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The increasing complexity of autonomous systems necessitates advanced strategies for

real-time perception, decision-making, and predictive control. This study investigates

the integration of spatial intelligence with edge computing and sensor fusion to

enhance the performance, responsiveness, and reliability of autonomous vehicles, drones, and
robotic systems. By processing heterogeneous sensor data locally at the edge, the proposed
framework reduces latency, optimizes predictive modeling, and improves operational
efficiency, particularly in dynamic and unpredictable environments. Quantitative evaluations
using authentic datasets, including KITTI, nuScenes, UAV123, and ROS SLLAM, demonstrate
significant reductions in latency, improvements in object detection accuracy, enhanced
trajectory prediction, and higher task completion rates compared to traditional cloud-based
systems. Bandwidth usage was also substantially reduced, highlighting the framework’s
efficiency in data-intensive applications. The findings indicate that combining edge computing
with sensor fusion and predictive modeling provides a scalable, robust, and adaptive solution
for autonomous systems, enabling safer and more reliable operation across diverse platforms.
This research contributes to the development of next-generation autonomous systems capable
of intelligent, real-time interaction with complex environments.
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Introduction:

The integration of spatial intelligence into edge computing is transforming autonomous
systems by enabling real-time environmental perception, decision-making, and adaptive
control. Spatial intelligence allows machines to understand and reason about spatial
relationships, object positioning, and movement dynamics, which is critical for autonomous
operations in complex and dynamic environments[1]. When combined with edge computing,
which processes data locally near the source, this synergy allows autonomous systems to
operate with minimal latency, reduced reliance on cloud infrastructure, and enhanced
reliability|2].

In autonomous vehicles, for example, spatial intelligence facilitates the creation of local
dynamic maps (LDMs) that continuously update the vehicle’s immediate surroundings using
data from multiple sensors such as LIDAR, cameras, radar, and inertial measurement units
(IMUs). Edge computing processes this data in real time, enabling faster decision-making for
collision avoidance, path planning, and adaptive driving strategies[3]. This integration is
especially critical in environments where milliseconds can determine safety outcomes, such as
urban traffic, unpredictable weather, or obstacle-rich terrains.
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Beyond autonomous vehicles, the combination of spatial intelligence and edge
computing is increasingly applied in robotics, drone navigation, intelligent transportation
systems, and industrial automation. Autonomous drones, for instance, utilize spatial reasoning
to navigate through crowded or GPS-denied environments, while edge-based processing
reduces the latency associated with transmitting sensor data to cloud servers[4]. Similatly,
industrial robots leverage spatial intelligence to coordinate tasks in dynamic factory floors,
enabling precision handling, adaptive movements, and predictive maintenance.

The convergence of spatial intelligence and edge computing also addresses several
operational challenges, including bandwidth constraints, intermittent connectivity, and
computational efficiency. By performing data processing and predictive modeling at the edge,
autonomous systems can operate independently of centralized cloud infrastructure while
maintaining high accuracy in perception and decision-making[5]. Moreover, the integration
supports scalability, resilience, and real-time adaptability, which are essential for future
autonomous applications in smart cities, transportation networks, and unmanned exploration
missions.

This study aims to explore the role of spatial intelligence in enhancing edge computing
frameworks for autonomous systems. Specifically, it investigates the practical applications,
technological benefits, and inherent challenges of this integration, with a focus on improving
real-time responsiveness, predictive modeling, and system reliability. The insights derived are
intended to guide the design and deployment of next-generation autonomous technologies
across various industries.

Objectives:
e To examine the role of spatial intelligence in autonomous systems and its impact on
real-time decision-making.
e To analyze the integration of edge computing with spatial intelligence for improving
data processing and predictive modeling.
e To evaluate the benefits of edge-based spatial intelligence in reducing latency,
bandwidth dependency, and system vulnerability.
e To explore applications of spatial intelligence and edge computing in autonomous
vehicles, drones, robotics, and industrial automation.
e To identify challenges associated with implementing spatial intelligence in edge
computing systems and propose strategies to address them.
Literature Review:

The integration of spatial intelligence with edge computing has become essential in
advancing autonomous systems, enabling them to process spatial data locally and make real-
time decisions. Spatial intelligence allows machines to perceive, interpret, and interact with
their environment by understanding spatial relationships, object positioning, and movement
dynamics, which is crucial for autonomous operations in complex and dynamic
environments[1]. Edge computing complements this capability by bringing computation and
storage closer to the source of data, reducing latency, bandwidth dependency, and enhancing
system reliability[2].

In autonomous vehicles, spatial intelligence is often achieved through the fusion of data
from multiple sensors such as LIDAR, cameras, radar, and inertial measurement units (IMUs).
This fusion enables the creation of Local Dynamic Maps (LDMs) that continuously reflect the
vehicle's surroundings in real-time, allowing adaptive decision-making for collision avoidance,
path planning, and dynamic route optimization[3]. Similarly, autonomous robots rely on spatial
intelligence to perform precise tasks, navigate through dynamic environments, and coordinate
movements relative to surrounding objects and other agents. Such capabilities are critical in
applications ranging from industrial automation to search and rescue operations[4].
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Edge computing enhances these capabilities by processing large volumes of sensor data
locally, which is particularly valuable in latency-sensitive applications. By minimizing the need
to transmit data to centralized cloud servers, autonomous systems can achieve faster response
times and improved operational efficiency. This local processing also supports system
scalability and resilience, as edge nodes can handle increased computational loads and maintain
functionality even in the face of network disruptions[5]. Moreover, edge computing allows
autonomous systems to run machine learning and predictive models on the edge, providing
the ability to anticipate future states and optimize actions in real-time.

The integration of spatial intelligence and edge computing has enabled advancements
in several domains. In autonomous vehicles, the combination allows for detailed, real-time
mapping and decision-making even in unpredictable traffic conditions. In robotics, this
integration supports higher autonomy, precise task execution, and adaptive behavior in
dynamic environments. Furthermore, it enhances system reliability by providing redundancy
and improving decision-making accuracy through real-time sensor fusion[1][4].

Despite these advancements, several challenges remain, including sensor calibration,
data synchronization, computational resource management, and handling noisy or incomplete
spatial data. Autonomous systems must also cope with dynamic and uncertain environments
where rapid changes can affect predictive modeling and decision-making. Future research is
focusing on developing robust algorithms, improving edge device interoperability,
implementing adaptive machine learning models, and leveraging advanced communication
networks such as 5G to enhance the capabilities of edge-enabled spatial intelligence in
autonomous systems|2][3].

In conclusion, the combination of spatial intelligence and edge computing represents a
transformative approach for autonomous systems. It provides the means to perceive, interpret,
and respond to complex environments in real-time, ensuring improved efficiency, reliability,
and safety. As technologies continue to mature, their integration is expected to drive the
development of more capable, adaptable, and intelligent autonomous systems across multiple
applications, including transportation, robotics, and industrial automation.

Methodology:

This study employs a multi-platform methodology integrating autonomous vehicles,
drones, and robotic systems to evaluate the effectiveness of spatial intelligence within edge
computing frameworks. The approach leverages authentic real-world datasets, simulation
environments, and edge processing devices to investigate improvements in real-time decision-
making, predictive modeling, and system responsiveness through sensor fusion.

Data Collection:

Authentic datasets were used to ensure realism and reliability. For autonomous vehicle
analysis, the KITTI Vision Benchmark Suite[6] and nuScenes dataset [7] provided multi-
sensor data including LiDAR, radar, cameras, GPS, and IMUs. For drone applications,
datasets from the UAV123 benchmark[8] and D]JI Flight Recorders were utilized, providing
aerial imagery, GPS, and inertial data to assess navigation, object detection, and collision
avoidance in dynamic environments. Robotic systems leveraged datasets from the Robot
Operating System (ROS) community, including SLAM-based mapping, IMU readings, and
environment interaction logs from real-world industrial and research robots. These datasets
provide ground-truth sensor measurements critical for evaluating spatial intelligence and
predictive modeling.

Edge Computing Framework:

An edge computing architecture was implemented using NVIDIA Jetson Xavier,
NVIDIA Jetson Nano, and Raspberry Pi 4 devices as edge nodes. These nodes processed
sensor data locally, executed predictive models, and generated autonomous control decisions
in real-time. GPU-accelerated computation enabled the deployment of deep learning models
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for object detection, trajectory prediction, and path planning. Distributed edge nodes were
connected in a network to simulate a scalable, real-world deployment, allowing the study of
latency reduction, resource allocation, and task scheduling under variable computational loads.
Sensor Fusion and Data Processing:

Sensor fusion was applied across all platforms to combine heterogeneous data streams.
Kalman Filtering and Extended Kalman Filter (EKF) techniques were used for linear and
nonlinear sensor integration, while deep learning-based fusion methods were applied to multi-
modal data such as LiDAR point clouds with camera imagery and drone aerial views.
Preprocessing steps included temporal synchronization, noise reduction, and coordinate
alignment to ensure high-quality input for predictive modeling. Sensor fusion aimed to
enhance environmental perception, object detection accuracy, and overall system reliability.
Predictive Modeling

Predictive modeling was performed using machine learning and deep learning
techniques suitable for each platform. Convolutional Neural Networks (CNNs) were
employed for object detection, Long Short-Term Memory (LSTM) networks for trajectory
and motion prediction, and reinforcement learning algorithms for adaptive navigation in
dynamic environments. Online learning and incremental model updates allowed real-time
adaptation to new data, ensuring the system could respond effectively to changes in the
environment across vehicles, drones, and robots.

Simulation and Real-World Validation:

Simulations were conducted using CARLA for autonomous vehicles, AirSim for
drones, and Gazebo for robotic systems to provide controlled yet realistic operational
scenarios. Metrics such as decision latency, predictive accuracy, obstacle detection rate, path
optimization, and system reliability were recorded. The simulation results were validated using
authentic datasets to ensure findings reflect real-world conditions, confirming the applicability
of the edge computing and sensor fusion framework across diverse autonomous platforms|9].
Evaluation Metrics:

System performance was evaluated based on latency reduction, decision accuracy,
obstacle detection precision, path planning efficiency, and robustness in dynamic
environments. Comparative analyses were conducted between edge-based and traditional
cloud-based processing to quantify the improvements provided by localized computation.
Data visualization techniques such as heatmaps, 3D trajectory plots, and confusion matrices
were employed to illustrate performance improvements and decision-making reliability.
Ethical Considerations:

All datasets used in this study were publicly available or obtained with permission from
their respective providers. No personal or sensitive information was involved, and the research
adhered to ethical guidelines for data use and publication.

Results:

The evaluation of spatial intelligence integrated with edge computing was conducted
across autonomous vehicles, drones, and robotic systems using authentic datasets and
simulation environments, yielding significant quantitative insights into system performance,
responsiveness, and predictive capabilities. In autonomous vehicle applications, using the
KITTI and nuScenes datasets, the deployment of edge computing drastically reduced the
average decision-making latency from 120 milliseconds observed in cloud-only systems to 45
milliseconds. This represents a 62.5% improvement in response time, which is critical for
collision avoidance and real-time navigation. Object detection accuracy, measured by
comparing predicted versus ground-truth bounding boxes, increased from 88.4% to 94.2%
when sensor fusion of LIDAR, camera, and radar data was applied directly on the edge. These
improvements were particulatly notable in complex urban scenarios with high vehicle density
and dynamic obstacles, demonstrating the edge system’s ability to maintain reliable perception
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under challenging conditions. Trajectory prediction using LSTM networks yielded a mean
absolute error of 0.18 meters over a five-second prediction horizon, compared to 0.32 meters
in cloud-based processing, indicating enhanced predictive capability and safer maneuver
planning. Path planning efficiency also improved significantly; the percentage of successfully
completed routes without human intervention increased from 83% to 91%, highlighting the
real-world applicability of edge-enabled decision-making.

In drone-based applications, utilizing the UAV123 benchmark and DJI Flight Recorder
datasets, the integration of edge computing with spatial intelligence led to substantial
improvements in real-time object tracking and navigation. Object tracking accuracy increased
from 81.7% in conventional setups to 90.5% when edge processing and sensor fusion were
employed. The average control latency decreased from 95 milliseconds to 38 milliseconds,
allowing drones to react quickly to sudden changes in the environment, such as unexpected
obstacles or moving targets. Predictive trajectory modeling for aerial targets achieved a mean
absolute error of 0.21 meters, significantly improving the accuracy of flight path predictions.
Mission completion rates in obstacle-rich simulations increased from 78% to 88%,
demonstrating enhanced operational reliability and robustness in dynamic aerial environments.

Robotic systems, evaluated through ROS SLAM datasets and Gazebo simulations, also
benefited from the edge computing framework. Processing latency for real-time mapping and
navigation decreased from 110 milliseconds in cloud-only systems to 42 milliseconds on edge
devices, supporting rapid decision-making and task execution. Sensor fusion that combined
LiDAR, IMU, and camera data improved localization accuracy from 0.28 meters to 0.12
meters root mean square error, enabling precise positioning and navigation in complex indoor
and outdoor environments. Task completion rates for dynamic tasks, such as object
manipulation and navigation in changing environments, increased from 85% to 93% when
predictive modeling was applied to anticipate potential obstacles and system interactions.
These results confirm the capability of edge-based systems to operate reliably even under
intermittent or unreliable network connectivity, maintaining over 95% decision-making
continuity and demonstrating resilience in real-world scenarios.

Bandwidth optimization was another notable outcome. The integration of sensor
fusion and local edge processing reduced the amount of raw data transmitted to central servers
by approximately 68%, demonstrating the efficiency of edge computing in resource-
constrained scenarios. By processing and filtering sensor data locally, only relevant
information and model updates were transmitted, significantly lowering network load while
maintaining system accuracy and responsiveness. Across all platforms, the combined use of
edge computing, predictive modeling, and sensor fusion substantially enhanced real-time
decision-making, environmental perception, and operational reliability.

The quantitative analysis further highlighted that edge computing enables autonomous
systems to maintain high performance in scenarios with limited or unreliable connectivity, a
limitation commonly observed in cloud-dependent systems. Predictive models running on
edge devices allowed systems to anticipate future states, such as the trajectory of moving
obstacles, optimal navigation paths, and potential system failures, reducing reaction times and
improving overall operational safety. The results indicate that integrating spatial intelligence at
the edge not only enhances computational efficiency and real-time processing but also
significantly improves the ability of autonomous systems to operate safely and effectively in
dynamic and unpredictable environments.

The following table 1 summarizes the quantitative outcomes across autonomous
platforms, providing a clear comparison of cloud-based and edge-enabled systems in terms of
latency, object detection accuracy, predictive modeling error, and task completion rates.
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Table 1. Performance Comparison of Cloud vs. Edge Computing in Autonomous Systems

Platform Latency | Latency | Object Predictive | Task/Mission
(ms) (ms) Detection Modeling | Completion
Cloud Edge Accuracy (%) | MAE (m) | (%)

Autonomous | 120 45 94.2 0.18 91

Vehicles

Drones 95 38 90.5 0.21 88

Robotics 110 42 92.0 0.12 93

These findings demonstrate that edge computing, when combined with spatial
intelligence and sensor fusion, significantly improves the performance of autonomous systems
by reducing latency, enhancing predictive accuracy, optimizing operational paths, and
increasing system robustness. The results validate the feasibility and effectiveness of deploying
edge-enabled autonomous systems in real-world applications, including urban transportation,

aerial monitoring, and industrial robotics.
Latency Comparison: Cloud vs Edge Computing

8 Cloud-based
77 Edge-enabled

120 A

100 A

Latency (ms)

Autonomous Vehicles Drones Robotics
Figure 1. Compares the latency between cloud-based and edge-enabled systems for each

platform.
Object Detection Accuracy Across Platforms
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Figure 2. shows object detection accuracy (%) across autonomous vehicles, drones, and
robotics.
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Figure 3. illustrates predictive modeling error (MAE in meters) for each platform.

Task/Mission Completion Rate Across Platforms
100
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Completion Rate (%)
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Figure 4. displays task or mission completion rates (%) across the three autonomous system
types.
Discussion:

The results of this study demonstrate that integrating spatial intelligence with edge
computing significantly enhances the performance, responsiveness, and reliability of
autonomous systems, including vehicles, drones, and robotic platforms. The reduction in
latency observed across all platforms confirms that processing data locally at the edge
substantially improves real-time decision-making. Autonomous vehicles, for instance,
achieved an average latency reduction from 120 ms to 45 ms, consistent with findings b [10],
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who reported that edge computing in autonomous driving systems can reduce response delays
by more than 50% compared to cloud-based architectures. Similarly, drones and robotic
systems benefited from latency reductions of approximately 60% and 62%, respectively,
indicating that edge deployment effectively addresses one of the critical limitations of
traditional cloud-centric systems.

Object detection accuracy improvements in this study, with edge-enabled sensor fusion
achieving up to 94.2% in autonomous vehicles, 90.5% in drones, and 92% in robotics, align
with previous studies highlighting the benefits of multi-sensor fusion at the edge. For
example,[11] demonstrated that fusing LiDAR and camera data at edge nodes increased
detection precision by 6—-8% over standalone sensors, particularly in complex and dynamic
environments. The results from this study extend these findings by confirming that edge-based
fusion not only improves accuracy but also reduces the computational burden on centralized
servers, enabling more scalable autonomous deployments.

Predictive modeling outcomes further emphasize the benefits of edge computing. The
mean absolute errors for trajectory predictions—0.18 m for vehicles, 0.21 m for drones, and
0.12 m for robotic systems—indicate enhanced forecasting capabilities, which are crucial for
collision avoidance, path planning, and proactive navigation. These results are consistent with
prior work by[12], who reported that running predictive models locally on edge devices
reduced prediction errors and allowed faster adaptation to environmental changes. The
integration of incremental learning and online model updates in this study contributed to lower
prediction errors by continuously refining models as new sensor data was received, supporting
adaptive decision-making in dynamic scenarios.

Task and mission completion rates improved significantly with edge-enabled spatial
intelligence, increasing from 83% to 91% for autonomous vehicles, 78% to 88% for drones,
and 85% to 93% for robotics. This demonstrates not only improved accuracy and
responsiveness but also enhanced operational reliability in real-world or simulation-based
scenarios. Comparable studies, such as those by[13], have indicated that edge computing
enhances system robustness in the presence of intermittent connectivity, which is critical for
autonomous systems operating in urban canyons, remote areas, or industrial environments
with unreliable network infrastructure. The high decision continuity (>95%) observed in this
study confirms that edge-enabled systems can maintain operational performance even when
cloud access is limited, reinforcing the findings of these prior studies.

Bandwidth reduction achieved through local data processing and sensor fusion further
supports the feasibility of edge computing for large-scale autonomous deployments. By
processing raw sensor streams locally and transmitting only relevant features or model updates,
this study observed a 68% reduction in data transmission. This aligns with the work of[14],
who highlighted that edge computing significantly reduces network congestion and allows
more efficient resource utilization, particularly in sensor-rich autonomous environments.

Overall, the findings suggest that edge computing, when combined with spatial
intelligence and sensor fusion, addresses several critical challenges in autonomous systems,
including latency, predictive accuracy, bandwidth limitations, and operational robustness.
Compared with previous studies, this work extends the understanding by providing a
quantitative, cross-platform evaluation using authentic datasets, highlighting the applicability
of edge-enabled spatial intelligence across autonomous vehicles, drones, and robotic systems
in both simulation and real-world contexts.

The results underscore the importance of integrating edge computing with advanced
predictive modeling and multi-sensor fusion to create autonomous systems capable of real-
time, intelligent decision-making in dynamic and unpredictable environments. Furthermore,
the study demonstrates that edge computing not only enhances performance metrics but also
enables scalable and reliable deployment of autonomous systems across diverse operational
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scenarios, bridging the gap between theoretical research and practical applications.

Conclusion:

This study demonstrates that the integration of spatial intelligence with edge computing
significantly enhances the performance, responsiveness, and reliability of autonomous systems
across vehicles, drones, and robotic platforms. By processing data locally at the edge, the
framework effectively reduces latency, improves predictive modeling accuracy, and enhances
decision-making capabilities in real-time. Quantitative results indicate substantial
improvements in latency, object detection accuracy, trajectory prediction, and task completion
rates, highlighting the practical benefits of edge-enabled systems in dynamic and unpredictable
environments.

Edge computing combined with sensor fusion allows autonomous systems to process
heterogeneous sensor data efficiently, reducing bandwidth usage by approximately 68% while
maintaining high-quality environmental perception. The deployment of predictive models at
the edge further enables proactive decision-making, improving collision avoidance, path
planning, and operational reliability even under intermittent network connectivity. These
findings align with prior research and extend existing knowledge by providing a cross-platform
evaluation using authentic datasets and simulations.

The study underscores the transformative potential of edge computing and spatial
intelligence for real-world autonomous applications. Autonomous vehicles, drones, and
robotic systems can achieve higher operational efficiency, robustness, and safety by leveraging
localized computation, predictive analytics, and multi-sensor fusion. Future research should
explore the integration of advanced machine learning techniques, such as reinforcement
learning and federated learning, at the edge to further enhance adaptability and collaborative
intelligence among autonomous systems.

In conclusion, edge computing, when combined with spatial intelligence and sensor
fusion, represents a critical enabler for the next generation of autonomous systems, providing
a scalable and reliable framework for intelligent decision-making, predictive modeling, and
real-time control in complex operational environments. The findings of this study not only
validate the feasibility of edge-enabled autonomous systems but also provide a foundation for
further development and deployment across diverse industrial, transportation, and aerial.
References:

[1]  X. Meng e/ al., “Spatial data intelligence and city metaverse: A review,” Fundam. Res.,
vol. 5, no. 3, pp. 1169-1193, May 2025, doi: 10.1016/].FMRE.2023.10.014.

[2] S. Liu, L. Liu, J. Tang, B. Yu, Y. Wang, and W. Shi, “Edge Computing for
Autonomous Driving: Opportunities and Challenges,” Proc. IEEE, vol. 107, no. 8, pp.
1697-1716, Aug. 2019, doi: 10.1109/JPROC.2019.2915983.

[3] Q. Ren, O. Abbasi, G. K. Kurt, H. Yanikomeroglu, and J. Chen, “High Altitude
Platform Station (HAPS) Assisted Computing for Intelligent Transportation
Systems,” Proc. - IEEE Glob. Commun. Conf. GLOBECOM, 2021, dot:
10.1109/GLOBECOM46510.2021.9685074.

[4] K Xia, A. Bucchiarone, W. Zhao, and T. Wang, “Special Issue on Edge Intelligence
Software Systems for Internet of Autonomous Unmanned Vehicles Journal of
Software: Practice and Experience (Wiley Press),” Softw. Pract. Exp., vol. 55, no. 11,
pp. 1747-1748, Nov. 2025, doi: 10.1002/SPE.70007.

[5]  Gabija Cepurnaite, “Space edge computing: Shaping the future of space operations.”
Accessed: Oct. 18, 2025. [Online]. Available: https://stlpartners.com/articles/edge-
computing/space-edge-computing/

[6] A. Geiger, P. Lenz, and R. Urtasun, “Are we ready for autonomous driving? the
KITTI vision benchmark suite,” Proc. IEEE Comput. Soc. Conf. Comput. V'is. Pattern
Recognit., pp. 3354-3361, 2012, doi: 10.1109/CVPR.2012.6248074.

Dec 2025 | Vol 03 | Issue 04 Page | 224



(A
OPEN o JACCESS

Frontiers in Computational Spatial Intelligence

[7]

[8]

[13]

[14]

H. Caesar ez al., “Nuscenes: A multimodal dataset for autonomous driving,” Proc.
IEEE Comput. Soc. Conf. Comput. Vis. Pattern Recognit., pp. 11618-11628, 2020, doi:
10.1109/CVPR42600.2020.01164.

M. Mueller, N. Smith, and B. Ghanem, “A benchmark and simulator for UAV
tracking,” Lect. Notes Comput. Sci. (including Subser. Lect. Notes Artif. Intell. Lect. Notes
Bioinformatics), vol. 9905 LNCS, pp. 445-461, 2016, doi: 10.1007/978-3-319-46448-
0_27/FIGURES/7.

A. Dosovitskiy, G. Ros, F. Codevilla, A. Lopez, and V. Koltun, “CARLA: An Open
Urban Driving Simulator,” arXip:1711.03938, Nov. 2017, Accessed: Oct. 18, 2025.
[Online]. Available: https://arxiv.org/pdf/1711.03938

Dr. P Aravind, “Edge Computing for Real-Time Data Processing in Autono-Source
of support: Nil,” Res. J. Humanit. Soc. Sci., vol. 3, no. 4, pp. 10-20, 2024, Accessed:
Oct. 18, 2025. [Online]. Available: www.embarpublishers.com

Q. N. ZHANG JING WANG , YU WU, “Multi-Sensor Fusion in Automated
Driving: A Survey,” 2020. Accessed: Oct. 18, 2025. [Online|. Available:
https://ieeexplore.ieee.org/stamp/stamp.jsprarnumber=8943388

S. Alsanwy, H. Asadi, M. R. C. Qazani, S. Mohamed, and S. Nahavandi, “A CNN-
LSTM Based Model to Predict Trajectory of Human-Driven Vehicle,” Conf. Proc. -
IEEE Int. Conf. Syst. Man Cybern., pp. 3097-3103, 2023, doi:
10.1109/SM(C53992.2023.10394243.

W. Shi, J. Cao, Q. Zhang, Y. Li, and L. Xu, “Edge Computing: Vision and
Challenges,” IEEE Internet Things ]., vol. 3, no. 5, pp. 637-646, Oct. 2016, doi:
10.1109/J10T.2016.2579198.

M. Satyanarayanan, P. Bahl, R. Caceres, and N. Davies, “The case for VM-based
cloudlets in mobile computing,” IEEE Pervasive Comput., vol. 8, no. 4, pp. 14-23, Oct.
2009, doi: 10.1109/MPRV.2009.82.

@ @ Copyright © by authors and 50Sea. This work is licensed under
Creative Commons Attribution 4.0 International License.

Dec 2025 | Vol 03 | Issue 04 Page | 225



