK) framework demonstrates that real-
time artificial intelligence inference for networking workloads can be executed on standard
hardware without specialized accelerators [298]. The framework supports edge and fog-based
deployment of traffic analytics, allowing real-time routing and signal control decisions to be
processed near sensors and actuators. This development aligns with the broader trend toward
artificial intelligence of things (AloT)- enabled smart traffic management, where live camera
feeds and sensor data inform adaptive control systems that optimize vehicle throughput, reduce
congestion, and minimize deployment costs [299].

Other studies have enhanced urban traffic models by integrating environmental factors
such as noise and air pollution, thereby increasing the social and ecological relevance of
GeoAl-based traffic management. Younes et al. use GIS and adaptive neuro-fuzzy inference
systems to model traffic noise along urban corridors, demonstrating that spatially explicit
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modeling can inform noise mitigation strategies in urban design [300]. Similarly, GIS-based
analyses of pollutant dispersal and exposure link traffic conditions to air quality outcomes,
supporting urban planning that aligns traffic management with public health objectives [301].
Although these studies primarily address environmental externalities, they underscore the
broader utility of GeoAl in comprehensive urban mobility planning.

Despite recent progress, significant challenges persist regarding data quality,
spatiotemporal alignment, and large-scale interpretability. Accurately representing spatial
heterogeneity, temporal dynamics, and network topology in unified GeoAl models calls for
rigorous data fusion, feature engineering, and model design to prevent spurious correlations
and ensure reliable explanations [59, 302]. The reviewed literature converges that advances in
graph-based and contrastive learning methods for spatial data offer potential improvements in
representation learning for traffic networks, thereby enhancing predictive accuracy and
robustness against missing or noisy data. Additionally, integrating 3D GIS data and digital twin
concepts can facilitate more comprehensive scenario analysis and policy evaluation for urban
traffic systems. Lastly, the focus on explainability to address transparency in spatial predictions
and justifying routing and signal-control recommendations to stakeholders remains a central
concern.

GeoAl methodologies are making significant strides toward developing integrated,
spatially aware, and interpretable systems for traffic analytics and management. The
convergence of spatially explicit models, GIS-based data integration, 3D simulations, agent-
based and multi-criteria planning, and scalable deployment architectures marks a mature
evolution towards practical, policy-relevant, and environmentally sustainable urban traffic
solutions. Future research should focus on enhancing robust explanation, integrating data from
diverse sources, and effectively translating predictive insights into adaptive control within
operational urban networks.

4.3 GeoAl in urban agriculture

The convergence of urban agriculture (UA), geospatial intelligence, and artificial
intelligence underscores the transformative potential of these technologies to enhance food
production in urban landscapes. Several studies have explored various GeoAl applications in
urban farming and precision agriculture, as well as their integration into smart cities. The
analyzed literature examines GeoAl's ability to address challenges in urban agriculture,
including resource optimization, environmental stewardship, and improved food security.

With projections that 70% of the world’s population will live in cities by 2050, and the
consequential global trend of rural-to-urban migration as people seek jobs, education, improved
services, and opportunities, the pressure to feed city dwellers is increasingly challenging. This
has led to increased uptake of UA and signifies a pivotal direction in addressing the global
challenge of feeding a burgeoning urban population [303]. Consequently, leveraging Al
methodologies alongside geospatial data analysis can significantly enhance productivity,
sustainability, and resource management. Open data, GIS-based tools, and Al-driven systems
can support urban farmers in making informed decisions on crop selection, soil management,
and resource allocation. These technologies enable urban farmers to operate more efficiently
and sustainably, despite constraints such as land scarcity, unpredictable climatic conditions,
and resource scarcity [114, 304].

The application of GeoAl in urban agriculture extends beyond basic site selection and crop
management, encompassing a range of additional applications. It facilitates the development
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of innovative, controlled environments that maximize yield while minimizing resource inputs.
Tamilkodi et al. argue that GeoAl has the potential to provide predictive insights to guide
farmers in selecting the most suitable crops and farming methods for specific urban locations
by analyzing complex datasets on soil quality, microclimate conditions, and market demand
[305]. In other studies, Tamilkodi et al. assert that integrating GeoAl with urban informatics
can deliver a robust framework for understanding and optimizing the entire urban food system
from production to distribution. The framework can potentially revolutionize cities' approach
to food security and sustainability [306]. According to Guechi et al., urban geospatial analysis
helps assess land availability, market proximity, and infrastructure constraints, which are
essential parameters to the viability of urban farming. Guechi et al. argue that multi-criteria
assessment frameworks such as AHP-GeoTOPSIS can provide a structured framework for
ranking urban sites by suitability, assisting planners in prioritizing locations for UA. The
framework adopts transparent weighting criteria based on parameters such as soil, water, access
to energy, flood risk, and policy context in urban growth and agricultural planning [307].

In the context of crop analysis and management, multi-source data from soil/plant health,
sourced from sensors, remote sensing, and UAV imagery, form the foundation of GeoAl
workflows and analytics. The analytical core for GeoAl-based urban precision agriculture
includes GIS-based digital twins, AI/ML models for soil management, crop growth, and
climate control, as well as geo-enabled data fusion that integrates multiple streams (IoT, UAV,
satellite) into cohesive decision-support systems. The precision agriculture framework
enhances these processes by using machine learning to identify complex, non-linear patterns
in urban land gradients, population density, and environmental indicators, thereby improving
predictive accuracy in suitability analyses [308-310].

On the other hand, GIS-based digital twin models can map solar radiation and assess
microclimate conditions for UA design, guiding the placement of crops, control systems, and
energy use in urban farms. Such models facilitate the simulation of shading, insulation, and
seasonal variability, critical for urban growing environments [308]. Digital twins are integrated
with GeoAl to enable scenario analysis. In turn, this can support the optimization of UA facility
design, including rooftop and vertical farming, by linking geospatial inputs with agronomic
models and energy balance calculations. Further, Al-enhanced soil management techniques,
sensors, and data analytics support precision agriculture in both outdoor and indoor contexts
[311]. In outdoor farming, Al aids in automated monitoring, predictive irrigation, nutrient
management, and yield optimization. Conversely, indoor vertical farming employs Al to drive
climate control, photonic management, and resource efficiency, leveraging data from sensors,
cameras, and IoT devices [309, 312].

Studies in UA show that indoor smart gardens and vertical farming increasingly utilize Al-
driven decision support to optimize growth environments, nutrient delivery, and lighting
regimes, thereby enhancing productivity and resource efficiency in urban settings [313]. This
approach complements outdoor urban agriculture strategies by providing scalable, space-
efficient solutions in densely populated areas [309]. In this case, IoT and Al co-serve as the
foundation of smart farming in urban environments, facilitating real-time monitoring of
environmental conditions such as temperature, humidity, CO2, moisture, and electrical
conductivity (to measure nutrient and salt concentrations in soil or water), as well as other
parameters such as plant health analysis and infrastructure performance indicators. In this case,
GeoAl processes these continuous data streams to guide control actions, predict immediate
budgets, and automate responses [314].

Other support infrastructure, such as UAVs and geospatial analytics, enhances field and
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peri-urban UA by delivering comprehensive surveillance, assessing crop health through
multispectral imaging, and providing high-resolution spatial data for precise inputs and timely
interventions. Studies show that UAV-based geospatial analytics are instrumental in managing
irrigation, detecting pests, and monitoring crops on IoT-enabled platforms [306]. Moreover,
open-source software and Al-powered GIS tools are essential for developing reproducible
urban GeoAl workflows that enable the monitoring and analysis of environmental conditions
and urban agricultural performance using scalable, configurable platforms. The benefits
highlight the contribution of Al, GIS, big data, and open data ecosystems in actively
empowering citizens and authorities to participate in urban agriculture planning and evaluation
[314].

In assessing the productivity and impact of indoor farming, Mihailovi¢ et al. note that, in
recent years, the number of indoor smart gardens has increased to enhance food security and
urban resilience by providing locally grown produce in compact, climate-controlled settings,
potentially located in supermarkets or basements. These gardens utilize Al-enabled automation
to reduce labor needs and improve consistency [313]. This claim is supported by Bibri et al.’s
submission, which states that smart gardens complement the broader smart city paradigm,
where Al and IoT optimize services such as food production, energy use, and health outcomes
[315]. However, both studies agree that human factors, such as skills gaps among unskilled
farmers and the need for user-friendly control interfaces, significantly hinder the success of
urban farming and require interventions. Singh et al. concur with previous studies that
intelligent data analytics and decision-support systems can bridge knowledge gaps and enable
effective management by non-specialists. The study also observes that leveraging spatial data
with GeoAl can facilitate climate-neutral urban development and support transparent, data-
driven decision-making for land-use and UA placement [314]. Other studies have demonstrated
how geospatial platforms, web GIS, and citizen engagement can contribute to climate-
conscious urban planning and agriculture [304, 316]. In contrast, government regulatory
frameworks for urban farming, covering data privacy in edge Al deployments and the
management of open data ecosystems, can support alignment with best practices to maximize
positive outcomes [56].

Despite the success in exploiting Al systems for smart, precision agriculture, some
emerging challenges worth exploring in future research relate to the disjointed nature of
agricultural operations. These include the administration and operation of IoT/AI systems,
remote sensing, environmental impact evaluation, data sharing and management, and
interoperability. [317, 318]. Some studies on GeoAl for precision agriculture have been
thoroughly reviewed [319-323].

4.4 GeoAl in disaster management

GeoAl models can help detect and manage natural disasters, demonstrating a significant
advancement in risk management. However, acquiring geospatial data on natural catastrophes
remains severely constrained because it must be collected precisely (in some cases, in real time)
when the event occurs.

Prior studies have highlighted the potential of Al systems to enhance the management and
governance of geospatial data, thereby facilitating environmental conservation and supporting
the achievement of the Sustainable Development Goals (SDGs). Al systems, enhanced by
multi-source big data, have successfully facilitated prompt responses to natural
disasters, including wildfires, earthquakes, landslides, cyclones, and floods [324]. The task
involves leveraging machine learning models and integrating multi-sourced data, which are
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then analyzed and processed by them. For example, Fig. 5 illustrates earthquake imagery from
Mexico City captured in 2019, along with the post-earthquake damage assessment results for
the same region, using YOLOv4 [325]. The case study demonstrates the potential of GeoAl
models in disaster investigation and assessment.

Several surveys have been conducted to explore the potential of Al in urban disaster
management, aiming to facilitate faster, more concise, and more effective responses [324, 326,
327]. The consensus of these studies is that AI holds promise for disaster mitigation,
management, and recovery. These studies emphasize integration of multimodal data with other
big data sources, such as social media and IoT devices, at varying abstraction levels to provide
broader insights. Furthermore, the studies highlight the importance of teamwork in disaster
management, which is crucial for safeguarding lives, infrastructure, and the environment at all
stages: mitigation, readiness, response, and recovery [328, 329].

. No damage
. Minor damage
. Major damage

. Destroyed

. No damage |
. Minor damage
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I

(b)

Fig. 5. Images of the Mexico City earthquake in 2017.
(@) Original and post-earthquake RS image.
(b) Segmentation maps showing Earthquake impacts [325]

RS data have supported GeoAl in pre- and post-disaster evaluation and management, with
several methods recently developed under urban change studies and disaster management. Wu
et al. proposed a Siamese network for evaluating the disaster status of buildings, including
location recognition and classification of damaged structures [330]. BDANet uses a CNN
network with two branches that accept pre- and post-disaster satellite images to correlate and
assess building damage [331]. ChangeOS combines deep learning and OBIA to provide a
building damage assessment system trained on global datasets [332].
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Other disasters include floods, which are difficult to predict because they are triggered
sporadically by climatic and environmental conditions, resulting in fatalities, infrastructure
damage, and significant economic harm to the affected region. Since floods cannot be entirely
avoided, governments and relevant organizations must take preventive measures to
minimize their adverse effects. Furthermore, disaster management authorities ought to take
precautions before floods occur to reduce risks and respond effectively when they do [333,
334]. Disaster preparation can involve using cutting-edge technologies to predict disasters in
real time, enabling the implementation of necessary response measures before they occur. As a
result, it is essential to expand the use of modern technologies for automated catastrophe
prediction and forecasting, specifically RS data and GeoAl [335].

Recent studies have employed GeoAl models for flood assessments and mitigation. For
example, Multi-Criteria Decision Analysis (MCDA) is a hybrid Al model that uses Adaboost
and Bagging decision trees. This framework has successfully been used to map flood areas in
Quang Nam, Vietnam [336]. In other studies, Rezvani et al. combined GeoAl and GIS to map
flood hazards on Portugal's road networks, providing city transportation management with
precise information on which roads were susceptible to damage following prolonged periods
of rainfall [337]. These, among other studies, demonstrate the potential of GeoAl for disaster
assessment and prevention [338-343].

5. GeoAl’s current trends and prospects in urban analysis

Urban ecosystems are best understood as coupled social-ecosystems in which dynamic
processes involving climate dynamics, demographic details, economic structures, and urban
governance interact across temporal and spatial scales. GeoAl is poised to revolutionize urban
analysis further by providing scalable, explainable, and actionable insights across planning,
governance, and resilience. This review reveals the following key trends: First, the
advancement of GeoAl has significantly enabled greater accessibility to Internet-scale multi-
source data. Second, the multisource data presents diverse challenges related to privacy,
complexity arising from diversity, bias, incompleteness, and management. Therefore, there is
a growing imperative to adopt responsible Al practices that address issues of privacy, ethics,
and governance. Moreover, studies emphasize the significance of explainability, interpretability,
and user trust across data management, processing, and inference pipelines. Third,
advancements in urban analysis and 3D-geospatial modeling are increasingly supporting urban
decision-making processes, driven by spatial-temporal-agnostic models leading to an increase
in cross-disciplinary applications in areas such as urban planning, traffic management, urban
agriculture, disaster management, and resilience. The progress has led to a utilitarian shift in
urban infrastructure modeling, including the use of graph neural networks (GNNs), deep
learning, and hybrid approaches that integrate data-driven and knowledge-driven methods.

Numerous sources emphasize the significance of each trend and delineate the evolving
GeoAl landscape for urban environments, highlighting a notable increase in the scale and
variety of multimodal and large-scale datasets. Various data-rich sources, including satellite
and drone imagery, street-level views, sensor networks, user feedback, and urban ontologies,
continue to enhance GeoAl methodologies, facilitating the expanded processing of diverse and
extensive data. Li and Hsu document GeoAl’s capability for large-scale image analysis and
rapid advancements across image types and data modalities, underscoring six strengths: scale,
automation, accuracy, change-detection sensitivity, noise tolerance, and speed, that are
particularly relevant to urban analytics [43]. This, in turn, supports a comprehensive analysis
of land use, mobility, energy flows, and environmental conditions at city scales, thereby
facilitating a range of downstream urban tasks. Following this trend, progress toward big-data
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urban analytics is reinforced by the convergence of geospatial science, Al, data mining, and
powerful computing infrastructure, seeking to extract knowledge from vast geospatial datasets
[23, 27]. Collectively, these studies suggest that future urban analysis will increasingly
integrate multi-source data into GeoAl pipelines to provide timely, policy-relevant insights at
the city level and beyond.

Further, explainability, interpretability, and human-centered GeoAl are becoming
increasingly crucial for urban decision-making. As GeoAl becomes integral to urban planning
and governance, researchers and stakeholders have extensively emphasized the need for
transparency and interpretability. The broader literature notes that explainable GeoAl aims to
render model outputs comprehensible to planners, policymakers, and the public, thereby
ensuring accountability in decisions related to urban form and resources. Besides,
explainability plays a critical role in policy settings, given that not all stakeholders and users
of geospatial intelligence are technosavy in the domain. Thus, the need to clarify and justify
predictions and recommendations to stakeholders to deliver urban designs and planning
processes that are ethical, transparent, and integrated [7, 30, 344]. Reviewed studies concur
that future GeoAl systems ought to incorporate interpretable architectures, post-hoc
explanations, and decision-support interfaces that facilitate stakeholder understanding and
integration into urban governance. Furthermore, digital twins, which utilize 3D geospatial
modeling and 3D point clouds, can support urban simulation, thereby shaping a promising
future for GeoAl-enabled analysis, predictive analytics, and scenario testing. These views are
supported by Liu et al., who argue that digital twin frameworks can help evaluate traffic, air
quality, noise, and urban spaces, providing decision-ready insights for future infrastructure
planning, such as buildings, landscapes, and urban environments [345].

As GeoAl becomes increasingly prevalent in sensitive urban areas, governance emerges
as a critical concern. He and Chen underscore the challenges and ethical considerations
associated with applying Al to urban design and planning, including data privacy and the need
for cross-disciplinary knowledge, and advocate for responsible digitalization in cities [33].
Further, the intersection of GeoAl with geo-big data platforms and data-sharing architectures
necessitates robust, privacy-preserving methodologies and governance protocols to maintain
public trust while enabling data-driven insights for urban areas. This calls for governance
frameworks that address privacy, consent, data provenance, and equitable outcomes in Al-
enabled urban services [27, 41]. Future GeoAl deployments are anticipated to incorporate
privacy-preserving machine learning, data governance, and ethical safeguards as standard
components to ensure secure data sharing and governance technologies. To enforce safety and
privacy, approaches such as storing GeoAl data on blockchains have been proposed for GeoAl-
based private and social media data. These technologies possess inherent privacy-preserving,
decentralized data-sharing capabilities, leveraging Web3 and distributed ledger technologies to
enhance provenance tracking, promote privacy, and ensure data integrity [346, 347].

In the domain of cross-disciplinary interdependencies, spatially explicit intelligence
significantly augments capabilities. Biu et al. explore the evolving role of spatial Al and deep
learning in urban security planning, risk management, and disaster response [40]. The study
notes that in urban analysis, GeoAl integrates travel patterns, energy consumption, land use,
and environmental impacts, thereby achieving time and resource efficiencies while equipping
planners with comprehensive insights. On resilience and sustainable urban development, smart
city big data, and digital twins analytics at neighborhood scales can support proactive processes
that inform urban governance and resilience [348, 349]. As methodological advances in GeoAl
progress beyond traditional GIS analytics toward graph-based neural networks, deep learning,
and hybrid data-driven/knowledge-driven frameworks, robust GeoAl systems for urban
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analytics are emerging, enabling relational reasoning over spatial networks and spatiotemporal
patterns. Future architectural designs and model training regimes need to lessen compute and
memory footprints without sacrificing accuracy to accommodate efficient deployment in low-
latency contexts to cater for regions with limited access to compute resources especially
communities in the Global South [32].

In summary, the reviewed studies reveal a strong trend towards transitioning from image-
centric analyses to extensive, multimodal urban analytics. This approach incorporates data
from satellites, drones, street views, sensors, social media, IoT, and crowd-sourced information
across different spatial dimensions. The momentum of multimodal analytics, propelled by
multisource data, is accelerating as GeoAl proves beneficial for urban analysis, city planning,
disaster management, and smart-city governance. However, challenges such as data gaps,
socio-economic disparities, and the quality of data from varied sources continue to pose
significant questions for investigation. Although these diverse sources introduce unprecedented
data heterogeneity, the ongoing effort to harmonize geospatial data from various sources to
address dynamic urban topologies and ensure effective, reliable urban intelligence remains a
burgeoning area of research.

The growing adoption of GeoAl in shaping spatial decisions, urban space interactions, and
investment decisions has long-term societal and political implications, raising critical concerns
about control, fairness, and accountability. Further, explainable GeoAl and human-centered
design, which touch on governance, privacy, and ethics, become a pivot, promoting responsible
Al practices and ensuring transparent, accessible outputs. Real-world implementation will
have to balance model accuracy, which most studies predominantly focus on, with the issues
raised in this review to ensure fair and responsible GeoAl practices across research domains
and multi-stakeholders, thereby enabling GeoAl to evolve and ultimately enhance its impact
and acceptance in real-world scenarios.

6. Conclusion

In this review, we examine the development of multi-source big data, the evolution of the
machine learning paradigm, and the advancement of GeoAl systems for urban analysis. We use
the Web of Science and Scopus platforms as our literature sources and conduct a
comprehensive literature review. We consider studies undertaken in recent years, assess the
research landscape across multiple data sources, examine the evolution of machine learning in
geospatial analysis, and explore human-centric practices in urban GeoAl contexts. The central
themes that emerged from the reviewed literature were the implementation of scalable and
interpretable GeoAl methods to manage multi-source big data for urban analysis; the
development of spatially-agnostic GeoAl models to address the dynamic requirements of urban
analysis and governance; the application of GeoAl in urban analysis to improve planning,
management, resilience, and governance, while addressing ethical, privacy, and safety concerns;
and emphasis on transparency, explainability, certainty in developing and deploying geospatial
systems. Additionally, we share the datasets used for pretraining urban geospatial models and
discuss the applications of GeoAl in urban infrastructure investigation, traffic management,
urban agriculture, and disaster management. We conclude by summarizing key findings,
sharing insights, and outlining future research directions.

33



Declaration of competing interest

The authors declare that they have no conflicts of interest.

Funding

This work was supported by the Key Technological Innovation Program of Ningbo City

under Grant No. 20247297

References

[1] M. G. Juarez, V. J. Botti, A. S. J. J. 0. C. Giret, and I. S. i. Engineering, "Digital twins: Review and
challenges,” vol. 21, no. 3, p. 030802, 2021.

[2] U. Habitat, "International guidelines on urban and territorial planning,” 2018.

[3] D. Koldasbayeva, P. Tregubova, M. Gasanov, A. Zaytsev, A. Petrovskaia, and E. J. N. C. Burnaeyv,
"Challenges in data-driven geospatial modeling for environmental research and practice," vol. 15, no. 1,
p. 10700, 2024.

[4] S. De Sabbata and P. J. I. J. 0. G. I. S. Liu, "A graph neural network framework for spatial
geodemographic classification,"” vol. 37, no. 12, pp. 2464-2486, 2023.

[5] X. Han, Z. Li, H. Cao, and B. J. L. Hou, "Multimodal Spatio-Temporal Data Visualization Technologies
for Contemporary Urban Landscape Architecture: A Review and Prospect in the Context of Smart
Cities," vol. 14, no. 5, p. 1069, 2025.

[6] D. Hong et al., "Cross-city matters: A multimodal remote sensing benchmark dataset for cross-city
semantic segmentation using high-resolution domain adaptation networks,” Remote Sensing of
Environment, vol. 299, p. 113856, 2023/12/15/ 2023.

[7] S. Gao, "Geospatial Artificial Intelligence (GeoAl)," 2021.

[8] F. Lu, S. Cheng, and P. J. A. 0. G. Wang, "GeoAl-enabled urban computing: status and challenges," pp.
1-19, 2025.

[9] G. Mai et al., "On the Opportunities and Challenges of Foundation Models for GeoAl " ACM Trans.
Spatial Algorithms Syst., vol. 10, no. 2, p. 11, 06/ 2024.

[10] J. Rulff, G. Pereira, M. Hosseini, M. Lage, and C. J. a. p. a. Silva, "Towards Data-Informed Interventions:
Opportunities and Challenges of Street-level Multimodal Sensing," 2024.

[11] X. Wang, H. Yue, and Q. Yang, "Multimodal data trajectory prediction: A review," in 2023 IEEE 10th
International Conference on Cyber Security and Cloud Computing (CSCloud)/2023 IEEE 9th
International Conference on Edge Computing and Scalable Cloud (EdgeCom), 2023, pp. 1-5: IEEE.

[12] W. Li, "GeoAl: Where Machine Learning and Big Data Converge in GlScience,” Journal of Spatial
Information Science, no. 20, 2020.

[13] T. Atmaja, K. Fukushi, and D. J. Lee, "Leveraging Coupled Hydrodynamic With Data-Driven GeoAl
Models for Advancing Systemic Compound Flood Risk Evaluation in Coastal Urban Areas," Archives of
Computational Methods in Engineering, 2025.

[14] M. N. K. Boulos, G. Peng, and T. VoPham, "An Overview of GeoAl Applications in Health and
Healthcare," International Journal of Health Geographics, vol. 18, no. 1, p. 7, May 2, 2019.

[15] D. Hanny et al., "An Explainable GeoAl Approach for the Multimodal Analysis of Urban Human
Dynamics: A Case Study for the COVID-19 Pandemic in Rio De Janeiro," Computational Urban Science,
vol. 5, no. 1, p. 13, 2025.

[16] N. Lazorenko-Hevel, "Research on the Use of Artificial Intelligence (Geoai) for Tasks of Topographic
Mapping," Spatial Development, no. 8, pp. 430-443, 2024.

[17] A. Apriana, A. R. A. Ansory, T. Agustina, I. Amalia, and R. Refrizon, "Mapping Flood-Prone Areas
Using GIS Through a Geo-Artificial Intelligence (Geo-Al) Approach in Bengkulu City," Journal of
Technomaterials Physics, vol. 6, no. 1, pp. 56-61, 2024.

[18] T. Blaschke, G. J. Hay, Q. Weng, and B. Resch, "Collective Sensing: Integrating Geospatial Technologies
to Understand Urban Systems—An Overview," Remote Sensing, vol. 3, no. 8, pp. 1743-1776, 2011.

[19] J. E. Nichol, M. S. Wong, C. Fung, and K. K. M. Leung, "Assessment of Urban Environmental Quality
in a Subtropical City Using Multispectral Satellite Images," Environment and Planning B Planning and
Design, vol. 33, no. 1, pp. 39-58, 2006.

[20] H. Ulvi, M. A. Yerlikaya, and K. Yildiz, "Urban Traffic Mobility Optimization Model: A Novel
Mathematical Approach for Predictive Urban Traffic Analysis," Applied Sciences, vol. 14, no. 13, p.
5873, 2024.

[21] A. A. Zadegan, D. Vivet, and A. Hadachi, "DELTA: Integrating Multimodal Sensing With Micromobility

for Enhanced Sidewalk and Pedestrian Route Understanding,” Sensors, vol. 24, no. 12, p. 3863, Jun 14
34



[22]

[23]

[24]

[25]

[26]

[27]

[28]

[29]
[30]
[31]

[32]

[33]

[34]

[35]
[36]
[37]
[38]
[39]

[40]

[41]

[42]

[43]

[44]
[45]
[46]

[47]

2024.

X. Ye et al., "Human-Centered GeoAl Foundation Models: Where GeoAl Meets Human Dynamics,"
Urban Informatics, vol. 4, no. 1, 2025.

J. DélIner, "Geospatial Artificial Intelligence: Potentials of Machine Learning for 3D Point Clouds and
Geospatial Digital Twins," PFG — Journal of Photogrammetry Remote Sensing and Geoinformation
Science, vol. 88, no. 1, pp. 15-24, 2020.

T. Sawada, M. Mizuno, T. Hasegawa, K. Yokoyama, and M. Kono, "Office-in-the-Loop: An
Investigation Into Agentic Al for Advanced Building HVAC Control Systems,” Data-Centric
Engineering, vol. 6, 2025.

J. Zhang, "Construction and Precise Profiling of a Holistic Student Evaluation System Based on
Multimodal Data Integration,” p. 115, 2025.

P. Dabove, M. M. Daud, and L. Olivotto, "Revolutionizing Urban Mapping: Deep Learning and Data
Fusion Strategies for Accurate Building Footprint Segmentation,” Scientific Reports, vol. 14, no. 1, p.
13510, Jun 12 2024.

M. Breunig et al., "Geospatial Data Management Research: Progress and Future Directions,” Isprs
International Journal of Geo-Information, vol. 9, no. 2, p. 95, 2020.

R. Kallimani, K. Pai, P. Raghuwanshi, S. lyer, and O. L. A. Lépez, "TinyML: Tools, applications,
challenges, and future research directions," Multimedia Tools and Applications, vol. 83, no. 10, pp.
29015-29045, 2024/03/01 2024.

C. Li et al., "Multimodal Foundation Models: From Specialists to General-Purpose Assistants," Found.
Trends Comput. Graph. Vis., vol. 16, no. 1-2, pp. 1-214, / 2024.

X. Ye et al., "Human-centered GeoAl foundation models: where GeoAl meets human dynamics,” Urban
Inform., vol. 4, no. 1, p. 2, 12/ 2025.

Z.Jiao and R. Tao, "Geographical Graph Attention Networks: Spatial Deep Learning Models for Spatial
Prediction and Exploratory Spatial Data Analysis,” Transactions in GIS, vol. 29, no. 2, 2025.

P. Liu, Y. Zhang, and F. Biljecki, "Explainable Spatially Explicit Geospatial Artificial Intelligence in
Urban Analytics,” Environment and Planning B Urban Analytics and City Science, vol. 51, no. 5, pp.
1104-1123, 2023.

W. He and M. Chen, "Advancing Urban Life: A Systematic Review of Emerging Technologies and
Artificial Intelligence in Urban Design and Planning,"” Buildings, vol. 14, no. 3, p. 835, 2024.

R. Marasinghe, T. Yigitcanlar, S. Mayere, T. L. Washington, and M. Limb, "Towards Responsible Urban
Geospatial Al: Insights From the White and Grey Literatures," Journal of Geovisualization and Spatial
Analysis, vol. 8, no. 2, 2024.

K. Zhang, W. L. Shang, J. D. Vos, Y. Zhang, and M. Cao, "llluminating the Path to More Equitable
Access to Urban Parks," Scientific Reports, vol. 15, no. 1, p. 9646, Mar 20 2025.

M. Agbese, R. Mohanani, A. A. Khan, and P. Abrahamsson, "Implementing Al Ethics: Making Sense of
the Ethical Requirements,” pp. 62-71, 2023.

H. Machado, S. Silva, and L. Neiva, "Publics’ Views on Ethical Challenges of Artificial Intelligence: A
Scoping Review," Al and Ethics, vol. 5, no. 1, pp. 139-167, 2023.

M. Micheli et al., "Al Ethics and Data Governance in the Geospatial Domain of Digital Earth," Big Data
& Society, vol. 9, no. 2, 2022.

K. Janowicz, G. Mai, W. Huang, R. Zhu, N. Lao, and L. J. I. J. 0. G. I. S. Cai, "GeoFM: how will geo-
foundation models reshape spatial data science and GeoAl? " vol. 39, no. 9, pp. 1849-1865, 2025.

P. W. Biu, J. S. Oliha, and O. Chimezie, "The Evolving Role of Geospatial Intelligence in Enhancing
Urban Security: A Review of Applications and Outcomes," GSC Advanced Research and Reviews, vol.
18, no. 2, pp. 215-224, 2024.

B. Hosen, M. Rahaman, S. Kumar, L. V. Sagar, and M. N. Akhtar, "Leveraging Artificial Intelligence
and Big Data for Advanced Spatial Analytics and Decision Support Systems in Geography,” Malays.
Apd. Geog., vol. 1, no. 2, pp. 62-67, 2023.

J. Lee, "Beyond Geospatial Inquiry—How Can We Integrate the Latest Technological Advances Into
Geography Education? " Education Sciences, vol. 13, no. 11, p. 1128, 2023.

W. Li and C.-Y. Hsu, "GeoAl for Large-Scale Image Analysis and Machine Vision: Recent Progress of
Acrtificial Intelligence in Geography," Isprs International Journal of Geo-Information, vol. 11, no. 7, p.
385, 2022.

P. Liu and F. Biljecki, "A Review of Spatially-Explicit GeoAl Applications in Urban Geography,"
International Journal of Applied Earth Observation and Geoinformation, vol. 112, p. 102936, 2022.

H. Saleh, J. R. T. Arrang, and L. Cardoso, "Applications of Geospatial Al in Human Geography and
Spatial Networks: A Literature Review," Edraak, vol. 2025, pp. 76-84, 2025.

A. Amponsah, P. C. Latue, and H. Rakuasa, "Utilization of GeoAl Applications in the Health Sector: A
Review," J. Health. Science. Med. Therapy, vol. 1, no. 02, pp. 49-60, 2023.

E. KumaS$ and D. Aslan, "A Case Study: Making Decisions for Sustainable University Campus Planning

35



[48]

[49]

[50]

[51]

[52]

[53]

[54]
[55]
[56]
[57]
[58]
[59]
[60]
[61]

[62]

[63]
[64]

[65]

[66]
[67]
[68]
[69]
[70]

[71]

[72]

[73]

Using GeoAl," International Journal of Engineering and Geosciences, vol. 10, no. 1, pp. 22-35, 2025.
L. Seri¢, M. Tavra, I. Racetin, and A. Ivanda, "Modeling Walkability by Remote Sensing as Latent
Walking Speed Extracted From Multiple Digital Trail Maps," Journal of Spatial Information Science, no.
25, pp. 67-88, 2022.

E. L. Usery, S. T. Arundel, E. Shavers, L. V. Stanislawski, P. T. Thiem, and D. E. Varanka, "GeoAl in the
US Geological Survey for Topographic Mapping," Transactions in GIS, vol. 26, no. 1, pp. 25-40, 2021.
J. E. Vargas-Mufioz, S. Srivastava, D. Tuia, and A. X. Falcdo, "OpenStreetMap: Challenges and
Opportunities in Machine Learning and Remote Sensing," IEEE Geoscience and Remote Sensing
Magazine, vol. 9, no. 1, pp. 184-199, 2021.

L. Zhu, J. Raninen, and E. Hattula, "GeoAl for Topographic Data Accuracy Enhancement: The Al4TDB
Project,” The International Archives of the Photogrammetry Remote Sensing and Spatial Information
Sciences, vol. XLVI11-4/W10-2024, pp. 221-228, 2024.

"Al for Traffic Prediction and Management,” Rest Journal on Banking, Accounting and Business, vol. 3,
no. 3, pp. 56-61, 2024.

S. Dikshit, A. Atiq, M. Shahid, V. Dwivedi, and A. Thusu, "The Use of Artificial Intelligence to Optimize
the Routing of Vehicles and Reduce Traffic Congestion in Urban Areas," Eai Endorsed Transactions on
Energy Web, vol. 10, 2023.

W. L. Filho et al., "The Role of Artificial Intelligence in the Implementation of the UN Sustainable
Development Goal 11: Fostering Sustainable Cities and Communities," 2024.

X. Fu, H. Chen, and Y. Lu, "Exploration and Analysis of Digital Design of Urban Path Guidance System
From the Perspective of Artificial Intelligence Development,” p. 114, 2025.

T. Yigitcanlar and F. Cugurullo, "The Sustainability of Artificial Intelligence: An Urbanistic Viewpoint
From the Lens of Smart and Sustainable Cities," Sustainability, vol. 12, no. 20, p. 8548, 2020.

C. Li et al., "Multimodal foundation models: From specialists to general-purpose assistants,"” vol. 16, no.
1-2, pp. 1-214, 2024.

H. Zhang et al., "When Geoscience Meets Foundation Models: Toward a general geoscience artificial
intelligence system,” IEEE Geoscience and Remote Sensing Magazine, pp. 2-41, 2024.

X. Jin and R. Sieber, "The Challenges of Integrating Explainable Artificial Intelligence Into
<scp>GeoAl</Scp>," Transactions in GIS, vol. 27, no. 3, pp. 626-645, 2023.

A. Boutayeb, I. Lahsen-cherif, and A. E. J. a. p. a. Khadimi, "A comprehensive GeoAl review: Progress,
Challenges and Outlooks," 2024.

Q. Zhao et al., "An overview of the applications of earth observation satellite data: impacts and future
trends," vol. 14, no. 8, p. 1863, 2022.

M. Rahnemoonfar, T. Chowdhury, A. Sarkar, D. Varshney, M. Yari, and R. R. Murphy, "FloodNet: A
High Resolution Aerial Imagery Dataset for Post Flood Scene Understanding," IEEE Access, vol. 9, pp.
89644-89654, 2021.

E. Arnaudo et al., "FMARS: Annotating Remote Sensing Images for Disaster Management Using
Foundation Models," 2024. Available: https://doi.org/10.1109/IGARSS53475.2024.10641130

E. Dritsas and M. Trigka, "Remote Sensing and Geospatial Analysis in the Big Data Era: A Survey,"
Remote Sensing, vol. 17, no. 3. doi: 10.3390/rs17030550

D. G. Costa, J. C. N. Bittencourt, F. Oliveira, J. P. Peixoto, and T. C. Jesus, "Achieving Sustainable Smart
Cities through Geospatial Data-Driven Approaches,"” Sustainability, vol. 16, no. 2. doi:
10.3390/s5u16020640

H. Jafarbiglu, A. J. C. Pourreza, and E. i. Agriculture, "A comprehensive review of remote sensing
platforms, sensors, and applications in nut crops,” vol. 197, p. 106844, 2022.

N. Takhtkeshha, G. Mandlburger, F. Remondino, and J. Hyypp4, "Multispectral Light Detection and
Ranging Technology and Applications: A Review," Sensors, vol. 24, no. 5. doi: 10.3390/524051669

Y. Xie et al., "The Potential of Using SDGSAT-1 TIS Data to Identify Industrial Heat Sources in the
Beijing-Tianjin—Hebei Region,” Remote Sensing, vol. 16, no. 5, p. 768, 2024.

A. Tara, A. Patuano, and G. Lawson, "Between 2D and 3D: Studying Structural Complexity of Urban
Fabric Using Voxels and LiDAR-Derived DSMs," Fractal and Fractional, vol. 5, no. 4, p. 227, 2021.
P. Xia, Y. Bao, and Z. Huang, "Perceiving Beijing’s 'City Image' Across Different Groups Based on
Geotagged Social Media Data," IEEE Access, vol. 8, pp. 93868-93881, 2020.

B. Hu et al., "Improving Urban Land Cover Classification with Combined Use of Sentinel-2 and
Sentinel-1 Imagery," ISPRS International Journal of Geo-Information, vol. 10, no. 8. doi:
10.3390/ijgi10080533

S. v. d. Linden et al., "Imaging Spectroscopy of Urban Environments,” Surveys in Geophysics, vol. 40,
no. 3, pp. 471-488, 2018.

J. Shang, J. Liu, Z. Chen, H. McNairn, and A. Davidson, "Recent advancement of synthetic aperture
radar (SAR) systems and their applications to crop growth monitoring,"” in Recent Remote Sensing Sensor
Applications-Satellites and Unmanned Aerial Vehicles (UAVS): IntechOpen, 2022.

36



[74]

[75]

[76]

[77]

[78]

[79]

[80]
[81]
[82]
[83]
[84]

[85]
[86]

[87]

[88]

[89]

[90]

[91]
[92]
[93]
[94]

[95]

[96]

[97]

[98]

E. M. Dominguez, P. Brotzer, E. Casalini, and D. Small, "Mapping Urban Areas and Infrastructure
Through Fusion of Airborne SAR 3-D Images: A Comparative Study With ALS Sensors," IEEE Journal
of Selected Topics in Applied Earth Observations and Remote Sensing, vol. 18, pp. 6164-6181, 2025.
X. Liu, X. Ning, H. Wang, C. Wang, H. Zhang, and J. Meng, "A Rapid and Automated Urban Boundary
Extraction Method Based on Nighttime Light Data in China," Remote Sensing, vol. 11, no. 9, p. 1126,
2019.

H. Cai, Y. Wang, Y. Lin, S. Li, M. Wang, and F. Teng, "Systematic Comparison of Object Classification
Methods Based on ALS and Optical Remote Sensing Images in Urban Areas," Electronics, vol. 11, no.
19, p. 3041, 2022.

S. A. F. S. A. Rahman, K. N. A. Maulud, U. Ujang, W. S. W. M. Jaafar, S. Shaharuddin, and A. A. A.
Rahman, "The Digital Landscape of Smart Cities and Digital Twins: A Systematic Literature Review of
Digital Terrain and 3D City Models in Enhancing Decision-Making," Sage Open, vol. 14, no. 1, 2024.
Y. Zhang, P. Liu, and F. Biljecki, "Knowledge and topology: A two-layer spatially dependent graph neural
network to identify urban functions with time-series street view image,” ISPRS Journal of
Photogrammetry and Remote Sensing, vol. 198, pp. 153-168, 2023/04/01/ 2023.

E. Bshouty, A. Shafir, and S. Dalyot, "Towards the generation of 3D OpenStreetMap building models
from single contributed photographs,”" Computers, Environment and Urban Systems, vol. 79, p. 101421,
2020/01/01/ 2020.

H. Huang, X. A. Yao, J. M. Krisp, B. J. C. Jiang, Environment, and U. Systems, "Analytics of location-
based big data for smart cities: Opportunities, challenges, and future directions," vol. 90, p. 101712, 2021.
N. Cui, N. Malleson, V. Houlden, and A. Comber, "Using VGI and Social Media Data to Understand
Urban Green Space: A Narrative Literature Review," vol. 10, no. 7, p. 425, 2021.

E. Dritsas and M. Trigka, "Big data and Internet of Things applications in smart cities: Recent advances,
challenges, and critical issues,” Internet of Things, vol. 34, p. 101770, 2025/11/01/ 2025.

V. Djoki¢, A. Djordjevi¢, and A. J. J. o. B. D. Milovanovi¢, "Big data and urban form: a systematic
review," vol. 12, no. 1, p. 17, 2025.

S. Li et al., "Geospatial big data handling theory and methods: A review and research challenges,” vol.
115, pp. 119-133, 2016.

H. J. G. i. s. Veregin, "Data quality parameters,” vol. 1, pp. 177-189, 1999.

S. Lietal., "Geospatial big data handling theory and methods: A review and research challenges," ISPRS
Journal of Photogrammetry and Remote Sensing, vol. 115, pp. 119-133, 2016/05/01/ 2016.

X. Guo et al., "SkySense: A Multi-Modal Remote Sensing Foundation Model Towards Universal
Interpretation for Earth Observation Imagery," 2024. Available:
https://doi.org/10.1109/CVPR52733.2024.02613

B. Ez-zahouani et al., "Remote sensing imagery segmentation in object-based analysis: A review of
methods, optimization, and quality evaluation over the past 20 years," Remote Sensing Applications:
Society and Environment, vol. 32, p. 101031, 2023/11/01/ 2023.

R. Pu, S. Landry, and Q. Yu, "Object-Based Urban Detailed Land Cover Classification With High Spatial
Resolution IKONOS Imagery," International Journal of Remote Sensing, vol. 32, no. 12, pp. 3285-3308,
2011.

C. Geiss, M. Klotz, A. Schmitt, and H. Taubenbdck, "Object-Based Morphological Profiles for
Classification of Remote Sensing Imagery," IEEE Trans. Geosci. Remote. Sens., vol. 54, no. 10, pp.
5952-5963, / 2016.

P. Lemenkova, "Geo-Information Technologies of Object-Based Image Analysis (OBIA) for Urban
Mapping," 2019.

Y. Li, H. Zhang, X. Xue, Y. Jiang, and Q. Shen, "Deep learning for remote sensing image classification:
Asurvey," WIREs Data Mining Knowl. Discov., vol. 8, no. 6, / 2018.

X.-Y. Tong et al.,, "Land-cover classification with high-resolution remote sensing images using
transferable deep models," vol. 237, p. 111322, 2020.

K. Ito, Y. Kang, Y. Zhang, F. Zhang, and F. Biljecki, "Understanding urban perception with visual data:
A systematic review," Cities, vol. 152, p. 105169, 2024/09/01/ 2024.

N. Manakitsa, G. S. Maraslidis, L. Moysis, and G. F. Fragulis, "A Review of Machine Learning and Deep
Learning for Object Detection, Semantic Segmentation, and Human Action Recognition in Machine and
Robotic Vision," vol. 12, no. 2, p. 15, 2024.

A. Shaamala, T. Yigitcanlar, A. Nili, and D. Nyandega, "Machine learning applications for urban
geospatial analysis: A review of urban and environmental studies,”" Cities, vol. 165, p. 106139,
2025/10/01/ 2025.

G. Guo and Y. Zhou, "PredRNNv3: A CNN-transformer collaborative recurrent neural network for
spatiotemporal prediction,” Neurocomputing, vol. 664, p. 132078, 2026/02/01/ 2026.

A. Dosovitskiy et al., "An Image is Worth 16x16 Words: Transformers for Image Recognition at Scale,"”
2021. Available: https://openreview.net/forum?id=YicbFdNTTy

37



[99]

[100]
[101]
[102]
[103]
[104]

[105]

[106]

[107]

[108]

[109]

[110]
[111]
[112]

[113]

[114]

[115]
[116]

[117]

[118]

[119]
[120]

[121]
[122]

[123]

[124]

[125]

D. Zhang et al., "MM-LLMs: Recent Advances in MultiModal Large Language Models,” Bangkok,
Thailand, 2024, pp. 12401-12430: Association for Computational Linguistics.

J. Wei et al., "Chain-of-thought prompting elicits reasoning in large language models," vol. 35, pp.
24824-24837, 2022.

F. Wang et al., "XLRS-Bench: Could Your Multimodal LLMs Understand Extremely Large Ultra-High-
Resolution Remote Sensing Imagery? " 2025.

R. Pierdicca, M. J. G. I. Paolanti, Methods, and D. S. Discussions, "GeoAl: a review of artificial
intelligence approaches for the interpretation of complex geomatics data," vol. 2022, pp. 1-35, 2022.

W. Xuan et al., "Dynamicvl: Benchmarking multimodal large language models for dynamic city
understanding,” vol. 38, 2026.

Z. Li, J. Xu, S. Wang, Y. Wu, and H. J. a. p. a. Li, "Streetviewllm: Extracting geographic information
using a chain-of-thought multimodal large language model," 2024.

Y. Tang et al., "From street views to urban science: Discovering road safety factors with multimodal
large language models," Transportation Research Part C: Emerging Technologies, vol. 188, p. 105692,
2026/07/01/ 2026.

J. Zhang, Y. Li, T. Fukuda, and B. Wang, "Urban safety perception assessments via integrating
multimodal large language models with street view images," Cities, vol. 165, p. 106122, 2025/10/01/
2025.

S. Zhang, J. Ma, and F. Jiang, "Monitoring street-level improper dumpsites via a multi-modal and LLM-
based framework," Resources, Conservation and Recycling, vol. 218, p. 108227, 2025/05/15/ 2025.

A. R. Singh, M. W. A. Ashraf, R. S. Rathore, B. Li, and M. S. Sujatha, "Real-time traffic flow
optimization using large language models and reinforcement learning for smart urban mobility," Applied
Soft Computing, vol. 185, p. 113917, 2025/12/01/ 2025.

J. Feng, S. Wang, T. Liu, Y. Xi, and Y. Li, "UrbanLLaVA: A Multi-modal Large Language Model for
Urban Intelligence,” in Proceedings of the IEEE/CVF International Conference on Computer Vision,
2025, pp. 6209-6219.

G. Mai et al., "Towards the next generation of Geospatial Artificial Intelligence,” vol. 136, p. 104368,
2025.

S. J. U. S. Avram, "Advancing Urban Analytics: GeoAl Applications in Spatial Decision-Making and
Sustainable Cities," vol. 10, no. 3, p. 148, 2026.

F. Lu, S. Cheng, and P. J. A. 0. G. Wang, "GeoAl enabled urban computing: status and challenges," vol.
31, no. 4, pp. 537-555, 2025.

B. Dixon, "GeoAl, and Geospatial Framework for Integrated Place-Based Approach,” in
Interdisciplinary Environmental Solutions: Using Geospatial Technologies for Bridging Disciplines,
Scale and Data: Springer, 2025, pp. 445-486.

B. Hosen, M. Rahaman, S. Kumar, L. V. Sagar, and M. N. Akhtar, "Leveraging Artificial Intelligence
and Big Data for Advanced Spatial Analytics and Decision Support Systems in Geography,” Malaysian
Applied Geography, vol. 1, no. 2, pp. 62-67, 2023.

C. Fauzi, "A Review Geospatial Artificial Intelligence (GEO-AI): Implementation of Machine Learning
on Urban Planning," Jurnal Multidisiplin Indonesia, vol. 3, no. 1, pp. 3752-3765, 2024.

S. L. Speir et al., "Solutions to current challenges in widespread monitoring of groundwater quality via
crowdsensing," vol. 60, no. 1, 2022.

Z.Dong, G. Gao, T. Liu, Y. Gu, and X. Zhang, "Distilling Segmenters From CNNSs and Transformers for
Remote Sensing Images’ Semantic Segmentation,” IEEE Transactions on Geoscience and Remote
Sensing, vol. 61, pp. 1-14, 2023.

A. Toker et al., "DynamicEarthNet: Daily Multi-Spectral Satellite Dataset for Semantic Change
Segmentation,” 2022. Available: https://doi.org/10.1109/CVPR52688.2022.02048

J. Wang and D. Li, "Multiscale Object-Oriented Change Detection Over Urban Areas," 2006.

S. Gui, S. Song, R. Qin, and Y. J. R. S. Tang, "Remote sensing object detection in the deep learning era—
a review," vol. 16, no. 2, p. 327, 2024.

J. Ding et al., "Object detection in aerial images: A large-scale benchmark and challenges," vol. 44, no.
11, pp. 7778-7796, 2021.

S. Lobry, D. Marcos, J. Murray, D. J. I. T. 0. G. Tuia, and R. Sensing, "RSVQA: Visual question
answering for remote sensing data," vol. 58, no. 12, pp. 8555-8566, 2020.

J. Wang, Z. Zheng, Z. Chen, A. Ma, and Y. Zhong, "Earth\VQA: Towards Queryable Earth via Relational
Reasoning-Based Remote  Sensing  Visual  Question  Answering,” 2024.  Available:
https://doi.org/10.1609/aaai.v38i6.28357

M. Sun et al., "Evaluation of NASA’s GEDI lidar observations for estimating biomass in temperate and
tropical forests,” vol. 13, no. 10, p. 1686, 2022.

J. Song, A. X. Zhu, and Y. Zhu, "Transformer-Based Semantic Segmentation for Extraction of Building
Footprints From Very-High-Resolution Images," Sensors, vol. 23, no. 11, p. 5166, May 29, 2023.

38



[126]

[127]

[128]
[129]
[130]
[131]

[132]
[133]

[134]
[135]
[136]

[137]

[138]
[139]

[140]

[141]

[142]
[143]

[144]

[145]

[146]
[147]
[148]

[149]

[150]
[151]

[152]
[153]

R. Hansch et al., "Spacenet 8-the detection of flooded roads and buildings,” in Proceedings of the
IEEE/CVF conference on computer vision and pattern recognition, 2022, pp. 1472-1480.

Z. Wang, N. Xia, X. Zhao, X. Gao, S. Zhuang, and M. Li, "Evaluating Urban Vitality of Street Blocks
Based on Multi-Source Geographic Big Data: A Case Study of Shenzhen," International Journal of
Environmental Research and Public Health, vol. 20, no. 5, p. 3821, Feb 21 2023.

X. Zhou, H. Li, J. Xu, and Q. Sun, "Urban Spatial Image Acquisition and Examination Based on
Geographic Big Data," Land, vol. 13, no. 6, p. 774, 2024.

M. L. Donahue et al., "Using social media to understand drivers of urban park visitation in the Twin
Cities, MN," vol. 175, pp. 1-10, 2018.

F. Comalada, O. Llorente, V. Acufia, J. Salo, and X. J. E. S. Garcia, "Using georeferenced text from social
media to map the cultural ecosystem services of freshwater ecosystems,"” vol. 72, p. 101702, 2025.

A. Kovacs-Gydri et al., "Opportunities and challenges of geospatial analysis for promoting urban
livability in the era of big data and machine learning,” vol. 9, no. 12, p. 752, 2020.

J. Bendler, A. Ratku, and D. Neumann, "Crime mapping through geo-spatial social media activity,” 2014.
S. Wang et al., "Computing urban traffic congestions by incorporating sparse GPS probe data and social
media data," vol. 35, no. 4, pp. 1-30, 2017.

T. Yan, X. Yang, H. Sun, and D. J. P. O. Cantor, "Using Google Street View for virtual observations of
neighborhoods and dwelling units: A feasibility study," vol. 19, no. 8, p. e0307272, 2024.

A. G. Rundle, M. D. Bader, C. A. Richards, K. M. Neckerman, and J. O. J. A. J. O. p. m. Teitler, "Using
Google Street View to audit neighborhood environments,” vol. 40, no. 1, pp. 94-100, 2011.

X. Lu, B. Wang, X. Zheng, X. J. I. T. 0. G. Li, and R. Sensing, "Exploring models and data for remote
sensing image caption generation," vol. 56, no. 4, pp. 2183-2195, 2017.

K. Srinivasan, K. Raman, J. Chen, M. Bendersky, and M. Najork, "WIT: Wikipedia-based Image Text
Dataset for Multimodal Multilingual Machine Learning,"” 2021. Available:
https://doi.org/10.1145/3404835.3463257

L. Yao et al., "FILIP: Fine-grained Interactive Language-lmage Pre-Training,"” 2022. Available:
https://openreview.net/forum?id=cpDhcsEDC2

Z. Yuan et al., "Exploring a fine-grained multiscale method for cross-modal remote sensing image
retrieval,”" 2022.

C. Liu, R. Zhao, H. Chen, Z. Zou, Z. J. I. T. 0. G. Shi, and R. Sensing, "Remote sensing image change
captioning with dual-branch transformers: A new method and a large-scale dataset,” vol. 60, pp. 1-20,
2022.

J. Li, X. Huang, and L. Tu, "WHU-OHS: A benchmark dataset for large-scale Hersepctral Image
classification," International Journal of Applied Earth Observation and Geoinformation, vol. 113, p.
103022, 2022/09/01/ 2022.

C. Schuhmann et al., "Laion-5b: An open large-scale dataset for training next generation image-text
models," vol. 35, pp. 25278-25294, 2022.

Y. Zhan, Z. Xiong, and Y. Yuan, "RSVG: Exploring Data and Models for Visual Grounding on Remote
Sensing Data," IEEE Transactions on Geoscience and Remote Sensing, vol. 61, pp. 1-13, 2023.

Y. Hu, J. Yuan, C. Wen, X. Lu, Y. Liu, and X. Li, "RSGPT: A remote sensing vision language model and
benchmark," ISPRS Journal of Photogrammetry and Remote Sensing, vol. 224, pp. 272-286, 2025/06/01/
2025.

B. Zhou et al., "Urbench: A comprehensive benchmark for evaluating large multimodal models in multi-
view urban scenarios," in Proceedings of the AAAI Conference on Artificial Intelligence, 2025, vol. 39,
no. 10, pp. 10707-10715.

F. Liu et al., "RemoteCLIP: A Vision Language Foundation Model for Remote Sensing,” IEEE Trans.
Geosci. Remote. Sens., vol. 62, pp. 1-16, / 2024.

D. Muhtar, Z. Li, F. Gu, X. Zhang, and P. J. a. p. a. Xiao, "Lhrs-bot: Empowering remote sensing with
VGl-enhanced large multimodal language model. arXiv 2024."

C. Pang et al., "H2rsvim: Towards helpful and honest remote sensing large vision language model," p.
arXiv: 2403.20213, 2024.

Z.Zhang, T. Zhao, Y. Guo, and J. Yin, "RS5M and GeoRSCLIP: A Large-Scale Vision- Language Dataset
and a Large Vision-Language Model for Remote Sensing," IEEE Trans. Geosci. Remote. Sens., vol. 62,
pp. 1-23, / 2024.

H. Li, X. Zhang, and H. J. R. S. Qu, "Ddfav: Remote sensing large vision language models dataset and
evaluation benchmark," vol. 17, no. 4, p. 719, 2025.

Y. Zhan, Z. Xiong, Y. J. I. J. 0. P. Yuan, and R. Sensing, "Skyeyegpt: Unifying remote sensing vision-
language tasks via instruction tuning with a large language model," vol. 221, pp. 64-77, 2025.

K. Li et al., "SegEarth-R1: Geospatial Pixel Reasoning via Large Language Model," 2025.

S. W. Zamir et al., "iSAID: A Large-scale Dataset for Instance Segmentation in Aerial Images," vol.
abs/1905.12886, 2019.

39



[154]

[155]

[156]

[157]

[158]

[159]

[160]

[161]

[162]

[163]
[164]

[165]

[166]

[167]
[168]
[169]
[170]
[171]
[172]
[173]
[174]
[175]
[176]

[177]
[178]

[179]

S. Vujasinovic, S. Becker, T. Breuer, S. Bullinger, N. Scherer-Negenborn, and M. Arens, "Integration of
the 3D Environment for UAV Onboard Visual Object Tracking," Applied Sciences, vol. 10, p. 7622, 10/29
2020.

U. Chaudhuri, B. Banerjee, A. Bhattacharya, M. J. I. G. Datcu, and R. S. Letters, "A zero-shot sketch-
based intermodal object retrieval scheme for remote sensing images," vol. 19, pp. 1-5, 2021.

K. Liu, A. Wu, X. Wan, and S. Li, "MRSSC: A BENCHMARK DATASET FOR MULTIMODAL
REMOTE SENSING SCENE CLASSIFICATION," Int. Arch. Photogramm. Remote Sens. Spatial Inf.
Sci., vol. XLI11-B2-2021, pp. 785-792, 2021.

G. Sumbul et al., "BigEarthNet-MM: A large-scale, multimodal, multilabel benchmark archive for
remote sensing image classification and retrieval [software and data sets]," vol. 9, no. 3, pp. 174-180,
2021.

P. Ebel, Y. Xu, M. Schmitt, and X. X. Zhu, "SEN12MS-CR-TS: A Remote-Sensing Data Set for
Multimodal Multitemporal Cloud Removal,” IEEE Transactions on Geoscience and Remote Sensing, vol.
60, pp. 1-14, 2022.

F. Montello, E. Arnaudo, and C. J. I. A. Rossi, "Mmflood: A multimodal dataset for flood delineation
from satellite imagery," vol. 10, pp. 96774-96787, 2022.

R. Wenger, A. Puissant, J. Weber, L. Idoumghar, and G. Forestier, "MULTISENGE: A MULTIMODAL
AND MULTITEMPORAL BENCHMARK DATASET FOR LAND USE/LAND COVER REMOTE
SENSING APPLICATIONS," ISPRS Ann. Photogramm. Remote Sens. Spatial Inf. Sci., vol. V-3-2022,
pp. 635-640, 2022.

Y. Wang, N. A. A. Braham, Z. Xiong, C. Liu, C. M. Albrecht, and X. X. Zhu, "SSL4EO-S12: A large-
scale multimodal, multitemporal dataset for self-supervised learning in Earth observation [Software and
Data Sets]," IEEE Geoscience and Remote Sensing Magazine, vol. 11, no. 3, pp. 98-106, 2023.

M. Fuentes Reyes et al., "A 2D/3D multimodal data simulation approach with applications on urban
semantic segmentation, building extraction and change detection,” ISPRS Journal of Photogrammetry
and Remote Sensing, vol. 205, pp. 74-97, 2023/11/01/ 2023.

J. Hu et al., "MDAS: a new multimodal benchmark dataset for remote sensing,” Earth Syst. Sci. Data,
vol. 15, no. 1, pp. 113-131, 2023.

Z. Zhang, Y. Ma, and P. J. B. E. D. Liu, "A global multimodal flood event dataset with heterogeneous
text and multi-source remote sensing images,"” pp. 1-27, 2024.

J. Luo et al., "MMM-RS: A Multi-modal, Multi-GSD, Multi-scene Remote Sensing Dataset and
Benchmark for Text-to-Image Generation," 2024. Available:
http://papers.nips.cc/paper_files/paper/2024/hash/1697e3fb412dal1dc9488249f9e7bbc9-Abstract-
Datasets_and_Benchmarks_Track.html

S. Li, D. Gominski, M. Brandt, X. Tong, and P. Ciais, "Get Your Embedding Space in Order: Domain-
Adaptive Regression for Forest Monitoring," in European Conference on Computer Vision, 2024, pp. 94-
111: Springer.

L. Xu et al., "RS-GPT4V: A Unified Multimodal Instruction-Following Dataset for Remote Sensing
Image Understanding," CoRR, vol. abs/2406.12479, 2024.

F. Rottensteiner, G. Sohn, M. Gerke, and J. D. J. I. L. Wegner, Germany, "ISPRS semantic labeling
contest," vol. 1, no. 4, p. 4, 2014.

G. Cheng, J. Han, and X. J. P. 0. t. I. Lu, "Remote sensing image scene classification: Benchmark and
state of the art,"vol. 105, no 10, pp. 1865-1883, 2017.

G.-S. Xia et al., "AlID: A benchmark data set for performance evaluation of aerial scene classification,"
vol. 55, no. 7, pp. 3965-3981, 2017.

G. Christie, N. Fendley, J. Wilson, and R. Mukherjee, "Functional map of the world," in Proceedings of
the IEEE Conference on Computer Vision and Pattern Recognition, 2018, pp. 6172-6180.

I. Demir et al., "Deepglobe 2018: A challenge to parse the earth through satellite images," in Proceedings
of the IEEE conference on computer vision and pattern recognition workshops, 2018, pp. 172-181.

A. Van Etten, D. Lindenbaum, and T. M. J. a. p. a. Bacastow, "Spacenet: A remote sensing dataset and
challenge series," 2018.

P. Helber, B. Bischke, A. Dengel, D. J. I. J. 0. S. T. i. A. E. O. Borth, and R. Sensing, "Eurosat: A novel
dataset and deep learning benchmark for land use and land cover classification," vol. 12, no. 7, pp. 2217-
2226, 2019.

R. Gupta et al., "XBD: A dataset for assessing building damage from satellite imagery. arXiv," 2019.

X. Qi et al., "MLRSNet: A multi-label high spatial resolution remote sensing dataset for semantic scene
understanding,” vol. 169, pp. 337-350, 2020.

K. Yang et al., "Semantic change detection with asymmetric Siamese networks. arXiv 2020."

Q. Shi et al., "A deeply supervised attention metric-based network and an open aerial image dataset for
remote sensing change detection,” vol. 60, pp. 1-16, 2021.

X. Sun et al., "FAIR1M: A Benchmark Dataset for Fine-grained Object Recognition in High-Resolution

40



[180]

[181]

[182]

[183]

[184]

[185]

[186]

[187]

[188]
[189]

[190]

[191]

[192]
[193]

[194]

[195]

[196]

[197]

[198]

[199]

[200]

[201]
[202]

[203]

Remote Sensing Imagery,” CoRR, vol. abs/2103.05569, / 2021.

J. Wang, Z. Zheng, A. Ma, X. Lu, and Y. Zhong, "LoveDA: A Remote Sensing Land-Cover Dataset for
Domain Adaptive Semantic Segmentation,” 2021. Available: https://datasets-benchmarks-
proceedings.neurips.cc/paper/2021/hash/4e732ced3463d06de0ca9al5b6153677-Abstract-round2.html
C. Requena-Mesa, V. Benson, M. Reichstein, J. Runge, and J. Denzler, "EarthNet2021: A large-scale
dataset and challenge for Earth surface forecasting as a guided video prediction task," in Proceedings of
the IEEE/CVF Conference on Computer Vision and Pattern Recognition, 2021, pp. 1132-1142.

G. Sumbul, M. Charfuelan, B. Demir, and V. Markl, "Bigearthnet: A Large-Scale Benchmark Archive
for Remote Sensing Image Understanding,” in IGARSS 2019 - 2019 IEEE International Geoscience and
Remote Sensing Symposium, 2019, pp. 5901-5904.

W. Li, K. Chen, H. Chen, Z. Shi, and R. Sensing, "Geographical knowledge-driven representation
learning for remote sensing images,” J IEEE Transactions on Geoscience, vol. 60, pp. 1-16, 2021.

A. Djerida, K. Djerriri, and M. S. Karoui, "A new public Alsat-2B dataset for single-image super-
resolution,” in 2021 IEEE International Geoscience and Remote Sensing Symposium IGARSS, 2021, pp.
8095-8098: IEEE.

M. Liu, Z. Chai, H. Deng, R. J. I.J.0. S. T.i. A. E. O. Liu, and R. Sensing, "A CNN-transformer network
with multiscale context aggregation for fine-grained cropland change detection,” vol. 15, pp. 4297-4306,
2022.

P. Yuan, Q. Zhao, X. Zhao, X. Wang, X. Long, and Y. J. I. J. 0. D. E. Zheng, "A transformer-based
Siamese network and an open optical dataset for semantic change detection of remote sensing images,"
vol. 15, no. 1, pp. 1506-1525, 2022.

N. Habili et al., "A hyperspectral and RGB dataset for building facade segmentation,” in European
Conference on Computer Vision, 2022, pp. 258-267: Springer.

M. Xu et al., "A survey of resource-efficient Ilm and multimodal foundation models," 2024.

X.-Y. Tong, G.-S. Xia, X. X. J. I.J. 0. P. Zhu and R. Sensing, "Enabling country-scale land cover mapping
with meter-resolution satellite imagery,” vol. 196, pp. 178-196, 2023.

S. Holail, T. Saleh, X. Xiao, D. J. I. G. Li, and R. S. Letters, "Afde-net: Building change detection using
attention-based feature differential enhancement for satellite imagery," vol. 20, pp. 1-5, 2023.

M. Luo, S. Ji, and S. Wei, "A Diverse Large-Scale Building Dataset and a Novel Plug-and-Play Domain
Generalization Method for Building Extraction," IEEE Journal of Selected Topics in Applied Earth
Observations and Remote Sensing, vol. 16, pp. 4122-4138, 2023.

K. Cha, J. Seo,and T. J. a. p. a. Lee, "Abillion-scale foundation model for remote sensing images," 2023.
W. Li, S. Wang, S. T. Arundel, and C.-Y. Hsu, "GeolmageNet: a multi-source natural feature benchmark
dataset for GeoAl and supervised machine learning," Geolnformatica, vol. 27, no. 3, pp. 619-640,
2023/07/01 2023.

J. Zhang et al., "AERNet: An Attention-Guided Edge Refinement Network and a Dataset for Remote
Sensing Building Change Detection," IEEE Transactions on Geoscience and Remote Sensing, vol. 61,
pp. 1-16, 2023.

Z. Zheng, Y. Zhong, J. Wang, A. Ma, L. J. I. T. 0. P. A. Zhang, and M. Intelligence, "FarSeg++:
Foreground-aware relation network for geospatial object segmentation in high spatial resolution remote
sensing imagery," vol. 45, no. 11, pp. 13715-13729, 2023.

F. Bastani, P. Wolters, R. Gupta, J. Ferdinando, and A. Kembhavi, "Satlaspretrain: A large-scale dataset
for remote sensing image understanding," in Proceedings of the IEEE/CVF International Conference on
Computer Vision, 2023, pp. 16772-16782.

X. Zhang, W. Yu, M.-O. Pun, and W. Shi, "Cross-domain landslide mapping from large-scale remote
sensing images using prototype-guided domain-aware progressive representation learning,” ISPRS
Journal of Photogrammetry and Remote Sensing, vol. 197, pp. 1-17, 2023/03/01/ 2023.

D. Wang et al., "Samrs: Scaling-up remote sensing segmentation dataset with segment anything model,"
vol. 36, pp. 8815-8827, 2023.

Z. Sun, Y. Zhong, X. Wang, and L. Zhang, "ldentifying cropland non-agriculturalization with high
representational consistency from bi-temporal high-resolution remote sensing images: From benchmark
datasets to real-world application," ISPRS Journal of Photogrammetry and Remote Sensing, vol. 212, pp.
454-474, 2024/06/01/ 2024.

E. Arnaudo et al., "FMARS: Annotating Remote Sensing Images for Disaster Management using
Foundation Models," in IGARSS 2024-2024 IEEE International Geoscience and Remote Sensing
Symposium, 2024, pp. 3920-3924: IEEE.

Y. Che et al., "3D-GloBFP: the first global three-dimensional building footprint dataset,” Earth Syst. Sci.
Data, vol. 16, no. 11, pp. 5357-5374, 2024.

D. Velazquez et al., "EarthView: A Large Scale Remote Sensing Dataset for Self-Supervision,” in
Proceedings of the Winter Conference on Applications of Computer Vision, 2025, pp. 1228-1237.

K. Klemmer, E. Rolf, C. Robinson, L. Mackey, and M. RuBwurm, "Satclip: Global, general-purpose

41



[204]
[205]

[206]
[207]
[208]
[209]
[210]
[211]
[212]
[213]
[214]
[215]
[216]
[217]
[218]
[219]

[220]
[221]

[222]
[223]

[224]

[225]

[226]

[227]
[228]

[229]

[230]
[231]
[232]

[233]

location embeddings with satellite imagery,” in Proceedings of the AAAI Conference on Artificial
Intelligence, 2025, vol. 39, no. 4, pp. 4347-4355.

L. B. Specification, "Lidar Base Specification."

J. M. Stoker, "Defining technology operational readiness for the 3D Elevation Program—A plan for
investment, incubation, and adoption," US Geological Survey, 2331-1258, 2020.

K. Brown et al., "Integrated airborne data collection by the Environment Agency," 2003.

W. Tan et al., "Toronto-3D: A large-scale mobile LiDAR dataset for semantic segmentation of urban
roadways," in Proceedings of the IEEE/CVF conference on computer vision and pattern recognition
workshops, 2020, pp. 202-203.

S. Franks and R. J. R. S. Rengarajan, "Evaluation of Copernicus DEM and comparison to the DEM used
for Landsat Collection-2 processing,” vol. 15, no. 10, p. 2509, 2023.

M. Abrams, R. Crippen, and H. J. R. S. Fujisada, "ASTER global digital elevation model (GDEM) and
ASTER global water body dataset (ASTWBD)," vol. 12, no. 7, p. 1156, 2020.

T. LaLonde, A. Shortridge, and J. J. T. i. G. Messina, "The influence of land cover on Shuttle Radar
Topography Mission (SRTM) elevations in low - relief areas,” vol. 14, no. 4, pp. 461-479, 2010.

B. Ciepluch, P. Mooney, R. Jacob, and A. C. J. S. S. Winstanley, "Using OpenStreetMap to deliver
location-based environmental information in Ireland,” vol. 1, no. 3, pp. 17-22, 2009.

Google, "Google open buildings," Google, Ed., ed., 2023.

H. Mehta, P. Kanani, and P. J. I. J. 0. C. A. Lande, "Google maps," vol. 178, no. 8, pp. 41-46, 2019.

M. Burri et al., "The EURoC micro aerial vehicle datasets," vol. 35, no. 10, pp. 1157-1163, 2016.

H. Amiri, R. Yang, and A. Zifle, "GeoLife+: Large-Scale Simulated Trajectory Datasets Calibrated to
the GeoLife Dataset," in Proceedings of the 7th ACM SIGSPATIAL International Workshop on
GeoSpatial Simulation, 2024, pp. 25-28.

K. Kapsar, B. Sullender, J. Liu, and A. J. D. i. b. Poe, "North Pacific and Arctic marine traffic dataset
(2015-2020)," vol. 44, p. 108531, 2022.

F. Bond and A. Bond, "GeoNames Wordnet (GeoWN): extracting wordnets from GeoNames,” in
Proceedings of the 10th Global Wordnet Conference, 2019, pp. 387-393.

NAB, "National Address Base," ed, 2015.

G-NAF, "Geoscape Geocoded National Address File (G-NAF)," ed, 2016.

ISPARK, "Istanbul Metropolitan Municipality (IBB): ISPARK Locations," ed, 2023.

B. Feuer, J. Xu, N. Cohen, P. Yubeaton, G. Mittal, and C. J. A.i. N. I. P. S. Hegde, "SELECT: A Large-
Scale Benchmark of Data Curation Strategies for Image Classification," vol. 37, pp. 136620-136645,
2024.

G. C. Garriga, P. Kralj, and N. Lavrac, "Closed Sets for Labeled Data," vol. 9, pp. 559-580, 2008.

H. Li, Y. Hou, J. Liu, P. Zhang, C. Wang, and K. Liu, "Multi-Modal Entity Alignment Based on Enhanced
Relationship Learning and Multi-Layer Feature Fusion,” Symmetry, vol. 17, no. 7. doi:
10.3390/sym17070990

J. Fang and X. Yan, "MDSEA: Knowledge Graph Entity Alignment Based on Multimodal Data
Supervision,"” Applied Sciences, vol. 14, no. 9, p. 3648, 2024.

D. Oxoli, M. A. Brovelli, D. Frizzi, and S. Martinati, "Detection of Land Cover Displacements Through
Time-Series Analysis of Multispectral Satellite Imagery: Application to Desert,” The International
Archives of the Photogrammetry Remote Sensing and Spatial Information Sciences, vol. XLI111-B3-2020,
pp. 739-744, 2020.

J. A. Eyinade, "Ethical and Technical Challenges of Al-driven Geospatial Applications in Civil,
Environmental, and Geomatics Engineering,” International Journal of Science and Research Archive,
vol. 16, no. 1, pp. 1188-1199, 2025.

W. Liand S. T. Arundel, "GeoAl and the Future of Spatial Analytics," 2024.

C. Gonzales - Inca et al., "Geospatial Artificial Intelligence (GeoAl) in the Integrated Hydrological and
Fluvial Systems Modeling: Review of Current Applications and Trends," Water, vol. 14, no. 14, p. 2211,
2022.

T. VoPham, J. E. Hart, F. Laden, and Y. Y. Chiang, "Emerging Trends in Geospatial Artificial Intelligence
(geoAl): Potential Applications for Environmental Epidemiology,” Environmental Health, vol. 17, no. 1,
p. 40, Apr 17 2018.

F. Tonnarelli and L. J. J. 0. U. T. Mora, "Responsible Al for cities: A case study of GeoAl in African
informal settlements,"” vol. 32, no. 3, pp. 111-137, 2025.

A. Agrawal, J. Gans, and A. Goldfarb, "What to expect from artificial intelligence,"” ed MIT Sloan
Management Review, Cambridge, MA, 2017.

C.-Y. Hsu, W. Li, and S. Wang, "Knowledge-Driven GeoAl: Integrating Spatial Knowledge Into Multi-
Scale Deep Learning for Mars Crater Detection," Remote Sensing, vol. 13, no. 11, p. 2116, 2021.

S. Scheider and K. F. Richter, "Pragmatic GeoAl: Geographic Information as Externalized Practice,” Ki
- Kinstliche Intelligenz, vol. 37, no. 1, pp. 17-31, 2023.

42



[234]
[235]
[236]

[237]

[238]
[239]
[240]
[241]
[242]
[243]
[244]
[245]
[246]
[247]
[248]
[249]
[250]

[251]

[252]

[253]
[254]

[255]

[256]
[257]
[258]

[250]

[260]

[261]

P. Yue, K. Wang, H. Xu, J. Gong, and L. Xiang, "From Geospatial Data Cube to Al Cube: The Open
Geospatial Engine (OGE) Approach,” Isprs Annals of the Photogrammetry Remote Sensing and Spatial
Information Sciences, vol. X-4-2024, pp. 441-446, 2024,

D. Lunga et al., "GeoAl at ACM SIGSPATIAL," Sigspatial Special, vol. 13, no. 3, pp. 21-32, 2021.

C. Wang, Y. Wang, and W. Zhao, "Domain-Graph Enhanced Multi-Task Multimodal Large Models for
Urban Planning," Indoor and Built Environment, vol. 34, no. 9, pp. 1636-1652, 2025.

X. Chen, L. Zhang, Z. Zhao, F. Zhang, S. Liu, and Y. Long, "Characterizing and Measuring the
Environmental Amenities of Urban Recreation Leisure Regions Based on Image and Text Fusion
Perception: A Case Study of Nanjing, China," Land, vol. 12, no. 11, p. 1998, 2023.

A. Balakrishnan, S. Rodriguez, and R. Reynaud, "Integrity Monitoring of Multimodal Perception System
for Vehicle Localization," Sensors, vol. 20, no. 16, p. 4654, Aug 18 2020.

X. Yeetal., "Developing Human-Centered Urban Digital Twins for Community Infrastructure Resilience:
A Research Agenda,” Journal of Planning Literature, vol. 38, no. 2, pp. 187-199, May 2022.

W. Li et al., "GeoAl for Science and the Science of GeoAl," Journal of Spatial Information Science, no.
29, pp. 1-17, 2024.

R. Deng, Z. Li, and M. Wang, "A Transformer-Based Model for Effective Representation of Geospatial
Data and Context," 2025.

O. Kolotouchkina, L. Ripoll Gonzélez, and W. J. S. C. Belabas, "Smart cities, digital inequalities, and
the challenge of inclusion," vol. 7, no. 6, pp. 3355-3370, 2024.

J. Colding, C. Nilsson, and S. J. S. C. Sjoberg, "Smart cities for all? Bridging digital divides for socially
sustainable and inclusive cities,” vol. 7, no. 3, pp. 1044-1059, 2024.

M. Dodel, D. J. T. B. Hernandez, and Society, "Smarter but more unequal transport? How socioeconomic
and digital inequalities hinder adoption of mobility apps in the Global South,"” vol. 38, p. 100911, 2025.
Y. Hou, F. J. 1. J. 0. A. E. O. Biljecki, and Geoinformation, "A comprehensive framework for evaluating
the quality of street view imagery,” vol. 115, p. 103094, 2022.

L. Chen, M. Chen, X. Zhang, and Y. J. L. U. P. Xian, "Evaluating inequality divides in urban development
intensity between the Global North and South," vol. 145, p. 107291, 2024.

I. Oluoch, "The Knowledge Politics of GeoAl," in GeoAl and Human Geography: The Dawn of a New
Spatial Intelligence Era, Springer, 2025, pp. 345-360.

K. K. E. Khan, "Decoding urban inequality: the applications of machine learning for mapping inequality
in cities of the Global South," Massachusetts Institute of Technology, 2019.

Z. Liu, Z. Sun, J. Zhang, B. Zhang, and P. J. I. T. 0. I. T. S. Tong, "Regional Knowledge Transfer for
Urban Traffic Flow Prediction via Satellite Imagery Assisted Contrastive Domain Adaptation," 2025.

C. Van Hinsbergen, A. Hegyi, J. Van Lint, and H. J. I i. t. s. Van Zuylen, "Bayesian neural networks for
the prediction of stochastic travel times in urban networks,"” vol. 5, no. 4, pp. 259-265, 2011.

S. Choi, S. Jung, H. Yun, J. T. Kim, S. Kim, and J. Choo, "Robustnet: Improving domain generalization
in urban-scene segmentation via instance selective whitening,” in Proceedings of the IEEE/CVF
conference on computer vision and pattern recognition, 2021, pp. 11580-11590.

A. Garzon, Z. Kapelan, J. Langeveld, and R. J. W. R. R. Taormina, "Machine learning - based surrogate
modeling for urban water networks: review and future research directions,” vol. 58, no. 5, p.
€2021WR031808, 2022.

O.Y. L. J. a p. a Imanov, "Spatiotemporal Heterogeneity of Al-Driven Traffic Flow Patterns and Land
Use Interaction: A GeoAl-Based Analysis of Multimodal Urban Mobility," 2026.

C. Dlben and M. J. J. 0. R. S. Krause, "Population, light, and the size distribution of cities," vol. 61, no.
1, pp. 189-211, 2021.

A. Ballatore and S. De Sabbata, "Charting the geographies of crowdsourced information in Greater
London," in The annual international conference on geographic information science, 2018, pp. 149-168:
Springer.

B. B. Kausika and V. v. Altena, "GeoAl in Topographic Mapping: Navigating the Future of Opportunities
and Risks," Isprs International Journal of Geo-Information, vol. 14, no. 8, p. 313, 2025.

C. Roussel and K. Bohm, "Geospatial XAl: A Review," Isprs International Journal of Geo-Information,
vol. 12, no. 9, p. 355, 2023.

C. Roussel, "Visualization of Explainable Artificial Intelligence for GeoAl," Frontiers in Computer
Science, vol. 6, 2024.

H. Li and A. Zipf, "A Conceptual Model for Converting Openstreetmap Contribution to Geospatial
Machine Learning Training Data," The International Archives of the Photogrammetry Remote Sensing
and Spatial Information Sciences, vol. XLI11-B4-2022, pp. 253-259, 2022.

G. Bordogna and C. Fugazza, "Atrtificial Intelligence for Multisource Geospatial Information,” Isprs
International Journal of Geo-Information, vol. 12, no. 1, p. 10, 2022.

C. Roussel, K. Bohm, and A. Reiterer, "Q-Ggxai: A Framework for Quality-Aware Explainable Al in
Geospatial Analysis," PFG — Journal of Photogrammetry Remote Sensing and Geoinformation Science,

43



[262]

[263]

[264]

[265]

[266]

[267]

[268]

[269]

[270]
[271]
[272]
[273]
[274]
[275]
[276]

[277]

[278]
[279]
[280]

[281]

[282]

[283]

[284]

[285]

[286]

2025.

Q. Safariallahkheili, J. Schiewe, and S. Meier, "Interactive Web-Based Geospatial eXplainable Artificial
Intelligence for Al Model Output Exploration,” Agile Giscience Series, vol. 6, pp. 1-7, 2025.

L. Grosman - Rimon and P. Wegier, "With Advancement in Health Technology Comes Great
Responsibility — Ethical and Safety Considerations for Using Digital Health Technology: A Narrative
Review," Medicine, vol. 103, no. 33, p. €39136, Aug 16 2024.

H. S. A. Magid, M. R. Desjardins, and Y. Hu, "Opportunities and Shortcomings of Al for Spatial
Epidemiology and Health Disparities Research on Aging and the Life Course," Health & Place, vol. 89,
p. 103323, Sep 2024.

M. El-Helaly, "Artificial Intelligence and Occupational Health and Safety, Benefits and Drawbacks,"
Med Lav, vol. 115, no. 2, p. €2024014, Apr 24 2024.

M. Ronaghi and H. Mohammadi, "Identifying and Ranking Ethical Issues of the Internet of Things in
Medical Sciences Using Stepwise Weight Assessment Ratio Analysis,” Health Spirituality and Medical
Ethics, vol. 7, no. 4, pp. 25-32, 2020.

F. Fossa et al., "Operationalizing the Ethics of Connected and Automated Vehicles,” International
Journal of Technoethics, vol. 13, no. 1, pp. 1-20, 2022.

W. Badawy, H. Zinhom, and M. Shaban, "Navigating Ethical Considerations in the Use of Artificial
Intelligence for Patient Care: A Systematic Review," International Nursing Review, vol. 72, no. 3, p.
€13059, Sep 2024.

A. Fiske, P. Henningsen, and A. Buyx, "Your Robot Therapist Will See You Now: Ethical Implications
of Embodied Artificial Intelligence in Psychiatry, Psychology, and Psychotherapy,”" Journal of Medical
Internet Research, vol. 21, no. 5, p. €13216, May 9, 2019.

H. P. d. Silva, P. Lehoux, F. A. Miller, and J. L. Denis, "Introducing Responsible Innovation in Health: A
Policy-Oriented Framework," Health Research Policy and Systems, vol. 16, no. 1, p. 90, Sep 10 2018.
L. Battistuzzi, C. T. Recchiuto, and A. Sgorbissa, "Ethical Concerns in Rescue Robotics: A Scoping
Review," Ethics and Information Technology, vol. 23, no. 4, pp. 863-875, 2021.

Z. Zheng, Y. Zhou, Y. Sun, Z. Wang, B. Liu, and K. J. C. S. Li, "Applications of federated learning in
smart cities: recent advances, taxonomy, and open challenges,” vol. 34, no. 1, pp. 1-28, 2022.

J. C. Jiang, B. Kantarci, S. Oktug, and T. J. S. Soyata, "Federated learning in smart city sensing:
Challenges and opportunities,” vol. 20, no. 21, p. 6230, 2020.

M. Gandhi, S. K. Singh, R. Ravikumar, and K. J. E. 0. . E. t. F. 0. A. a. t. E. Vaghela, "Federated Learning
in Secure Smart City Sensing: Challenges and Opportunities,” pp. 215-251, 2025.

T. Li et al., "Federated optimization in heterogeneous networks," vol. 2, pp. 429-450, 2020.

E. S. Kildal, B. Hofmann, T. Nerland, O. A. Andreassen, D. Quintana, and B. Hassel, "Ethical and
Practical Concerns of Heart Rate Monitoring: Enabling Communication for Patients With Severe
Communication Difficulties," Clinical Ethics, vol. 20, no. 3, pp. 170-181, 2025.

S. Pertuack and P. C. Latue, "Geographic Artificial Intelligence and Unmanned Aerial Vehicles
Application for Correlation Analysis of Settlement Density and Land Surface Temperature in Panggang
Island, Jakarta," Buana J. Geografi Ekologi Dan Kebencanaan, vol. 1, no. 1, pp. 39-47, 2023.

Z. Wang et al., "A Road-detail Preserving Framework for Urban Road Extraction from VHR Remote
Sensing Imagery," 2024.

Y. Chen, "Urban Green Space Maps Based on GeoAl," in Handbook of Geospatial Approaches to
Sustainable Cities: CRC Press, 2024, pp. 75-93.

Q. Li et al., "Identification of undocumented buildings in cadastral data using remote sensing:
Construction period, morphology, and landscape,” vol. 112, p. 102909, 2022.

W. Li, H. Wang, X. Wang, and T. Tu, "Automatic Identification of Potential Renewal Areas in Urban
Residential Districts Using Remote Sensing Data and GeoAl," IEEE Journal of Selected Topics in
Applied Earth Observations and Remote Sensing, vol. 18, pp. 8523-8535, 2025.

R. Marasinghe, T. Yigitcanlar, S. Mayere, T. Washington, M. J. J. 0. G. Limb and S. Analysis, "Towards
responsible urban geospatial Al: insights from the white and grey literatures,” vol. 8, no. 2, p. 24, 2024.
C. Ma, Y. Zhang, J. Guo, G. Zhou, and X. Geng, "FusionHeightNet: A Multi-Level Cross-Fusion Method
from Multi-Source Remote Sensing Images for Urban Building Height Estimation,” vol. 16, no. 6, p.
958, 2024.

P. Dabove, M. Daud, and L. Olivotto, "Revolutionizing urban mapping: deep learning and data fusion
strategies for accurate building footprint segmentation,” Scientific Reports, vol. 14, no. 1, p. 13510,
2024/06/12 2024.

C. M. Gevaert, M. J. 1. J. 0. A. E. O. Belgiu, and Geoinformation, "Assessing the generalization capability
of deep learning networks for aerial image classification using landscape metrics,” vol. 114, p. 103054,
2022.

X. Pan, Z. Liu, C. He, Q. J. I. J. 0. A. E. O. Huang, and Geoinformation, "Modeling urban expansion by
integrating a convolutional neural network and a recurrent neural network,” vol. 112, p. 102977, 2022.

44



[287]

[288]

[289]

[290]

[291]

[292]

[293]

[294]

[295]

[296]

[297]

[298]

[299]

[300]

[301]

[302]

[303]

[304]

[305]
[306]

[307]

[308]

N. Jongwiriyanurak, Z. Zeng, M. Wang, J. Haworth, G. Tanaksaranond, and J. Boehm, "Framework for
Motorcycle Risk Assessment Using Onboard Panoramic Camera (Short Paper),” in 12th International
Conference on Geographic Information Science (GIScience 2023), 2023, pp. 44: 1-44: 7. Schloss
Dagstuhl-Leibniz-Zentrum fir Informatik.

G. Mai et al., "Towards the next generation of Geospatial Artificial Intelligence," International Journal
of Applied Earth Observation and Geoinformation, vol. 136, p. 104368, 2025/02/01/ 2025.

S. P. S. Rathore, Y. Farhaoui, E. E. Aniebonam, T. Nagpal, M. T, and P. Kaushik, "Al-Driven Traffic
Congestion Management: A Predictive Analytics Approach for Smart Cities,” in 2025 IEEE
International Conference on Interdisciplinary Approaches in Technology and Management for Social
Innovation (IATMSI), 2025, vol. 3, pp. 1-6.

C. Wang, "Short-Term Prediction of Urban Traffic Flow Based on Machine Learning Algorithms,"
Highlights in Science, Engineering and Technology, vol. 118, pp. 46-56, 2024.

R. A. Shaharuddin and M. Y. Misro, "Controlling Traffic Congestion in Urbanized City: A Framework
Using Agent-Based Modeling and Simulation Approach,” ISPRS International Journal of Geo-
Information, vol. 12, no. 6. doi: 10.3390/ijgi12060226

A.-M. Moscovici, O. M. SIRbu, C.-B. Vilceanu, S. Herban, and A. lovanovici, "Spatial Data Acquisition
for Traffic Lights Intersections as a Basis for GIS Development in Timisoara, Romania," Nova Geodesia,
vol. 2, no. 1, p. 25, 2022.

P. Wu, Z. Zhang, X. Peng, and R. Wang, "Deep learning solutions for smart city challenges in urban
development,” Scientific Reports, vol. 14, no. 1, p. 5176, 2024/03/02 2024.

H. M. K. K. M. B. Herath and M. Mittal, "Adoption of artificial intelligence in smart cities: A
comprehensive review," International Journal of Information Management Data Insights, vol. 2, no. 1,
p. 100076, 2022/04/01/ 2022.

H. Feng, "Development of 3D Simulation Platform of Urban Traffic Based on Cesium," International
Journal of Frontiers in Engineering Technology, vol. 4, no. 5, 2022.

H. Wang, Y. Wu, X. Han, M. Xu, C. Weizhe, and G. Chen, "Automatic Generation of Large-Scale 3D
Road Networks Based on GIS Data," 2021.

W. Sangrat, W. Thanapongtharm, S. Kasemsuwan, V. Boonyawiwat, S. Sajapitak, and C. Poolkhet,
"Geospatial and Temporal Analysis of Avian Influenza Risk in Thailand: A GIS - Based Multi - Criteria
Decision Analysis Approach for Enhanced Surveillance and Control," Transboundary and Emerging
Diseases, vol. 2024, no. 1, p. 6474182, 2024.

K. Qiu et al., "Traffic Analytics Development Kits (TADK): Enable Real-Time Al Inference in
Networking Apps,” in 2022 Thirteenth International Conference on Ubiquitous and Future Networks
(ICUFN), 2022, pp. 392-398.

R. Shaikh and P. Itankar, "A Brief Systematics Review and Visualization of Smart Cities Based on Fog
and Big Data Analysis Technology," International Journal for Multidisciplinary Research, vol. 6, no. 3,
2024.

M. Younes, G. Suleiman, M. Abushammala, and K. Al Omari, "Modeling of Traffic Noise Along Urban
Corridor: A Case Study of Amman,"” Civil and Environmental Engineering, vol. 17, no. 2, pp. 456-464,
11/15 2021.

A. Tiwari and P. Kumar, "Integrated Dispersion-Deposition Modeling for Air Pollutant Reduction via
Green Infrastructure at an Urban Scale," The Science of the Total Environment, vol. 723, p. 138078, Jun
25 2020.

D. Thakker, B. K. Mishra, A. Abdullatif, S. Mazumdar, and S. Simpson, "Explainable Atrtificial
Intelligence for Developing Smart Cities Solutions," Smart Cities, vol. 3, no. 4, pp. 1353-1382, 2020.
O. B. Akintuyi, "Vertical Farming in Urban Environments: A Review of Architectural Integration and
Food Security," Open Access Research Journal of Biology and Pharmacy, vol. 10, no. 2, pp. 114-126,
2024.

M. R. Anwar and L. D. Sakti, "Integrating Artificial Intelligence and Environmental Science for
Sustainable Urban Planning,” laic Transactions on Sustainable Digital Innovation (ltsdi), vol. 5, no. 2,
pp. 179-191, 2024.

R. Tamilkodi, N. Leelavathy, B. Sujatha, and K. P. Kumar, "Innovative Al Approaches to Enhance Land
Use Prediction and Management," 2025.

W. Zhao, M. Wang, and V. T. Pham, "Unmanned Aerial Vehicle and Geospatial Analysis in Smart
Irrigation and Crop Monitoring on 10T Platform," Mobile Information Systems, vol. 2023, pp. 1-12, 2023.
I. Guechi, H. Gherraz, D. Alkama, and A. Korichi, "Spatial Suitability Analysis for Sustainable Urban
Growth Using the AHPGeoTOPSIS Model. A Case Study in Guelma, Algeria," Mitteilungen Der
Osterreichischen Geographischen Gesellschaft, vol. 1, pp. 307-338, 2024.

M. Clementi, V. Dessi, G. M. Podesta, S.-C. Chien, B. A. T. Wei, and E. Lucchi, "GIS-Based Digital
Twin Model for Solar Radiation Mapping to Support Sustainable Urban Agriculture Design,"
Sustainability, vol. 16, no. 15, p. 6590, 2024.

45



[309]
[310]
[311]
[312]
[313]
[314]

[315]

[316]

[317]

[318]
[319]

[320]

[321]

[322]

[323]

[324]

[325]

[326]
[327]

[328]

[329]

[330]

[331]

[332]

[333]

N. J. Abdulhussain and W. Alajali, "A Survey on Crop Management in Smart Agriculture,” Journal of
Education for Pure Science, vol. 14, no. 3, 2024.

E. d. M. Navarro, N. Costa, and A. Pereira, "A Systematic Review of 10T Solutions for Smart Farming,"
Sensors, vol. 20, no. 15, p. 4231, Jul 29 2020.

S. Stojanova, M. Wolk, G. Balkovec, A. Kos, and E. S. Duh, "The Future of Vineyard Irrigation: Al-
Driven Insights From loT Data," Sensors, vol. 25, no. 12, p. 3658, Jun 11 2025.

Q. Chen, L. Li, C. Chong, and X. Wang, "Al - enhanced Soil Management and Smart Farming," Soil
Use and Management, vol. 38, no. 1, pp. 7-13, 2021.

B. Mihailovi¢, K. Radosavljevi¢, and V. Popovié, "The Role of Indoor Smart Gardens in the Development
of Smart Agriculture in Urban Areas," Ekonomika Poljoprivrede, vol. 70, no. 2, pp. 453-468, 2023.

M. Singh, K. S. Sahoo, and A. H. Gandomi, "An Intelligent-loT-Based Data Analytics for Freshwater
Recirculating Aquaculture System," IEEE Internet of Things Journal, vol. 11, no. 3, pp. 4206-4217, 2024.
S. E. Bibri, A. Alahi, A. Sharifi, and J. Krogstie, "Environmentally Sustainable Smart Cities and Their
Converging Al, 10T, and Big Data Technologies and Solutions: An Integrated Approach to an Extensive
Literature Review," Energy Informatics, vol. 6, no. 1, p. 9, 2023.

A. Papantoniou, C. Danezis, and D. Hadjimitsis, "Geospatial Technology Integration in Smart City
Frameworks for Achieving Climate Neutrality by 2050: A Case Study of Limassol Municipality,
Cyprus," Journal of Geographic Information Systems, vol. 16, no. 01, pp. 44-60, 2024.

M. Padhiary, A. Hoque, G. Prasad, K. Kumar, and B. Sahu, "Precision Agriculture and Al-Driven
Resource Optimization for Sustainable Land and Resource Management,” in Smart Water Technology
for Sustainable Management in Modern Cities: IGI Global Scientific Publishing, 2025, pp. 197-232.

A. Upadhyay et al., "Leveraging Al and ML in Precision Farming for Pest and Disease Management:
Benefits, Challenges, and Future Prospects,” pp. 511-528, 2025.

M. Ryan, G. Isakhanyan, B. J. N. I. i. A. Tekinerdogan, and L. Sciences, "An interdisciplinary approach
to artificial intelligence in agriculture,” vol. 95, no. 1, p. 2168568, 2023.

S. Obasi, T. V. Aa, C. Obasi, G. Jokthan, E. Adjei, and E. J. B. D. i. A. Keyagha, "Harnessing Artificial
Intelligence For Sustainable Agriculture: A Comprehensive Review Of African Applications In Spatial
Analysis And Precision Agriculture. " vol. 6, no. 1, 2024.

R. Espinel, G. Herrera-Franco, J. L. Rivadeneira Garcia, and P. Escandén-Panchana, "Atrtificial
Intelligence in Agricultural Mapping: A Review," vol. 14, no. 7, p. 1071, 2024.

T. Vaiyapuri and G. Julie, "Al and Geospatial Technologies for Climate Change Mitigation:
Opportunities, Challenges, and Pathways to Sustainability,” Procedia Computer Science, vol. 259, pp.
1346-1355, 2025/01/01/ 2025.

P. Singh and A. Kaur, "Chapter 2 - A systematic review of artificial intelligence in agriculture,”" in Deep
Learning for Sustainable Agriculture, R. C. Poonia, V. Singh, and S. R. Nayak, Eds.: Academic Press,
2022, pp. 57-80.

A. Akhyar et al., "Deep artificial intelligence applications for natural disaster management systems: A
methodological review," Ecological Indicators, vol. 163, p. 112067, 2024/06/01/ 2024.

Y. Wang, L. Cui, C. Zhang, W. Chen, Y. Xu, and Q. Zhang, "A Two-Stage Seismic Damage Assessment
Method for Small, Dense, and Imbalanced Buildings in Remote Sensing Images,” vol. 14, no. 4, p. 1012,
2022.

S. K. Abid et al., "Toward an Integrated Disaster Management Approach: How Atrtificial Intelligence
Can Boost Disaster Management," Sustainability, vol. 13, no. 22. doi: 10.3390/su132212560

S. M. S. Mohd Daud et al., "Applications of drones in disaster management: A scoping review," Science
& Justice, vol. 62, no. 1, pp. 30-42, 2022/01/01/ 2022.

V. Linardos, M. Drakaki, P. Tzionas, and Y. L. Karnavas, "Machine Learning in Disaster Management:
Recent Developments in Methods and Applications,” Machine Learning and Knowledge Extraction, vol.
4, no. 2, pp. 446-473. doi: 10.3390/make4020020

H. S. Munawar, M. Mojtahedi, A. W. A. Hammad, A. Kouzani, and M. A. P. Mahmud, "Disruptive
technologies as a solution for disaster risk management: A review," Science of The Total Environment,
vol. 806, p. 151351, 2022/02/01/ 2022.

C. Wu et al., "Building Damage Detection Using U-Net with Attention Mechanism from Pre- and Post-
Disaster Remote Sensing Datasets," Remote Sensing, vol. 13, no. 5. doi: 10.3390/rs13050905

Y. Shen et al., "BDANet: Multiscale Convolutional Neural Network With Cross-Directional Attention
for Building Damage Assessment From Satellite Images," IEEE Transactions on Geoscience and Remote
Sensing, vol. 60, pp. 1-14, 2022.

Z. Zheng, Y. Zhong, J. Wang, A. Ma, and L. Zhang, "Building damage assessment for rapid disaster
response with a deep object-based semantic change detection framework: From natural disasters to man-
made disasters," Remote Sensing of Environment, vol. 265, p. 112636, 2021/11/01/ 2021.

H. S. Munawar, A. W. A. Hammad, and S. T. Waller, "Remote Sensing Methods for Flood Prediction: A
Review," vol. 22, no. 3, p. 960, 2022.

46



[334]
[335]

[336]

[337]
[338]

[339]

[340]

[341]

[342]

[343]

[344]

[345]

[346]

[347]

[348]

[349]

D. Chitwatkulsiri and H. Miyamoto, "Real-Time Urban Flood Forecasting Systems for Southeast Asia—
A Review of Present Modeling and Its Future Prospects,” vol. 15, no. 1, p. 178, 2023.

A. Bagheri and G.-J. Liu, "Climate change and urban flooding: assessing remote sensing data and flood
modeling techniques: a comprehensive review," vol. 33, pp. 1-14, 2025.

B. T. Pham et al., "Flood risk assessment using hybrid artificial intelligence models integrated with multi-
criteria decision analysis in Quang Nam Province, Vietnam," Journal of Hydrology, vol. 592, p. 125815,
2021/01/01/ 2021.

S. M. H. S. Rezvani, M. J. F. Silva, and N. M. d. Almeida, "Mapping Geospatial Al Flood Risk in
National Road Networks," vol. 13, no. 9, p. 323, 2024.

L. Zou et al., "GeoAl for disaster response,” in Handbook of Geospatial Artificial Intelligence: CRC
Press, 2023, pp. 287-304.

T. H. Agbaje, N. Abomaye-Nimenibo, C. J. Ezeh, A. Bello, A. J. W. J. 0. A. R. Olorunnishola, and
Reviews, "Building Damage Assessment in the Aftermath of Disaster Events by Leveraging Geoai
(Geospatial Artificial Intelligence),” vol. 23, no. 1, pp. 667-687, 2024.

G. Prabhanjana, Y. Shetty, D. Vats, and R. K. Rajendran, "Optimizing Flood Risk Management Through
Geospatial Al and Remote Sensing," in Recent Trends in Geospatial Al: IGI Global Scientific Publishing,
2025, pp. 155-176.

M. Gupta and R. Bhatnagar, "Harnessing Al in Geospatial Technology for Environmental Monitoring
and Management: Applications of Al for Geospatial Data Processing," in Recent Trends in Geospatial
Al: IGI Global Scientific Publishing, 2025, pp. 73-102.

P. Kirubanantham, A. Saranya, V. B. Christopher, B. Prakash, and M. S. Anand, "Al-Based Deep
Memory Alex Neural Network for Early Detection of Forest and Land Fires,” in Harnessing Al in
Geospatial Technology for Environmental Monitoring and Management: IGI Global Scientific
Publishing, 2025, pp. 29-60.

S. Meng et al., "TLSTMF-YOLO: Transfer Learning and Feature Fusion Network for Earthquake-
Induced Landslide Detection in Remote Sensing Images,” 2025.

W. He and M. J. B. Chen, "Advancing urban life: A systematic review of emerging technologies and
artificial intelligence in urban design and planning," vol. 14, no. 3, p. 835, 2024.

W. Liu, Y. Lv, Q. Wang, B. Sun, and D. Han, "A Systematic Review of the Digital Twin Technology in
Buildings, Landscape and Urban Environment From 2018 to 2024," Buildings, vol. 14, no. 11, p. 3475,
2024.

S. Peng, L. Bai, L. Xiong, Q. Qu, X. Xie, and S.-L. Wang, "GeoAl-based Epidemic Control With Geo-
Social Data Sharing on Blockchain," pp. 1-6, 2021.

A. O. Wsotskyi and O. Vsotskyi, "Decentralizing Spatial Data: The Convergence of Geographic
Information Systems and Web 3.0 Technologies," Journal of Geology, Geography and Geoecology, vol.
32, no. 4, pp. 871-884, 2024.

A. F. Gkontzis, S. Kotsiantis, G. Feretzakis, and V. S. Verykios, "Enhancing Urban Resilience: Smart
City Data Analyses, Forecasts, and Digital Twin Techniques at the Neighborhood Level,” Future Internet,
vol. 16, no. 2, p. 47, 2024.

V. K. Kolluru, S. Mungara, and A. Naidu, "Geospatial Intelligence Enhancement Using Advanced Data
Science and Machine Learning: A Systematic Literature Review," pp. 23-41, 2024.

47



Declaration of Interest Statement

The authors declare that they have no known competing financial interests or
personal relationships that could have appeared to influence the work reported in
this paper.

[] The author is an Editorial Board Member/Editor-in-Chief/Associate
Editor/Guest Editor for this journal and was not involved in the editorial review or
the decision to publish this article.

[] The authors declare the following financial interests/personal relationships
which may be considered as potential competing interests:




