
© June 2026 | IJIRT | Volume 13 Issue 1 | ISSN: 2349-6002 

IJIRT 205969 INTERNATIONAL JOURNAL OF INNOVATIVE RESEARCH IN TECHNOLOGY 9007 

Machine Learning Approaches for Adaptive Geofencing 

and GPS-Based Location Validation A Review 
 

 

Sugandha Nandedkar1, Zuha Biyabani2 
1,2Deogiri Institute of Engineering and Management Studies 

 

 

 

Abstract—Geofencing has become a fundamental 

component of modern location-based services, 

supporting applications such as attendance 

management, asset tracking, logistics monitoring, and 

security systems. Traditional geofencing techniques 

primarily rely on fixed geographic boundaries and 

predefined radius thresholds for location verification. 

However, these approaches are often affected by GPS 

signal inaccuracies, positional drift, and variations in 

user mobility patterns, which can reduce classification 

reliability. This paper presents a comprehensive review 

of recent advancements in adaptive geofencing and GPS 

trajectory analysis. The survey examines the application 

of spatial clustering techniques, distance-based 

geospatial modelling, and machine learning algorithms 

for intelligent location validation. Existing studies 

employing density-based clustering methods, trajectory 

mining approaches, and supervised learning models are 

analysed and compared. The review further discusses 

the role of adaptive boundary generation in improving 

spatial classification performance and reducing the 

limitations of conventional rule-based systems. 

Research gaps, current challenges, and future directions 

in adaptive geofencing are identified. The findings 

suggest that integrating spatial intelligence with 

machine learning offers significant potential for 

developing more robust, scalable, and context-aware 

location validation systems. 
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I. INTRODUCTION 

 

The widespread adoption of GPS-enabled mobile 

devices has increased the importance of location 

verification in applications such as attendance 

monitoring, fleet management, asset tracking, and 

security systems [1], [2]. Geofencing, which 

establishes virtual geographic boundaries around 

physical locations, is commonly used to determine 

whether a user or asset is within a designated area. 

Traditional geofencing systems typically rely on 

fixed coordinates and predefined radius thresholds. 

While simple to implement, these approaches are 

often affected by GPS inaccuracies, signal 

interference, and variations in user mobility patterns 

[2], [3]. Such limitations can reduce classification 

reliability, particularly near geofence boundaries 

where positional uncertainty is high. To address these 

challenges, recent research has explored data-driven 

approaches that utilize GPS trajectory analysis, 

spatial clustering, and machine learning techniques. 

Clustering algorithms can identify meaningful 

activity regions from historical location data, while 

machine learning models enable more intelligent 

spatial classification and decision-making [4],[8], 

[10],[14]. These advances have created opportunities 

for developing adaptive geofencing systems that 

better reflect real-world movement behavior. This 

paper reviews existing research on geofencing, GPS 

trajectory analysis, spatial clustering, and machine 

learning-based location validation. The study 

identifies current research gaps, presents a conceptual 

adaptive geofencing framework, and discusses the 

mathematical and algorithmic foundations of 

intelligent location verification systems. 

 

II. LITERATURE REVIEW 

 

Geofencing has been extensively adopted in location-

based services for applications such as asset tracking, 

workforce management, and security monitoring. 

Shevchenko and Reips [1] discussed the growing role 

of geofencing in behavioral and location-aware 

research, highlighting challenges related to spatial 

accuracy and implementation reliability. Similarly, 

Kumbar [2] demonstrated that integrating machine 
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learning techniques with geofencing can improve 

decision-making compared to conventional fixed-

boundary approaches. 

The increasing availability of GPS trajectory datasets 

has enabled significant advances in mobility analysis. 

Zheng et al. [4] introduced the GeoLife dataset and 

demonstrated its usefulness for understanding human 

movement patterns. Li et al. [6] further showed that 

location histories can be mined to identify 

meaningful spatial relationships and user behavior 

patterns. Spatial clustering techniques have become 

important tools for extracting significant regions 

from trajectory data. Ester et al. [7] proposed the 

DBSCAN algorithm, which identifies dense spatial 

clusters while effectively handling noise and outliers. 

Palma et al. [8] applied clustering methods to 

trajectory datasets and confirmed their effectiveness 

in discovering frequently visited locations. Accurate 

distance estimation is essential for geospatial 

analysis. Sinnott [9] presented the Haversine formula, 

which remains widely used for calculating distances 

between geographic coordinates. Such distance-based 

methods provide the foundation for many location 

validation systems. Machine learning approaches 

have increasingly been applied to spatial 

classification problems. Random Forest [10], Support 

Vector Machine [11], Logistic Regression [12], 

Decision Tree [13], K-Nearest Neighbor [14], and 

XGBoost [15] have demonstrated strong performance 

in classification tasks due to their ability to model 

complex spatial relationships. Endo et al. [16] further 

highlighted the potential of data-driven learning 

methods for trajectory-based classification and 

mobility analysis. Although previous studies have 

investigated geofencing, trajectory mining, 

clustering, and machine learning independently, 

limited research has focused on integrating these 

techniques into a unified adaptive location validation 

framework. This limitation motivates further 

investigation into intelligent geofencing systems 

capable of handling GPS uncertainty and dynamic 

user mobility patterns. 
 

III. RESEARCH GAPS 
 

Despite considerable advancements in geofencing, 

GPS trajectory analysis, and machine learning, 

several challenges remain unresolved. First, most 

conventional geofencing systems continue to rely on 

static geographic boundaries that do not adapt to 

variations in user mobility patterns or environmental 

conditions [1], [2]. Such fixed-boundary approaches 

often struggle to maintain classification reliability in 

the presence of GPS signal inaccuracies and 

positional drift [3]. Second, while spatial clustering 

techniques have demonstrated effectiveness in 

identifying meaningful activity regions from 

trajectory data [7], [8], many studies focus solely on 

location discovery rather than integrating clustering 

outcomes into intelligent location validation 

frameworks. Similarly, machine learning research has 

primarily emphasized classification performance 

without adequately addressing adaptive boundary 

generation [10],[16]. 

Third, existing location validation systems commonly 

employ binary decision mechanisms that classify 

observations as either inside or outside a geofence. 

These approaches provide limited support for 

handling uncertain observations that occur near 

boundary regions, where classification ambiguity is 

most significant. 

Finally, there remains a lack of comprehensive 

frameworks that combine trajectory mining, spatial 

clustering, distance-based modelling, and machine 

learning into a unified adaptive geofencing solution. 

Addressing these gaps is essential for developing 

more accurate, scalable, and context-aware location 

verification systems. 

 

IV. PROBLEM STATEMENT 

 

Traditional geofencing systems primarily depend on 

predefined geographic coordinates and fixed-radius 

boundaries to determine whether a user or asset is 

located within a specified region. Although these 

methods are simple and computationally efficient, 

they are highly susceptible to GPS inaccuracies, 

signal interference, and variations in user movement 

patterns [2], [3]. Such limitations often result in 

unreliable location classification, particularly near 

geofence boundaries where positional uncertainty is 

significant. Furthermore, many existing approaches 

treat spatial clustering and machine learning as 

separate research areas, limiting their ability to 

provide adaptive and context-aware location 

validation. Therefore, there is a need for an 

intelligent geofencing framework capable of utilizing 

historical trajectory data, adaptive spatial modelling, 

and machine learning techniques to improve the 
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accuracy and reliability of location verification 

systems. 

 

V. PROPOSED METHODOLOGY 

 

To address the limitations of traditional geofencing 

systems, a conceptual adaptive geofencing 

framework is proposed. The framework integrates 

GPS trajectory analysis, spatial clustering, distance-

based modelling, and machine learning techniques to 

improve location validation accuracy and 

adaptability. 

The methodology consists of five major stages: 

A. Data Acquisition and Preprocessing: GPS 

trajectory records are collected from mobile devices 

or publicly available datasets. The collected data are 

preprocessed to remove noise, incomplete records, 

and inconsistent location observations. 

 

B. Spatial Clustering: Spatial clustering techniques 

are applied to identify significant activity regions 

from historical trajectory data. Clustering enables the 

discovery of frequently visited locations and supports 

automatic geofence generation without extensive 

manual configuration. 

 

C. Adaptive Boundary Generation: Distance-based 

spatial modelling is used to establish dynamic 

geofence boundaries around identified activity 

regions. Unlike conventional fixed-radius geofences, 

adaptive boundaries are generated using the spatial 

distribution of trajectory points, allowing the system 

to better accommodate variations in user movement 

patterns. 

 

D. Feature Extraction: Relevant spatial features, 

including geographic coordinates, cluster 

characteristics, and distance-related attributes, are 

extracted from the processed data. These features 

provide meaningful representations of user location 

behavior for subsequent analysis. 

 

E. Machine Learning-Based Classification: 

Supervised machine learning algorithms are utilized 

to classify incoming location observations based on 

the extracted spatial features. The classification 

process supports intelligent location validation and 

improves decision-making under uncertain GPS 

conditions. 

The overall framework aims to enhance geofencing 

reliability by combining spatial intelligence and 

predictive modelling into a unified location 

verification system. 

 
Fig. 1. Proposed conceptual framework for adaptive 

geofencing and intelligent location validation. 

 

VI. MATHEMATICAL MODEL 

 

Let the GPS trajectory dataset be represented as: 

P={ p1, p2, p3, p4 … … … . pn}  (1) 

where each GPS point (pi) contains latitude and 

longitude coordinates 

pi = (lat_i, lon_i) 

A. Distance Calculation 

The geodesic distance between two GPS coordinates 

is computed using the Haversine formula [9]: 

d =

 2r arcsin √sin2 (
∆∅

2
) + cos(∅1)cos(∅2)sin2 (

∆λ

2
)      

(2) 

where: 

• (d) = distance between two GPS points 

• (r) = Earth's radius 
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• (∅) = latitude 

• (λ) = longitude 

 

B. Cluster Centroid Estimation 

For a cluster containing (N) GPS observations, the 

centroid is calculated as: 

C =  (
1

N
 ∑ lati, ,

N
i=1  

1

N
 ∑ loni,,

N
i=1 ) (3) 

where (C) represents the geographic center of the 

cluster. 

 

C. Adaptive Boundary Function 

The geofence radius can be represented as a function 

of the spatial distribution of trajectory points: 

R=f (d1, d2, d3 … … d3) (4) 

where (di) denotes the distance between a trajectory 

point and its corresponding cluster centroid. 

 

D. Classification Model 

Let the feature vector be represented as: 

X= [d1 , d2, d3 … … … dm]  (5) 

The classification function can be expressed as: 

Y=M(X)  (6) 

where: 

• (X) = spatial feature vector 

• (M) = trained machine learning model 

• (Y) = predicted location class 

The objective of the model is to assign location 

observations to the most appropriate spatial category 

based on learned patterns from historical trajectory 

data. 

 

VII. CONCLUSION 

 

This paper reviewed recent advancements in 

geofencing, GPS trajectory analysis, spatial 

clustering, and machine learning-based location 

validation. Traditional geofencing systems, although 

simple to implement, often suffer from limitations 

caused by GPS inaccuracies, positional drift, and 

fixed boundary definitions. The reviewed studies 

indicate that trajectory mining techniques, clustering 

algorithms, and machine learning models can 

significantly improve spatial classification and 

location verification performance. 

The analysis identified several research gaps, 

including the limited adaptability of conventional 

geofencing approaches, challenges associated with 

boundary uncertainty, and the lack of integrated 

frameworks that combine spatial intelligence with 

predictive modelling. To address these issues, a 

conceptual adaptive geofencing framework and 

mathematical model were presented. Future research 

may focus on real-time adaptive geofencing, anomaly 

detection, deep learning techniques, and scalable 

location validation systems capable of supporting 

emerging location-based applications. 
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