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[bookmark: _heading=h.xhga6olrhqc]1. Introduction
[bookmark: _heading=h.2sdiz997o5vv]1.1 Context and background
GeoAI (Geospatial artificial intelligence) involves a combination of satellite tracking and adaptive machine learning models to make smarter decisions on binary choices (such as routing) and brings about a revolution in digital navigation [1]. In particular, to support navigation services, the combination of remote sensing and machine learning allows for to transcend from imagery to semantic road-network representations and context-aware routing suggestions [2]. Contemporary navigation services like Google Maps and Waze increasingly use AI pipelines that attempt to infer the traffic patterns and recommend a better route to use, again in near real time. 
Applied neuroscience of multispectral and LiDAR remote sensing data with deep learning models enhanced the features for mapping and routing applications. Research proves that using a combination of machine learning and geospatial analytics can greatly enhance the position accuracy or route prediction reliability of locations working in a complex environment [3]. Despite technological advancements, GNSS accuracy is still unreliable in many parts of rural and remote Australia and correction infrastructure is limited [4]. Transmitted GNSS data and surveying analysis show that the lack of gings and the lack of ground stations lower intended positioning accuracy in remote locations. The restrictions of GPS technology reduce the reliability of navigation in under-mapped areas for tourism operations, logistical operations and emergency services. Dependable geospatial data is vital to tourism and regional transport services to ensure the safety and operational efficiency of services across remote regions of Australia [5]. 
However, in a remote environment, highly detailed routing can also be used to carry out emergency management strategies for timely dispatch and rescue efforts. The combination of adaptive reinforcement learning and geospatial modelling, together with remote sensing, seems to be a promising approach to solve the GNSS's shortcomings and dynamic environmental effects. Recently, work has also been conducted to employ reinforcement learning (RL) based path planning for adaptive route optimization in the presence of localization uncertainty [6]. To minimize the need for constant GPS updates during deep fade conditions, continuous and self-older data-based learning procedures can be built into AI systems to acquire an estimation of environmental context from time to time [1]. Open geospatial datasets can be integrated together with satellite cloud observations to facilitate improvements for scalable mapping of both urban and non-urban applications [3]. However, satellite data and remote-sensing inputs, when combined with adaptive machine learning, are needed in order to increase route accuracy and robustness.
[bookmark: _heading=h.ue8zcacys4rd]1.2 Research Problem
Problem Statement: At present, the navigation system that are GPS-based has poor performance in areas where the GPS is not trackable or does not work properly in degraded environments, which leads to unreliable positioning and inaccurate routing in remote and complex terrains. This research significantly focused on addressing the identified gap by proposing an adaptive geospatial model that is AI-based to increase the performance of route prediction through accuracy and reliability under GPS-challenged environments.
At the same time, although GPS satellite navigation techniques have emerged as solutions for most applications, most modern-day systems cannot operate satisfactorily in GPS-denied or degraded signal environments [7]. Unfortunately, most commercial routing platforms still rely heavily on GPS signals and are based on corrections made by base stations, exposing them to blockages, multipath and terrain variations. In rural Australia, the authors report an increasing mis-direction of road network travellers by navigation systems to unsealed roads, with the relevant regulator finding thousands of kilometres of remote unsealed road network had no effective GPS filtering options [8]. 
Furthermore, known cases exhibit that GPS signals are prone to intentional jamming, spoofing and propagation loss caused by natural phenomena, resulting in reduced positioning accuracy or even total loss of fix in mission-critical cases [9]. What is lacking is the intelligent artificial-intelligence system that is dynamically adapted to the changing terrain, signal interference, and local physical environment and geospatial knowledge in real time. The lack of this information limits the reliability of current routing solutions for real-time traffic prediction to allow safe and efficient travelling in various environments. Without adaptive geospatial modelling combined with machine learning approaches, navigation tools aren't resilient in complex relief or in the course of emergency response operations, which have a low degree of surveying details. The uncovered research gap is thus to develop an AI-based geospatial model that will make route prediction more accurate under GPS-challenged conditions, thus enabling higher reliability in navigation for tourism, logistics, and safety purposes.
[bookmark: _heading=h.nhybzdo8u53]1.3 Research Aim and Objectives
Aim: To improve the accuracy of the map navigation through the application of the AI-based approaches of geospatial learning models.
Research Objectives:
· To analyse the limitations that exist on the current route prediction algorithms.
· To build an adaptable AI system that is capable of learning the environment dynamically.
· To analyse the accuracy of the system, the necessary simulation should be used.
· To determine the extent to which the system can be applied in reality in the context of navigation.
[bookmark: _heading=h.5szkefb26z11]1.4 Significance of the research
The development of AI-based geospatial modelling will provide a substantial increase in precision for navigation systems for emergency response and logistics purposes. Death is 12.2 per 100,000 population in regional and remote areas, or 34.6 per 100,000 population. The proposed research will have a positive effect on the efficiency of first responder dispatch and ambulance arrival times by improving routing accuracy and robustness in GPS-denied areas. The accurate geospatial modelling is also used in the context of supply-chain planning and personalised logistics route optimisation for rural transport networks to minimise wasted kilometres, fuel used and emissions. 
The combination of GIS and AI improves the efficiency of decision-making by making it possible to automate map-making, terrain analysis, and route prediction (from satellite and sensor data) [11]. Along these lines, from the sustainability point of view, the optimised routing leads to reduced vehicle emissions and energy consumption to achieve the carbon-reduction targets of smart mobility. To ensure that GeoAI systems are deployed in an ethically responsible manner, there is a need for transparent, accountable algorithms and responsible data practices in geospatial systems to ensure fairness and trust [12]. 
In addition, by optimising routes under uncertainty, this research is helping tourism in regional Australia, making visitors safer and providing worthwhile economic opportunities for these remote communities. The research will impact society by increasing accessibility in underserved landscapes and improving equity in transport and emergency services. On the technical level, the work makes technical contributions to the state-of-the-art in AI applied to geospatial navigation by doing the following: bringing together remote-sensing data with open-source mapping solutions and applying reinforcement learning to equip the agent with mapping abilities. Ultimately, the proposed project is geared towards progression in both professional development and academic innovation, making new contributions to the geospatial and AI research communities.
[bookmark: _heading=h.415wf24i4cxz]2. Literature review
[bookmark: _heading=h.rmeftavt598l]2.1 Introduction to literature review
This literature review investigates the latest developments in the area of artificial intelligence-based geospatial modelling and its application in the contemporary navigation system. The purpose is to identify the general trends being followed, the methods being applied and the technological advances made in the area of the use of artificial intelligence and remote sensing techniques, with techniques such as machine learning for the prediction of routes and the improvement of spatial accuracy. It also analyses some of the prominent issues and research gaps in the area of GPS reliability, changing terrain, and fusion of data. The survey will confine itself to the literature on the subjects published in the years 2019 to 2025, with a special emphasis on areas of study such as GeoAI, spatial data analytics, deep learning, and autonomous navigation systems.
[bookmark: _heading=h.bfopfslj12mz]2.2 Limitations of Current Route Prediction Algorithms
Current route prediction algorithms are still bound by their reliance on static datasets and deterministic models [13]. Most routing systems use shortest-path algorithms such as Dijkstra or A, to which environmental variability cannot be well adapted [15]. These algorithms mostly ignore dynamic contextual data, including traffic fluctuation, weather, and temporary road closure conditions [14]. The results generated on non-stationary conditions are thus suboptimal and unreliable, particularly on rural or complex terrains [16]. Conventional models also suppose perfect GPS signal reception and exclude the multipath distortion or latency in data affecting prediction accuracy [13]. The LSTM or regression-based machine learning methods further improve temporal estimation but have problems with unseen trajectories [14]. Further, the limited amount of real-time data fusion reduces predictive precision and fails to accommodate rapidly evolving travel patterns [15]. 
[image: ]
Figure 2.1: LSTM unit route prediction
(Source: Ran et al., 2019)
Transferability across different geographic and infrastructural contexts is also missing in many algorithms, thereby reducing generalization performance [16]. The computational complexity of handling high-dimensional geospatial data is another limitation and requires substantial processing power for real-time inference [13]. Safety-oriented route prediction is underdeveloped, as most frameworks optimise efficiency instead of risk or contextual awareness [15]. Privacy issues on large-scale mobility data collection restrict the training and deployment of adaptive models [16]. Hybrid and deep learning methods have evolved in recent times, though these models have overfitting and interpretability issues [14]. The absence of robust benchmark datasets and unified evaluation metrics is another reason that restricts comparative analysis amongst competing algorithms [13]. Altogether, these gaps emphasise the urgent need for adaptive AI-driven geospatial modelling so as to bring improvements in navigation resiliency and accuracy [15].
[bookmark: _heading=h.91wxwdrk14ly]2.3 Adaptive and Environment-Aware Artificial Intelligence Systems
Adaptive AI systems, using reinforcement learning, sensor fusion, and contextual data, revolutionise geospatial navigation by dynamically optimising route decisions through real-time interaction with the environment.[17] Environment-aware systems consider multiple inputs for robust predictions, while reinforcement learning systems like deep Q-networks and actor-critic models enable continuous self-improvement in uncertain situations.[18] Recent research has indicated the potential of adaptive routing in vehicular networks involving a reduction in latency and an improvement in reliability of 35%.[19] Environment-aware digital twins further improve decision-making by including climate data and simulating spatial interaction virtually. In UAV navigation, adaptive auto-encoders dynamically adjust the complexity of the network to the noise level conditions in the environment and any changes that may occur in it.[20]
[image: ]
Figure 2.2: Adaptive AI-enhanced computation
(Source: Nishad et al., 2025)
Therefore, systems can be versatile in different prevailing conditions of the environment they are operating in while using computational resources sparingly. Multi-scale feature extraction methods improve the accuracy of traffic flow predictions and others by considering operations at both micro and macro levels of dynamics [19]. Contextual awareness is used to promote the resilience of routing solutions in changing geospatial environments that are dynamically changing. In addition, the use of advanced computation aids in shared learning, which renders higher scalability and agility up to the real world. However, lots of training information or energy applications are still required, and its extended availability is a large issue [20]. It can be stated that, intelligent, adaptable, environmentally conscious AI systems provide a platform on which the rigid intelligent steering could learn and adjust appropriately to the context both in the work and functionality.
[bookmark: _heading=h.u1h24x10dq67]2.4 Simulation and Data Analysis for Accuracy Evaluation
Simulation and data analysis can best be used to test smart navigation systems. One of the opportunities provided by the developed modelling tools is the ability to simulate numerous environmental conditions and evaluate the stability of models built by the researchers [21]. They have quantified the uncertainty presented by sensors and the uncertainty caused by noise in data using Monte Carlo simulations [22].  Probabilistic approaches are useful to understand the variations in the performance of systems across different operational environments or across different data distributions. The data-based simulation features assist in the iterative process of modelling by the discovery of patterns indicating the types of prediction errors and patterns of the applicable degrees of freedom [23]. The use of data mining technologies increases the prospects for forecasting routes by facilitating far-reaching pattern recognition for spatial and temporal realms. 
The recent hybrid simulation paradigms combining physical models with data subtraction techniques enhance the quality of predictability available. The incorporation of uncertainty analysis leads to greatly enhanced confidence in the model outputs and provides indications of the source of error in the models. In addition, however, the simulation models allow for safe evaluation of the algorithms prior to practical implementation of the systems, thereby diminishing risk and cost. In geospatial terms, simulations simulate the dynamic conditions of, e.g., loss of signal, shifting terrain, disruption of sensors, etc.[24] Evaluation of the models through appropriate diagnostic evaluations of the regression techniques, and evaluations of the propagation of error through those systems facilitates the determination of the degree of consistency of the function of the evaluative models. Furthermore, in the cloud-based world, the ability to analyse multi-dimensional data through comprehensive databases leads to evaluative criteria being available for the assessment of the navigation systems in real time. Empirical evidence has indicated that an increase in fidelity of simulation is directly proportional to an increased percentage of operational reliability in applied AI models.[22] Thus, the cogency of the requisite criteria for simulation and data analysis will be found to be commensurate with the rigorousness of the same dimensions in their utility for verification of the accuracy and reliability of adaptive geospatial navigational systems.
[bookmark: _heading=h.uzgrnh64qo6j]2.5 Real-World Applications and Implementation of AI-Driven Navigation Systems
Navigation technologies based on artificial intelligence (AI) are finding use in various real-world fields where notable improvements have occurred in their capacity for quality of performance and adaptability.[25] The systems employ real-time data computing, learning capability of machines and geospatial analysis to enhance the performance in the areas of route data accuracy and the quality of decisions made.[26]  In particular, in autonomous vehicle technologies, robots employing artificial intelligence systems are becoming more efficacious in terms of the safety of vision learnt of the general environment around them and detecting the presence of obstacles. This has resulted in a 40% improvement in the hazard of collision in the restricted controlled testing [27]. 
An AI-based series of enhancements of systems like NaviGPT is rendering assistive navigation to aid the visually impaired in their capacity for movement by the use of multimodal supplements. This has the effect of showing how artificial intelligence can improve the area of navigation whilst at the same time preserving the awareness of the situation around them. The employment of cloud-based systems and Internet of Things (IoT) sensors enables organic databases of naturalistic situational data and real-time data transfer and exchange. Furthermore, this could be taken a further step of supplying improved computations of the questioning route's efficacy and efficiency of travel. Studies have shown that the adaptive AI navigation algorithms can operate 25% more accurately in terms of mobility in urban areas than systems which rely upon traditional forms of satellite navigation operating on the same type of input conditions (GPS). [25]Thus, the AI systems of navigation can be shown to be of attention with regard to issues of sustainable, inclusive and intelligent mobility, but they remain problematic as they relate to ethical issues regarding data public domain, reliability of information, privacy and transparency. Real-life testing can now show the ability of AI learning from environmental and human data. 
[bookmark: _heading=h.z76wtx4phz5]2.6 Key Contributions and Gaps
Journals pertaining to the advancement of AI-enabled models in geospatial modelling and navigation have seen important recent developments. Previous research focused on the incorporation of AI and geospatial use of remote sensing, allowing for enhanced environmental scale mapping and improved options. Javaid et al. [3] developed explainable AI approaches to UAV navigation that improve the reliability and interpretability in changing environments. Studies also adapted reinforcement learning for adaptive route optimisation, which allows for a greater responsiveness to real-time changes in the environment. Previous studies also focused on developing dynamic models to provide environment-aware traffic flows, providing improved accuracy and scalable approaches. Studies also the advancement of real-world applications to autonomous vehicles and assistive devices that have aligned university advances with societal knowledge. Therefore, there are many gaps that remain with respect to GPS denied environments, real-time incorporation of adaptive capacity, and ethical approaches to implementation, which demonstrate the need for comprehensive, adaptive, and universally applicable and relevant AI-enabled geospatial navigation solutions.
[bookmark: _heading=h.r7ydyezh3669]2.7 Theoretical and technical frameworks
The theoretical framework of geospatial modelling and navigation by AI is mainly based on two important theories: Reinforcement Learning Theory and GIS Theory. Reinforcement Learning Theory, based on the work of Sutton and Barto, states that an intelligent agent learns optimal decision-making strategies through trial-and-error interaction with the environment [28]. This theory is the basis of adaptive navigation systems in which the AI system continually refines its models of route prediction based on feedback from actual data. It provides self-learning and context-aware decision-making, which are important when rendering decisions about navigation in dynamic, uncertain terrains. 
[image: ]
Figure 2.3: Reinforcement Learning Theory
(Source: Fahad Mon et al., 2023)
GIS Theory provides the theoretical basis for the collection, management, and viewing of spatial data. It requires the integration of multi-source geospatial data (satellite imagery and remote sensing data) to make a proper mapping and spatial analysis of the environment [29]. It can be stated that, with regard to the technology employed, studies in this topic frequently utilise deep reinforcement learning, convolutional neural networks (CNN) in feature extraction, and graph neural networks (GNN) in route optimisation. Python, TensorFlow or ArcGIS are commonly used in this field to accomplish algorithmic modelling and processing of spatial data.
[image: ]
Figure 2.4: GIS Theory
(Source: Zhou, 2025)
Simulation-based assessment, Monte Carlo techniques, and composite analysis of big data will be needed when it is necessary to validate the reliability and validity of the model. Collectively, these frameworks contribute to making intelligent, scalable and context-sensitive navigation systems, which show spatial intelligence and adaptive AI learning.
[bookmark: _heading=h.xv7r18uaa2rj]2.8 Relation to your study
This study builds upon the existing body of literature by advancing the integration of artificial intelligence and geospatial modelling to enhance map navigation accuracy, particularly in complex and GPS-denied environments. While the research before demonstrated the utility of AI in route optimisation and remote sensing, this study takes these findings further because it presents a dynamic, evolving framework that is constantly learning from an evolving environmental landscape, thanks to its ability to learn in real-time. Unlike traditional GPS-based systems, the proposed model refers to reinforcement learning and data-driven geospatial analysis for the sake of continuous model adaptability to different terrains. The research also stresses ethical and sustainable implementation, addressing gaps for data transparency, privacy and inclusivity that were often missed in earlier studies. Furthermore, the paper provides a mixed approaches simulation-based evaluation methodology utilising accuracy testing alongside travel data validation in the real world. By connecting technical advancement and usage scenarios, this research sheds new light on how the intelligent navigation system is designed, and brings scalable, reliable and socially responsible advancements into dealing with the modern mobility problems.
[bookmark: _heading=h.9oqtnt5mtp66]2.9 Literature summary
The reviewed literature shows major progress in geospatial modelling using AI's adaptive learning, routing optimisation, and real-life navigation use cases. The combination of reinforcement learning and GIS integration has brought about improvements in accuracy and awareness of the environment. However, there are still big holes in GPS-denied situations, in-time adaptability and ethical implementation. This research overcomes these limitations by proposing a dynamic, sustainable and data-driven Artificial Intelligence model to improve the accuracy and reliability of navigation in different environments.
[bookmark: _heading=h.1cycshtiwvlr]3. Research Design and Methodology
[bookmark: _heading=h.7kk16wp9i87i]3.1 Research Design
The study is based on a quantitative and experimental design science approach, which proposes to develop and evaluate an AI (Artificial Intelligence)-driven geospatial model that will help navigate a map with higher accuracy. This solution is suitable as it focuses on artefact development (AI model) and empirical validation (simulation and performance testing) [30]. Design Science Research (DSR) is an appropriate approach for computing research that requires the delivery of a technological solution to a defined problem, as it aims at delivering artefacts that are practically useful and scientifically rigorous.
The artefact of the project - the proposed adaptive geospatial AI model - will combine reinforcement learning and the open-source spatial data to enhance route prediction and dynamic adaptability. The experimental part of the design allows for controlled testing of the model performance in terms of accuracy, efficiency and responsiveness under simulated different types of navigation conditions [31]. This will enable the proposed solution to not only satisfy theoretical expectations but also be proven to improve significantly under real-world environments.
The DSR framework conforms to the Hevner guidelines, which stress relevance, design as an artefact and rigorous evaluation [32]. Within this framework, the study is carried out in an iterative way involving the stages of problem identification, design and development of the AI model, demonstration by simulating, assessing the performance, and communicating the results at the final stage. This cyclical program ensures the focus and flexibility to continually improve upon the successful outcomes of performance.
The experimental part's rationale is derived from the fact that the experimental datasets consist of reproducible datasets from OpenStreetMap and Kaggle, which allow systematic test different algorithmic configurations (e.g. learning rates, environment parameters, reinforcement mechanisms, etc). Through this design, the research makes up for the gap between theoretical modelling and the application of artificial intelligence (AI) navigation solutions. This proposed research method helps in fulfilling the primary aim and all four objectives of the research by systematically developing, testing, and refining an adaptive AI-based geospatial model that is trained and modified using environmental data in order to enhance the reliability and accuracy of route prediction accuracy in real-world navigation.
[bookmark: _heading=h.6e92jm9y0i4v]3.2 Research Methods and Materials 
[bookmark: _heading=h.2ubxby3jfnrr]3.2.1 Methods
This research paper has taken the quantitative experimental approach along with simulation-based validation to analyse AI-driven route prediction. The quantitative method enables a proper evaluation of such criteria as accuracy, computational efficiency, and learning convergence [33]. The experimental design, which can be termed a software development and simulation-based approach, allows for controlled manipulation of variables of interest (e.g. the complexity of the terrain and the presence of GPS) to study the effects of such variables on the performance. A system architecture based on the use of a modular pipeline consisting of:
· Data Acquisition Layer: sourcing the spatial data from OpenStreetMap, Kaggle and Australian transport firms.
· Preprocessing Layer: cleans and prepares data before training the model
· Model Training Layer: Implementation of the Reinforcement Learning and A* algorithms in Python and TensorFlow.
· Simulation Layer: performs copious simulations of virtual navigation scenarios to be tested.
· Evaluation Layer: Metrics are used to evaluate the performance.
This structure enhances issues of scalability, reproducibility and controlled experimentation.
· Data Analysis and Evaluation Methods
Analysis of data is both statistical and computational. Route prediction accuracy is measured by deviation measures, and time efficiency and convergence rate are used to evaluate optimisation [34]. Reinforcement learning is measured in terms of cumulative rewards, the MSE/RMSD is used to measure precision. Generalizability is ensured with the cross-validation on the real travel data. Results will be presented as descriptive statistics and performance graphs, and will be fully validated in reliability and flexibility of applications.
[bookmark: _heading=h.fim7bcce2fi0]3.2.2 Materials
· Research Data
This research makes use of open source geospatial data for transparency, reproducibility, and ethical purposes. Primary sources from road networks, as OpenStreetMap (OSM), Kaggle Geospatial Repositories for environmental data and for route prediction, and the Australian Transit Data for high-level regional analysis [35]. The data will be taken from the Kaggle website. Data cleaning, normalisation and feature engineering will be performed to preprocess in order to enhance model accuracy and deployability to different types of terrains and connectivity patterns.
· Ethical Considerations
Ethical research is a core part of all research stages. The study utilises only the open-access anonymised datasets in accordance with GDPR and institutional ethics [36]. It focuses on Responsible AI principles such as understanding, being transparent and accountable, with fairness, along with incorporating bias detection mechanisms to reduce discrimination based on data. No personal or sensitive information will be collected and any use of any third-party data will be approved ethically.
· Software and Tools
Key tools include Python, TensorFlow, PyTorch, ArcGIS, QGIS and such libraries as NumPy or Pandas, Scikit-learn and NetworkX. Gym and SUMO will be used for simulation of adaptive routing.
· Hardware Requirements
The work will leverage high-performance systems (Intel i7/AMD Ryzen 7, RTX 3060 GPU, 32GB RAM) and Cloud resources (Google Colab or AWS EC2) for performing scalable and efficient deep learning and simulation.
[bookmark: _heading=h.sykdc3kjvxp3]4. Expected outcome
The expected result of this research project is to develop an adaptive AI-based geospatial model that can predict routes and improve the GPS-based systems with noticeable accuracy and efficiency. It is anticipated that the system should be dynamically able to adapt to varying environmental and connectivity conditions using the reinforcement learning framework, especially in GPS-denied or rural areas. The findings are expected to indicate improved route optimisation in terms of route navigation accuracy, route deviation error, and faster convergence time. Theoretical contributions will include using adaptive learning operating in environmental awareness to expand upon and enhance the current conceptual understanding of geospatial AI. Practically, the model could be used with improved applications in the transportation logistics, tourism and emergency response systems by providing real-time and contextual navigation. Furthermore, the research will contribute to a sustainable and ethical development of AI based on spatial data science. However, there are a few constraints to theoretical possibilities, such as computational complexity, proprietary data, and performance variability are not observed under extreme and untested environmentally-related conditions and not yet optimised or tested in bulk.
[bookmark: _heading=h.jj18g2s99a9z]5. Timeline
[bookmark: _heading=h.5j0rohp89zs1][image: ]
[bookmark: _heading=h.dhyvb67ebeee]Figure 5.1: Project Timeline
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