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Abstract: Positional accuracy improvement (PAI) of historical maps involves 

correcting their inherent geometric distortions, which often limit their usability in 

modern applications. Although resurveying an entire map provides the most accurate 

solution for PAI, it is costly, time-consuming, and often impossible. This study proposes 

a cost-effective, alternative data-driven method, using Generalized Additive Models 

(GAMs) to enhance positional accuracy, without requiring complete resurveying. 

GAMs were utilized within a statistical learning framework to: (a) identify spatial 

patterns of geometric errors; (b) systematically correct these errors; and (c) evaluate 

their generalization ability via spatial cross-validation. The method was tested on a 

1925, urban cadastral, map from Greece, which was georeferenced and vectorized for 

the first time. A dataset of 2,287 homologous points from modern land surveying was 

compiled. To simulate sparce data conditions, 10% of these points were used for 

training and 90% for testing. The results revealed significant spatial structures in 

positional errors, and cross-validation confirmed the model’s robustness. When applied 

to the test set, the fitted model doubled the spatial accuracy of the 1925 map, meeting 

the modern geometric standards set by the Greek National Cadastre. These findings 
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demonstrate the method’s effectiveness and potential to enhance historical maps and 

other geospatial datasets that are facing similar issues across diverse research areas, 

such as urban planning and environmental history. 

Keywords: positional accuracy improvement; Generalized Additive Models; historical 

cartography; data-driven methods; spatial cross validation; Greece. 

 

1. Introduction 

Accurate geospatial data are fundamental for a wide range of applications, from legal 

to urban planning and environmental modeling. Positional accuracy improvement (PAI) 

is a challenge arising from the need to refine the geometric attributes of a geospatial 

dataset, enhancing or homogenizing its absolute accuracy, given a specific reference 

system (Hashim et al. 2017). This need emerges in: (a) the creation of new spatial 

infrastructures, when integrating data of varying accuracies often leads to the problem 

of geometric conflation (Casado 2006); (b) existing spatial datasets generated by 

combining various sources using different technologies, surveying methods and 

accuracies (Sisman 2014); and (c) in spatial datasets derived from digitizing analogue 

maps that have non-uniform distortions (Tuno, Mulahusić, and Kogoj 2017). Over the 

past four decades, the demand for geospatial databases with progressively higher spatial 

accuracy has driven the development of processes and methods that aim to improve 

their geometric quality (Čeh et al. 2019; Felus 2007; Hope, Gordini, and Kealy 2008; 

Mjøs 2020; Tamim 1992; Vorel et al. 2010).  

PAI is essential for historical maps that suffer from inherent inaccuracies. Researchers 

are using old topographic, cadastral, and military maps for applications in land 

use/cover change modeling, urban growth analysis, and in historical, societal, legal, and 
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environmental research (Leyk, Boesch, and Weibel 2005; Li et al. 2021; Piškinaitė and 

Veteikis 2023; Podobnikar 2010). Despite their usefulness, spatial datasets produced 

from digitizing historical maps display non-uniform and irregularly spatially distributed 

errors. These errors are caused by: (a) limitations of past surveying technologies; (b) 

faults introduced during hand-drawing cartography; (c) distortions from ageing and 

material degradation of physical maps; and (d) issues during the digitization and 

georeferencing phases into modern reference systems (Brovelli and Minghini 2012; 

Piškinaitė and Veteikis 2023; Tong, Shi, and Liu 2009; Tuno et al. 2017). Therefore, the 

positions of features on these datasets differ from their true ones due to both systematic 

and random errors. Such inaccuracies complicate the integration of old maps into 

modern geospatial databases. 

Resurveying an entire spatial dataset is theoretically the optimal method to create one 

with higher accuracy. However, it is often unrealistic due to excessive costs and time 

constraints. Moreover, landscape changes in areas represented in historical maps can 

make complete resurveying impossible, both in urban and rural areas. Computational 

corrections offer a more feasible alternative. These methods transform existing datasets 

using a set of homologous points (corresponding features identified in both datasets) 

from higher-accuracy sources, such as global satellite navigation systems (Hope et al. 

2008), photogrammetric diagrams (Ożóg 2020; Puniach et al. 2018), airborne LiDAR 

(Wierzbicki, Matuk, and Bielecka 2021), or conventional land surveys. Common 

techniques involve global transformations [e.g., Helmert (Watson 2006), affine 

(Morgenstern, Prell, and Riemer 1989)], surface-based transformations [e.g., rubber 

sheeting (Doytsher 2000), thin plate splines (Siriba, Dalyot, and Sester 2012; Tuno et 

al. 2017)], and geometric constraint-based approaches [e.g., triangulation (Čeh et al. 

2019), areal limitations (Doytsher and Shmutter 1984)]. Hybrid methods that combine 



4 
 

these techniques have also been explored (Felus 2007; Tamim 1992; Zrinjski et al. 

2019). 

Most computational approaches for PAI of historical maps are deterministic and model-

driven, relying on predefined mathematical equations, such as linear or polynomial 

functions. These methods assume uniform error patterns; however, historical maps 

often have heterogeneous distortions. Data-driven methods may be more effective for 

PAI of historical maps, where errors may lack uniformity, because they don’t rely on 

predefined functions. Through learning algorithms, these methods can automatically 

identify both the spatial distribution of errors and their nonlinear relationships with 

covariates such as coordinates, terrain, and map edges. Nevertheless, applications using 

data-driven methods remain scarce. For instance, a recent study on the reconstruction 

of the Cadastral Map of the Netherlands (Franken et al. 2020) presents a combination 

of neural-networks and edge-matching algorithms in the digitization process of old 

maps.  

In this study, we present a data-driven method based on Generalized Additive Models 

[GAMs (Hastie 1991)], a statistical learning algorithm, for PAI of historical maps. 

Examples of GAMs in spatial data analysis extend to various fields – epidemiology, 

ecology, remote sensing, and climate science – where they model COVID-19 mortality 

risk in Toronto (Feng 2022), predict species abundance in the Gulf of Mexico (Drexler 

and Ainsworth 2013), gap-fill Terra MODIS data (Guo et al. 2021), and interpolate 

spatial climate data (Bonsoms and Ninyerola 2024), respectively. Unlike many machine 

learning algorithms that often operate as black boxes [e.g. neural networks, random 

forests, (Handelman et al. 2019)], GAMs provide interpretability while remaining 

flexible enough to capture complex, non-linear relationships (Gareth et al. 2023). This 

balance between complexity and interpretability can improve the understanding of 
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geometric errors of old maps, distinguishing GAMs from less interpretable data-driven 

algorithms. 

In our paper, we use a statistical learning framework aiming to: (a) identify spatial 

structures and anomalies in the geometric errors of old maps; (b) systematically correct 

these errors when they are not random; and (c) assess the model's generalization ability 

using a validation scheme. We demonstrate the efficiency of this method on one of the 

oldest urban cadastral maps of Greece, dated to 1925, highlighting its potential to meet 

modern geometric accuracy criteria. To our knowledge, this represents the first 

application of GAMs for PAI in historical cartography, offering both interpretability 

and adaptability to non-linear errors. 

2. Materials and Methods 

The methodology is summarized in Figure 1, which illustrates the workflow from input 

data (blue: digitized cadastral maps, land survey data) to intermediate datasets (orange), 

model outputs (green: fitted GAM, predicted test values), and, finally, results (grey: 

transformed cadastral maps, out-of-sample error of the test set). 

 

Figure 1. Flowchart of the applied methodology. 
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2.1. Study area and cadastral maps 

The study area covers an area of 1 km2 in Kastoria, a city in northwestern Greece 

(Figure 2) with a rich history and culture, particularly known for its Byzantine heritage 

and its unique urban morphology. The city contains numerous well-preserved 

architectural monuments constructed during different historical periods, including 

Byzantine, Ottoman, and early modern. These structures, and a significant portion of 

the city, are protected by both the Greek Ministry of Culture and the Greek Ministry of 

Environment and Energy. This underscores the need for accurate geospatial records to 

support heritage preservation and urban planning, ensuring that these elements are 

carefully integrated into the city’s development plans. 

Historically, the Greek National Cadastre faced numerous unsuccessful or incomplete 

attempts (Potsiou, Volakakis, and Doublidis 2001), until its current form initiated in 

1995 and continues today. One of the earliest efforts was the cadastral survey study of 

Kastoria in 1925. This 1925 map has historical, sociological, and legal significance, 

documenting land ownership among diverse 20th-century communities (Christian, 

Jewish, Muslim) and depicting architectural monuments, some of which no longer exist  

(Tsolakis 1996). 

Today 19 out of the 20 cadastral diagrams (in a scale 1:500), along with the alphabetical 

index of apparent owners, are preserved in the archives of the Urban Development 

Department of Kastoria Municipality. Unfortunately, no raw measurements from land 

surveying, nor details of the triangulation processes or traverse networks, are available 

for these diagrams. Parcels from the missing map were reconstructed using archived 

old topographic maps from the same Department to create a complete dataset for 

analysis. 
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Figure 2. (a) The study area location in Greece (dark red box). Reference System: 

HGRS87 (Hellenic Geodetic Reference System, 1987); (b) Orthophoto map of the 

study area (2015), source: National Cadastre of Greece. 

 

2.2 Digitization and homologous points 

The 1925 cadastral diagrams were scanned and georeferenced using rubber-sheeting 

with the QGIS software (QGIS Development Team 2025). Subsequently, the entire set 

of 1,392 parcels and 2,204 buildings was digitized into vector format (shapefiles) and 

transformed from the old Greek Datum [GR-Datum, (Fotiou and Livieratos 2000)] to 

the Hellenic Geodetic Reference System 1987 [HGRS87, (Veis 1995)], the official 

coordinate system for surveying applications in Greece, using the second degree 

polynomials method as given by Hellenic Mapping and Cadastral Organization 

(Hellenic Mapping and Cadastral Organization 1995). The produced geospatial 

database is depicted in Figure 3. 
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Figure 3. Digitized parcels and buildings from Kastoria’s 1925 Cadastral map. Parcels 

are depicted in grey and buildings in red. 

To determine positional errors, homologous points were identified by comparing 

coordinates of building corners between the 1925 map and a more accurate, digital 

topographic study performed by the Municipality of Kastoria in 1996, which employed 

modern surveying instruments and techniques. This 1996 study was based on land 

surveying at a scale of 1:500 and is considered the most accurate, available, geospatial 

data for the area of interest. 

Coordinate differences were calculated as: 

𝐷𝐸! = 𝐸0! − 𝐸1! 

𝐷𝑁! = 𝑁0! − 𝑁1! 
(1) 

where the Easting/Northing differences 𝐷𝐸! and 𝐷𝑁! are the differences along the x-

axis and the y-axis, respectively, for point 𝑖. In this form, the vector [𝐸0! , 𝑁0!] 
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represents the coordinates from the 1925 map and [𝐸1! , 𝑁1!] from the 1996 land 

survey. As a result, a dataset of 2,287 homologous points was generated. 

2.3 Generalized Additive Models 

GAMs extend Generalized Linear Models (GLMs) by fitting a set of smoothing 

functions for each input (predictor) variable and then summing these contributions to 

estimate an output (response)(Hastie and Tibshirani 1986). This extension allows 

GAMs to capture complex non-linear relationships between the inputs and the output, 

which is essential for modelling the spatially variable distortions in historical maps.  

In contrast to traditional linear regression or standard GLMs, GAMs can produce more 

accurate results when non-linear relationships are present (Hastie, Friedman, and 

Tibshirani 2001). Moreover, they are, generally, more interpretable than other machine 

learning methods, as already noted, since the individual effects of each predictor can be 

visualized and analyzed (Gareth et al. 2023).  

A GAM takes the form of smooth functions of each predictor (Hastie and Tibshirani 

1986): 

where 𝑔 is a link function (e.g. the identity or log functions), 𝛼 is the intercept (bias), 

𝑠" is a smooth function of the 𝑗#$ input variable 𝑥" and 𝑦 the output.  

The smooth functions 𝑠"(𝑥)are typically constructed using a set of basis functions: 

where 𝑏!(𝑥) is the basis function with index 𝑖 and 𝛽! are the unknown coefficients.  

𝑔(𝔼(𝑦|𝑿) 	= 	𝛼	 +	; 𝑠"(𝑥")
%

"&'
 (2) 

𝑠(𝑥) 	= 	; 𝑏!
(

!&'
(𝑥) ∙ 𝛽! (3) 
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As showed in Equation 3, each smooth function, each smooth function 𝑠(𝑥) is itself 

represented as a linear combination of basis functions 𝑏!(𝑥), with coefficients 𝛽!, that 

the model learns from the data. 

Common choices for basis functions include polynomial functions and splines. 

Efficient computational procedures exist for selecting the optimal form and degree of 

smoothness for the basis functions. In practice, these procedures are implemented in 

software packages such as the R language (R Core Team 2025) packages gam (Hastie 

2024) and mgcv (Wood 2017), which typically use criteria like generalized cross-

validation (GCV), or restricted maximum likelihood (REML), to control the 

smoothness and prevent overfitting. For further details on alternative fitting methods 

and applications, see Breiman and Friedman (Breiman and Friedman 1985), Hastie and 

Tibshirani (Hastie and Tibshirani 1987), Wood (Wood 2010), and Wood et al. (Wood, 

Pya, and Säfken 2016).  

For this study, a bivariate GAM modelled 𝐷𝐸 and 𝐷𝑁 as: 

𝐷𝐸 = 𝑎' + 𝑠'(𝐸0, 𝑁0) + 𝜀)* 

𝐷𝛮 = 𝑎+ + 𝑠+(𝐸0, 𝑁0) + 𝜀), 
(4) 

where 𝐸0 and 𝑁0 are the coordinates of the old map, and the error residuals 𝜀)* and 

𝜀), are assumed to be bivariate normal: 

@
𝜀)*
𝜀),A ~𝒩 D@00A , E

𝜎)*+ 𝜎)*,),
𝜎)*,), 𝜎),+

GH (5) 

where 𝑎' and 𝑎+ are the intercepts for the 𝐷𝐸 and 𝐷𝛮 equations respectively; 𝑠' and 𝑠+ 

are two-dimensional smooth functions, estimated non-parametrically using penalized 

thin plate regression splines (Wood 2003); 𝜎)*+  and 𝜎),+  are the variances; and 𝜎)*,), 
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the covariance. Smoothing parameters were optimized using REML with the R package 

mgcv (Wood 2017). The bivariate normal assumption (Equation 5) for the error 

residuals was selected in order to represent spatially correlated errors, allowing a 

dependence among them.  

In practical terms, for a given point on the old map, the model predicts the systematic 

shift in easting and northing, reflecting how the 1925 map coordinates deviate from the 

higher precision land survey. By these non-linear functions the GAM provides a flexible 

representation of systematic errors of the old map. 

An advantage of using GAMs with penalized thin plate splines is their behavior in 

extrapolation. More specifically, with the default second-derivative penalty, these 

splines act as linear functions in areas with no training data. This controlled behavior 

ensures predictable transformations of the 1925 map, avoiding the creation of erratic 

artifacts often produced by other non-linear machine learning algorithms, such as neural 

networks (Xu et al. 2021; Zhu et al. 2023). 

2.4 Validation scheme and error metric 

The dataset was randomly split into a 10% training and a 90% testing set (Figure 4a). 

This unusual ratio simulates real-world scenarios of historical maps where homologous 

points are sparse due to landscape changes over time or limited availability. When 

evaluating learning algorithm performance, data are often assumed to be independent 

(Gareth et al. 2023). However, in geospatial datasets, point data tend to be more strongly 

correlated when they are closer together (Cressie 1993). This phenomenon of spatial 

autocorrelation implies that using a classical cross-validation method can lead to 

biased—and overly optimistic—error estimates (Valavi et al. 2019).  
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To address spatial autocorrelation, this study uses a spatial cross validation (SCV) 

method on the training set (Pohjankukka et al. 2017). In this approach, the sampling of 

data points for error estimation is based on their spatial structure (e.g. a data split is 

created for contiguous groups of points). Particularly, the k-means algorithm (Hartigan 

and Wong 1979:136), as implemented in the R language (R Core Team 2025), is chosen 

to partition the dataset for its effectiveness, with the coordinates of the points serving 

as input variables. The number of clusters is set to ten (Figure 4b), a value that is 

empirically used in cross-validation schemes (Kuhn and Johnson 2013).  

 

 

(a) 
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(b) 

Figure 4. (a) Red points indicate the homologous points randomly selected for the 

training set, while grey points represent those in the testing set; (b) different colors 

denote the clusters of training sets used in the cross-validation scheme. 

Model performance was evaluated using the root mean squared error (RMSE) in 

Euclidean space: 

𝑅𝑀𝑆𝐸*,, = L
1
𝑛;NO𝐸1! − 𝐸1P !Q

+ + O𝑁1! − 𝑁1P !Q
+R

(

!&'

 

𝑅𝑀𝑆𝐸* = L
1
𝑛;NO𝐸1! − 𝐸1P !Q

+R
(

!&'

 

𝑅𝑀𝑆𝐸, = L
1
𝑛;NO𝑁1! − 𝑁1P !Q

+R
(

!&'

 

(6) 
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Where 𝑅𝑀𝑆𝐸*,,  is the 2D RMSE, while 𝑅𝑀𝑆𝐸* and 𝑅𝑀𝑆𝐸, are 1D RMSE in Easting 

and Northing respectively,  [𝐸1P ! , 𝑁1P !] are the corrected coordinates of the 1925 map 

from the fitted GAM predictions 𝐷𝐸P ! and 𝐷𝑁P !, with: 𝐸1P ! = 𝐸0! − 𝐷𝐸P ! 	and 𝑁1P ! =

𝑁0! − 𝐷𝑁P !.  

It is important to note that the homologous points’ coordinates 𝐸1., 𝑁1. from the 1996 

land survey also have inherent variance due to the uncertainty of these measures. This 

variance can be theoretically estimated using error propagation combining factors such 

as the initial control point variance, network geometry, and equipment accuracy (Fotiou 

and Livieratos 2000) (e.g., triangulation, traverses, and angular and distance 

measurements). However, in PAI studies the coordinates of higher precision are 

considered to have perfect accuracy, which may lead to an underestimation of the total, 

true, positional uncertainty of the model. 

 The RMSE error metrics of Equation 6 are the same type of metrics used in the modern 

geometric accuracy criteria of the Greek National Cadastre, where positional accuracy 

is evaluated based on errors in mapping of well-defined ground points that appear on 

the orthophoto maps, and verification is conducted through random sampling and land 

surveying to ensure compliance with the technical specifications (Hellenic Republic 

2016). 
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3. Results and Discussion 

3.1 Exploratory analysis 

The positional differences (𝐷𝐸 and 𝐷𝑁) between the 1925 map and the 1996 survey, 

and their Euclidean distances 𝐿 were analyzed using central moments (mean, standard 

deviation, skewness and kurtosis), the median and coefficient of variation (Table 1). 

The key observations about these values are: 

• Skewness: Near-zero values suggest approximately symmetric distributions; 

• Kurtosis: Low values indicate light tails, consistent with normal-like 

distributions; 

• Variability: The Coefficient of Variation (CV) is higher for 𝐷𝐸 and 𝐷𝑁 

individually, indicating more relative variability in Easting and Northing errors 

separately, compared to the overall positional error magnitude (L). 

Table 1. The average statistical properties of the differences 𝐷𝐸 and 𝐷𝑁 and the 

corresponding Euclidean distances 𝐿 of homologous points. SD is an abbreviation for 

standard deviation and CV for coefficient of variation (SD/Mean). All values except 

skew, kurtosis and CV are in meters. 

Metric Min Mean Median Max SD Skew Kurtosis CV 

𝐷𝐸 -1.29 0.52 0.55 2.46 0.46 -0.17 0.19 0.83 

𝐷𝑁 -1.74 -0.20 -0.22 1.61 0.47 0.29 0.43 2.10 

𝐿 0.00 0.77 0.77 2.49 0.37 0.38 0.19 0.48 

 

Figure 5 illustrates the spatial structure of 𝐿 using vectors as oriented arrows. In this 

plot, each arrow’s length corresponds to the magnitude of 𝐿, while its direction indicates 



17 
 

the angle of the difference. This representation shows that the differences 𝐷𝐸 and 𝐷𝑁 

are not randomly distributed but, instead, follow a spatial pattern. Lower values of 𝐿 

are observed in the southwest, and, generally, a clockwise-like rotation exists in the 

remaining area of the study, suggesting a consistent angular distortion across much of 

the map. This structure justifies the modeling of systematic errors rather to attribute 

them to random noise. 

Figure 5. Oriented arrows represent the Euclidean distances between homologous 

points: each arrow’s length corresponds to the value in meters, while its direction 

indicates the orientation of the difference. 

3.2 Model performance and interpretation 

The GAM was evaluated versus a baseline identity model (i.e. 𝐸1P ! = 𝐸0! and 𝑁1P ! =

𝑁0!), which assumes no positional correction. This comparison highlights the GAM’s 

ability to systematically address the spatially structured errors that exist in the 1925 
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cadastral map. Table 2 summarizes the RMSE for both models for the SCV, training 

and testing datasets. 

Table 2. Error metrics of the GAM and an identity model for comparison. SCV is an 

abbreviation for spatial cross validation. Error metric values in red indicate those that 

do not meet the modern geometric accuracy criteria of the Hellenic Cadastre. All values 

are in meters. 

Metric 
Baseline GAM 

SCV Train Test SCV Train Test 

𝑅𝑀𝑆𝐸*,, 0.91 0.88 0.85 0.36 0.39 0.44 

𝑅𝑀𝑆𝐸* 0.66 0.72 0.68 0.25 0.28 0.32 

𝑅𝑀𝑆𝐸, 0.56 0.51 0.51 0.25 0.28 0.30 

 

The baseline model’s error metrics are identical with the positional inaccuracies of the 

1925 cadastral map. These metrics surpass the modern Greek National Cadastre’s 

geometric accuracy criteria: 𝑅𝑀𝑆𝐸(*,,) ≤ 0.56, 𝑅𝑀𝑆𝐸(*) ≤ 0.40 and 𝑅𝑀𝑆𝐸(,) ≤

0.40 in meters. On the other hand, the application of the GAM reduced errors by 

approximately 50%, accomplishing error metrics that align with the present-day 

standards in Greece.  

The matching values of RMSE among the training, cross-validation, and testing set 

imply that the trained model does not overfit data, providing strong evidence about its 

generalization ability to new, unseen, data. Otherwise, the model would not only 

capture the spatial patterns of errors, but also random noise. 
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For context, similar studies applying different correction methods have reported 

varying levels of PAI. Polynomial fitting of Como’s historical cadastral maps achieved 

RMSE in the range of 3–10 m (Brovelli and Minghini 2012). In Slovenia the membrane 

adjustment method improved the  accuracy of, also cadastral maps, to approximately 1 

m (Čeh et al. 2019). In Victoria, Australia a hybrid method applied to historical maps 

resulted accuracies between 3 and 5 m (Hope et al. 2008). (d) in Turkey, affine 

transformation on a modern 1990 cadastral map reduced positional variance to 

approximately 0.20 m (Sisman 2014). Compared to these studies, our model 

demonstrated very satisfactory results, especially considering the differences in 

datasets, methodologies, and background across them.  

Table 3 reports the summary output of the model fitted on the training data. Various 

values are reported, including the estimated degrees of freedom (EDF) for each smooth 

term, along with the corresponding test statistics (e.g., z-values and chi-square values) 

regarding the statistical significance of GAMs’ terms and their p-values.  

Table 3. Summarized results from the GAM model fitted on the training data. Estimated 

degrees of freedom (EDF) identifies the non-linearity of the smooth terms. Reference 

degrees of freedom (RDF) are used to compute chi-square. Z-values and chi-square 

values are used to compute the approximate p-values of the terms. 

Response Component Term Estimate Standard 
Error z-value p-value 

𝐷𝐸 A. 
Parametric 
coefficients 

𝑎! 0.53 0.02 29.16 < 2 ∙ 10"!# 

𝐷𝑁 𝑎$ -0.22 0.02 -11.86 < 2 ∙ 10"!# 

Response Component Term EDF RDF Chi-
square p-value 

𝐷𝐸 B. Smooth 
terms 

𝑠!(𝐸0,𝑁0) 17.99 22.83 447 < 2 ∙ 10"!# 

𝐷𝑁 𝑠$(𝐸0,𝑁0) 8.77 12.16 375 < 2 ∙ 10"!# 
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Both the intercepts 𝑎' and 𝑎+ of the linear component are statistically significant, as are 

the smooth terms 𝑠'(𝐸0, 𝑁0) and 𝑠+(𝐸0, 𝑁0), indicating that all terms make 

meaningfully contributions to explain the systematic errors of the 1925 map (𝑝 < 2 ∙

101'2). The intercepts 𝑎' = 0.53 m and 𝑎+ = −0.22 m represent global offsets in 𝐷𝐸 

and 𝐷𝑁 likely due to systematic errors in the triangulation survey process of the old 

map.  

The nonlinear spatial patterns captured by 𝑠'(𝐸0, 𝑁0) and 𝑠+(𝐸0, 𝑁0) regard more 

localized errors. The higher EDF of 𝑠' (Figure 6a) compared to 𝑠+ (Figure 6b) suggests 

a more complex, non-linear spatial pattern for 𝐷𝐸, potentially related to historical 

surveying and mapping practices and the form of the traverse networks. 

The model explains 65% of the deviance, with the estimated standard deviations 

of 𝜎)3 = 0.27 m, 𝜎), = 0.28 m, and a covariance 𝜎)*,), = 0.002	m2. This means 

that the GAM captures approximately two-thirds of the systematic variability in the 

output variables compared to a perfect model, a robust result for real-world spatial data, 

leaving the remaining one-third to be random noise or unmodeled factors. 
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(a) 
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(b) 

Figure 6. (a) Partial effect plot of smooth term 𝑠'(𝐸0, 𝑁0); (b) Partial effect plot of 

smooth term 𝑠+(𝐸0, 𝑁0). All values are in meters. With black dots are the points of the 

training data set and with black lines the isopleths of partial effects values. 

 

The correlation between residuals 𝜀)3 and 𝜀), calculated as 𝜌 =

𝜎)*,), (𝜎)3 ∙ 𝜎),)⁄ = 0.02, implies that very little to no linear relationship exist 

between them. While this negligible shared variance suggests near-independence 

between the residuals, it does not invalidate the selection of a bivariate GAM. On the 

contrary, it means that there are no other unobserved input variables that affect both 𝐷𝐸 
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and 𝐷𝑁 similarly. Specifically, the bivariate model considers potential covariance 

between output responses that could not be known in advance, offering a more robust 

evaluation of prediction uncertainty than two separate univariate GAMs. 

Residual errors 𝜀)* and 𝜀), are depicted as vectors (directional arrows) in Figure 7, 

revealing no visible spatial structures, in contrast to the systematic patterns in the 1925 

map (Figure 5). This absence of autocorrelation verifies that the GAM successfully 

captured systematic errors, leaving error residuals that represent the random noise of 

the old map. 

 

Figure 7. Oriented arrows represent the residuals of the model: each arrow’s length 

corresponds to the value in meters, while its direction indicates the orientation of the 

residual. 

Figure 8 presents the transformed 1925 cadastral map using the trained GAM (a portion 

of the map). Several common buildings and parcel boundaries can be identified on the 

orthophoto background, demonstrating the accuracy of the proposed method. 
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Figure 8. Transformation of the 1925 cadastral map into vector format using the trained 

GAM. Buildings from the old map are outlined in blue, while land parcels are shown 

in black. The numbers inside the buildings indicate the number of floors, and the parcel 

codes correspond to the six-digit numbers (both from the 1925 map). The background 

is an orthophoto map of the area from the Greek National Cadastre (2015). 

 

4. Conclusions 

This study makes a significant contribution to the field of historical cartography by 

introducing a novel and effective data-driven method, utilizing Generalized Additive 

Models (GAMs) to substantially improve the positional accuracy of historical maps. 

The method was tested on one of the oldest urban cadastral maps in Greece (1925) 

which was georeferenced and vectorized into a spatial database for the first time. The 

model reduced the errors of the 1925 map by approximately 50%, achieving accuracy 

metrics that align with the present-day standards of the National Cadastre of Greece. 
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GAMs successfully recognized non-uniform and irregularly spatially distributed errors, 

leveraging their inherent interpretability and ability to model complex non-linear spatial 

relationships, as designed. Spatial cross-validation and a testing dataset that simulates 

real-world scenarios where homologous points are sparse, confirmed the model’s 

ability to perform equally well on new and unseen data, with consistent RMSE values 

of 0.39 m (training), 0.36 m (cross-validation), and 0.44 m (testing). The corrected 1925 

map can be seamlessly integrated into modern geospatial databases, demonstrating its 

considerable practical utility, supporting urban planning, legal disputes, and heritage 

preservation in Kastoria, a city with significant Byzantine, Ottoman, and Early Modern 

monuments.  

Beyond the city of Kastoria, the proposed method can assist researchers in the 

integration process of historical topographic, cadastral, and military maps for 

applications in land use/cover change modeling, urban growth analysis, and in 

historical, societal, legal, and environmental research. However, the method's 

dependence on homologous points does present limitations. Its applicability might be 

reduced in rural or heavily altered urban areas where homologous points are scarce or 

do not represent adequately the spatial distribution of errors. Additionally, the method 

requires the presence of systematic errors in the historical maps and not only random 

noise. 

Future research could develop hybrid models that combine GAMs with deep neural 

networks. In these hybrid models the processes of digitizing and identification of 

homologous points or edge detection could be automated, using the pattern recognition 

capabilities of neural networks in conjunction with GAMs' interpretability and 

flexibility in spatial error modeling. Also, applying this method to various historical 

maps would further assess its broader applicability. To summarize, data-driven methods 
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can provide flexible, interpretable, and robust means to improve positional accuracy of 

geospatial datasets with similar issues. Future research in this domain could further 

extend their impact across broader research areas. 
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Abbreviations 

The following abbreviations are used in this manuscript: 

GAM Generalized Additive Model 

PAI Positional Accuracy Improvement  

COVID-

19 
Coronavirus Disease 2019  

CV Coefficient of Variation 

EDF Effective Degrees of Freedom 

GLM Generalized Linear Model 

HGRS87 Hellenic Geodetic Reference System 1987 

LiDAR  Light Detection and Ranging 

MODIS  Moderate Resolution Imaging Spectroradiometer 

QGIS  Quantum Geographic Information System 

RMSE Root Mean Square Error 

SCV Spatial Cross Validation 

SD Standard Deviation 

GCV Generalized Cross-Validation  

REML Restricted Maximum Likelihood 

RDF Reference Degrees of Freedom  
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