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Abstract

The exponential growth of geospatial data from satellite imagery and LiDAR to crowdsourced and sensor-based streams
poses challenges for traditional geomatics methods. This review examines the transformative role of large language mod-
els (LLMs) and vision language models (VLMs) in addressing these challenges by enabling the integration, interpreta-
tion, and automation of multimodal geospatial data. The study synthesizes applications across three domains: geospatial
data analysis and management, environmental and urban planning, and remote sensing. Particular attention is given to
domain-specific copilots and intelligent agents that enhance automation and decision support. The review also highlights
advances in multimodal data fusion, autonomous GIS systems, and context-aware mapping tools, while critically assessing
limitations such as computational demands, domain adaptability, and ethical concerns. By providing a structured overview
of current applications and emerging research directions, the study underscores the potential of language-driven models
to augment geomatics methodologies and reshape innovation, decision-making, and policy in spatial information science.

Keywords GeoAl - Large language models (LLMs) - Vision—language models (VLMs) - Geospatial data - Multimodal
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1 Introduction

Geomatics is an interdisciplinary field dedicated to the col-
lection, analysis, and interpretation of geospatial data, and
it has advanced considerably with innovations in data visu-
alization, acquisition, and processing. Historically rooted in
cartography and photogrammetry, the field has expanded to
include GIS and remote sensing, enabling the integration
of diverse spatial datasets. Today, geomatics encompasses a
wide range of sources like satellite imagery, aerial photogra-
phy, LiDAR, drone-based photogrammetry, and radar data.
With the rapid growth of communication technologies and
internet infrastructure, geospatial information now extends
beyond conventional maps and imagery to include unstruc-
tured streams such as social media, crowdsourced contribu-
tions, and real-time IoT sensor data.
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This rapid data growth necessitates advanced data pro-
cessing and interpretation tools that can handle any type of
data, extract meaningful insights, and facilitate timely deci-
sion-making across applications like urban planning, envi-
ronmental monitoring, and disaster response etc. Recently,
large language models (LLMs) have emerged as transfor-
mative tools in artificial intelligence [1], designed to pro-
cess vast amounts of text data and capable of performing
complex language-based tasks, reviews the evolution of
language modeling, tracing the shift from statistical models
to neural networks and then to LLMs that leverage mas-
sive data and model scaling to improve performance [2].
As model sizes increase, LLMs display unique capabilities
beyond those of smaller models, such as enhanced language
comprehension and generation. Recent advancements,
such as ChatGPT, Deepseck Al, Google Gemini, Grok etc.
highlight the transformative impact of LLMs in Al. These
models, initially developed for tasks in natural language
processing, have shown great promise in fields requiring
semantic understanding and data synthesis. The inspection
of how large vision language models (LVLMs), integrated
with multi-sensor data from cameras and LiDAR, enhance
the understanding of traffic scenes. Traffic scene analysis is

@ Springer


https://doi.org/10.1007/s41324-026-00670-3
http://orcid.org/0009-0000-5928-3373
http://orcid.org/0000-0001-6545-2225
http://crossmark.crossref.org/dialog/?doi=10.1007/s41324-026-00670-3&domain=pdf&date_stamp=2026-2-13

16 Page2of 16

H. Ameen, M. Soilan

complex due to interactions among road users, infrastruc-
ture, and traffic rules, often requiring detailed reasoning that
traditional task-oriented neural networks struggle to achieve
[3]. LVLMs, however, leverage vast knowledge bases to
effectively process spatiotemporal information, support-
ing visual question-answering (VQA) for transportation
research.

Emerging trends in geospatial analysis highlight the
integration of traditional spatial data with human behavior
sources such as social media and mobile data, alongside
the growing role of GeoAl and LLMs in advancing multi-
modal analytics and guiding future research directions [4].
Addressing these diverse data types requires sophisticated
methods capable of interpreting both types of data informa-
tion, further highlighting the importance of advancements in
geospatial data analytics.

A scientometric analysis based on the Web of Science
database using the query term “GeoAl” for the period 2020-
2025 identifies 329 publications with a total of 3,805 cita-
tions and an H-index of 33. Figure 1 shows a sharp increase
in publications beginning in 2021, with a significant rise
in both publication count and citations during 2023-2025.
This trend reflects the rapid expansion of GeoAl research
in recent years, highlighting the growing relevance of Al-
driven methods in geospatial domains and reinforcing the
need for a focused review of emerging approaches such
as LLMs and VLMs. This review takes a comprehensive
approach by analyzing LLMs capabilities tailored to geo-
matics, integrating diverse applications into a unified per-
spective. It also outlines existing limitations, offers guidance
for future research, and identifies key areas where LLM
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advancements could drive innovation in geospatial analysis
and decision-making.

The primary objectives of this review are as follows: (1)
To synthesize how LLMs and VLMs are applied across key
geomatics domains, including geospatial data analysis and
management, environmental/urban planning, and remote
sensing, with attention to both structured and multimodal
data sources. (2) To evaluate how LLMs integrate with spe-
cialized geospatial frameworks and intelligent agents (e.g.,
GeoAgent, ChatGeoAl, PlanGPT, Tree-GPT) to enhance
automation, interpretation, and decision support in geomat-
ics workflows. (3) To examine the practical challenges of
adopting LLMs in geomatics, particularly issues of data lim-
itations, model adaptability, computational efficiency, and
ethical considerations and propose directions for addressing
them in future research.

This paper is structured as follows: Sect. 1 presents the
background, motivation, scope, and objectives. Section 2
covers the fundamentals of LLMs, including its architecture
and geomatics-relevant features. Section 3 discusses LLM
applications in geo-spatial data analysis, interpretation, and
decision support. Section 4 is about discussion and analysis
including the challenges such as data limitations, adaptabil-
ity, computational demands, ethical issues and future direc-
tions and the conclusion is provided in Sect. 5.
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Fig. 1 Publications and citations on GeoAl (2021-2025)

@ Springer

T
2024

Il citations



A review of large language models in geomatics: integrating multimodal data, addressing challenges, and...

Page3of 16 16

2 Fundamentals of large language models

2.1 Overview of LLMs

LLMs represent a significant leap in Al, these are advanced
Al models trained on vast amounts of data to understand
and generate human language, LLMs utilize complex archi-
tectures such as the Transformer model. Transformers are
designed to process sequential data efficiently by employing
self-attention mechanisms, which allow the model to weigh
the importance of each part of the input data relative to
others. Unlike previous recurrent neural networks (RNNs)
models e.g., LSTM and GRU, which process data step-by-
step, Transformers can simultaneously consider all parts of
the sequence, providing a structured framework for parallel-
ized processing and long-range dependency management.
This enables LLMs to handle long contexts and complex
relationships within the data, making them highly effective

Fig. 2 Transformer architecture
with layered self-attention

for natural language understanding and generation. The rel-
evance of Transformers in LLMs, the emphasis on architec-
ture’s ability to efficiently handle dependencies across long
sequences, setting the foundation for the powerful models
we see today.

Figure 2 showing Transformer architecture diagram,
inspired by the "Attention is All You Need" paper, illustrat-
ing the core idea of multi-headed self-attention in sequence
processing. The architecture of transformers forms the foun-
dation of LLMs [5].

Recent advancements in Transformer-based LLMs have
focused on improving the ability to handle long-context
prompts, where inputs may contain extensive information
requiring holistic processing to generate coherent and rel-
evant responses. Modern LLMs have significantly extended
context windows compared to earlier models like GPT-3.
For instance, GPT-4 Turbo supports up to 128 k tokens,
enabling the processing of entire documents or extended
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conversation histories in a single prompt. These models
also integrate efficient memory mechanisms to maintain
coherence over longer interactions [6]. As LLMs continue
to evolve, their relevance transcends merely language gen-
eration, becoming integral to fields like geospatial analysis,
healthcare, and engineering. Engineers and practitioners
must consider features like token limits, cost efficiency,
and personalization to select the most appropriate model
for their specific needs. However, this architectural choice
allows LLMs to grasp intricate dependencies and relation-
ships across language data, accommodating long-range
context. Recent advancements in LLMs have demonstrated
their potential in causal discovery tasks, where identifying
cause-and-effect relationships between variables is essential
for reasoning and decision-making.

As these models grow in size and parameter count,
they demonstrate emergent abilities such as zero-shot and
few-shot learning [7], which were not observed in earlier,
smaller models. Zero-shot learning refers to a model’s abil-
ity to perform a task it has never explicitly been trained for,
based solely on its understanding of the task’s description.
Few-shot learning involves the model being able to perform
a task with only a few examples provided during training,
rather than requiring large amounts of labeled data. These
capabilities are significant because they allow larger mod-
els, like GPT-4, to generalize better across a variety of tasks
without task-specific fine-tuning. Smaller models, such as
GPT-2 or earlier transformer-based models, lacked the scale
and parameter count to generalize effectively in this way,
often requiring extensive task-specific training to perform
well on a new task. These unique capabilities show how
LLMs can be novel in advancing language understanding
and generation, making them powerful tools for applica-
tions that require nuanced interpretation and contextual
awareness, such as in geomatics.
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Fig. 3 Integration of textual and visual data in geomatics using VLMs
for enhanced geospatial analysis [14]
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2.2 Characteristics relevant to geomatics

Geomatics involves specialized terminology across sub-dis-
ciplines such as surveying, GIS, and remote sensing. Large
language models (LLMs), particularly when fine-tuned, can
adapt to these domain-specific vocabularies, enabling accu-
rate interpretation of technical language. This capability is
crucial for tasks such as automated documentation and geo-
spatial data annotation. Vision—language models (VLMs)
like the versatile and honest model (VHM) demonstrate
this potential in remote sensing, outperforming existing
approaches in scene classification, visual question answer-
ing, and visual grounding [8].

LLMs also show value in understanding spatial relation-
ships and geographic contexts, supporting tasks such as land-
use mapping [9], crop yield prediction through multimodal
data fusion [10], and extracting correlations across geo-
spatial features [11]. Domain-specific adaptations, includ-
ing the spatial-temporal data pretrained language model
(STD-PLM), have been developed to improve applications
in environmental monitoring [12] and urban planning [13].
Furthermore, multimodal integration allows LLMs to con-
nect visual data (e.g., satellite imagery, street-level photos)
with textual descriptions, providing context-aware insights
for mapping and annotation tasks [14].

Figure 3 illustrates the integration of textual and visual
data in geomatics, showcasing how multimodal models can
enhance data interpretation. It depicts maps and street-level
photographs, emphasizing the role of VLMs in correlating
visual information with descriptive insights, facilitating
tasks such as an-notation and context-aware analysis in geo-
spatial applications.

These characteristics highlight how LLMs can be tai-
lored or adapted to geomatics tasks, allowing for more effi-
cient analysis, interpretation, and management of complex
geospatial datasets.

2.3 Traditional and classical approaches to
geospatial analysis

Foundational approaches methods in geomatics encom-
pass three primary categories: rule-based models, statisti-
cal methods, and classical machine learning. Rule-based
models rely on explicit logic and deterministic queries, such
as SQL-based operations in GIS tools, which are extended
through spatial query languages to handle spatial operations,
relationships, and graphical presentations, enabling precise
retrieval and manipulation of geospatial data [15]. Statisti-
cal methods include foundational techniques like regression
and Kriging, which are widely used for geospatial inter-
polation and analysis. Regression methods, such as linear
regression and multiple regression, establish relationships
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between dependent and independent variables, enabling
predictions based on observed data.

Kriging, on the other hand, is a geostatistical interpola-
tion method that predicts unknown values in a geographic
area by leveraging the spatial autocorrelation of observed
data points. Unlike regression, Kriging incorporates both
the distance and the degree of variation between sample
points, offering more accurate and localized pre-dictions.
When integrated with GIS, Kriging not only provides
detailed visualizations of spatial data but also supports cli-
mate change analysis by identifying trends over time and
space, aiding in planning and resource management. These
methods remain critical in geomatics for their ability to han-
dle structured data and provide interpretable, deterministic
results in environmental and geospatial applications [16].
Classical machine learning methods, such as Random For-
ests and support vector machines (SVMs), have been pivotal
in geomatics for solving complex spatial problems, includ-
ing land cover classification and clustering. For instance,
SVMs with various kernel functions have been employed in
GIS-based land-slide susceptibility mapping to accurately
identify high-risk areas by analyzing conditioning factors
like slope, soil type, and rainfall patterns [17].

Despite their contributions, these methods face inherent
limitations. They rely heavily on structured data, requir-
ing extensive data preprocessing and feature engineering,
which restricts their adaptability to complex or unstructured
geospatial information. Scalability is another challenge, as
these algorithms may become computationally expensive
with large geospatial datasets. Vision-based deep learn-
ing models, such as convolutional neural networks and
transformer-based vision architectures, have significantly
advanced tasks like image classification, object detection,
and semantic segmentation in remote sensing. However,
these models are primarily optimized for perceptual under-
standing and typically lack the ability to perform higher-
level reasoning, contextual interpretation, or interactive
querying [4].

In contrast, LLMs introduce complementary capabilities
by enabling semantic reasoning, cross-domain knowledge
integration, and natural language interaction with geospa-
tial data. Rather than replacing vision-based deep learning
methods, LLMs can augment existing geospatial analysis
pipelines by facilitating multimodal fusion, automating
complex workflows, and supporting explainable decision-
making. This distinction highlights that LLMs are not a
universal substitute for vision-based approaches but instead
offer an additional layer of abstraction that enhances inter-
pretability, accessibility, and reasoning in geomatics appli-
cations [11].

3 Applications of LLMs in geomatics

Section 3 delves into the growing applications of LLMs
within geomatics, where their ability to process and inter-
pret geospatial data is transforming geomatics applications.
These applications can be grouped into three primary clus-
ters: (a) geospatial data analysis and management, (b) envi-
ronmental monitoring and urban planning and (c) remote
sensing applications.

Each cluster represents a distinct set of tasks and tech-
niques that leverage the power of LLMs to enhance the effi-
ciency and accuracy of geospatial decision-making.

3.1 Geospatial data analysis and management

Geoinformatics involves the collection, processing, and
interpretation of geographic data to support decision-mak-
ing. The goal is to convert raw geospatial data into action-
able insights, enabling effective resource management,
spatial planning, and problem-solving. One of the key chal-
lenges in this field is the ability to process and analyze large
volumes of complex geospatial data, which often require
intricate spatial reasoning and an understanding of spatial
relationships. For non-technical users, traditional geospatial
analysis results such as reports, dashboards, or technical
maps may be less intuitive and insufficient to answer com-
plex questions posed by decision-makers. These outputs
often lack contextual explanations, making it difficult for
non-experts to derive actionable insights. To address this
gap LLMs provide context-aware explanations, making
geospatial insights more accessible and easier to commu-
nicate to non-experts. For example, frameworks like Geo-
Agent integrate LLMs with retrieval-augmented generation
(RAG) techniques and Monte Carlo tree search (MCTS)
algorithms [18]. The RAG technique enables the model to
retrieve relevant knowledge from external geospatial data-
bases, generating more accurate, context-driven outputs
tailored to user queries. This capability ensures that deci-
sion-makers and non-technical users receive not only the
data but also the interpretive insights necessary for informed
decision-making.

MCTS, is a search algorithm that helps GeoAgent per-
form sequential reasoning and refine tasks iteratively. In the
context of geospatial data analysis, MCTS enables the sys-
tem to break down complex, multi-step tasks into smaller,
manageable tasks. Each sub-task is executed, and the results
are evaluated to determine the next steps. This iterative
process allows GeoAgent to refine its output continuously,
learning from feedback after each step, which is essential
when dealing with data that evolves over time or requires
ongoing adjustments.

@ Springer
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Figure 4 shows how GeoAgent paves the way for auto-
mated geospatial task programming, facilitating more
accessible and efficient use of geospatial data for research
purposes.

In the application presented by Mansourian and Oucheikh
[19], the challenge of making geospatial data analysis acces-
sible to non-experts is addressed by using LLMs. Typically,
working with tools like PyQGIS requires specialized tech-
nical knowledge, but this system allows users to interact
with geospatial data using natural language and shows how
Llama 2, an LLM, interprets plain language queries and
generates the corresponding PyQGIS code to perform spa-
tial data manipulation tasks. This automation significantly
lowers the barrier for non-experts, allowing them to execute
tasks that would typically require advanced GIS skills. One
of the key innovations of this approach is the integration
of geospatial ontologies, which provide a structured frame-
work for understanding the relationships between geospatial
terms and concepts. These ontologies help Llama 2 under-
stand the context of the queries, enabling it to produce more
accurate results. By embedding these ontologies into the
LLM, Llama 2 can refine its interpretations, ensuring that
even ambiguous or complex queries are processed correctly.

In Fig. 5 the recreated architecture is inspired by the work
of (Ali Mansourian et al.) on ChatGeoAl. That supports the
claim of democratizing access to geospatial analysis by
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demonstrating that Llama 2 can effectively translate user
queries into accurate spatial data manipulation tasks without
requiring technical GIS knowledge.

Traditional GIS tasks often require manual interventions,
involving repetitive actions that demand expertise and sub-
stantial human resources. Recent advancements show that
LLMs such as GPT-4 can be integrated into Autonomous
GIS systems to address these challenges. Such systems aim
to self-generate, self-organize, self-verify, self-execute, and
self-grow geospatial tasks, including decision-making, data
collection, data operation, and history retrieval. These capa-
bilities enable automated collection, analysis, and visualiza-
tion of spatial data, thereby reducing the need for human
oversight [20].

This leads to a reduction in manual operation time and
human intervention. For instance, the system can autono-
mously generate graphs and maps based on data inputs [21],
returning accurate results without needing further human
involvement, thus streamlining geospatial data analysis
workflows and making them more accessible. As in Fig. 6
the workflow of LLM-Geo.

In a project report a series of structured experiments have
been conducted to evaluate ChatGPT’s ability to handle
geospatial data analysis tasks. These tests were designed to
address gaps in the literature regarding ChatGPT’s capabil-
ity to process geospatial file formats (e.g., GML, GeoJSON,
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Fig.4 A geospatial data analysis task programming agent [18]
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Fig.6 Workflow of Geo-LLM [20]

and Shapefiles) and its ability to interact with external APIs.
The experiments, namely Test 1: Geospatial Data Analysis
Using File Formats, Test 2: Comparing File Upload and
API Calling in ChatGPT-4, and Test 3: Using ChatGPT
and LangChain for API Calls, determine whether ChatGPT
could be effectively utilized for automating GIS tasks, such
as data manipulation, spatial queries, and visualization [22].

Building on the advancements demonstrated in the stud-
ies cited, LLMs are significantly transforming geospatial
data analysis and management. However, there are several
frameworks with similar names, such as GeoAgent, Geo-
LLM, GeoLLM-Engine, and LLM-Geo, each addressing
distinct aspects of geospatial data processing. These tools
often aim to automate workflows, enhance accessibility for
non-experts, and improve efficiency, but there is limited com-
parative analysis to evaluate their performance on common
benchmarks. For instance, while GeoAgent excels in task

B operation_atv: Operation implementation

b LLM generates code for each
operation_2(v): :
5 operation.
' Main(): Operation assembly
va= operation _a(v) LLM generates code to
;m ) assembly all operations into an
return answer executable program.

decomposition and iterative refinement, Geo-LLM empha-
sizes autonomous GIS task execution. Similarly, LLM-
Geo focuses on to the next generation of Al-powered GIS
[23], GeoX address geometric understanding and reasoning
tasks by bridging the gap between diagrams, symbols, and
language through specialized pre-training and alignment
techniques [24]. And GeoLLM-Engine targets multimodal
integration for spatial analysis and for building geospatial
copilots [25]. Unfortunately, no standardized benchmarks or
datasets (e.g., MMLU, TruthfulQA) have been used to com-
pare these tools comprehensively, making it challenging to
assess their relative strengths or identify the best practices.
This lack of standardization highlights an important gap in
the field and provides an opportunity for future re-search to
conduct systematic evaluations of these frameworks using
shared metrics and benchmarks. Such efforts could signifi-
cantly enhance the scientific community’s understanding
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of how LLMs contribute to geospatial data analysis and
management.

3.2 Environmental and urban planning applications

LLMs are enhancing environmental and urban planning by
integrating geospatial technologies to address sustainability,
monitoring, and development challenges.

One of the significant uses of LLMs is in flood risk
perception, where the integration of a flood knowledge-
constrained LLM with GIS plays a crucial role in provid-
ing accurate and personalized flood risk information. A
system has been developed that leverages LLMs and GIS
to communicate flood risks through natural language, mak-
ing complex geospatial data more accessible to the public.
The system not only generates precise information based
on flood knowledge graphs but also adapts its responses
to users’ cognitive levels, helping to narrow the cognitive
disparities that typically hinder flood risk comprehension
across different demographics. This is particularly beneficial
in emergency scenarios, where clear communication can aid
in quicker and more informed decision-making. Notably,
the integration of voice-based feedback and textual answers
made the system accessible to a wide range of users, ensur-
ing that people with no GIS expertise could easily interact
with the system and receive accurate, understandable flood
risk information [26].

In the context of smart city optimization, the integration
of LLMs and IoT plays a pivotal role in enhancing urban
information and communications technology (ICT) pro-
cesses. LLMs enable real-time decision-making by inter-
preting complex datasets, including traffic flow and energy
consumption, in natural language. This capability allows
city managers to receive more nuanced and context-aware
insights from IoT-generated data. For instance, LLMs can
be used to optimize traffic management systems by provid-
ing real-time analysis and suggesting adjustments to traf-
fic lights based on the evolving situation. Similarly. The
integration of LLMs in smart city applications also helps
overcome challenges like data confidentiality, as these mod-
els can be constrained with privacy-preserving protocols,
enabling them to process sensitive information securely
[27].

LLMs also play a crucial role in urban planning tasks and
planning evaluation. For example, PlanGPT, a custom fine-
tuned LLM, has been developed to assist in text generation
and document evaluation for urban planning. This model
helps planners generate proposals, evaluate urban designs,
and optimize space usage, ultimately improving the quality
and efficiency of urban development processes [13].

For monitoring water pollution via image analysis,
YOLOVS combined with the OpenAl API is used to identify

@ Springer

pollutants and provide contextual alerts based on image
analysis. This approach aids in the real-time monitoring of
water quality, ensuring rapid responses to contamination
events and supporting environmental protection initiatives
[12]. Furthermore, LLMs have been employed in crop dis-
ease detection and farmer guidance. By combining Mobile-
NetV2, ResNet50, and LLMs, deep learning models achieve
high accuracy (97-99%) in detecting crop diseases from a
dataset of over 39,000 images. This Integrated LLM pro-
vides tailored recommendations for crop disease prevention
and profit optimization for farmers via a mobile application.
Hence, helps farmers detect diseases early, guiding them on
proper interventions to prevent crop damage and increase
yields [28].

The integration of LLMs into environmental and urban
planning applications shows their ability to bridge data-
driven decision-making with accessibility for diverse stake-
holders. This capability becomes even more significant
when applied to remote sensing, where the analysis of vast
amounts of satellite, UAV, and LiDAR data is critical for
addressing large-scale environmental and geospatial chal-
lenges. Despite these promising developments, several chal-
lenges remain in the adoption of LLM-based systems for
environmental and urban planning. Many of the existing
approaches rely heavily on large, high-quality, and domain-
specific datasets, which limit their generalizability across
regions with sparse or heterogeneous data. The integration
of LLMs with IoT and remote sensing systems also intro-
duces issues related to data noise, uncertainty propagation,
and real-time scalability. Furthermore, privacy, security, and
ethical concerns become particularly critical in urban con-
texts, where sensitive personal and infrastructural data are
often involved. The lack of standardized benchmarks and
evaluation protocols for assessing LLM-driven planning
and environmental monitoring systems further complicates
objective performance comparisons. Future research should
focus on developing robust multimodal fusion frameworks,
interpretable decision-support mechanisms, and privacy-
preserving architectures [27].

The following section delves into how LLMs are driving
innovation in remote sensing by integrating multimodal data
analysis and improving geospatial intelligence workflows.

3.3 LLMs applications in remote sensing

Remote sensing, a vital technique within geomatics, utilizes
satellite or airborne sensors to capture data about the Earth’s
surface. It provides critical information for applications
such as mapping, environmental monitoring, and disaster
management. Recent advancements in cross domain Al
models, such as GPT for language understanding, SAM for
image segmentation, and CLIP for cross-modal alignment
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are increasingly transforming remote sensing by enabling
more accurate data interpretation, automated image analy-
sis, and informed decision-making.

The segment anything model (SAM) [29] and updated
version SAM-2 [30], by Meta Al, is a cutting-edge model
designed for zero-shot segmentation of images, capable
of identifying and segmenting objects in visual data with-
out prior training on specific datasets. However, SAM 2 is
designed as a unified model capable of handling prompt-
able segmentation tasks across images as well as videos,
offering improved accuracy and real-time performance.
SAM can identify regions of interest in satellite imagery,
it is used to efficiently extract cage mariculture areas from
remote sensing imagery, but its performance for raft mari-
culture detection remains limited, requiring manual inter-
pretation [31]. SAM’s ability to segment features like water
bodies, vegetation, and urban areas directly from satellite or
aerial imagery makes it particularly promising for remote
sensing applications.

The contrastive language—image pretraining (CLIP),
developed by OpenAl, pioneered the alignment of textual
and visual data using contrastive learning, enabling robust
understanding of image-text relationships [32]. Its appli-
cations in re-mote sensing include land-use classification,
change detection, and object labeling in aerial imagery.
Models like RemoteCLIP extend CLIP’s capabilities specif-
ically for geospatial domains, enabling tasks such as zero-
shot classification, image-text retrieval, and object counting
through domain-aligned embeddings [33].

CLIP can label these regions based on textual descrip-
tions; remote sensing multilingual CLIP is a model by
fine-tuning CLIP with a self-supervised approach that
aligns local and global image representations while lever-
aging machine-translated captions in multiple languages. It
enhances cross-modal and multilingual image-text retrieval,
as well as zero-shot classification, achieving state-of-the-art
performance in vision-language tasks [34].

These models, leveraging large-scale Transformer net-
works, enable multi-modal tasks such as scene classification,
object detection, land-use classification, change detection,
and video object tracking [35]. They integrate visual and
language data for more efficient interpretation and decision-
making, offering substantial improvements in accuracy, effi-
ciency, and adaptability to complex Remote Sensing tasks
[36]. While the vast volume of remote sensing data presents
storage and access challenges, foundation models (FMs)
contribute by optimizing data indexing, retrieval, and auto-
mated processing. However, integrating FMs with advanced
data compression and management strategies remains essen-
tial for efficiently handling the extensive datasets produced
by Earth observation satellites [37].

In the multi-sensor image comprehension domain, Earth-
GPT, a multimodal LLM, has been developed to enhance
remote sensing image understanding. By combining vari-
ous sensor data, EarthGPT employs a cross-modal mutual
comprehension approach to integrate visual perception
and language understanding effectively. The model dem-
onstrates significant advancements across multiple remote
sensing tasks. For instance, in scene classification on the
NWPU-RESISC45 dataset, EarthGPT outperformed state-
of-the-art specialist models such as CSDS and T-CNN, with
accuracy improvement of 0.25% and 0.79%, respectively.
In zero-shot classification, EarthGPT achieved notable Top
1 accuracy improvements on the CLRS dataset (25.61%)
and the NaSC-TG2 dataset (38.63%) compared to compet-
ing multimodal LLMs like Qwen-VL-Chat and Sphinx.
Furthermore, in image captioning on the NWPU-Caption
dataset, EarthGPT demonstrated significant improvements
across all evaluation metrics, with gains of 17.7% (BLEU4),
10.5% (METEOR), and 66.2% (CIDEr-D), underscoring its
robust captioning capabilities. In visual question answer-
ing (VQA), EarthGPT surpassed state-of-the-art models by
11.09% (CRSVQA) and achieved an average accuracy of
72.06% in zero-shot VQA, with improvements of 25.60%
over models like MiniGPTV2. For visual grounding tasks,
EarthGPT enhanced precision and intersection-over-union
(IoU) metrics, with increases of 3.13% (cloU) and 1.30%
(mlIoU) compared to other specialist models. These results
highlight EarthGPT’s superior ability to handle diverse
remote sensing tasks, bridging the domain gap between nat-
ural and remote sensing imagery while setting a new bench-
mark for multimodal image under-standing in the remote
sensing domain [38].

ChatGPT has also been integrated with remote sensing
models to support a range of interpretation tasks. In this sys-
tem, users can submit remote sensing images with queries,
and the model generates responses based on task-specific
planning and execution. The correctness of task planning
was evaluated across multiple models, including GPT-3.5-
turbo, GPT-4, and GPT-3. Among these, GPT-4 achieved the
highest correctness (97.2%), particularly excelling in scene
classification, land use classification, and object detection.
This significantly outperformed GPT-3.5-turbo (95.4%) and
GPT-3 (89.7%), demonstrating GPT-4’s superior ability to
align remote sensing queries with task-specific plans. These
results highlight how LLMs can simplify and enhance
remote sensing analysis by providing highly accurate task
planning, thereby improving automation and accessibility
for diverse users [39].

Another notable development is Tree-GPT [40], a modu-
lar LLM expert system designed for forest remote sensing
image understanding. By incorporating domain knowledge
bases and toolchains, Tree-GPT enhances LLM capabilities
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to analyze forestry data and generate code for calculating
tree structural parameters from remote sensing images.
Experimental results using high-resolution data from Shen-
zhen, China (2018), including RGB orthoimages (0.025 m
resolution) and LiDAR data (100 points/m?), demonstrate
that Tree-GPT achieves segmentation accuracy comparable
to manual annotations, with the segment anything model
(SAM) often outperforming manual methods in tree seg-
mentation tasks. To refine segmentation, Tree-GPT employs
a bipartite graph matching algorithm using RetinaNet (target
detection) and ResNet50 (backbone network) with Deep-
Forest pre-trained weights. Beyond segmentation, Tree-
GPT excels in data visualization and interactive analysis,
enabling tasks such as retrieving specific tree parameters
(e.g., tallest tree), generating scatter plots, visualizing tree
growth diagrams, and creating box plots grouped by height
categories. For statistical learning, Tree-GPT estimates
Gaussian distribution parameters with RMSE as a confi-
dence measure, supporting more precise ecological model-
ing. Its domain knowledge base, structured into 4,000-token

blocks and indexed using Facebook AI similarity search
(FAISS) algorithm, ensures efficient information retrieval.
Moreover, the integration of foundation models (FMs) and
multimodal large language models (LLMs) is transforming
remote sensing by enhancing automation, accuracy, and
multimodal analysis. SAM and CLIP enable precise seg-
mentation and alignment of visual and textual data, while
ChatGPT and EarthGPT excel in diverse tasks like scene
classification, object detection, and image captioning, often
surpassing state-of-the-art models.

Collectively, these advancements underscore the trans-
formative role of LLMs and FMs in remote sensing, driving
efficiency and innovation across applications. Addition-
ally, the comprehensive Table 1 provided in this section
underscores the versatility of LLMs across a wide range of
remote sensing and geomatics domains, showcasing their
impact on geospatial data analysis, environmental and
urban planning and remote sensing tasks. However, these
advancements are accompanied by significant challenges,
including issues related to data quality, scalability, and

Table 1 Application of LLMs in geomatics

Domain Application Technique used Key feature Citation
Geospa- Geospatial data (data GeoAgent (RAG, MCTS, Uses MCTS and RAG for complex data processing, establish- [18]
tial data acquisition, analysis, code interpreter) ing benchmarks for LLMs in geospatial analysis
analysis and  visualization)
management  Geospatial analysis ChatGeoAl (Llama 2 with  Convert natural language queries into PyQGIS code, enhanc-  [19]
via natural language PyQGIS) ing accuracy through geospatial ontologies
interface
Development of autono- LLM-Geo (GPT-4) Self-generating, organizing, verifying, executing, and growing [20]
mous GIS systems spatial data for GIS tasks, automating map creation
Handling GIS tasks and ~ GPT-4, ChatGPT Code Evaluates the effectiveness of ChatGPT for autonomous GIS ~ [22]
data Interpreter analysis
Environmen- Flood risk perception Flood knowledge con- Combines LLM with GIS to deliver accurate flood risk infor-  [26]
tal and urban strained LLM integrated ~ mation via natural language
planning with GIS
applications  Smart city optimization ~ LLMs, NLP, Deep Learn-  The integration of emerging technologies to enhance ICT [27]
ing, Federated Learning processes, address data confidentiality challenges, and drive
(FL), IoT, Blockchain innovation in sustainable smart cities
Urban planning tasks, PlanGPT (custom LLM) Uses fine-tuned LLMs for text generation and document evalu- [13]
planning evaluation ation in urban planning
Crop disease detection MobileNetV2, ResNet50,  Utilizes UAV imagery combined with CNN-based techniques  [28]
and farmer guidance LLMs to detect diseases and pests in crops
Monitoring water pollu-  YOLOVS, ChatGPT API ~ Combines YOLOvS5 and ChatGPT for pollutant identification  [12]
tion via image analysis and contextual alerting
Remote Remote sensing ChatGPT, Visual Models ~ Uses ChatGPT to connect various Al-based remote sensing [39]
sensing interpretation models to solve complex interpretation tasks
applications  Multi-sensor image com- EarthGPT (Multimodal Integrates multi-sensor data and employs a cross-modal [38]
prehension in RS LLM) mutual comprehension approach for remote sensing tasks
High-resolution remote ~ (GeoPixel) Pixel-ground-  First end-to-end RS-LMM with pixel-level grounding for4 K = [41]
sensing analysis ing Multimodal LLM imagery; dynamic image partitioning; GeoPixelD dataset
Unified remote sensing ~ SkyEyeGPT (LLM with Handles open-ended RS vision-language tasks including image [42]
vision-language tasks RS instruction tuning) captioning, VQA, visual grounding, and UAV video caption-
ing with superior performance compared to GPT-4 V
Forest remote sensing Tree-GPT (LLM Expert Combines LLMs with image understanding modules to ana- [40]
analysis System) lyze forestry data and generate code for analysis
Visual image analysis Visual ChatGPT Combines ChatGPT’s capabilities with visual computation for [36]

for RS

remote sensing image analysis and description
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computational demands, which necessitate further explora-
tion and innovation.

To address these challenges, several promising directions
have emerged. Data quality issues can be mitigated through
domain-adaptive pretraining, self-supervised learning, and
synthetic data generation, which reduce dependence on
large-scale manual annotations. Weakly supervised and
noise-robust learning strategies also help improve gener-
alization across heterogeneous remote sensing datasets.
Scalability constraints can be alleviated using hierarchical
modeling, patch-based processing, and distributed infer-
ence frameworks that enable efficient handling of large
satellite and UAV image archives. Furthermore, computa-
tional demands can be reduced through model compression,
knowledge distillation, and parameter-efficient fine-tuning
techniques, making deployment more feasible on resource-
constrained platforms [44].

4 Discussion

A paradigm shift in the analysis, interpretation, and man-
agement of geospatial data is marked by the incorporation
of LLMs. They have greatly enhanced geospatial data pro-
cessing via the integration of different kinds of data. Unlike
conventional GIS tools that rely on manually curated data-
sets, models such as GeoAgent and LLM-Geo intro-duce
automation, reducing the complexity of geospatial task
execution. GeoAgent, for example, improves spatial data
processing by integrating Monte Carlo tree search (MCTS)
for decision optimization, making it more efficient than
rule-based geospatial processing techniques. Similarly,
LLM-Geo automates GIS tasks such as map generation and
decision-making, which traditionally required extensive
human intervention. Beyond automation, LLMs enhance
geospatial interpretation and reasoning. Models like Earth-
GPT and RemoteCLIP demonstrate superior scene clas-
sification, image captioning, and retrieval capabilities by
leveraging multimodal learning. These improvements indi-
cate that LLMs are not merely aiding geospatial workflows
but redefining the way geospatial data is analyzed.

Despite these advantages, LLM performance varies sig-
nificantly depending on the application. While Tree-GPT
achieves segmentation accuracy comparable to manual and
notations, it still requires iterative refinement for optimal
results. Additionally, models like SAM, though powerful
in zero-shot segmentation, struggle with certain remote
sensing tasks such as raft mariculture detection, necessi-
tating manual adjustments. This suggests that while LLMs
and vision-language models provide substantial efficiency
gains, they have not fully replaced traditional remote sens-
ing workflows.

Advancements in natural language processing, pow-
ered by state-of-the-art models like GPT-40 and Gemini
2.5, are enhancing access to geospatial tools by enabling
interaction with datasets through natural language que-
ries. These improvements lower the entry barrier for non-
experts, expanding the user base and fostering innovation.
Such capabilities align closely with the paper’s objectives of
improving geospatial data integration and advancing deci-
sion-making processes through LLM-driven methodologies.

This review sets out to achieve three pivotal objectives to
provide a comprehensive exploration of LLM capabilities
in harmonizing diverse data formats structured geo-spatial
data, such as satellite imagery, and unstructured sources,
like textual survey responses or sensor data. Such integra-
tion addresses a long-standing gap in geomatics by enabling
seamless synthesis of disparate data types for a unified anal-
ysis. By highlighting targeted strategies, such as fine-tuning
and instruction tuning, it lays a pathway for overcoming
these impediments, ensuring the scalable application of
LLMs in tasks like urban planning and environmental moni-
toring. And the ability of LLMs to process natural language
queries, as demonstrated in ChatGeoAl, reduces reliance on
domain expertise, enabling non-specialists to interact with
geospatial datasets, a crucial step toward democratizing
geospatial analysis. This synergy not only enriches the inter-
pretative depth of geospatial datasets but also streamlines
automation of traditionally labor-intensive processes, thus
broadening the scope of applications from disaster response
to resource optimization. However, implementing LLMs
for geospatial tasks involves overcoming significant chal-
lenges. These challenges begin with data limitations, such
as the lack of diverse, domain-specific datasets and issues
like sparsity, heterogeneity, and outdated information. Fur-
ther, model adaptability is a critical barrier, as LLMs often
struggle to adjust to geospatial tasks without losing general
capabilities. Moreover, computational requirements and
ethical considerations demand careful attention to ensure
responsible and equitable use of LLMs in geospatial analy-
sis. Further explores these intertwined challenges in detail,
offering insights into potential solutions.

4.1 Data limitations

One of the key challenges in applying LLMs to geospatial
tasks is the limitation of data in diverse and dynamic geo-
spatial environments. The effective use of LLMs for geo-
spatial analysis depends heavily on the quality and quantity
of training data. Figure 7 illustrates the key challenges in
data limitations that affect the implementation of LLMs. It
starts with the lack of domain-specific data, which limits the
availability and diversity of relevant datasets. This leads to
further challenges such as data sparsity, heterogeneity, and
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Fig.7 Challenges in data limitations for LLMs

<> :
= Q:@
@ & ;
INSUFFICIENT DOMAIN OUTDATED DATA DATA HETEROGENEITY

outdated data, all of which hinder the model’s ability to gen-
eralize effectively.

As LLMs scale, the available stock of public human text
data is expected to reach its limit by 2028-2032. Beyond
this, training LLMs on additional data could be unsustain-
able without new approaches such as synthetic data genera-
tion, transfer learning, or improving data efficiency. Further
work should focus on creating large-scale, domain-specific
geospatial benchmarks, leveraging synthetic data genera-
tion, self-supervised learning, and multimodal data fusion
(e.g., text, imagery, GIS layers).

4.2 Model adaptability

The adaptability of LLMs to new domains and tasks is a
critical challenge, referring to a model’s ability to adjust and
perform effectively across different tasks, domains, or envi-
ronments without requiring extensive retraining.

LLMs rely heavily on next-token prediction, making it
difficult to generate con-text-aware and accurate responses,
especially in specialized domains. Fine-tuning often pro-
duces generic outputs, sacrificing depth and relevance to
avoid inappropriate content [43]. One critical issue is the
limited influence developers have over LLM functionalities,
particularly as models scale. The emergent nature of capabil-
ities in LLMs makes it difficult for developers to anticipate
or control all aspects of their behavior. For instance, while
GPT-4 demonstrated many desired abilities envisioned by
its creators, it also exhibited undesirable behaviors, such as
generating instructions for harmful activities, necessitating
extensive post-deployment mitigation efforts. This shows
the inherent unpredictability in adapting models for diverse,
real-world applications. Moreover, LLM adaptability is
further challenged by their susceptibility to hallucinations
[44], where models generate false yet plausible outputs.
Although larger models tend to improve factual accuracy,
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failure modes persist, especially in cases where simplistic
mitigation strategies fail silently, leading to false confidence
in the model’s reliability. Effective adaptation to different
domains and tasks requires innovative strategies that lever-
age LLMs’ inherent capabilities while minimizing undesir-
able outputs. The unpredictability of how users may elicit
novel and unforeseen behaviors from LLMs compounds
these challenges. Future research should focus on improv-
ing the adaptability of LLMs through parameter-efficient
fine-tuning methods, retrieval-augmented generation, and
tool-integrated systems that enable interaction with geospa-
tial databases and GIS platforms.

4.3 Computational requirements

The development and deployment of LLMs face signifi-
cant computational challenges, particularly related to their
reliance on GPUs, CPUs, and other specialized hardware.
These issues hinder scalability, accessibility, and efficiency
in both training and inference processes. Specifically, these
challenges include:

Hardware dependency: Training LLMs like GPT ver-
sions require high-performance GPUs or TPUs capable of
processing massive amounts of data and executing complex
computations [44]. However, such hardware is expensive,
often costing thousands of dollars per unit, limiting acces-
sibility for smaller organizations. While CPUs are more
common and cost-effective, their processing capabilities fall
short for LLM workloads, particularly for tasks requiring
real-time responses or parallel processing of large datasets.

High memory demand: Training LLMs demands substan-
tial memory resources, with requirements escalating from
gigabytes to terabytes as model parameters increase from
millions to trillions. Such demands often require clusters of
GPUs, driving up costs and complicated setups. Inference,
though less resource-intensive, still demands substantial
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memory, especially for handling large batch sizes or com-
plex prompts [2].

Energy inefficiency: The extensive use of power-inten-
sive hardware results in significant energy consumption.
Training large models on GPU clusters consumes terawatt-
hours of electricity, contributing to environmental con-
cerns. Millions of dollars are spent on computing hours and
energy usage for pre-training LLMs, which results in sig-
nificant financial and environmental expenses. These mod-
els, known as Red Al, use enormous amounts of computing
power to attain cutting-edge performance [45].

Scalability and deployment challenges: Scaling LLMs
across distributed GPU/TPU clusters is non-trivial due to
limitations in interconnect speeds, resource allocation, and
load balancing. Real-time deployment in edge environ-
ments is nearly impossible due to the reliance on cloud-
based GPU servers, increasing latency and operational costs
[46]. Highlights scalability challenges for LLMs, including
limited context windows, resource-intensive training, and
the complexities of managing vast datasets.

Efforts to mitigate these challenges associated with LLMs
focus on improving efficiency, scalability, and accessibility.
Model compression techniques such as pruning, quantiza-
tion, and distillation aim to reduce model size, allowing
deployment on less powerful GPUs or CPUs. Simultane-
ously, hardware innovations, including the development of
Al-specific chips like NVIDIA’s H100 GPUs and Google’s
TPUs, are designed to optimize computational workloads
for LLMs. Distributed training optimization seeks to
enhance parallel processing and inter-GPU communication
algorithms, reducing overhead and increasing training effi-
ciency. Additionally, cloud-based solutions provide scalable
GPU resources to organizations lacking access to advanced
hardware, though they come with cost and privacy concerns.

In the context of geomatics, these computational chal-
lenges are further amplified by the nature of geospatial data.
Applications often involve high-resolution satellite imag-
ery, LIDAR point clouds, hyperspectral data, and long spa-
tiotemporal sequences, all of which significantly increase
memory usage and processing time compared to text-only
tasks. Moreover, real-time or near-real-time applications,
such as disaster response, traffic monitoring, and environ-
mental surveillance, impose strict latency constraints that
are difficult to meet with large LLM-based systems.

Ultimately, addressing these challenges requires a com-
bination of advances in model architecture and hardware
design, ensuring that LLMs are more efficient, cost-effec-
tive, and widely accessible.

4.4 Ethical considerations

Geospatial data, especially when tied to individual location
histories, property details, or sensor measurements, inher-
ently raises concerns about privacy, data protection, and ano-
nymity. These issues become more critical as geo-data often
contains sensitive information that could be misused if not
managed responsibly. However, LLMs introduce additional
complexities. Therefore, integrating LLMs into geomatics
requires robust ethical frameworks focused on informed
consent, transparency, and responsible data management.
The potential for LLMs to disseminate misinformation in
social, and personal domains, such as influencing elec-
tions or facilitating scams [47]. Moreover, the "black box"
nature of LLMs, referred to lack of transparency, compli-
cates accountability and makes it challenging to understand
or rectify their outputs [48]. Economically, the automation
capabilities of LLMs threaten job displacement in sectors
like customer service and content creation, necessitating
workforce retraining. In educational contexts, reliance on
LLMs can lead to human skill degradation, as students may
depend on Al-generated content, thereby undermining criti-
cal thinking and learning processes [49].

Looking forward, the trends in LLM research suggest
several promising avenues for geomatics like the integra-
tion of LLMs with domain-specific models. For instance,
integrating remote sensing-specific language models trained
on datasets from NASA, ESA, and open-source GIS plat-
forms could enhance LLM comprehension of spatial rela-
tionships and geospatial semantics. One of the limitations
in the current research landscape is the lack of standard-
ized evaluation metrics for geospatial LLMs. While NLP
models benefit from widely recognized benchmarks such as
MMLU, Truth-fulQA, and SuperGLUE, geospatial models
lack a comprehensive framework for comparing perfor-
mance across different applications. Establishing standard-
ized benchmarks for tasks such as land-use classification,
remote sensing object detection, and geospatial reasoning
will enable more meaningful comparisons and guide future
model improvements. The establishment of transparent,
unbiased, and privacy-preserving frameworks is essential
for the responsible use of LLMs in geomatics. As LLMs
continue to redefine geospatial analysis, it is imperative
for geomatics professionals to stay abreast of these devel-
opments. In addition, future research must also focus on
reducing hallucinations in geospatial LLMs, which remain a
major barrier to reliability and real-world deployment. This
can be achieved through the development of high-quality,
domain-specific training datasets, improved grounding
mechanisms, and multimodal supervision using authorita-
tive geospatial sources.
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Understanding the capabilities and limitations of these
tools will be crucial for leveraging their potential effec-
tively. Collaboration across Al, geomatics, and other sci-
entific disciplines will foster innovation, enabling LLMs to
tackle increasingly complex geospatial challenges.

5 Conclusion

This review has comprehensively explored the integra-
tion of LLMs with geospatial technologies, demonstrating
how these approaches extend beyond language processing
to enhance geospatial data integration, interpretation, and
automation. Applications span remote sensing analytics,
GIS task automation, urban and environmental planning,
and intelligent geospatial assistants, with recent advances
such as GeoAgent, Tree-GPT, RemoteCLIP, and GeoPixel
illustrating the accelerating convergence of language, vision,
and spatial intelligence. At the same time, critical challenges
remain. The field requires domain-specific multimodal data-
sets, standardized evaluation frameworks, and interpretable
models that can support reliable decision-making in high-
stakes geospatial contexts. Addressing these limitations will
be essential to ensure both technical robustness and ethical
responsibility. However, LLMs hold immense promises in
driving sustainable development and environmental moni-
toring in the Al-driven era.
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