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Highlights:

- Dynamic geofencing adapts boundaries using real-time geotag data.
- Multi-vertex polygon formed from outermost geotag points.

- Achieves up to 87% alignment with benchmark geofence.

- Stable under £10% distance tolerance.

Abstract: Geofencing systems commonly rely on circular boundaries, which are often
insufficient for representing irregular spatial environments such as university campuses.
Polygon-based geofencing provides greater spatial flexibility; however, static polygon
boundaries become ineffective when user activity areas change over time. This study proposes
a dynamic polygonal geofencing approach that adapts its boundary based on user geotagging
data. The proposed system constructs a multi-vertex polygon by identifying outermost geotag
points relative to a centroid and validating them using proximity-based rules within a
predefined distance tolerance. Distance calculations are performed using the Haversine
formula. A static polygon derived from benchmark coordinates is used as a reference for
evaluation. Experimental results from six validation scenarios demonstrate that the dynamic
geofence progressively improves its spatial alignment with user activity as more geotag data
become available. Partial-data testing achieves vertex alignment rates between 33% and 67%,
while whole-data testing reaches up to 87% alignment with the six-vertex baseline. Sensitivity
analysis further shows that the system remains stable under £10% tolerance variation. These
findings indicate that the proposed method provides a stable and adaptive solution for spatial

presence verification in dynamic campus environments.
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1. Introduction

Many users utilize geofencing for specific purposes, such as monitoring people, animals, and
items, whether they are in motion or not. In essence, a geofence is designed to scan objects
within a virtual region and will lose its ability to detect them once they move outside that region
(Cho et al., 2025). To construct a geofence, a region must first be defined. Once it is
determined, the system allows users to generate an area as a geofence boundary (Everbridge,
2025). Most users prefer circular geofences as a generic shape because they are simple to
construct; they require only a centroid point and a radius to define the area (Garcia, 2022). Even
when the centroid position changes, the circular geofence remains valid as long as the radius
is maintained (Gokhale et al., 2022). The other shapes, such as triangular and rectangular, were
rarely implemented, but they still have simple methods for calculating area using one or two
parameters. However, the generic shape of geofences often leaves unused areas on fields,
especially on irregular spaces like university campuses, where buildings and boundaries rarely
align with these simple geometries. Figure 1 shows a geofence using generic shapes which
resulting to non-optimal geofence as there is area that are undesirable, if we use small area like
L1, there will be area that are not covered by the geofence, on the other hand if we use big area

like L2 there will be area that are undesirable but inside the geofence.

(a) Circular (b) Triangular (c) Rectangular
Figure 1. The generic shape of a virtual geofence placed to a campus sitemap

Figure 1 illustrates the unused spatial areas produced by simplified geofencing boundaries,
including circular (L1 and L2) on Figure 1a, triangular (Figure 1b), and rectangular (Figure 1c)
configurations. Such unused areas indicate potential misclassification of user presence when
the geofence does not conform to the actual spatial layout of the classroom or campus
environment. To accurately validate attendance during teaching and learning activities, the

geofence boundary should represent the true spatial shape of the room before users perform
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geotagging activities. Otherwise, predefined or overly simplified boundaries may incorrectly
detect users as being outside the designated area. Several previous studies have investigated
campus attendance validation using user geotagging data, commonly relying on predefined
circular or polygonal boundaries in static geofencing systems. Enikuomehin et al. (2021)
validated student attendance using a predefined allowable range determined by instructors,
which effectively corresponds to a circular geofence. Similarly, Eweoya et al. (2025) employed
a predefined radius of approximately 100 m to support attendance validation in large lecture
halls. While radius-based geofencing remains dominant in attendance systems published since
2020, polygonal boundary representations have been more extensively explored in other spatial
monitoring contexts. For instance, Bu et al. (2021) applied convex and concave hull extraction
techniques to GPS point collections for modelling activity spaces. However, the explicit
application of static or dynamic polygonal geofences for attendance validation remains limited
in existing literature. Sasaki et al. (2025) introduced a data-driven point-of-interest notifier
using dynamic circular geofences optimized via genetic algorithms, demonstrating the
potential of adaptive boundaries beyond static radius-based approaches. Building on this
motivation, dynamic polygon-based geofencing offers a promising alternative for dense
campus environments, where radius-based geofences may incorrectly validate attendance for
users located in neighbouring buildings. This study introduces a rule-based edge-validation
method for dynamic polygon geofencing, which updates boundary edges using clustered-
distance logic rather than time-based updates or hull reconstruction. The proposed approach
enables activity-triggered boundary adaptation inferred directly from real-time user geotagging
data, allowing the geofence to remain constrained within spatial limits that reflect actual
classroom or campus layouts. Table 1 presents the state of the art of related research in
geofencing-based attendance and spatial validation systems. Although this study is
demonstrated using a campus attendance scenario, the underlying logic is generalisable as a
spatial presence verification framework. The proposed rule-based dynamic polygon
mechanism can be extended to other application domains, such as industrial safety monitoring
to restrict unauthorised access to hazardous zones and secure logistics systems for validating
asset presence within irregular operational areas. These examples indicate that the contribution

of this work extends beyond a single application context.
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Table 1. State of the art of geofencing-based attendance and spatial validation research

Geofence Boundary Adaptation L
Study Shape Update Level Application
Enikuomehin et al. . .

(2021) Circular Static None Attendance

Eweoya et al. (2025 Circular Static None Attendance
Bu et al. (2021) Polygon Static (Hull) Global Activity Space

. . Dynamic .
Sasaki et al. (2024)  Circular (Radius) Global POI / Marketing

: Dynamic (Rule- i Spatial Attendance
This study Polygon Based) Edge-level Verification

2. Materials and Methods

In this approach, geofence boundaries are generated by identifying the geotagged points
farthest from the centroid and validating them through proximity-based clustering within a 10
m radius, in accordance with the SNI GPS accuracy standard (Kakalang, 2022). The validated
clusters define edge points that form the polygon boundary, ensuring that the resulting geofence
accurately represents the monitored area. Distance calculations between user coordinates are
performed using the Haversine formula, while real-time location tagging enables continuous
boundary refinement. Accordingly, geofence boundaries are refined using centroid-based
clustering validation by adjusting individual area edges rather than modifying the entire
boundary simultaneously. Figure 2 illustrates the general idea of said geofencing (example:
triangular geofence as basic geofencing)

‘ > 10 m distance /.“ ‘
dgepoint v ’
ez 1

Edgepoint A
Cluster B+, \ z

\Clu erA
Pinpoint

coordinate 24

Edgepoint B Centroid point

Figure 2. General idea of a Geofencing system

Figure 2 illustrates the spatial configuration of the geotagging process, including pinpoint
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coordinates, edge points, centroid points, and their associated clusters. The example shows a
simple geofence generated as a triangular polygon. Pinpoint coordinates are obtained by
continuously logging users’ live GPS positions, enabling dynamic adjustment of the

monitored area for both on-campus and off-campus scenarios (Chaudhari, 2024)
2.1. A Static Polygon Boundary

A polygon-based boundary provides greater flexibility for geofencing applications, as it can
represent complex spatial shapes more accurately than generic geometric forms. In this study,
a static polygon boundary is defined using benchmark coordinates as fixed geographical
reference points. Benchmarks are established geodetic markers that indicate precise spatial
positions within a given area (Taufigqurahman et al., 2025). These markers are often
physically materialised to ensure long-term stability; even in the event of natural disturbances
such as earthquakes, benchmarks remain reliable spatial references that enable affected

regions to be realigned to their original coordinates (Tomaszewski, 2021).

The ITENAS campus benchmark dataset consists of 34 benchmark points (Premitasari, 2023).
Among these, the ten outermost benchmarks (A-J) define the campus perimeter and are used
to construct the static geofence. These outer boundary points serve as default edge points and
form a ten-node polygon representing the campus area, as illustrated in Figure 3. This static
polygon is used as a fixed spatial boundary for comparison and evaluation purposes

throughout the study.
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Figure 3. Ten Benchmarks of the Static ITENAS Boundary
As a static polygon scenario (Figure 3), the ten-node benchmark polygon is used to represent
the campus boundary. In this configuration, the geofence shape remains fixed regardless of
user movement. If a recorded position lies within the static boundary, attendance is considered

valid; if the position falls outside the boundary, attendance is invalidated. Although this static
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geofence configuration has not been experimentally evaluated, it is included as a reference
representation covering an area of approximately 6.34 hectares. This static polygon is used
solely for conceptual comparison with the proposed dynamic geofencing approach, which
operates within a smaller, activity-driven target area of approximately 1.8 hectares based on

user positioning, as shown in Figure 6.
2.2 Haversine formula

The Haversine formula is used to compute the great-circle distance between two geographic
points on the Earth’s surface, assuming a spherical Earth model (Noviarianto et al., 2023;
Yunardi et al., 2024). The input parameters consist of latitude and longitude values obtained
from GPS measurements and expressed in decimal degrees. These values are converted into

radians (Radian), as required by the trigonometric operations in the Haversine formulation, as

shown in Equation (1).

Radian = 25T 1)
180

Given the number © =3.141592653589793, latitude and longitude values in degrees (Deg) are
converted into radians before the calculation. After conversion, the system computes the central
angle between two points on the Earth’s surface. (Equation 2) which represents the angular
distance used to calculate the great-circle distance

Ao = Zarcsin(\/sinz(iﬁ) + (cos@ cos@psin? (%y))) )

¢ described as latitude in radian, ¢4 equal to the user’s latitude in radian, and ¢B describes the
centroid latitude in radian with A=gs-@a. Parameter y equal to longitude in radians with Ay =
vz — v, (Ikasari et al., 2021). Equation 3 shows the final output related to the separate

distance between two points
D=R=xdo (3)

D means distance in km, and R is specified as the Earth's radius, with an average radius equal

to 6.371 km, and denotes the central angle.

2.3 System Design
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The system design updates the polygon boundary by selecting new edge points derived from
user geotag coordinates. An edge point candidate must satisfy two conditions: (1) it is farther
from the current centroid than previously selected points, declared as centroid distance on
Figure 4 , and (2) it maintains local consistency by having at least one neighbouring point
within the predefined 10 m tolerance (cluster distance) as defined in the static polygon
boundary section (Min Allah et al., 2021; Premitasari et al., 2023). When at least two valid
edge points are identified within the same region, the system connects them to update the
polygonal boundary. The centroid is then recalculated based on the updated polygon, allowing
the geofence to adapt dynamically to changes in user spatial distribution. Figure 4 illustrates
the overall workflow of this process, starting from GPS coordinate acquisition via the web

interface to dynamic boundary updates

( \ / 1 The geotag \ / \
distance >10m
—P» and inside =
previous
Centroid Cluster 2 geofence
Distance Distance The geotag Map
distance > 10 m No shows .
The system The system —» and outside » Geofance = 8 No new edgepomT
calculate geotag calCUIat_e the previous Change Previous ( No new CIUSTQI")
md distance from | geotag distance = geofence geofence
centroid from nearest 3
previous /cluster The geotag
distance <= 10
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The System’s Design
Figure 4. Block diagram of the proposed system

As shown in Figure 4, the system executes a decision logic (shown in a parallel box labelled
1, 2, 3, and 4) to determine whether the geofence boundary remains unchanged or needs

reshaping. The logic is defined as the number to follow:

1. If the geotag distance > 10 m but inside previous geofence — No geofence change
resulting in displaying the map with the last boundary

2. If the geotag distance > 10 m and outside previous geofence — A potential new
edge point is detected, but still results in displaying the map with the previous
boundary

3. If the geotag distance < 10 m and inside previous geofence — The point may be

located inside the geofence, and no boundary update
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4. If the geotag distance < 10 m and outside previous geofence — A new geofence

boundary is identified, resulting in a new geofence

It begins when the user inputs coordinates, which are then displayed as pinpoints on a map. For
each pinpoint, the distance to the centroid is calculated; if the new distance exceeds the previous
one, the system measures the distance between the nearest pair of pinpoints. Points within 10
m of each other are grouped into a cluster. For each cluster, the system identifies edge points,
defined as the points farthest from the centroid. If there are at least two edge points, the system
draws a new polygon representing the geofence boundary. A new centroid is then
recalculated—if it remains unchanged, no update occurs; if it shifts, a new geofence is

generated. Figure 5 illustrates the system flowchart.

User input the .
! | Declare edgepoint from
/ coordinates / each saved cluster
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Figure 5. System Flowchart

This study implements a dynamic geofencing approach, which Sasaki et al. (2024) also
explored, in which geofence boundaries can change and shift based on the radius of a point of

interest (POI) relative to the user's location. The work by Sasaki et al. focuses on analysing
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user geolocation behaviour for marketing purposes. However, Sasaki et al. do not employ
polygon-based geofencing. The geofences generated in their study are limited to circular
shapes, in which the geofence dynamically updates its centre and radius but does not support
vertex- or edge-level boundary adaptation. The step by step below shows simple pseudocode

of general system as abstraction algorithm for Dynamic Geofence

Require: P = Set of geotag points

Ensure: G = geofence polygon

: Cluster Pinto C

- Initialize an empty edge set E

: For each Cj € C, do

: Apply rules (R1-R6) to select valid edge point Vi
. 1T |Vi| > 2, then add Vi to edge set E

: End for

: Construct polygon G from E

10: Return G

Hint: P (pinpoint), G (Geofence shape), € (Clusters). E (Edge), and V is for Vertex.

© 0 o1 A W N P

3. Result and Discussion

Based on repeated geotagging experiments involving 40 participants, a total of 232 pinpoint
locations were collected from multiple attendance sessions. The spatial distribution of these
pinpoints was used to generate a heatmap representing areas of high user presence. This
heatmap provides an empirical visualization of point concentration, which supports the
selection of baseline edge points. Figure 6a illustrates the heatmap derived from the
accumulated geotag distribution, while Figure 6b shows the corresponding six-vertex baseline

polygon constructed to enclose the dominant activity region.
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(a) Pinpoint heatmap (b) Six vertex Baseline

Figure 6. Pinpoint heatmap and six vertex baselines generated by GPS users’ mobile phone

From Figure 6, it can be concluded that the baseline reference is constructed by computing the
centroid of aggregated high frequency geotag points, which represents the dominant centre of
user activity. No clustering algorithm is applied at this stage, as the objective is not to identify
spatial clusters but to define a representative reference location. For GPS accuracy, satellite
signal strength is visually represented using bar indicators provided by the GPS Test
application. These indicators reflect the number of available GNSS satellites contributing to
positioning. In accordance with GNSS positioning principles, at least three satellites are
required to obtain horizontal coordinates, while four satellites are required to estimate altitude
(Kaplan, 2023). Based on the accumulated geotagging data, the resulting spatial distribution
converges toward a six-edge configuration, as illustrated in Figures 6a and 6b. The reduction
from the original ten benchmark points is primarily due to sampling limitations, since the
experimental data cover only the classroom area within the broader ITENAS campus boundary.
Consequently, a six-vertex polygon is adopted as the baseline edge configuration for subsequent
evaluation, representing the dominant activity region. This six-vertex baseline serves as a
reference to evaluate whether the system-generated dynamic geofence can reproduce a
comparable spatial shape during testing. The configuration remains valid under the predefined
constraint that the number of edge nodes does not exceed the original ten-node campus

benchmark, as discussed earlier
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3.1 Testing Result

The developed system was evaluated using 232 pinpoints collected across the campus area. Six
validation rules (R1-R6) were applied, reflecting typical classroom conditions with 10-20
students and spatial constraints based on classroom dimensions (20 m x 25 m). The rules are
defined as follows: R1 (10 points, 10 m radius), R2 (15 points, 10 m radius), R3 (10 points, 15
m radius), R4 (15 points, 15 m radius), R5 (10 points, 20 m radius), and R6 (15 points, 20 m
radius). The dataset was divided into five testing scenarios comprising 50, 50, 50, 50, and 32
pinpoints, respectively. Two evaluation strategies were employed. In the partial-data approach,
each batch was processed independently without incorporating data from previous tests. In
contrast, the whole-data approach cumulatively incorporated pinpoints from prior batches,
resulting in progressive evaluations of 50, 100, 150, 200, and finally 232 pinpoints. At each
testing step, clusters were formed according to the defined rules, and qualified data points were
identified and evaluated against the centroid and nearest benchmark to determine their
eligibility as new edge points. Table 2 summarizes the number of qualified data points and

validated clusters for both partial and whole data scenarios

Table 2. Partial Data (1) VS Whole Data (2) for Number of Cluster.

Rule Test 1 Test 2 Test 3 Test 4 Test5

Testing & Qd C Qd C Qd C Qd C Qd C

Result 1 212 1 212 1 212 1 2121 2 1 2
R1 14 14 5 5 19 36 5 10 2 5 2 17 8 63 2 19 0 70 - 21
R?2 9 9 3 31022 3 6 0 41 - 11 0 41 - 11 0 47 - 12
R3 38 38 5 5 31 74 6 13 16 108 4 21 14 123 5 27 0 138 - 30
R4 26 26 2 2 16 46 3 7 4 81 2 16 0 81 - 16 0 91 - 19
R5 40 40 5 5 31 77 5 11 20120 5 7 22 1427 25 0 161 - 28

R6 28 28 2 2 18 52 2 5 191135 17 0 114 - 18 0 132 - 23

In Table 2, Qd denotes the number of qualified data points, C represents the number of
validated clusters, while subscripts 1 and 2 indicate partial-data and whole-data evaluations,
respectively. The number of clusters resulting on Table 2 generated varies, affected by the rule
of validation, with conclusion if there is no qualified data in both test , yet the number of cluster
recorded as null. Those clusters then act as the benchmark that is used to construct the
geofencing area. Tables 3 and 4 show the results of each test which each rule represents

Intersection of Union against six baseline vertexes (Figure 6b).
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Table 3. The testing result with the first way of using data (Partial Data)
Rule Test1(50) Test2(50) Test3(50) Test4(50) Test5(32)

(kﬂJT}O20) \XKX \\\} 'mriﬁ\\\ - ';w“ - ijjk;

R2
(loU = 0)

R3 ’ =
(10U=0.58) \xx \x\
R4 s =
(loU =0.15)

amffos& *x\ *x\

R6
(loU = 0.15)

Tables 3 and 4 show all rules in Test 1 and Test 2, concluding that no geofence was formed
because the system detected fewer than three edge points. The blue area represents the geofence
shape once the minimum number of edge points is reached. The total area of each geofence
was not calculated, as this information is not required for constructing a dynamic polygon in
the campus attendance system. To determine whether a pinpoint lies inside or outside the
previously detected geofence, the system evaluates each point relative to the current polygon
boundary, using centroid distance as a global reference and cluster-based proximity as a local

consistency check. Table 4 shows the results from the test using the second method, with each

column in the table including the cluster found in the test, the new benchmark (if applicable),
and the new centroid (if applicable) along with the loU, following Table 3.
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Table 4. The testing result with the second way of using data (Whole Data)
Rule Test1(50) Test2 (100) Test3(150) Test4 (200) Test5(232)

(IouFilo.38) \\ \\ R ~ Sy C:]

R2 P A
(loU = 0.07) \\ N \
=3

R3
(loU = 0.44)

R4
(loU = 0.32)

-/ \
(I0U250.58) \ \ \\ L/:\J C -7

R6 =
(IoU = 0.69)

Based on the analysis of Table 2 and Table 3 which utilizes partial datasets, shows that

geofencing shape changes predominantly occur under Rules R1, R3, and R5. These results
indicate that these rules provide stronger indicators for spatial validation in campus attendance
systems compared to R2, R4, and R6, which consistently produce identical geofencing shapes
across Test 1 to Test 6. In contrast, the second way of using data (Table 2 and Table 4), reveals

that geofencing changes do not occur only under Rule R2, while the remaining rules
demonstrate adaptive boundary formation (Table 4). This finding indicates that the evaluation
based on the whole data is more reliable and can serve as a robust reference for most validation
rules (except R2). Moreover, this approach can generate up to six edge points, matching the
number of desired edge points, whereas the partial-data approach results in more limited
geofence adaptations. This metric was calculated by averaging the distance comparison results
for each collected pinpoint and the benchmark. To ensure that the geofence operates in an
optimal manner, a minimum number of users is required, as adding more users may affect the
resulting geofence shape. Based on the results shown in Tables 3 and 4, at least 100 users
(pinpoints) are required for the dynamic geofence to function effectively. The effectiveness of
the dynamic shape becomes evident after Test 2, when the number of pinpoints reaches 100 in

both evaluation scenarios. Table 5 summarizes the comparison of edge-point detection results

obtained from the first and second evaluations using both partial-data and whole-data
approaches. For each rule (R1-R6), edge-point detection outcomes are reported for the six

baseline vertices (A—F). When the results from the first and second evaluations are identical

for a given edge point, a single symbol (v or X) is shown. When the outcomes differ between
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the two evaluations, the result is expressed using paired notation (X/v or v/ X), where the first
symbol corresponds to the first evaluation and the second symbol corresponds to the second
evaluation. The ‘Edge Points’ column reports the total number of detected edge points relative
to the six baseline vertices, expressed as first/second evaluation results. Similarly, the
‘Frequency’ row indicates how often each edge point appears across all validation rules (R1-
R6) for both evaluations. The ‘Edge Points’ column reports the total number of detected edge
points relative to the six baseline vertices, expressed as first/second evaluation results.
Similarly, the ‘Frequency’ row indicates how often each edge point appears across all

validation rules (R1-R6) for both evaluations Table 5 summarizes the results from two separate

evaluation phases. Phase | (1st) represents baseline testing with 40 users (232 geotag points),
while Phase Il (2nd) represents extended testing with 110 users (409 geotag points) collected

from combined indoor and outdoor environments.

Table 5. Edge-point comparison test results (partial data vs. whole data)

The Partial Data (15%2"9) The Whole Data (15/2"9)
Rule A B C D E F EdgePoints A B C D E F EdgePoints
R1 v x|V x x v x 2/3 v v x x v v a/4
R2 v x|V V[x x x x 2/2 vV xIv v x x x 2/3
R3 v x|V x v v v 4/5 v v x v v v 5/5
R4 v  oxlv v v x x 3/2 v vV xlv vV x V¥V a/5
R5 v x|V x v v v 4/5 v v £ v v Y 5/5
R6 v x v v x x 3/3 v v £ v x v a/a
Frequency 6/6 0/5 3/1 4/3 3/3 22 6/6 4/6 1/2 4/4 3/3 5/5

Based on the experimental results, Rule R2 consistently yields the lowest number of detected
edge points across both evaluation phases. In the partial-data evaluation, R2 detects only two
vertices in both Phase 1 and Phase 2. In the whole-data evaluation, R2 also detects two vertices
in Phase 1 and increases to only three vertices in Phase 2. This result aligns with Table 6, where
higher spatial dispersion (SD) corresponds to higher accuracy; notably, R2, which shows the
lowest accuracy, also has the lowest SD (1.3157356921833E-5). Higher SD values provide
better suitability for real campus applications, as GPS capture during class sessions requires
greater tolerance for positional variation caused by indoor environments and the dispersed

nature of classroom activities.

Table 6. Average SD Value

Rule Spatial Dispersion
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R1 0,000014627313799341
R2 0,000013157356921833
R3 0,000013847786226812
R4 0,000013586507238485
R5 0,000014745045134639
R6 0,000014924666051805

To further validate the results, performance evaluation was conducted using the Root Mean
Square Error (RMSE), which achieved its lowest value at 100 data points, with an RMSE of
5.8 m (Figure 7). RMSE is commonly used to evaluate GNSS positioning accuracy because it
emphasizes larger positional deviations, which are critical in assessing spatial reliability. As
discussed by Amerudin (2024), RMSE is particularly suitable for GNSS performance
evaluation due to its sensitivity to error magnitude and its ability to reflect the impact of
positioning noise. This characteristic makes RMSE appropriate for assessing spatial dispersion

and centroid stability in location-based clustering.

RMSE to Points Comparison

Scenario Rule
—&~ 10 Data/10m
15 Data / 10m
—&~ 10 Data/15m
&~ 15 Data / 15m
~&~ 10 Data / 20m
—e— 15 Data/20m

50 75 100 125 150 175 200 225
Number of Points

Figure 7. RMSE-to-point comparison

This characteristic is particularly relevant in location-based systems where positional errors are
not uniformly distributed. Table 7 compares accuracy results between Phase 1 (first baseline
testing) and Phase 2 (second non-baseline testing) under partial- and whole-data evaluations.
Rules R3 and R5 consistently achieve the highest accuracy, reaching 83% in whole-data testing
for both phases, indicating stable geofence reconstruction as data accumulate. Other rules (R1,
R4, and R6) show moderate performance, with accuracy generally improving from partial to
whole data and from Phase 1 to Phase 2. As previously analysed in Table 5, Rule R2 yields the
lowest number of detected edge points. This limitation is reflected in Table 7, where R2

consistently records the lowest accuracy across both Phase 1 and Phase 2.

Table 7. Accuracy comparison test results
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Rules Baseline Testing (1% Testing) Non-Baseline Testing (2" Testing)
Partial Data Whole Data Partial Data Whole Data
R1 33% 67% 50% 67%
R2 33% 33% 33% 50%
R3 67% 83% 83% 83%
R4 50% 67% 33% 83%
R5 67% 83% 83% 83%
R6 50% 67% 50% 67%

Another way to evaluate the geofence is by analysing the polygon area. As described by Det
Petris et al. (2024), polygon area is derived from vertex coordinates, and its computation
includes uncertainty that propagates from the uncertainty of those coordinates. Each polygon
area is calculated and then compared with the static geofence area (Figure 4) and the desired
or target geofence area (Figure 5). The evaluation is performed using the Area Difference Ratio
(ADR) and Area Improvement Ratio (AIR). The static and desired geofence areas have values
of 21,229.1424 and 18,497.7228, respectively. Both static and desired benchmark coordinates
represent approximate areas rather than exact values. Area values obtained from all generated
geofences for each rule under the partial-data evaluation are compared with both static and

desired benchmark areas, producing ADR and AIR values as shown in Table 8 for partial data.

Table 8. Partial data geofence area evaluation

Rules Area ADR AIR
R1 4636.0348815692 0.7493726691364353, -4.074902280920429
R2 0 1.0, -5.772200922097497

R3  9810.8935914653 0.4696161402946299 -2.18033485833516
R4 2953.5878728922 0.8403269466334544 -4.690862922854453
R5 9810.8935914653 0.4696161402946299 -2.18033485833516
R6  3141.5564445468 0.8301652324523731 -4.622045752707244

ADR evaluates area accuracy by measuring how different the resulting geofence is from the

desired geofence; a smaller value indicates closer agreement with the desired geofence. As

shown in Table 8, Rule R2 records an ADR value of 1.0, which is the highest value, indicating

that the geofence generated under R2 in the partial-data evaluation differs substantially from
the desired geofence. In contrast, Rules R3 and R5 vyield the lowest ADR value of 0.4696,
indicating that these geofences are the closest to the desired geofence. AIR performs better

when its value is closer to 1; however, almost all AIR values in Table 9 are negative, except

R4 and R6 with the lowest value observed for R2 and higher values for R3 and R5. This occurs
because the generated geofence areas are relatively smaller than the desired geofence and
significantly smaller than the static geofence.

Table 9. Whole data geofence area evaluation
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Rules Area ADR AIR
R1 8376.933293481 0.5471370501301015 -2.705322035404777
R2  1753.983395462 0.9051784147416004 -5.130050094975817
R3  8802.903878779 0.5241087784395492 -2.5493699526277074
R4  16270.38849805 0.12041126834689307 0.1845506974702416
R5 8802.903878779 0.5241087784395492 -2.5493699526277074
R6 17600.17652052 0.0485219855437758 0.6713993647584401

Table 9 shows the area, ADR, and AIR values of the geofence generated using the whole-data

evaluation. Like the partial data results, Rule R2 records the highest ADR value, indicating that
the generated geofence differs substantially from the desired geofence. In contrast to the
partial-data evaluation, Rule R6 achieves the lowest ADR value (0.0485), indicating the closest
approximation to the desired geofence. A similar pattern is observed for AIR values, where R2
records the lowest value and R6 records the highest value. While Bu et al. (2021) employ
concave hull-based boundary extraction to model activity spaces from continuous GPS
trajectories, the proposed approach focuses on attendance validation using discrete geotag
points. Under a convex-hull formulation, Rule R2 exhibits unstable behaviour due to an
insufficient number of valid outer points for reliable boundary formation, which is consistent
with its low vertex detection and accuracy results. In addition, GPS Test measurements
collected from 52 volunteers indicate an average positioning accuracy of 3.5 m and a mean
signal-to-noise ratio (SNR) of 26.375, confirming that GNSS accuracy conditions during the
experiments were well within the tolerance range used in this study. Table 10 presents a

sensitivity analysis using different GPS accuracy tolerance values of 9 m, 10 m, and 11 m.

Table 10. Sensitivity Data Analysis

Tolerance (T) (m) '”5'?09/0?%9 Outside Rate (%) Truncaécﬁ% RMSE
9 71.12 28.88 5.75
10 (SNI baseline) 74.57 25.43 6.19
11 77.16 22.84 6.59

By adopting this convex-hull-based boundary construction with rule-based constraints on
outermost points, the proposed method prioritises robustness and boundary stability rather than
fine-grained mobility representation. In practical attendance implementations, lecturer and
student identifiers may be incorporated as validation constraints, where a valid cluster requires

at least two pinpoints within a 10 m radius, including one lecturer and one student.
4. Limitation and Recommendation

The current study does not consider the altitude of the coordinate and the result generated in
daytime campus working hours. It might take different if the data collected at night hours
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(18.00-06.00). Future research should include the altitude of the coordinate to further increase

the accuracy of each coordinate.
5. Conclusion

Experiments conducted with 40 users in baseline testing and 110 users in non-baseline testing
demonstrate that Rules R3 and R5 consistently achieve the highest accuracy, reaching up to
83% in whole-data evaluations. These results indicate that rule configurations with moderate
spatial dispersion enable sufficient edge-point formation for stable polygon reconstruction. In
contrast, Rule R2 consistently records the lowest accuracy, improving only from 33% to 50%,
due to its limited number of detected edge points. Convex-hull stability improves after
approximately 100 accumulated pinpoints, coinciding with the lowest observed RMSE (=5.8
m), indicating that instability in R2 is primarily caused by insufficient outer-point formation
rather than GNSS positional error. Sensitivity analysis confirms that the system remains stable
under a £10% variation around the 10 m distance tolerance, supporting its suitability for indoor
GNSS-based attendance validation. GPS Test measurements from 52 volunteers further
indicate an average positioning accuracy of 3.5 m and a mean signal-to-noise ratio (SNR) of
26.375, confirming that the results are not affected by poor GNSS signal quality.
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