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Abstract: The integration of Geospatial Intelligence (GEOINT) with Autonomous Mobility Systems (AMS)
is revolutionizing the way machines perceive, navigate, and interact with physical environments. This review
explores recent advancements in applying artificial intelligence (Al) models - such as convolutional neural
networks (CNNs), graph neural networks (GNNSs), and transformers - to geospatial data for enabling autonomy
in vehicles, drones, and intelligent transport systems. We present a theoretical framework, experimental results,
comparative model evaluations, and key findings from over a decade of research. Challenges including real -
time data fusion, generalization, explainability, and privacy preservation are discussed. The review concludes
by outlining future directions such as federated learning, edge Al, 4D spatial modeling, and sustainable
mobility planning. As cities become smarter and autonomous platforms more widespread, the convergence of
GEOINT and Al will be critical to achieving reliable, context-aware, and environmentally conscious mobility
solutions.

Index Terms - Geospatial Intelligence (GEOINT); Autonomous Mobility Systems (AMS); Deep Learning;
Smart Cities; Edge Al; Federated Learning; 4D Spatial Modeling; Trajectory Prediction; Sensor Fusion;
Explainable Al.

Introduction

The rapid evolution of artificial intelligence (Al), robotics, and spatial data analytics has revolutionized
numerous fields over the past two decades, with one of the most transformative applications emerging at the
intersection of geospatial intelligence (GEOINT) and autonomous mobility systems (AMS). Geospatial
intelligence - defined as the exploitation and analysis of imagery and geospatial information to describe, assess,
and visually depict physical features and geographically referenced activities on Earth - has historically been
rooted in defense and surveillance operations. However, the exponential growth in satellite imaging, high-
resolution remote sensing, and real-time geographic data integration has extended its utility far beyond
traditional security paradigms [1]. In particular, autonomous mobility systems, including self-driving vehicles,
unmanned aerial vehicles (UAVSs), and intelligent urban transport systems, now heavily rely on GEOINT to
operate safely, efficiently, and with context-aware precision.

This fusion of GEOINT with AMS is especially relevant today as cities become smarter, transportation systems
become more autonomous, and the demands for real-time, situationally aware navigation systems grow
increasingly complex. According to a 2023 report by the International Transport Forum, autonomous vehicles
(AVs) are expected to account for up to 40% of new car sales in developed economies by 2035, contingent on
the advancement of reliable environmental perception systems powered by geospatial data and Al [2].
Additionally, as climate change, urbanization, and population growth continue to intensify, the need for
sustainable, intelligent, and resilient transport systems becomes more urgent. Geospatial intelligence, in this
context, is not merely a supporting technology but a central pillar for decision-making in real-time navigation,

obstacle avoidance, route optimization, and risk assessment [3].
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The importance of this field extends into broader domains such as smart city planning, disaster response, and
renewable energy infrastructure, positioning geospatial Al at the confluence of global technological and
environmental trends. For instance, intelligent traffic management in urban environments is increasingly using
dynamic geospatial data fused with machine learning to reduce congestion and emissions [4]. Similarly, last-
mile delivery drones and autonomous agricultural machinery are leveraging GEOINT for precision
localization, increasing both productivity and environmental efficiency [5].

Despite these promising advancements, several challenges hinder the seamless integration of geospatial
intelligence into autonomous mobility platforms. Among the key limitations is the inconsistency in spatial data
quality and availability across different regions, which introduces vulnerabilities in AMS performance and
decision-making [6]. Furthermore, the fusion of heterogeneous data sources - ranging from satellite imagery
to LIDAR and GPS - demands complex machine learning pipelines and advanced sensor fusion frameworks,
many of which are still in experimental stages. Other persistent gaps include real-time data processing
limitations, ethical concerns about surveillance and data privacy, and the lack of standardized benchmarking
metrics to evaluate the performance of GEOINT-powered AMS across diverse operating environments [7].

This review seeks to explore the current landscape and future trajectory of geospatial intelligence as it applies
to autonomous mobility systems. Specifically, it aims to: (1) provide a comprehensive survey of the Al
methodologies and geospatial data technologies used in AMS over the past decade; (2) assess how these
technologies are being integrated to support real-time decision-making in mobility contexts; (3) identify
technical and ethical challenges impeding their adoption; and (4) suggest future research directions and
technological innovations that could drive more effective implementation. By synthesizing current knowledge
and identifying gaps, this article intends to offer both researchers and practitioners a structured overview of
this evolving interdisciplinary field.

Table 1: Summary of Key Research on GEOINT in Autonomous Mobility Systems

Year Title Focus Findings (Key
results and
conclusions)

2015 A Survey of Sensor | Explored sensor | Found that multi-

Fusion Techniques in | fusion techniques, | sensor fusion
Autonomous Vehicles | particularly for | improves reliability
[8] integrating GPS, [and  accuracy in
LIiDAR, and cameras | localization;
in AVs. emphasized Kalman
filters and Bayesian
frameworks for
optimal data
integration.
2016 Geospatial Big Data | Reviewed data | Highlighted the need
Handling Theory and | handling methods for | for scalable
Methods: A Review | massive  geospatial | frameworks and
and Research | datasets. parallel computing for
Challenges [9] efficient data
management in AMS.
Stressed challenges of
spatial heterogeneity.
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2017 Deep Learning for | Focused on DL | Concluded that
Vision-Based approaches for | convolutional neural
Autonomous geospatial image | networks (CNNs)
Vehicles: A Survey | analysis in | outperform traditional
[10] autonomous vehicles. | models in  object
recognition and
mapping. Pointed out
data labeling as a
major bottleneck.
2018 Spatial Al: The Next | Introduced the | Argued that the
Frontier of Geospatial | concept of Spatial Al | integration of edge
Intelligence [11] combining geospatial | computing with
analytics with real- | geospatial Al can
time perception. support dynamic
decision-making in
AVsand UAVs.
2019 Real-Time Urban | Applied deep learning | Demonstrated that
Traffic Prediction | to real-time traffic | hybrid LSTM-CNN
with Deep Spatio- | forecasting using | models improve
Temporal Neural | geospatial data. prediction accuracy of
Networks [12] urban mobility flows;
recommended
integration with AV
routing systems.
2020 Towards Explainable | Investigated the | Proposed frameworks
Al in  Geospatial | interpretability of Al | to enhance
Intelligence [13] systems used in | transparency in deep
GEOINT models ~.used for
applications. geospatial perception
in AVs; emphasized
trust and
accountability.
2020 A Review of Satellite | Evaluated image | Found deep
Image Analysis | processing techniques | segmentation models
Techniques for Road | for extracting road | (e.g., U-Net)
Detection in | networks from | outperform classical
Autonomous satellite imagery. methods; emphasized
Navigation [14] the importance of
cloud-free, high-
resolution imagery.
2021 High-Definition Discussed the role of | Identified a gap in
Mapping for | HD maps in | global scalability and
Autonomous autonomous update frequency of
Vehicles: Challenges | navigation systems. HD maps; suggested
and Opportunities Al-driven automation
[15]
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for real-time map
updates.
2022 Geospatial Data | Reviewed DL-based | Highlighted improved
Fusion in  Smart | data fusion techniques | traffic control and
Transportation in intelligent | accident  prediction
Systems: A Deep | transport. when spatial-temporal
Learning Perspective features are jointly
[16] modeled;  proposed
real-time integration
frameworks.
2023 Federated Learning | Applied federated | Demonstrated
for Privacy- | learning to enhance | significant  privacy
Preserving Geospatial | privacy in AMS using | gains while
Al in Autonomous | geospatial data. maintaining accuracy
Systems [17] in spatial models;
flagged model drift as
a future challenge.

These studies collectively illustrate the technological evolution in GEOINT and its integration with Al-driven
mobility platforms. From the development of advanced sensor fusion algorithms [8], to real-time urban
analytics [12], and the emergence of privacy-preserving Al models [17], the research trajectory reveals
increasing complexity and application scope.

Proposed Theoretical Model and Block Diagrams for Integrating Geospatial Intelligence into Autonomous
Mobility Systems

The integration of geospatial intelligence (GEOINT) into autonomous mobility systems (AMS) hinges on
several core pillars: spatial data acquisition, pre-processing, sensor fusion, deep learning-based analytics,
decision-making, and actuation. Modern AMS requires not just perception of their surroundings, but context-
aware reasoning using high-resolution geographic and spatial data [18]. This model proposes a holistic
architecture to unify GEOINT with Al-powered decision layers in real-time navigation, urban driving, drone
operations, and smart transport.
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Block Diagram: General GEOINT-AMS Integration Architecture

Below is a simplified block diagram showing the multi-stage interaction between geospatial data and Al-
based decision engines in AMS:

Figure 1: GEOINT-AMS Integration Architecture
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Proposed Theoretical Framework

We now propose a Theoretical Model for GEOINT-AI Integration in autonomous systems based on insights
from spatial computing, Al model pipelines, and real-time control theory. This model has five interconnected
layers:

Layer 1: Data Acquisition & GEOINT Sources

Fig. 1. Collect spatial data from heterogeneous sources including:
High-resolution satellite imagery (e.g., WorldView, Sentinel)
Global Positioning System (GPS)
Onboard sensors: LIDAR, IMUs, RGB cameras
Geographic Information Systems (GIS) databases
Fig. 2. Geospatial intelligence is gathered through structured APIs, drone imagery, or city databases
[19].

Layer 2: Multi-Sensor Data Fusion and Pre-Processing

A Kalman Filter or Extended Kalman Filter (EKF) is applied to merge sensor data [20].
Point clouds from LIDAR and imagery from RGB cameras are normalized to remove noise and adjust
illumination discrepancies.

e Georeferencing and coordinate transformation are applied to harmonize data into a consistent spatial
format [21].

Layer 3: Deep Learning Models for Geospatial Interpretation

e Models like Convolutional Neural Networks (CNNs) and Recurrent Neural Networks (RNNSs) are
used for:

o Object recognition
o Lane detection
o Terrain classification from satellite data
e Transformer-based models and Vision-Language Models (e.g., BLIP) are emerging to process
spatial semantics from imagery and text data simultaneously [22].

Layer 4: Spatio-Temporal Reasoning Engine

[1] Applies LSTM, GNN, and Bayesian prediction to forecast movement trajectories, congestion, and
possible collisions.

[2] Incorporates real-time traffic data, weather, and road closures into predictive routing.

[3] Uses spatial Al to analyze patterns in mobility behaviors and make contextually intelligent decisions
[23].

Layer 5: Decision-Making and Actuation

TABLE I.  The Decision Engine uses Model Predictive Control (MPC) and Simultaneous Localization
and Mapping (SLAM) techniques.

TABLE II. Based on output, actuation commands (steering, speed, drone pathing) are executed.

TABLE III. Fail-safes and redundancies are designed using Reinforcement Learning (RL) algorithms to
handle unexpected geospatial anomalies like construction zones or debris [24].
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4. Extended Block Diagram: Al-Driven Geospatial Reasoning Model

Figure 2: Al-Driven GEOINT Model for AMS
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Discussion and Relevance

This architecture reflects a transition from static mapping systems to dynamic, real-time, intelligent
geospatial environments capable of self-updating and learning. Such systems are essential for next-generation
urban mobility infrastructure, UAV logistics, and even autonomous maritime systems [25].

Further, this model lays the groundwork for ethical Al practices, as modularity allows for transparency,
data lineage tracking, and secure federated learning - especially vital in regions with strict data privacy
laws [26].

This layered model reflects the research progression from foundational sensor fusion [18], to big-data handling
[19], to deep spatial Al models [22], and finally to real-time inference and control systems [25]. Each layer
solves a critical bottleneck in the GEOINT-AMS pipeline, forming a robust framework for academic and
industrial exploration.

Experimental Results

This section presents experimental evidence from recent studies analyzing the performance of Al models
applied to geospatial data in autonomous mobility systems. The objective is to benchmark accuracy, latency,
robustness, and scalability of various approaches across representative GEOINT-AMS tasks such as object
detection, path planning, semantic segmentation, and trajectory prediction.

The analysis includes performance evaluations of five major Al models on geospatial tasks:

t CNNs (e.g., ResNet, U-Net) — for object detection and road segmentation.

2 LSTMs and GRUs — for trajectory and time-series spatial prediction.

s Graph Neural Networks (GNNSs) — for spatio-temporal relationship modeling.
+ Transformers — for semantic reasoning in geospatial imagery.

s Reinforcement Learning (RL) — for adaptive path planning and control.

All experiments were conducted using datasets such as:

I.  Cityscapes Dataset (urban street scenes)

Il. DeepGlobe Satellite Road Extraction Dataset
[ll.  nuScenes (multi-sensor autonomous vehicle data)
IV. Argoverse (3D tracking and forecasting)

V. OpenStreetMap-based HD maps
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Experimental Results: Quantitative Analysis

Table 2: Performance Comparison of Al Models for Geospatial Tasks in AMS

Model Task Dataset Accuracy | Inference | Robustnes | Reference
Type Used (loU or | Time (ms) |s Score
RMSE) (%)
U-Net Road DeepGlobe | 0.78 loU 45 ms 91.2 [27]
(CNN) Segmentati
on
ResNet + | Object Cityscapes | 0.83 mAP | 60 ms 89.7 [28]
FPN Detection
(AV)
LSTM Trajectory | Argoverse |2.03 m | 89 ms 76.4 [29]
Prediction RMSE
GAT Traffic METR-LA |1.91 RMSE | 112 ms 83.5 [30]
(GNN) Prediction
VIiT Semantic Sentinel-2 | 0.81 loU 78 ms 85.0 [31]
(Transform | Geo-Image
er) Classificati
on
DQON (RL) [ Path Sim- 0.92 102 ms 88.2 [32]
Planning in | GeoDroneS | Success
UAV im Rate
Navigation

Case Study Results

Case Study 1: Urban Object Detection with Deep CNN

A study by Wang et al. (2021) trained ResNet+FPN models on the Cityscapes dataset to detect urban features

(vehicles, pedestrians, signage). Results indicated:

[1] mAP of 83% on test scenes.

[2] Improved detection in low-light and occluded environments using geospatial attention modules.

[3] Inference time under 60ms enables near real-time AV perception [28].
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Case Study 2: Trajectory Forecasting Using LSTM

In the Argoverse benchmark, LSTM-based models achieved:

I. 2.03m RMSE for 5-second future trajectory prediction.
Il. Better performance in suburban areas compared to dense urban areas due to less chaotic dynamics.
I11.  Lower robustness in unseen scenarios, indicating overfitting to spatial patterns [29].

Case Study 3: GNNs for City-Wide Traffic Estimation

Using the METR-LA dataset, GAT models reached:

e 191 RMSE on average traffic speed predictions.
e Accurate spatio-temporal representation across 207 sensors.

e Greater scalability with increasing data volume, suggesting GNNSs' suitability for smart cities [30].

Discussion

The experiments collectively show that:

« CNN-based models (like U-Net) dominate in geospatial image segmentation due to their spatial
awareness, but may struggle in generalization across varying terrain [27].

% LSTMs and RNNs are still prevalent in short-horizon trajectory prediction but are gradually being
outperformed by GNNSs and transformers in complex spatial reasoning tasks [29], [30].

< GNNs outperform traditional models in mobility network analysis because of their capability to
capture node-edge relationships in road networks [30].

< Transformers have demonstrated superior scalability in processing satellite imagery with large
context windows [31].

« Reinforcement Learning (DQN, PPO) enables adaptive planning in volatile environments (e.g., wind
for UAVSs), but computational cost remains high [32].

Future Trends Based on Experimental Outcomes

I.  Hybrid Models combining CNNs + GNNs are emerging for multi-modal geospatial learning.

[I. More research is needed in cross-domain generalization - many models trained in one city perform
poorly when tested in another.

[ll. The development of lightweight transformer models for real-time geospatial inference is a growing
area of interest [31].

IV. Focus is shifting towards energy-efficient inference, especially for embedded AMS like delivery
drones and micro-mobility units.

IJCRT2512485 | International Journal of Creative Research Thoughts (IJCRT) www.ijcrt.org | €246


http://www.ijcrt.org/

www.ijcrt.org © 2025 IJCRT | Volume 13, Issue 12 December 2025 | ISSN: 2320-2882
Future Directions

Despite major breakthroughs in artificial intelligence (Al) and geospatial technologies, the integration of
geospatial intelligence (GEOINT) into autonomous mobility systems (AMS) still presents untapped potential.
Based on current research, several promising future directions are likely to shape the field in the coming years:

1. Explainable and Ethical GEOINT-AI Systems

As autonomous vehicles and drones increasingly make real-time decisions using complex geospatial data, the
need for transparency and interpretability grows. Current deep learning systems often function as "black
boxes," which poses significant concerns for safety, legal responsibility, and public trust. The future lies in
integrating explainable Al (XAl) tools into AMS pipelines, especially in high-stakes scenarios like urban
driving or military reconnaissance [33].

2. Federated and Decentralized Learning for Geospatial Al

With growing privacy regulations (e.g., GDPR) and security risks in centralized data training, federated
learning will play a crucial role in GEOINT. This technique allows models to be trained across decentralized
edge devices - such as AVs and UAVs - without sharing raw spatial data, preserving privacy while improving
model robustness [34].

3. Real-Time 4D Geospatial Modeling

Traditional geospatial models capture static or 3D views of environments. Future AMS will require 4D
geospatial models that factor in time-based dynamics, such as traffic patterns, pedestrian flow, and weather
changes in real-time. This would enable hyper-contextual navigation and predictive analytics, particularly for
emergency vehicles, logistics, and shared mobility services [35].

4. Edge Al for Autonomous Systems

With the rise of micro-mobility and drone technologies, deploying Al models on resource-constrained devices
at the edge - without reliance on cloud servers - is a necessity. Edge computing combined with spatial Al
could allow real-time geospatial reasoning in areas with limited connectivity or during critical system failures
[36].

5. Integration with Internet of Things (IoT) and Smart Cities

The future of GEOINT in AMS will also be shaped by seamless interoperability with smart city
infrastructure. This includes 10T sensors embedded in roads, traffic signals, and urban assets, all feeding into
a centralized geospatial Al ecosystem. When vehicles can communicate with infrastructure in real -time, traffic
optimization, collision avoidance, and energy-efficient routing become more feasible [37].

6. Climate-Aware Routing and Sustainable Mobility

As climate change alters urban conditions - through flooding, heatwaves, and air quality variations - GEOINT-
driven AMS will need to integrate environmental intelligence. Future Al models should incorporate weather,
emissions, and climate risk data to recommend safe, sustainable travel routes and strategies [38].
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Conclusion

Geospatial intelligence is no longer a niche technology confined to military or topographical analysis - it is
rapidly becoming the core cognitive layer of autonomous mobility systems. From self-driving cars navigating
congested cities to UAVs delivering medical supplies in disaster zones, GEOINT enables machines to
understand, predict, and interact with the world in real time. This review highlighted how Al techniques such
as CNNs, LSTMs, GNNs, and transformers are being fused with satellite data, LIDAR, and GPS to build
perception and reasoning layers for AMS.

However, current systems still face major challenges: lack of data standardization, limited generalization
across geographies, privacy concerns, and computational bottlenecks in real-time inference. The future will
depend on explainable models, federated learning, edge Al, and 4D spatial representations that are both
adaptive and ethical. By addressing these limitations, the synergy of GEOINT and Al can offer resilient,
sustainable, and human-centric mobility systems that not only optimize efficiency but also ensure safety,
inclusivity, and environmental stewardship.
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