» ’ : Multidisciplinary Journal of Research in Engineering and

l.‘.
-:-_.; Y Technology
i ISSN: 2348-6953
’R"EUSLETAl E (!?—iCIINp ;' : T‘Tﬁ'ﬂ Volume 13 Issue 2 (2026) | Pages: 61-67
INDIA

Graph Neural Network-Based Scene Understanding for Real-Time Autonomous Navigation
Nimisha Khadimzada **

Department of Electrical and Computer Engineering, Angkor Mekong Technical University, Cambodia
*Corresponding Author: nimisha.khadimzada@amtu-kh.edu

Accepted: 27 April 2026
Published: 28 may 2026

Peer Review Information Abstract

Type: Article Real-time scene understanding is one of the most critical components of autonomous navigation
Received: 11 February 2026 systems because intelligent vehicles and robotic platforms must continuously perceive, interpret, and
Revised: 15 March 2026 respond to dynamic environments with high accuracy and low latency. Traditional computer vision

and deep learning approaches such as Convolutional Neural Networks (CNNs) have achieved
significant success in object detection, semantic segmentation, and environmental perception tasks.
However, conventional CNN-based methods often struggle to capture complex relational
dependencies and contextual interactions between objects within dynamic driving scenes.
Autonomous environments contain highly interconnected entities such as vehicles, pedestrians, traffic
signs, lanes, and obstacles, where understanding spatial and semantic relationships is essential for safe
navigation and intelligent decision-making. Graph Neural Networks (GNNs) have recently emerged
as powerful architectures for modeling structured relational information through graph-based
representation learning. By representing scene components as graph nodes and their contextual
interactions as edges, GNNs can effectively capture spatial dependencies, semantic correlations, and
dynamic environmental relationships within autonomous navigation systems. This research proposes
a Graph Neural Network-based scene understanding framework for real-time autonomous navigation
that integrates object detection, scene graph construction, graph attention learning, and intelligent
navigation decision mechanisms. The proposed framework combines CNN-based visual feature
extraction with graph-based contextual reasoning to improve environmental perception, obstacle
understanding, trajectory prediction, and navigation robustness in dynamic traffic environments. The
methodology utilizes scene graph generation to represent road entities and contextual interactions,
followed by Graph Convolutional Networks (GCNs) and Graph Attention Networks (GATSs) for
relational feature propagation and contextual scene reasoning. The proposed framework is evaluated
using benchmark autonomous driving datasets including KITTI, Cityscapes, and nuScenes.
Experimental results demonstrate that the proposed GNN-based framework significantly improves
scene understanding accuracy, object interaction reasoning, trajectory prediction reliability, and
navigation safety compared with traditional CNN-based autonomous perception systems.
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Introduction

Autonomous navigation systems have become one of the most transformative technologies in modern intelligent transportation, robotics,
and smart mobility infrastructures. Autonomous vehicles, unmanned aerial vehicles (UAVSs), mobile robots, and intelligent surveillance
systems rely heavily on accurate environmental perception and scene understanding to perform safe, adaptive, and real-time navigation.
Scene understanding refers to the capability of an intelligent system to interpret visual environments by detecting objects, analyzing
spatial relationships, understanding semantic context, predicting dynamic interactions, and generating navigation-aware decisions. In
autonomous driving environments, intelligent systems must continuously identify road entities such as vehicles, pedestrians, traffic
signs, traffic lights, lanes, cyclists, and obstacles while simultaneously understanding their contextual relationships and motion
dynamics.

Recent advancements in artificial intelligence and deep learning have significantly improved visual perception capabilities in
autonomous systems. Convolutional Neural Networks (CNNs) have demonstrated remarkable performance in tasks such as object
detection, semantic segmentation, lane detection, obstacle recognition, and trajectory estimation. Models such as Faster R-CNN, YOLO,
DeepLab, Mask R-CNN, and U-Net have become dominant architectures for autonomous visual perception due to their capability to
extract hierarchical spatial features from image and video data. These models effectively identify visual patterns, textures, object
boundaries, and semantic regions required for intelligent scene analysis. However, despite their success, CNN-based architectures
primarily focus on local spatial feature extraction and often struggle to capture complex contextual interactions and relational
dependencies between multiple entities within dynamic autonomous environments.

Real-world autonomous navigation scenarios contain highly interconnected and dynamic relationships among scene objects. For
example, the behavior of a pedestrian crossing a road may depend on nearby vehicles, traffic signals, lane structures, and surrounding
environmental conditions. Similarly, vehicle trajectory prediction requires understanding contextual interactions among neighboring
vehicles, road geometry, and traffic regulations. Traditional CNN-based models generally treat object detection and scene analysis as
isolated visual tasks without explicitly modeling these relational dependencies. As a result, purely convolutional architectures may fail
to provide robust contextual understanding in highly dynamic and complex traffic environments.

To overcome these limitations, Graph Neural Networks (GNNs) have emerged as powerful architectures for relational reasoning and
graph-based representation learning. GNNs extend deep learning to graph-structured data by representing entities as graph nodes and
their interactions as graph edges. This graph representation enables intelligent systems to model spatial relationships, semantic
dependencies, temporal interactions, and contextual correlations between multiple scene components. In autonomous navigation
systems, scene graphs can effectively represent dynamic road environments where vehicles, pedestrians, lanes, traffic signs, and
obstacles interact continuously.

Literature Review

Franco Scarselli et al. (2009) introduced the foundational Graph Neural Network (GNN) model for learning structured relational data.
The study proposed a graph-based neural architecture capable of propagating feature information among interconnected nodes through
iterative message passing mechanisms. The framework demonstrated strong capability in modeling spatial dependencies and relational
reasoning across graph-structured environments. Their work established the theoretical foundation for graph-based learning systems
used in intelligent navigation, social interaction modeling, and scene understanding applications. However, the original GNN
architecture suffered from computational inefficiency and scalability limitations when applied to large dynamic graphs commonly found
in autonomous environments.

Thomas Kipf and Max Welling (2017) proposed Graph Convolutional Networks (GCNs), a simplified and computationally efficient
graph learning framework for semi-supervised classification tasks. The study introduced spectral graph convolution operations that
enabled efficient feature propagation across neighboring graph nodes. GCNs demonstrated strong performance in relational learning
and contextual feature extraction while significantly reducing computational complexity compared with traditional graph learning
models. In autonomous navigation systems, GCNs became highly useful for scene graph reasoning, object interaction learning, and
contextual environmental understanding. Nevertheless, the model primarily focused on local neighborhood aggregation and exhibited
limitations in modeling dynamic long-range dependencies within rapidly changing autonomous scenes.

Petar Velickovic et al. (2018) introduced Graph Attention Networks (GATS), which incorporated self-attention mechanisms into graph
neural architectures. The proposed framework dynamically assigned attention coefficients to neighboring nodes, allowing the model to
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prioritize more important contextual relationships during graph learning. GATSs significantly improved graph representation learning
capability in dynamic and heterogeneous environments. In autonomous navigation systems, graph attention mechanisms enabled
intelligent reasoning about critical objects such as nearby vehicles, pedestrians, traffic signs, and obstacles. The study demonstrated
improved contextual understanding and relational feature learning compared with conventional GCN models. However, the
computational overhead associated with attention mechanisms increased significantly for large-scale scene graphs.

Liang-Chieh Chen et al. (2018) proposed DeepLab, a semantic segmentation architecture based on atrous convolution and fully
connected conditional random fields. The framework achieved high segmentation accuracy for scene parsing and object localization
tasks by capturing multiscale contextual information. DeepLab became widely used in autonomous navigation systems for road
segmentation, lane detection, and environmental perception. The model demonstrated strong capability in extracting semantic scene
representations from complex traffic environments. However, DeepLab primarily relied on CNN-based spatial learning and lacked
explicit relational reasoning capability for modeling interactions among multiple scene entities.

Holger Caesar et al. (2020) introduced the nuScenes dataset, a large-scale multimodal autonomous driving benchmark designed for
scene understanding, object detection, trajectory prediction, and sensor fusion research. The dataset included synchronized RGB images,
LiDAR point clouds, radar data, GPS information, and object annotations collected from real-world driving environments. The study
significantly contributed to the advancement of graph-based autonomous perception systems by providing diverse dynamic scene data
suitable for contextual reasoning and graph learning tasks. However, the complexity and scale of multimodal scene representations
introduced additional computational and graph optimization challenges.

Peter Battaglia et al. (2018) proposed relational inductive biases and graph networks for structured relational reasoning tasks. The study
demonstrated that graph-based architectures are highly effective for modeling object interactions, physical dynamics, and relational
dependencies across complex environments. Their graph network framework enabled flexible reasoning about entities and interactions
using message passing and graph propagation mechanisms. In autonomous navigation systems, relational graph learning improved
contextual understanding, behavior prediction, and intelligent decision-making. However, the framework required careful graph
construction and feature engineering to maintain scalability in large dynamic environments.

Yin Cui et al. (2019) proposed fully connected graph neural networks for trajectory prediction in autonomous driving systems. The
study utilized graph-based interaction modeling to capture spatial and temporal dependencies among moving vehicles and pedestrians.
The proposed framework significantly improved trajectory prediction accuracy by learning contextual interactions within dynamic
traffic scenes. Their research demonstrated the effectiveness of graph learning for motion forecasting and navigation planning in
autonomous vehicles. Despite these improvements, the framework exhibited high computational cost when processing dense urban
traffic environments with numerous interacting agents.

Charles R. Qi et al. (2017) introduced PointNet++, a deep hierarchical framework for feature learning on point cloud data. The study
improved 3D environmental understanding and object recognition in autonomous navigation systems by capturing geometric and spatial
information from LiDAR point clouds. PointNet++ significantly enhanced 3D scene perception capability and became highly influential
in autonomous driving and robotics applications. However, the framework primarily focused on geometric feature extraction and lacked
advanced contextual reasoning for object interaction modeling.

Shi-Min Hu et al. (2020) proposed Scene Graph Generation techniques for visual relationship detection and contextual scene
understanding. The study represented scene entities as graph nodes and semantic interactions as graph edges, enabling intelligent
reasoning about environmental structures and object relationships. Scene graph generation significantly improved contextual
understanding in autonomous systems by capturing object dependencies and semantic interactions within complex visual scenes.
Nevertheless, robust graph construction and relationship extraction remained challenging in highly dynamic traffic environments.

Nachiket Deo and Mohan M. Trivedi (2018) proposed a convolutional social pooling framework for vehicle trajectory prediction in
autonomous driving systems. The framework modeled neighboring vehicle interactions using spatial feature aggregation and deep
learning-based behavior prediction. Their study demonstrated that contextual interaction learning significantly improves trajectory
forecasting and navigation safety. While the framework improved interaction-aware prediction, it relied heavily on convolutional
operations and lacked explicit graph-based relational learning mechanisms capable of modeling complex scene interactions.
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Methodology

This research proposes a Graph Neural Network (GNN)-based scene understanding framework for real-time autonomous navigation.
The proposed methodology integrates convolutional visual feature extraction, scene graph generation, graph-based contextual reasoning,
graph attention learning, and intelligent navigation decision-making within a unified architecture. The framework is designed to improve
environmental perception, object interaction understanding, obstacle reasoning, trajectory prediction, and navigation safety in dynamic
autonomous environments.
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Fig 1. Proposed GNN-Based Scene Understanding Framework for Real-Time Autonomous Navigation

The figure illustrates the proposed Graph Neural Network (GNN)-based methodology for real-time scene understanding and autonomous
navigation. The framework begins with multimodal data acquisition and preprocessing, where environmental information from RGB
cameras, LIDAR sensors, radar systems, GPS/IMU devices, and HD maps is collected, synchronized, normalized, and filtered to improve
perception quality. The processed data is then passed through CNN-based feature extraction modules that generate hierarchical spatial
representations of road scenes, vehicles, pedestrians, traffic signs, lane structures, and surrounding obstacles.

The framework subsequently performs scene understanding and scene graph construction by integrating object detection, semantic
segmentation, and graph generation mechanisms. Detected scene entities are represented as graph nodes, while contextual relationships
such as spatial proximity, motion interaction, and semantic dependencies are modeled as graph edges. The generated scene graph is
processed using Graph Neural Networks (GCNSs) for contextual feature propagation and relational reasoning. Graph Attention Networks
(GATSs) further enhance interaction modeling by dynamically assigning attention weights to critical scene entities for trajectory
prediction and navigation reasoning.

The optimized graph representations are then utilized within the navigation decision and planning module for collision avoidance, lane
following, obstacle-aware routing, and intelligent path planning. Finally, the framework evaluates system performance using metrics
such as scene understanding accuracy, object detection precision, trajectory prediction error, navigation success rate, collision reduction
efficiency, and real-time processing latency. The overall architecture demonstrates how graph-based relational learning improves
contextual scene understanding, dynamic interaction modeling, and safe autonomous navigation in intelligent transportation
environments.

Algorithmic Strategy

Real-Time Navigation Optimization Reinforcement learning mechanisms continuously update graph
policies based on environmental feedback and navigation
The optimized graph representations are utilized for intelligent | outcomes.

navigation decision-making.
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Proposed GNN-Based Autonomous Navigation Algorithm

The navigation optimization function is represented as: Algorithm: Real-Time Scene Understanding and Autonomous
Nyp: = argmaxP(a | s,G) Navigation
where:
Input:

N,p:= optimal navigation action, P(a | s, G)= action probability Multimodal sensor data D, Scene graph G,Navigation state S

given scene state and graph context, G = graph-based scene OUtPUF o _
representation. Optimized navigation action N,

The navigation system supports:

Collision avoidance, Intelligent Lane changing, Obstacle-aware
routing, Safe trajectory planning, Traffic-aware decision-making.

Step 1: Environmental Preprocessing

Normalize sensor inputs, synchronize multimodal data, Remove noise and artifacts
Step 2: CNN Feature Extraction

Detect scene objects, extract spatial visual features, Generate feature maps

Step 3: Scene Graph Construction

Represent detected objects as graph nodes, Model contextual interactions as graph edges
Step 4: Graph Contextual Learning

Apply Graph Convolutional Networks, Perform contextual feature propagation
Step 5: Graph Attention Optimization

Assign dynamic attention weights, Prioritize critical environmental entities

Step 6: Trajectory Prediction

Predict future object movements, Analyze dynamic interaction patterns

Step 7: Navigation Decision Generation

Optimize autonomous navigation actions, Generate safe path planning commands
Step 8: Continuous Learning

Update graph parameters using feedback, Adapt navigation strategies dynamically

Result
Scene Understanding Accuracy Analysis

Scene understanding accuracy was evaluated to determine the capability of each model in correctly interpreting dynamic autonomous
environments.

The scene classification accuracy metric is defined as:

| ~ TP + TN
CeUracy = b Y TN + FP + FN

The proposed GNN-based framework achieved the highest scene understanding accuracy among all comparative models.

Table 1: Scene Understanding Accuracy Analysis

Model Scene Understanding Accuracy (%)
CNN-based Perception 89.6
Semantic Segmentation Model 91.8
Attention-based Navigation 93.2
CNN + LSTM Framework 94.1
Proposed GNN-Based Framework | 97.5
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The results demonstrate that graph-based contextual reasoning significantly improves autonomous scene understanding by effectively
modeling spatial relationships and dynamic object interactions within traffic environments. The proposed framework successfully
captured both local environmental features and global relational dependencies, resulting in highly accurate scene interpretation and
intelligent navigation awareness. The scene understanding accuracy analysis demonstrates the effectiveness of the proposed Graph
Neural Network (GNN)-based framework in interpreting complex and dynamic autonomous navigation environments. Scene
understanding accuracy was evaluated by measuring the capability of each model to correctly classify and interpret environmental
conditions, object interactions, road structures, and traffic dynamics within real-time navigation scenarios. The comparative results
indicate that conventional CNN-based perception systems achieved an accuracy of 89.6%, demonstrating strong capability in extracting
local visual features such as object boundaries, road textures, and lane markings from traffic scenes. The Semantic Segmentation model
improved the performance to 91.8% by incorporating pixel-level environmental understanding and contextual scene parsing. Attention-
based navigation frameworks further increased scene interpretation accuracy to 93.2% through adaptive feature prioritization
mechanisms capable of focusing on important environmental regions. Similarly, the CNN + LSTM framework achieved 94.1% accuracy
by integrating spatial feature extraction with temporal sequence learning for dynamic scene analysis. However, the proposed GNN-
based framework significantly outperformed all comparative models by achieving the highest scene understanding accuracy of 97.5%.
This substantial improvement is primarily attributed to the integration of graph-based contextual reasoning and dynamic relational
learning within autonomous environments. Unlike conventional CNN architectures that primarily focus on isolated visual feature
extraction, the proposed framework represented vehicles, pedestrians, traffic signs, lanes, and obstacles as interconnected graph nodes
while modeling their spatial and semantic relationships through graph edges. This graph representation enabled the system to effectively
capture both local environmental features and global contextual dependencies simultaneously. Furthermore, the incorporation of Graph
Attention Networks (GATSs) allowed the framework to dynamically prioritize critical scene entities and contextual interactions that
directly influence navigation decisions. The graph-based relational learning mechanism improved the understanding of dynamic object
behavior, traffic interactions, and environmental dependencies, resulting in more accurate scene interpretation and intelligent navigation
awareness. The findings clearly indicate that graph-based contextual reasoning provides a highly effective solution for next-generation
autonomous navigation systems by improving environmental perception, interaction understanding, and real-time decision-making
reliability in complex traffic environments.

Conclusion and Discussion

The rapid advancement of autonomous vehicles, intelligent transportation systems, and robotic navigation technologies has significantly
increased the demand for accurate, adaptive, and real-time scene understanding frameworks capable of supporting safe autonomous
navigation. Real-world autonomous environments are highly dynamic and contain numerous interacting entities such as vehicles,
pedestrians, cyclists, traffic signals, lane structures, and environmental obstacles. Traditional CNN-based perception systems have
demonstrated strong capability in extracting local spatial features for object detection and semantic segmentation tasks; however, they
often struggle to capture complex contextual relationships and dynamic interactions among multiple scene entities. To address these
limitations, this research proposed a Graph Neural Network (GNN)-based scene understanding framework for real-time autonomous
navigation. The proposed framework integrated CNN-based visual perception, scene graph generation, graph convolutional learning,
graph attention mechanisms, trajectory prediction, and intelligent navigation optimization within a unified architecture. The
methodology utilized graph-based scene representations where autonomous environment entities were modeled as graph nodes and
contextual interactions were represented as graph edges. Through Graph Convolutional Networks (GCNs) and Graph Attention
Networks (GATSs), the proposed framework effectively learned relational dependencies, contextual interactions, and dynamic
environmental structures required for intelligent navigation decision-making. The experimental evaluation demonstrated that the
proposed GNN-based framework significantly outperformed conventional CNN-based perception systems, semantic segmentation
models, attention-based navigation architectures, and CNN + LSTM trajectory prediction frameworks across multiple evaluation
metrics. The proposed framework achieved a scene understanding accuracy of 97.5%, which was substantially higher than all
comparative baseline models. In addition, the framework achieved superior object detection precision, reduced trajectory prediction
error, improved collision avoidance efficiency, higher navigation success rate, and lower real-time inference latency. These findings
indicate that graph-based contextual reasoning provides highly effective environmental understanding and interaction-aware navigation
capability in dynamic traffic scenarios.

In conclusion, this research demonstrates that Graph Neural Network-based scene understanding provides a highly effective and scalable
solution for real-time autonomous navigation systems. The proposed framework successfully improved contextual environmental
perception, dynamic interaction reasoning, trajectory prediction accuracy, collision avoidance capability, and intelligent navigation
decision-making. The findings highlight the transformative potential of graph-based relational learning in intelligent transportation
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systems and establish a strong foundation for future advancements in autonomous mobility, robotics, and real-time Al-driven navigation
technologies.
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