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Abstract: Positional accuracy in cadastral data is fundamental for secure land tenure and efficient
land administration. However, many land administration systems, experience difficulties to meet
accuracy standards, particularly in areas with digitized historical maps, leading to disruptions in land
transactions. This study investigates the use of unsupervised clustering algorithms in order to
identify and characterize systematic spatial error patterns in cadastral maps. We compare Fuzzy c-
means (FCM), Density-Based Spatial Clustering of Applications with Noise (DBSCAN), and Gaussian
Mixture Models (GMM) in clustering error vectors derived from 500 homologous points. These
points were obtained by comparing cadastral data with a higher-accuracy land survey within a 7 km?
area in Ioannina, Greece, known for its inaccuracies in the Greek National Cadastre. The optimal
number of clusters for each algorithm was determined. Results show that DBSCAN and GMM
successfully captured a central area of random errors surrounded by a region exhibiting a systematic,
counter-clockwise rotational error, whereas FCM did not capture this pattern. DBSCAN, with its
ability to isolate noise points in the center of the study area, provided the most interpretable results.
This clustering approach can be integrated into automated cadastral map improvement methods,
contributing to progressive cadastral renewal efforts.

Keywords: machine learning; unsupervised learning; clustering; positional accuracy; Greek National
Cadastre; land administration systems; cadastral renewal; fit-for-purpose land administration

1. Introduction

Accurate geospatial data are fundamental to the efficient operation of modern cadastral systems,
supporting secure land tenure [1], effective land administration [2,3], fair taxation [4], infrastructure
development [5], and reliable land transactions. Globally, modernizing Land Administration Systems
(LAS) [6], and especially improving the positional accuracy of cadastral data remains an ongoing
challenge. This effort is driven by the need to refine the geometric characteristics of spatial
information ensuring the accurate representation of legal land objects and property boundaries [7].
Beyond initial LAS formation, there also exists the need for cadastral renewal (i.e., the process of
updating, correcting, and enhancing existing cadastral data and maps). This renewal is necessary to
meet accuracy standards, technological advancements, and societal needs [8-10] and may involve
digitizing analog maps, correcting errors, updating land registry information, and integrating
cadastral data with other spatial information systems [8].

Many countries have adopted cadastral renewal as a national policy to address technical and
legal issues arising from outdated or inaccurate cadastral data, as illustrated by the Turkish Land
Registry and Cadastre Modernization Project (TKMP) [8]. The complexity and quality of spatial data
vary widely between countries, due to differences in historical development, economic resources,
and organizational structures, which in turn shape the required renewal approaches [11]. Best
practices in LAS management emphasize progressive improvement, where data quality is improved
incrementally over time, allowing the systems to remain functional even in their early stages [12].

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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This method recognizes that cadastral data can exist at varying levels of encoding and accuracy, both
spatially and temporally. This practice aligns with the concept of Fit-For-Purpose Land
Administration (FFPLA), which proposes flexible, upgradable systems, designed to take into account
local needs, resources, and land tenure types, with a focus on incremental improvement [13].

Traditional methods for enhancing positional accuracy in LAS, such as re-surveying or manual
adjustments, are often costly and time-consuming. This has led the research community to explore
computational correction methods that transform existing datasets using a set of homologous points
(corresponding features identified in two datasets) from higher-accuracy sources [14-17]. On the
other hand, automated techniques, particularly those utilizing Artificial Intelligence (Al) to minimize
manual effort and improve efficiency, remain scarce, mainly in the area of vectorization [18,19].

Within Al methods, unsupervised learning algorithms uncover hidden structures in data
without requiring predefined labels [20,21]. Clustering, a core unsupervised learning method [22],
groups data points based on a similarity metric, such as the Euclidean distance, to uncover
meaningful insights [23]. Numerous clustering methods are documented in the literature, and
Oyewole and Thopil [24] provide a recent classification of these approaches. These techniques have
been widely applied to spatial data analysis tasks, such as identifying patterns in geographic data,
detecting hotspots, and grouping similar spatial objects [25-28].

In the context of progressive improvement of a LAS, clustering can be applied to error vectors
that represent discrepancies between recorded locations on the system and more accurate survey
data. If these errors have spatial structure (i.e., are not randomly distributed), clustering can identify
distinct groups of points with similar error characteristics, potentially indicating systematic biases
introduced during data acquirement or processing. The optimal number of clusters in unsupervised
learning, which is, in general, initially unknown, is a major issue because different algorithms — or
even a single algorithm with different parameters — may produce different clusters of data [29].
Hence, various methods have been developed for the determination of the optimal number of clusters
(e.g., the elbow method, silhouette analysis, and information criteria) [30-32].

The Greek National Cadastre (GNC), like many national cadastral systems, faces ongoing
challenges related to positional accuracy. Its history is marked by a series of incomplete or
unsuccessful attempts to establish a comprehensive LAS [33]. Currently, it is organized under Laws
2308/1995 and 2664/1998, covering 59% of the country [34]. Despite these efforts, significant positional
inaccuracies exist, particularly in areas covered by GNC first generation surveys (1995-1999). These
early surveys, while aiming for 1:1000 scale accuracy in urban areas and 1:5000 in rural areas, are
suffering from various issues, including systematic errors: (a) arising from the integration of
administrative acts, such as land redistributions; and (b) introduced during the creation and use of
photogrammetric diagrams [35].

Consequently, landowners submitted objections at an average rate of 20% of the total records
(reaching up to 60% in certain areas), far exceeding the internationally accepted rate of 3-5% [34].
These discrepancies have led to legal disputes, difficulties in land transactions, and a general lack of
trust in the accuracy of cadastral data. In response, the Greek State introduced Article 19A into Law
2664/1998 in 2011, enabling the en masse redefinition of land parcel positions and boundaries to
support the renewal of the GNC in problematic regions.

To address these challenges, the GNC is actively exploring and implementing innovative
technological solutions. In a pioneering move, it has become the first public organization in Greece
to utilize Artificial Intelligence (AI) not only as a chat-bot for information, but also for making
administrative decisions, aiming to accelerate the legal review process of land-related contracts. This
initiative demonstrates a commitment to use advanced technologies in order to improve the
effectiveness of cadastral administration [36].

This study explores the use of unsupervised clustering techniques to automatically detect and
analyze systematic error patterns, focusing on a case study from Ioannina, Greece, a region from the
first-generation GNC surveys, known for positional inaccuracies. The research has the following
objectives: (a) to evaluate the performance of multiple clustering algorithms in the domain of spatial
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errors in cadastral maps; (b) to determine the optimal number of clusters for each algorithm using
suitable model selection techniques; (c) to compare the performance of the algorithms using a
combination of quantitative and qualitative visual assessment of the clustering results, both in the
error and in the geographic space and; (d) to assess the potential of the best-performing clustering
approach for generating correction models to guide automated LAS positional quality improvement.

To our knowledge, this is the first application of clustering algorithms to uncover systematic
spatial errors in LASs’ data. Beyond, simply, identifying clusters, we interpret their meaning in
relation to known cadastral processes and error sources, resulting in insights about data quality
improvement strategies, following the philosophy of FFPLA, regarding incremental improvement,
in context with the GNC needs, and its commitment using advanced technologies.

2. Data and Methods

2.1. Data and Study Area

The study area, Stavraki, is a community within the Municipality of loannina in the Region of
Epirus, northwestern Greece (Figure 1). It spans approximately 7 square kilometers and has a mixed
land use, predominantly residential areas combined with agricultural land and some commercial
zones (Figure 2). Its topography consists of gently rolling hills, with an average elevation of 518
meters above sea level. The study area has been integrated into the GNC since 2005, and land records
are managed by the operational cadastral office in Ioannina, responsible for maintaining property
boundaries, ownership information, and related legal documentation. The region consists of 2,541
cadastral parcels, representing individual land properties.
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Figure 1. study area location in Greece (dark blue box). Reference System: HGRS87 (Hellenic Geodetic Reference
System 1987).

A key characteristic of the study’s area cadastral history is the enactment of an Implementing
Act under the Greek Law 1337/1983 at 2001. This Act aimed to reorganize and urbanize the land and
create regularized parcels addressing the municipality’s development needs. The Act involved: (a)
expropriation; (b) land contribution calculations; (c) the creation of new parcels; and (d)
redistribution to the original owners. It is important to recognize that errors can be introduced at any
stage of this complex Implementing Act process. The output of the Act was a map defining the final
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parcels with analytical coordinates. This provided a precise, mathematically defined representation
of the parcel boundaries at 2001 before the development of the cadastral map for the GNC at 2005.

Despite the precise analytical definition that was provided by the Implementing Act, the study
area has known problems, with professional surveyors reporting that: (a) the accuracy of the digitized
cadastral map does not meet the standards of the GNC; and (b) the primary source of error is not
within the Act itself, but rather in the subsequent digitization process undertaken during the creation
of the GCN geodatabase at 2005 [35]. These errors, introduced during digitization, are the focus of
this study.

Figure 2. Orthophoto map of the study area with yellow (2015). At the east of the study area is the city of

Toannina. Source: National Cadastre of Greece.

2.2. Data Sources

The analysis uses two primary data sources:

1. GNC Data: The current (2025) digital vector data of the GNC map were obtained from the its
open data portal [37] in shape file format. These data are referenced to the Hellenic Geodetic
Reference System 1987 (HGRS87) [38], the official coordinate system for surveying applications
in Greece;

2. Land Survey Study Data: Higher-accuracy data were obtained from the digital land surveying
study that was conducted by the Municipality of loannina in 2001 at a scale of 1:500. The survey
was referenced to the Greek western zone of the Transverse Mercator (TM3 western zone) [39].
The purpose of this survey was to be the base map for the Implementing Act.

2.3. Data Preprocessing

The survey data were transformed from TM3 to HGRS87 using the second degree polynomials
method, as given by the Hellenic Mapping and Cadastral Organization for this purpose [40].

To determine positional errors, homologous points were identified by comparing parcels
between the 2025 data and the digital land survey of 2001. These points were selected using random
sampling. Coordinate differences were calculated as:

AEi = Ei - E Il'
@)

ANi = Ni - N ’i
where AE; and AN; are the differences along the x and the y-axis, respectively, for a point i. In this
form, the vector [E;, N;] represents the coordinates from the 2025 digital cadastral map and [E’;, N';]
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from the digital 2001 land survey, both in HGRS87. The magnitude of the error vector (i.e., the length)
was also calculated for every point i.

Homologous points with a length greater than 1.5 meters were excluded from the analysis,
resulting to a dataset of 500 points. This threshold was used to remove potential outliers or points
with gross errors, focusing the analysis on systematic error patterns rather than isolated large
inaccuracies.

2.4. Clustering Algorithms

As already mentioned, clustering groups data points based on a predefined similarity measure,
without prior knowledge of the group labels. In this context, the goal is to group homologous points
that have similar error values (4E,AN), to reveal underlying spatial structure in the error
distribution. If the errors were distributed randomly across the study area, clustering would likely
produce arbitrary groupings without meaningful interpretation. Nonetheless, we make the
hypothesis that systematic errors will be expressed as spatially district patterns. All analysis was
performed using the R language [41] and the packages ‘cluster’ [42], “dbscan’ [43], ‘mclust’ [44],
‘factoextra’ [45], ‘ggplot2’ [46] and ‘sf’ [47].

2.4.1. Fuzzy c-Means

FCM is a clustering algorithm that extends the concept of ‘hard clustering’ (like k-means [48])
by allowing data points to belong to multiple clusters simultaneously, with varying degrees of
membership [32]. This ‘fuzziness’ is particularly useful when cluster boundaries are not well-defined
or when data points might have characteristics of multiple groups [49]. Initially developed by Dunn
[50] and later improved by Bezdek [51], FCM aims to partition a dataset into C clusters by minimizing
an objective function that considers both the distance of points to cluster centers and their
membership degrees [52]. In the context of our cadastral error analysis, FCM offers a way to explore
whether error patterns exhibit gradual transitions or overlapping characteristics, rather than strictly
distinct, spatially separated groups. The core of FCM is the iterative minimization of the following

N (o
Jm = ZZ(uu)m x| @

=1 j=1
where: N is the number of data points (homologous points, in our case); C is the predefined number

objective function:

of clusters; u;; is the membership degree of data point x; to cluster ¢; (a value between 0 and 1,
where 1 represents full membership and 0 represents no membership); m is the fuzzifier parameter
(a real number greater than 1, controlling the level of fuzziness; typically, m = 2 [53]); x; is the i-th
data point (the error vector[4E;, AN;]); ¢; is the centroid (mean vector) of cluster j; and ||xl = ¢ || is
the Euclidean distance between data point x; and cluster centroid c;.

The algorithm iteratively updates the membership values u;; and the cluster centroids ¢; until
convergence. The membership update equation is:

1
Wi = z 3
- -1
e ”xi Cf” " ®)
=\ = el
And the cluster centroid update equation is:
n m
i=1 Wij Xi
;== Y 4
)= @

The algorithm stops when either a maximum number of iterations is reached or the change in
the objective function J,, between successive iterations falls below a predefined threshold, indicating
convergence.
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The application of FCM to our cadastral error data involves using the error vectors (4E,AN) as
input x;. The number of clusters, C, can be determined using the elbow method, examining the
within-cluster sum of squares (WSS) [54]. The membership values and cluster centroids can then be
visualized and analyzed to identify potential systematic error patterns. The algorithm was
implemented using the "fanny’ function from the cluster [42] package in R.

2.4.2. Density-Based Spatial Clustering of Applications with Noise

DBSCAN is a clustering algorithm particularly well-suited for identifying clusters of arbitrary
shape and handling noise [55], making it a strong candidate to analyze cadastral error patterns.
Unlike centroid-based methods, like FCM, DBSCAN does not assume that the clusters are spherical
or elliptical [56]. Instead, it defines clusters based on the density of data points [57]. The algorithm
operates on the basis that points within a cluster are densely packed together, while points belonging
to different clusters, or noise points, are separated by regions of lower density. This density-based
approach is suitable to our study because systematic errors in cadastral data may have spatial
patterns that are linear or curved.

The DBSCAN algorithm is based on two key parameters [55,57]: (a) ¢ that defines the radius of
aneighborhood around each data point; and (b) minPts that specifies the minimum number of data
points required within the radius & for a point to be considered a ‘core point’. These parameters are
used to define the e-neighborhood of a point p:

N.(p)={q€D:dp,q}<¢ )

where D is the dataset of pointsand d(p, q) is the Euclidean distance between points p and q. A core
point is one point p if its e-neighborhood contains at least minPts points:

[N.(p)| = minPts (6)

A point q is directly density-reachable from a point p if q is within the e-neighborhood of a
point p, and p is core point:

q € N.(p) and |[N.(p)| = minPts ?)

A point q is density-reachable from a point p if there exists a chain of points py, ..., p, where
p1 =p and q; = q, and each p;;, is directly density-reachable from p;. Two points p and q are
density-connected if there exists a point o such that both p,q are density-reachable from o. A
cluster is a set of density-connected points that is maximal with respect to density-reachability. Noise
points are points that are not density-reachable from any other point. The algorithm proceeds
iteratively, by examining each point and applying these definitions.

In our cadastral error analysis, the input data points to DBSCAN are the error vectors (4E, AN).
The & parameter describes a distance in the error space, and minPts represents the minimum
number of points with similar error magnitudes and directions required to form a cluster. A suitable
& parameter can be selected using the k-nearest neighbor (kNN) distances for the dataset represented
as a matrix of points [57]. The kNN distance is defined as the distance from a point to its k nearest
neighbor. The algorithm was implemented using the ‘kNNdistplot’ and "dbscan’ functions from the
‘dbscan’ R package [43].

2.4.3. Gaussian Mixture Models

GMM is a probabilistic model that assumes that data points are generated from a mixture of
several Gaussian distributions [58]. It's a form of soft clustering, like FCM, assigning probabilities
that a point belongs to each cluster [59].

The core concept of GMMs is to represent the overall probability density function (PDF) of the
data as a weighted sum of individual Gaussian component densities. The PDF for a GMM with K
components has parameters 8 = (W, ..., Wy, fly, ..., g, 21, ..., 2x) and is given by [59-61]:
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G
PE) = D W N (el Z) ®)
k=1

where: G is the number of Gaussian components (clusters), x is the data point, w, is the mixing
coefficient for the k-th component, representing the prior probability of a data point belonging to that
component (0 < w, < 1 and Yw, =1), N(x|u,, 2,) is the multivariate Gaussian probability
density function for the k-th component, defined by:

1 T5-1
N(xl ’Z = —e_l/z(x_ﬂ) 27 (x-p)
e Jdet (2nX) ©)
where: p is the vector of means, X is the covariance matrix, det (.) is the determinant and T
denotes the transpose. The GMM algorithm typically uses the Expectation-Maximization (EM)
algorithm to estimate the parameters 6 that maximize the likelihood of the observed data [62]. The
EM algorithm iteratively performs two steps:

1. Expectation (E-step): Calculates the posterior probability of each component for each data point,
given the current parameter estimates. This represents the probability that a data point belongs
to a particular Gaussian component;

2. Maximization (M-step): Updates the parameters 6 to maximize the likelihood of the data, given
the posterior probabilities calculated in the E-step.

These steps are repeated until convergence, by monitoring the change in the log-likelihood of
the data [59].

In our analysis, the GMM is, also, applied to the error vectors (4E,AN). The number of
components, G, can be determined using the Bayesian Information Criterion (BIC) for various
predefined covariance models [59]. The EM algorithm then estimates the parameters of each
Gaussian component. The ability of GMM to model elliptical clusters makes them suitable to capture
additionally linear error patterns. The GMM was implemented using the "Mclust™ function from the
‘mclust’ package in R [44].

2.3.5. Selection of the Algorithms

The algorithms FCM, DBSCAN and GMM were selected due to the diverse clustering
methodologies that they represent: (a) DBSCAN for its ability to identify clusters of arbitrary shape;
(b) GMM for its probabilistic assumptions and its flexibility to model elliptical clusters, and (c) FCM
for its assumption that points may belong to multiple clusters [52].

Another factor in algorithm selection was robustness to noise, as cadastral datasets often contain
outliers. DBSCAN distinguishes noise from meaningful clusters by design [57], while GMM can
address some degree of noise through its probabilistic framework [59]. However, FCM tends to be
more sensitive to outliers [52], a fact that demands thorough preprocessing of the data.

Regarding the need to select in advance the number of clusters, while DBSCAN theoretically
offers the advantage of automatically selection, this is indirectly linked to the values of its parameters,
and especially ¢ that defines the neighborhood radius which influences clustering results [32]. Both
FCM and GMM demand a priori the number of clusters as an input parameter of the algorithms,
which can be determined using the aforementioned model selection methods.

Finally, all three algorithms are available as, well documented, open-source software in the R
language, ensuring accessibility and ease of implementation. Summarizing, the selection of these
methods allows a comprehensive evaluation of clustering algorithm’s effectiveness in cadastral error
pattern recognition.

2.3.6. Evaluation and Clustering Validity

The evaluation and comparison of the clustering results from FCM, DBSCAN, and GMM
algorithms comprise both arithmetic indices and visual assessments. The quantitative metric used in
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the study is the silhouette score [63], which measures the unity and separation of clusters. This score
ranges from -1 to +1, with higher values indicating well-defined clusters. Nevertheless, given its
known limitations [64], particularly in assessing non-spherical clusters, we emphasize on visual
inspection of the results to insure that they are meaningful.

Qualitative assessment is necessary in evaluating clustering effectiveness through the visual
examination of: (a) error vector plots; and (b) spatial distribution plots. Error vector plots, where
points are colored according to the cluster that they belong, offer insights into the separation and
shape of clusters within the error space. More essentially, spatial distribution plots reveal the
geographic classification of homologous points in clusters, helping to determine whether these
clusters create meaningful results in the actual space.

3. Results

3.1. Exploratory Analysis

To characterize the discrepancies between the 2025 cadastral map and the 2001 land survey, we
calculated the error vectors (AE,AN) and their Euclidean distances (L) of the 500 homologous points.
Table 1 presents descriptive statistics about the distribution of these error values. Prior the application
of data filtering, the root mean squared error (RMSE) on the plane of the study area was RMSEg y =
0.68 m, a value that surpasses the current GNC’s geometric accuracy criterion of RMSE ) < 0.56
[65].

Table 1. The average statistical properties of AE and AN and L values. SD is an abbreviation for standard
deviation and CV for coefficient of variation (the absolute value of ratio of the standard deviation to the mean).

All values except skew, kurtosis and CV are in meters.

Metric Min Mean Median Max SD Skew Kurtosis (&%
AE -0.95 0.03 0.05 1.21 0.33 -0.06 -0.65 10.67
AN -1.13 -0.50 -0.53 0.84 0.33 0.75 0.76 0.66

L 0.04 0.63 0.59 1.33 0.25 0.28 -0.47 0.39

The key observations about these values are:

e Mean Error: The mean AE is close to zero (0.03 m), while the mean AN is considerably larger
and negative (-0.50 m). This indicates a systematic shift in the Northing direction between the
2025 and the 2001 data;

. Symmetry: The near-zero skewness values for both AE and AN suggest that the error
distributions are approximately symmetric, although AN has a slight positive skew;

e  Tails: The negative kurtosis for AE indicates a platykurtic distribution that has lighter tails and
a flatter peak compared to a normal distribution, whereas the positive value for AN is a
leptokurtic distribution with heavier tails and sharper peak;

e Variability: The CV for AE (10.67) is substantially larger than that for ANorth (0.66), indicating
greater relative variability in the Easting errors compared to the Northing errors;

e  Skewness: Near-zero values suggest approximately symmetric distributions;
. Kurtosis: Low values indicate light tails, consistent with normal-like distributions;

Figure 2 depicts the spatial distribution of (AE,AN). The length of each vector represents the
magnitude of the error and its direction indicates the orientation of the discrepancy. This vector plot
reveals that the errors are not randomly distributed across the study area, but instead have a clear
spatial structure. While a small area in the central portion of the study area shows random error
orientations and magnitudes, the dominant pattern across the rest of the region is a ring-like, counter-
clockwise rotation. This pattern suggests a systematic transformation error, introduced during the
integration of the Implementation Act map to the 2005 cadastral framework.
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Figure 3. Vector plot of positional errors in the study area.

3.2. Optimal Number of Clusters

The optimal number of clusters for each algorithm was determined as follows:

e  FCM: The elbow method was used, examining the WSS value as a function of the number of
clusters (Figure 4). A distinct ‘elbow’ is observed between 2 and 4 clusters, and the mean value
of 3 was selected.

e  DBSCAN: The 5-nearest neighbor distance plot (Figure 5) was examined. A visible ‘knee’ is
observed around a distance of 0.10. Therefore, an ¢ value of 0.10 was selected. Additionally, a
minPts value of 10 points was chosen, as it appeared suitable for capturing meaningful cluster
structures within the dataset.

¢ GMM: The Bayesian Information Criterion (BIC) was used for various covariance structures [59]
(Figure 5). The lowest BIC was achieved for the “VVI’ model with two components. Therefore, a
GMM with G=2 and a “VVI’ covariance structure was selected.
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Figure 6. BIC plot for GMM.

3.2. Clustering Results - Visualizations

Figures 7, 8 and 9 depict the clustering results for each algorithm. The left panels show the error
vector plot AE versus AN (i.e., in the error space), and the right ones depict the spatial distribution
plot (i.e., in the actual space).

Regarding the error vector plots for each clustering algorithm:

e FCM (Figure 7a): Three relatively well-separated clusters are formed. However, they don't
capture the obvious linear pattern in the error space.

e  DBSCAN (Figure 8a): The clear linear cluster (blue points) is identified as well as a large number
of noise points (red points). The linear cluster matches the suspected systematic error.

e  GMM (Figure 9a): Like DBSCAN, identifies the linear cluster (blue points). However, it assigns
all the other points to a separate cluster, so there are no assigned noise points (Figure 9a).

Regarding the spatial distribution plots for each clustering algorithm:

e  FCM (Figure 7b): The spatial distribution reveals that the clusters are not strictly district. The
red, blue, and green points are mixed in the center of the study area and form three bands
parallel to the x-axis (Figure 7b).

e DBSCAN (Figure 8b): The blue points (the linear cluster) form a distinct, spatially contiguous
region covering the majority of the study area, matching the area where we observed the ring-
like, counter-clockwise rotational error pattern in Figure 3. The red noise points are concentrated
in the central area.

e GMM (Figure 9b): The spatial distribution is very similar to DBSCAN, with the blue points
forming a contiguous region corresponding to the rotational error. Most of the ‘noise” points
from DBSCAN now form the red cluster, making the distinction of signal to noise less clear.
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Figure 9. GMM results: (a) Error space results; (b) Spatial distribution of clusters in the study area (actual

space).

3.3. Quantitative Evaluation - Silhouette Scores

The mean silhouette scores for each algorithm are presented in Table 2, with FCM achieving the

highest score, followed by DBSCAN and GMM. However, interpreting these scores in the context of
the cadastral error patterns of the study area requires caution. The silhouette score inherently favors
compact, spherical clusters, making it less suitable for evaluating clustering methods that capture
more complex, non-spherical structures. DBSCAN and GMM, which captured the non-spherical
linear pattern, have lower silhouette scores but provide meaningful results.

Table 2. Mean Silhouette Scores (unitless) for Each Clustering Algorithm.

Algorithm Mean Silhouette Score
FCM 0.43
DBSCAN 0.33
GMM 0.27

3.3. Cluster Characteristics

Table 3 summarizes the key statistics of the clusters identified by the three algorithms, including
the number of points, mean displacement in the east and north directions, standard deviations, and
mean error vector length. These statistics provide insights into the spatial patterns and magnitudes

of cadastral errors captured by each algorithm.

Table 3. The average statistical properties of clusters. SD is an abbreviation for standard deviation.

Algorithm Cluster Number of Mean AE Mean AN SD AE (m) SD AN Mean Length
Points (m) (m) (m) (m)
1 178 -0.336 -0.224 0.184 0.215 0.471
ECM 2 158 0.385 -0.831 0.139 0.11 0.923
3 164 0.068 -0.462 0.169 0.262 0.537
0 102 0.088 -0.172 0.366 0.387 047
DBSCAN  (noise)
398 0.008 -0.576 0.332 0.246 0.678
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1 103 0.077 -0.166 0.352 0.37 0.458
CMM 2 397 0.01 -0.579 0.336 0.249 0.682

DBSCAN effectively captures the systematic error pattern in Cluster 1, with a mean AN of -0.57
m, confirming a consistent southward shift. Meanwhile, noise points display a smaller mean error
but high standard deviation, indicating greater variability.

GMM achieves similar results but forces all points into clusters, making the distinction between
the systematic error and noise less clear. FCM, while producing well-separated clusters in the error
space, fails to capture the spatial structure of the errors, demonstrating its unsuitability for this
particular problem.

The systematic error identified by both DBSCAN and GMM is characterized by a counter-
clockwise rotation and a significant southward shift in a ring-shaped area. This strongly confirms the
issue during the digitization of the Implementation Act, where a transformation (likely involving a
rotation and translation) was incorrectly applied to a large portion of the study area. The points
identified as noise by DBSCAN and as the cluster number one by GMM represent the central area
that has more complex, non-systematic errors.

4. Discussion

This study highlights that unsupervised machine learning algorithms can efficiently identify and
characterize systematic spatial errors in cadastral data. The detection of a district ring-shaped region
affected by a systematic error in the study area reveals an issue introduced during the digitization
process of the Implementation Act to the GNC. This finding depicts the challenges that may arise in
order to improve the positional accuracy in LASs, particularly when data are coming from various
sources and historical maps [66-68]. It also highlights the need of cadastral renewal, to address errors
and inconsistencies, as reported in the literature.

The comparison of the algorithms emphasizes the importance of choosing one appropriate to
the specific domain’s data structure, in our case real-world cadastral data. While FCM produced well-
separated clusters in the actual space, its assumption of spherical clusters limited its ability to capture
the obvious spatial structure in the error space. DBSCAN, with its ability to identify clusters of
arbitrary shape and its robustness to noise proved to be more effective algorithm. GMM performed
equally well in identifying the linear pattern, but lacks the property of explicit noise handling,
although it recognized as a different cluster the region at the center of the study area that has random
erTorS.

While popular, the silhouette score, a quantitative measure of cluster quality, requires cautious
interpretation in the specific dataset. The higher score for FCM does not agree with its performance.
This underscores the importance of not relying only on quantitative metrics, but also use qualitative
methods to evaluate whether clustering algorithms produce meaningful results.

The findings of this study have a direct application to the GNC. The identified region with the
systematic error provides a clear target for corrections. Instead of conducting a re-survey of the entire
area, resources can be directed to this region, using a simple transformation of the parcels, such as
the Helmert transformation [69] to address the issue. This approach has the potential to reduce the
cost and time required for cadastral map improvement in Greece.

Additionally, our results support the principles of FFPLA [13]. Clustering can be used as a
‘minimum viable’ method to identify and prioritize areas for improvement, supporting the FFPLA
concept of upgradability. The identified clusters represent areas where the cadastral data are not
currently ‘fit-for-purpose’ in terms of positional accuracy, and the clustering results provide a
roadmap for targeted and economical corrections.

Finally, the identified clusters could also serve as input data for other supervised machine
learning algorithms that can transform the cadastral map, in order to improve its positional accuracy.
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Despite the growing adoption of Al in geospatial analysis, Al-driven methods have not yet been
widely applied to geometric corrections in LAS and this study highlights their potential.

5. Conclusions

This study demonstrates that unsupervised algorithms can effectively identify and characterize
systematic spatial errors in digital cadastral maps. This automated identification of problematic
regions has a significant practical value for the Greek National Cadastre, enabling targeted and cost-
effective correction efforts, and directly contributes to the broader goals of cadastral renewal and
progressive improvement.

This research has limitations because the analysis focus on a single study area. Therefore,
findings may not generalize directly to other regions or countries. In addition, while clustering
identifies the presence and location of systematic errors, it does not, by itself, provide the solution to
correct them. Therefore, further work is needed towards the development of automated
improvement methods.

Future research should validate this methodology on a larger set of areas, incorporate additional
data sources to reveal error causes, and explore other clustering and machine learning approaches.
Integrating expert knowledge through semi-supervised or active learning could improve results.
Future work should focus on developing automated correction methods based on these findings,
leading to a streamlined workflow for cadastral map improvement, with a goal for more reliable, fit-
for-purpose, land administration systems.
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Abbreviations

The following abbreviations are used in this manuscript:

Al Artificial Intelligence

BIC Bayesian Information Criterion

cv Coefficient of Variation

DBSCAN  Density-Based Spatial Clustering of Applications with Noise
EM Expectation Maximization

FCM Fuzzy c-means

FFPLA Fit-For-Purpose Land Administration
FIG International Federation of Surveyors
GCN Greek National Cadastre

GMM Gaussian Mixture Model

HGRS87 Hellenic Geodetic Reference System 1987
kNN k-Nearest Neighbor

LAS Land Administration Systems
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PDF Probability Density Function

RMSE Root Mean Squared Error

SD Standard Deviation

TKMP Turkish Land Registry and Cadastre Modernization Project

™ Transverse Mercator

WSS Within-cluster Sum of Squares
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