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Machine Learning for the Built Heritage Archaeological Study
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The presence of artificial intelligence in our lives is increasing and being applied to fields such as medicine, engineering,
telecommunications, remote sensing and 3D visualization. Nevertheless, it has never been used for the stratigraphic study of
historical buildings. Thus far, archaeologists and architects, the experts in archaeology of architecture, have led this research.
The method consisted of visually—and, consequently, subjectively—identifying certain evidence regarding the elevations of
such buildings that could be a consequence of the passage of time. In this article, we would like to present the results from one
of the research projects pursued by our group, in which we automated the stratigraphic study of some historic buildings using
multivariate statistic techniques. To this end, we first measured the building using surveying techniques to create a 3D model,
and then, we broke down every stone into qualitative and quantitative variables. To identify the stratigraphic features on
the walls, we applied machine learning by conducting different predictive and descriptive analyses. The predictive analyses
were used to rule out any blocks of stone with different characteristics, such as rough stones, joint ashlars, and voussoirs
of arches; these are irregularities that probably show building processes and whose identification is crucial in ascertaining
the structural evolution of the building. In supervised learning, we experimented with decision trees and random forest—
and although the results were good in all cases, we ultimately opted to implement the predictive model obtained using the
last one. While identifying the evidence on the walls, it was also very important to identify different continuity solutions
or interfaces present on them, because although these are elements without materiality, they are of great value in terms of
timescale, because they delimit different strata and allow us to deduce the relationship between them.
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1 INTRODUCTION

In archaeology, the main dating method is stratigraphic, while the rest is structured around the following: doc-
umentary, typological, formal, structural, or archaeometric sources [1–3]. This stratigraphic analysis, which is
diachronic in nature, requires the identification of all stratigraphic units above ground archaeology—deposits and
surfaces [4]—as well as existing links between them to be able to interpret the historical evolution of a build-
ing. Together with stratigraphic analysis, there is a second method that is typological in nature. In this case,
it is a synchronic analysis whereby the formal characteristics of a series of elements or material remains can
be compared, making the formation of clusters possible, i.e., groups in which its individuals share very similar
characteristics, but that are very different from those of the rest of the components of other groups.

Archaeological typologies in architecture are created with the objective of dating buildings. Thus, while there
is a series of chronological instruments borrowed from other disciplines (Carbon 14, thermoluminescence, elec-
tron spin resonance, etc.), there are other types of indicators, developed in the field of archaeology of architec-
ture, which are applied on a local basis, i.e., that are useful in more or less limited geographic contexts. This
takes the form of the chronology of structural elements and mensiochronology [5]. This second technique—
mensiochronology—attempts to connect the dimensions of bricks to different historical periods, and to this end,
analyses them statistically [6, 7]. It fundamentally studies the bricks rather than any other type of construc-
tion material due to its being a question of mass-produced products, and in which dimensional variability is an
important feature [8].

The procedure involves collecting a sufficiently large sample of bricks, measuring them, analysing them sta-
tistically, and comparing them with a series of known cases that have been previously dated with certainty based
on other absolute chronological indicators, such as written sources, inscriptions, ceramics, and so on. In all cases,
this is fundamental to ensure a good definition of the area of application, because it is a method that works very
well in local areas [9].

Although these studies have mostly been carried out with bricks only, other types of tests have been carried
out along the same lines, by changing the construction material, for example, in adobe [10, 11], limestone [12],
or lithic materials [13–21]. However, the result obtained has not proved particularly satisfactory. Occasionally,
the size of the stones with which a building is built may be limited by the architect’s inspiration, but in most
cases, demand will be marked by the maximum size of the block of rock available, which is the main impediment
according to specialists in the subject in terms of the development of mensiochronology projects in another
material other than brick [7, 22].

Nevertheless, even though the few projects carried out so far with stone material have not generated optimism
in terms of their value, the project carried out by Tiziano Mannoni in 1974 [13] will serve as a good starting point.
In it, following on from a statistical study on the dimensions of the ashlar blocks from the “Castelo” de Genoa,
Mannoni confirms the existence of different groups of pieces that, in the words of the researcher, “could constitute
chronological evidence.”

Following in the Italian researcher’s footsteps, we applied the statistic to the historical-archaeological study of
historical buildings, and the results obtained thus far [23] have confirmed what Mannoni said, enabling a possible
chronological sequence for those buildings to be formulated. This reinforced the importance of the typological
strategy for the archaeological study of stone elevations. But for such reconstruction, it was necessary to collect
more evidence than the groups that had been formed. There are pieces of evidence that are more typical of the
stratigraphic strategy of the analysis of walls that may include, among other things, interfaces or joint ashlars.
And stratigraphy and typology do not have to be separated, but rather, can and should complement each other
[1], just as they did in the course of the restoration project of the Santa María Cathedral of Vitoria-Gasteiz (Spain)
in 1996 [24, 25], in the early medieval churches of Alava (Spain) in 2007 [26], and in the Salt Valley of Salinas de
Añana (Alava, Spain) one year later [27, 28]. To the aforementioned multi-layered nature of historical buildings
should now be added their pluritipologized nature [29].
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However, our proposal is to tackle the archaeological study of elevations by applying only the typological
methodology, albeit not in the way it has been done up to now, but rather, in an automated way. Of the two
methodologies described above, this is the only one that can be automated. To this end, a multivariate analysis
will be used that focuses on applying different techniques, such as Principal Components Analysis (PCA), re-
gression analyses, discriminant analysis, cluster analysis, among others [30]. This methodology breaks with the
traditional way of handling this type of project, and it is necessary to implement quantitative and multivariate
methods accordingly [31], moving from the habitual way of proceeding—qualitative, subjective, and intuitive—to
a more quantitative and objective one [32]. Together with this more quantitative archaeology and the incorpo-
ration of statistics into archaeological work, machine learning and expert systems—two branches of artificial
intelligence—will also be included.

There are hardly any projects where multivariate analysis has been applied to the historical-archaeological
study of buildings—perhaps the project carried out in 2013 by the Argentine architect G. Rolón [31, 33], although
as it is a completely different area of application, it is difficult to find what to compare the obtained result to.
While it is true that there are increasingly more projects that are researching into how to automatically identify
or classify particular architectural elements or styles [34–38], it is not easy to find one that focuses on the
archaeological study of historical buildings.

This is precisely the main innovation of this work that we present here, as it is the first time a historical building
has been studied entirely and independently by a computer following a period of supervised learning, based on
the evidence detected in the walls. The system has learned to identify particular signs that involve structural
changes in a building, which enables a hypothesis to be formulated about its historical evolution throughout
history.

Predictive and descriptive techniques were applied as part of the learning process that the computer is put
through. With the former, the goal was to try and identify and characterise patterns and/or behaviour from the
data that would enable key evidence to be pinpointed about the elevations to interpret the structural evolution
of the building. At the same time, descriptive techniques would provide the solutions necessary to produce
clusters, i.e., homogenous groups of ashlars that, together with the previously categorised evidence, would enable
a hypothesis to be formulated about the structural sequence of the building being studied.

Throughout this article, we will explain how to apply predictive techniques to identify evidence about the
elevations of historical buildings, using different constructions that have been appropriately selected in each of
the phases. The second part of the research, the cluster or descriptive analysis, is included in the article published
by the authors of Reference [23].

2 MATERIALS AND METHODS

2.1 Background

2.1.1 Selected Buildings. The proposed research work required having buildings from which to obtain valid
information for autonomous learning about the system and other different buildings where this knowledge could
be applied. Both sets had to include a series of common features, such as the lithology of stones or the type of
bonding, although it was not necessary for them to be of similar architectural styles. This issue was important
for the reproducibility of the experiment.

The lithology of the walls will be the common link between all the buildings selected to take part in the project,
as in all of them limestone or Palaeocene limestone (Lumaquelas de Ajarte), worked mostly in the shape of ashlar,
appear as the preferred rock for their construction—an aspect that is quite common in other churches in Alava
(Spain) [39].

We will therefore carry out our research on three historic buildings: (1) the Hermitage of the Purísima
Concepción, built at the end of the 12th century and located in the town of San Vicentejo 14 km south of
Vitoria-Gasteiz (Spain), in Burgos province. For many researchers it is an “exceptional” temple within the late
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Fig. 1. Location of the buildings selected and the Ajarte quarry.

peninsular Romanesque style due mainly to its extraordinary capitals [40]. The church consists of a single nave
with two sections and circular chancel, all built with very well-cut ashlars made from Palaeocene limestone
from the nearby Ajarte quarry. (2) The Basilica of San Prudencio de Armentia, one of the best examples of the
Romanesque style in the Basque Country. Its geographical location, just 3 km southwest of Vitoria-Gasteiz, at a
crossroads of ancient roads and its link to the patron saint of the province, as well as its significance as the most
important spiritual centre of Alava in the High Middle Ages, make it especially interesting from a historical point
of view [41]. And (3) Santa María Cathedral, located in the most elevated part of the old city of Vitoria-Gasteiz,
within its original walled enclosure. It is a Latin cross temple, with three naves, a chancel, an ambulatory, and
side chapels, built using techniques common to different times during the Gothic period [24] (Figure 1).

2.1.2 The Breaking Down of Buildings into Variables Based on Their Geometric Documentation. In the course
of reading elevations, it is essential to have geometric documentation where the evidence discovered and the
results of the research can be captured [6, 42, 43]. The record that is made must be a complete representation
of the building and its parts, this being all the more useful and facilitating archaeological work insofar as it will
be of greater quality and precision [44]. L. Caballero [45] said that “the quality of the documentation does not
necessarily have to affect the degree of validity of the final result of the archaeological analysis,” but the more
detailed the documentation, the more perfect the result.

It should be noted that, in the study of the historical-structural evolution of a building, this is considered
a single element, so the graphic model obtained must comply with this determining factor. In other words,
regardless of whether the final product is a collection of drawings, the record should be put together in such a
way that the different parts of the building may be linked [46].

When the 3D model is ready, carried out using any of the most widely used techniques in built heritage (laser
scanner, automatic photogrammetry, stereophotogrammetry, rectified photography or topography), it is usual to
develop 2D drawings that may serve as a tool where the results of archaeological and/or architectural research
can be captured more visually. However, for our purpose of trying to produce automatic learning, of trying
to programme a computer so it may be able to simulate the way in which archaeologists of architecture find
solutions to problems, it is necessary to go one step further by making all this geometric information an active
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part of the research project itself [47]. To do this, it will be necessary to find a way of extracting all this data and
transforming it, dividing it into simpler forms that help us to understand it computationally.

After much reflection as to whether to adopt one element or another as a minimum unit of study, as this
choice conditions the rest of the process and the result obtained from it, it was decided to determine that the
minimum unit of study would be each block of stone that makes up a building. This is because the latter would
be able to provide sufficient information when it came to “automating” the process of the stratigraphic reading
of elevations, being relatively simple to break down into variables.

These variables, in which each block of stone is going to be broken down, must be able to define them unam-
biguously and unequivocally. They are a fundamental part of the research, as they are present in all phases of the
process—observation and measurement, classification, analysis, prediction [48]. They need to be set out clearly,
by being defined conceptually at first, and then moving on to the operational phase where the procedures are
established that allow measurements to be obtained.

In the same way as when it comes to bringing together the geometric documentation of a building, it is
necessary to consider it in its entirety, because it is also interesting to study the variability in all its stones or
at least the great majority of them. If this is done partially, it will be difficult to identify structural moments or
chronologies on the elevations.

Initially, for a typological study, neither the type nor the number of variables to be used is established, as these
depend on the circumstances and needs attached to each context of application [49]. However, it is advisable to
take all options into consideration in this first phase of the work as until the whole process is finished, it is
unknown which one or ones will be the greatest determining factors [26]. It will be the same numerical methods
that indicate those variables that carry most weight [32]. Generally speaking, in the study of historical buildings,
the variables are usually of a technical-structural type (dimensions, types of materials, types of bonding, types of
instruments used in sculptures, stonemason marks, mortar, etc.), formal type (types of capitals, arches, triforiums,
windows, brackets, etc.) or spatial type (location, level, gradient, etc.) [50].

When analysing the aforementioned variables, practically all of them turned out to be qualitative except for
those that evidenced a geometric or spatial component. Therefore, it was necessary to add to those qualitative
variables others of a quantitative nature that could be obtained automatically. Finally, in the case of the stone
blocks, 33 attributes were extracted in total, of which only 9 were qualitative, and the rest, quantitative. Thus,
there will be a first group where 6 contextualisation variables are located (building, type of building, location,
orientation, exposition, lithology), the second of which would study 3 dichotomous variables (arch, joint ashlars,
and type of stone), and it will be these that will be used to classify the stones within the supervised learning phase.
For the third block, there will be the quantitative variables that describe both the geometric characteristics of
the stone blocks (height, length, area, perimeter, centroid (X and Y coordinates), diagonal 1, diagonal 2, height to
length ratio), those of their coverings1 (area, perimeter, and centroid coordinates) and existing relations between
the stone blocks and their coverings (area difference (% and absolute), perimeter difference (% and absolute),
centroid difference (%, absolute and coordinates) and diagonal difference (% and absolute)).

We automated the process of generating the coverings and creating and calculating the direct and indirect
variables as much as possible to avoid subjectivity. We used the “Model Builder” ArcGis application to avoid
data collection errors. This was a fundamental part of the research process. In addition, the models created were
exportable directly to Python in case modification was necessary. Each stone had a unique identification code.

2.2 Supervised Classification

With this proposal approach—documenting the building in its entirety and dividing it into minor elements de-
fined by multiple variables—the information exceeds the capacity for manual management and analysis, as has

1In this context, one synonym of “covering” could be “bounding box” or perhaps better “minimum bounding rectangle.” This is an expression
of the maximum extents of a two-dimensional object (that is, the stones of the buildings) within its coordinate systems (min(x), max(x), min(y),
and max(y)).
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Fig. 2. Flowchart of the project.

been the case until now. Faced with such a volume of data, the growth in recent years of big data, data mining,
machine learning, and artificial intelligence and its presence in almost all scientific fields makes the possibility
of applying some of these concepts to the archaeology of architecture a very interesting option (Figure 2).

One of the purposes of using predictive techniques is to find patterns or behaviour within a broad set of data.
In our research, these methodologies will be used with two very specific objectives in mind:

• the classification of stone blocks into two broad categories: ashlars and rough stones.
• the analysis of the continuity of coursed ashlars, which involves identifying stones with certain irregu-

larities, such as is the case with joint ashlars.

In fact, what is proposed is the positioning of outliers within the configuration of the elevations, i.e., stones that,
for various reasons, do not have the regular shape of an ashlar and thatmay be an indication of possible structural
action. Normally, the construction of great historical buildings tends to be prolonged several years or decades,
and this makes the wall heterogeneous. Or the simple passage of time makes it necessary to redo or modify the
initial design. All these actions are reflected in the elevations in the type of evidence and it is precisely this that
the system should autonomously detect [51].

2.2.1 Classification of Ashlar and Rough Stones. When building in stone, there are three basic types that differ
depending on the degree of the cut and size: rough stones, smaller ashlars, and ashlar blocks. In other words,
ashlars are those blocks of stone in the shape of a parallelepiped that are well cut and whose corners are perfectly
squared, in contrast to rough stones that are completely irregular in shape. The smaller ashlars come somewhere
in between.

The research will be based on individualisation of the ashlars in contrast to the rough stones, because, as can be
seen, they have very uneven features that are relatively easy to detect deductively. The smaller ashlar compared
to the ashlar does not have a clear nuance that distinguishes it. In the literature consulted, there is hardly any
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Fig. 3. North elevation of the Basilica of San Prudencio de Armentia. The left part is made using ashlars, while the right
part corresponds to rough ashlars.

work in this area, except that carried out by Oses [52] in which an initial attempt was made to classify the stone
blocks of walls based on a series of outlines extracted from a series of images. In the aforementioned project, the
blocks were classified into three groups, roughly equivalent to the three defined by us: masonry, small ashlar, and
ashlar. Very good classifications were obtained for both extremes but not such good ones for the intermediate
group, which does not have the characteristics of either one or the other. This classification of the stone blocks,
apparently simple to undertake visually, is not so easy to automate. However, seeing that the researchers can
indeed catalogue them manually in an agile and accurate way, we opted for supervised learning as being the
most appropriate methodology for the purpose of trying to build predictive models that could classify them
automatically.

To be able to look for patterns or behaviour, it is necessary to have a sample in which the data has been
previously classified manually and is guaranteed—it will be this data that “teaches” the computer. This first
part of the process is fundamental, as the results obtained will be closely conditioned by the researcher’s prior
knowledge of this.

In this research, for the learning and/or test phases, the stones from the walls of the Basilica of San Prudencio
de Armentia will be used, whereby both elements—ashlars and rough stones—are distinguished from each other
without any doubt (Figure 3). In this way, the database will contain nearly 9,000 stones, all of them of the same
lithology, limestone and from the same quarry in Ajarte, and spread out across the elevations of the north and
south exterior walls of the aforementioned building.

The underlying model in the discriminant analysis requires prior verification of the supposition of normality,
homoscedasticity, and linearity. These requirements are not necessary when logistic regression or decision trees
are applied, but, even so, statistical analysis of the data can provide useful information that may enable its
structure to be understood, as well as the results obtained.
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One of the first suppositions to be proven will be multivariate normality. In the absence of a statistical test
that would allow such proof, this verification will be carried out individually in the case of all variables.2 In
this case, after the Kolmogorov-Smirnov and Anderson-Darling tests were carried out for the groups of rough
stones and ashlars, none of the variables used proved to be in accordance with a normal distribution. The lack
of normality is due largely to the existence of some exceptionally high values, fundamentally in the “high” and
“long” variables that make up the primary variables, which will have to be analysed in case of any anomalous
values that would need to be removed from the sample. Even so, as the sample is large enough, we could turn to
the theorem of the central limit to be able to assume this normality [53].

Analysing these two variables in detail, in the case of the category defined as rough stones, both attributes—
high (μ = 0.085m σ = ±0.050m N = 5,123) and long (μ = 0.190m σ = ±0.115m N = 5,123)—are biased to the right,
i.e., they have positive symmetry that comes from an accumulation of values in the lower area of the histogram,
which is logical given the characteristics of this type of stone. The same analysis for the group of ashlars reflects
a somewhat different situation, as none of the high (μ = 0.267m σ = ±0.080m N = 3,557) or long (μ = 0.421m σ =
±0.177m N = 3,557) variables appears to be biased.

In terms of homoscedasticity, the Levene test was applied, the result of which allows us once again to reject
the null hypothesis of equality of variances for both groups—a condition already observed in the boxplots and
the corresponding histograms.

As for multicollinearity, this occurs when one of the independent variables can be explained as a linear combi-
nation of one or more variables producing a redundancy of information. If this phenomenon occurs, it is normal
that the predictive models subsequently obtained are not very explanatory, giving rise to major errors. It is rec-
ommended that those variables whose Pearson regression index is equal to or greater than 0.80 [54] be removed
from the sample. However, special care must be taken not to remove such many variables from the sample, as
there is a danger of later creating models that are not very predictive. After analysing the covariance and correla-
tion matrix and following the above indications, the area and perimeter variables of all coverings were removed
from the database.

The result obtained—neither normality nor homoscedasticity is achieved—obliges us to cast aside the discrim-
inant analysis as a technique for classification of ashlars and rough stones and to opt, therefore, for another type
of tool.

Not all variables will have the same importance or influence on the predictive models that are obtained. There-
fore, before starting the first of the analyses, a separability study was carried out (Figure 4) that enabled us initially
to ascertain which would be the most significant—not only to categorise the type of stone, but also to classify the
joints. To do this, we used the normalized difference formula based on mean values and standard deviations [56].

As data mining experts point out [57–60], the percentage of records used in the training phase needs to be
considerably higher than that used for the testing phase, its being recommended at 60%–40%. After calculating
the models with different percentages, and seeing the results obtained, the predictive models were generated
based on 80% of the data while the remaining 20% was left for the testing phase. The elements involved at each
moment were randomly selected by the software used.3

In this training phase, we experimented with classification trees, cross-validation, and random forest (Table 1).
However, to try to optimise the models, we finally opted for the random forest algorithm where, contrary to
what happens for example with classification trees, as more trees are introduced into the calculation, the algo-
rithm does not over-adjust, but, rather, sets a generalisation error limit [61]. Different models were created using

2The assumption of normality can be verified in various ways: graphically (e.g., histograms, box-plots, Q-Q charts), using statistical tests
(e.g., Kolmogorov-Smirnov, Shapiro-Wilks, Anderson-Darling), or by numerical methods (e.g., central tendency measurements, coefficients
of symmetry, kurtosis). For our research, we used the Kolmogorov-Smirnov and Anderson-Darling tests [54].
3To generate the predictive models, both in the training-test phase and in the subsequent validation phase, we used the free software KNIME
Analytics Platform, version 2.11.2.
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Fig. 4. Histograms with the mean and standard deviation of “high” and “centroid difference” variables. On the left, the
histograms are quite separate, and this is because the “high” variable has a high separability in distinguishing between
ashlars and rough stones. However, in the second graph, the histograms practically coincide, and so this means that the
“centroid difference” variable is not a good discriminating variable for differentiating between ashlars and rough stones.

Table 1. Results of the Training Phase for Categorisation of Ashlars and Masonry
Using Classification trees, Cross-validation, and Random Forest

Overall reliability (%) Cohen’s kappa f1-measure
Classification trees 97.335 0.947 0.960

Cross-validation 97.552 0.951 0.965
Random forest 99.662 0.993 0.999

10-25-100 trees and the results obtained were very similar in all cases. All the tests carried out with this algorithm
produced less than 1% of errors, achieving an almost perfect classification, and reaching the out-of-bag (OOB)
statistic that indicates the prediction error values in the test set [62] were less than 3%.

However, there is a problem with overall reliability or accuracy, and this can hide important differences be-
tween categories with varying levels of accuracy, which is why it is important to analyse not only the diagonal
values of the confusion matrix, but also the marginal values. We analysed the error of omission-EO (related to
the precision or reliability of the producer-RP) and the error of commission-EC (related in this case to the recall
or reliability of the user-RU). For our predictive models, these precision and recall values were 0.99, which in-
dicated a very good classification; values close to one imply that the discriminant variables used allow for good
differentiation between groups, while those close to zero—the extreme opposite—reflect the fact that the classi-
fication model is not valid. The Cohen’s kappa coefficient attempts to delimit the degree of adjustment due only
to the accuracy of the classification, dispensing with that caused by random factors. In this case those values
exceed 0.99, implying almost perfect agreement [64].

2.2.2 Joint Ashlars and Vertical Interfaces. Once the ashlar work and masonry had been separated, the data-
base was much more homogeneous, and all the elements were ashlars. However, there were several blocks that
had a slight rabbet, usually at a right angle in one of the corners, which ended up breaking that uniformity. These
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Fig. 5. Joint ashlars (orange blocks) and a zipper (term used colloquially to define the interface defined by the union of the
joint ashlars) located in the northern transept of Santa Maria Cathedral (Vitoria-Gasteiz).

are the ashlars that we call joint ashlars (Figure 5). Identifying these blocks is important when undertaking the
stratigraphic study of an elevation, as their appearance usually marks the presence of some type of intervention.
In other words, ashlars tend to be made in the shape of a parallelepiped with four squared corners. When one
whose angle has been lowered appears, that implies that it has been made this way to be able to adapt it to
another block that was not initially in that position [63]. The presence of these special ashlars also enables a
relative chronological component to be introduced in the area where they are located, as they will always be
from a time prior to the ashlar that fits into them.

In the same way that the analysis of the ashlar work was carried out, here, we will also use, for training and
testing, the database with the records of the elevations from the Basilica of San Prudencio de Armentia, where
all those elements categorised as rough stones were removed, significantly reducing its size.

Another aspect that changed substantially was the percentage of stones included in each of the categories to
be predicted. It is usual for a building to show several joint stones, but this is minimal in relation to the total
count. Thus, in the Armentia database there were only 122 elements classified as such.

In view of this circumstance, the data from the ashlars of some of the elevations of the Santa Maria Cathedral
were incorporated to enlarge the sample, because, like the rest of buildings involved in the research, they have
similar characteristics. In this way, 2,695 more stones were included, 114 of which had been included in the group
comprising joint ashlars. Thus, a database was finally obtained for training and testing with 5,954 ashlars, 236
of which (approximately 4%) were manually classified as being joint.

Nevertheless, with regards to optimisation in terms of creating the predictive model, it is always advisable
to work with a sample that contains the same proportion of joint ashlars as normal ashlars. The fact that the
complete database (5,954 elements) contained 25 times more information than was actually used (approximately
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Fig. 6. Scatter plot with the dimensions of the ashlar diagonals. Most of the blocks appear to be located on the regression
line. However, around a score of them appear quite far from that line. Initially these points could be considered outliers or
anomalous values, but when identifying them in the corresponding elevation, we ascertained that many of them correspond
to joint ashlars. This is a clear example of multivariate outliers, since the value of each of the diagonals separately does not
involve anything strange, while combining both is where the possible anomalous data emerges.

500 blocks divided into two categories, ashlars and joint ashlars) allowed for experimenting with training samples
that were always different, since the ashlars that were not joint could be selected randomly each time a new test
was carried out.

Statistically speaking, the two main variables do not evidence any considerable asymmetries in either of the
two established categories, which is logical given the homogeneity of the whole sample. The average dimensions4

of the joint ashlar stones are 0.311 ± 0.079 m x 0.479 ± 0.172 m (N = 236), while for regular ashlars they are 0.277
± 0.079 m x 0.443 ± 0.174 m (N = 5,718).

As for the most significant variables in identifying these types of ashlars, taking into account the previously
calculated separability values, it will be the difference in centroids between the delineated ashlar and its covering
that predominantly provides the distinction between the two groups. This is followed by the difference in areas
and diagonals.5 The latter is very interesting in terms of discrimination of both groups, as can be seen in Figure 6.

To create predictive models in the joint ashlars, the three aforementioned algorithms were applied, reaching
an overall level of precision about 92%. However, the joint ashlars were not classified as well as the ashlars, since
while on average 92% of the ashlars were well catalogued, only 85% of the joint ashlars were correctly classified.

4Also observed in this set of ashlars is homogeneity in the standard deviations of the high and long variables. Since the most irregular stone
blocks have been removed from the sample, the remaining mass is much more uniform.
5If the ashlar has one of its corners cut out, the values of its two diagonals cannot be the same, as can be seen in Figure 6.
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Table 2. Results of the Training Phase for the Categorisation of Joint Ashlars Using the Random Forest
Algorithm and Taking into Account the Standardization or Not of the Variables

Number Normalized data Unnormalized data
of trees Precision (%) Error (%) Cohen’s kappa Precision (%) Error (%) Cohen’s kappa

10 91.11 8.89 0.816 88.19 11.81 0.763
25 92.59 7.41 0.844 90.28 9.72 0.806
100 91.85 8.15 0.829 92.36 7.64 0.847

Again, given the characteristics of the random forest algorithm, we ultimately chose to keep the classification
made by the latter, random forest algorithm. At that moment, a new component appeared that corresponds to
the normalization of the variables. Until then, the tests carried out had not shown any significant differences
when working with the original variables or with the transformed ones. However, it is at that moment when the
databases are already more homogeneous that differences can be seen not so much in the most discriminating
attributes but in the precision of the classification. For this reason, both possibilities were considered in all the
tests carried out for the purpose of identifying joint ashlars.

As can see in Table 2, in general, the overall reliability of the adjustment is slightly better, i.e., around 2–3
points, when the variables involved are standardised beforehand, as well as the Cohen’s kappa coefficient values
that in all cases exceed 0.80, implying a substantial degree of classification [64]. It will be in the validation phase
(Results section) where the goodness or otherwise of the predictive models obtained in this phase can really be
appreciated.

At the same time as identifying the joint ashlars on the elevations of a building, it is also very interesting
to be able to identify different continuity solutions or interfaces present in them. The interfaces or continuity
solutions are elements that have neither volume nor materiality, but whose interest is even greater than that of
the strata [4]. If they stand out for something, it is because of their great value in terms of timescale, because
by delimiting two strata they allow the before and after relationship that exists between them to be deduced
[45]. In conjunction with the delineation of the interfaces, for the joint ashlars, we also considered it interesting
to indicate the ashlar they supported (Figure 7, left), because the upper ashlar will always be the most modern,
indicating the chronological sequence. Therefore, this facilitates the understanding of the building’s historical
evolution.

To develop the research, we considered that this information should appear together with the identification
of the joint ashlars in the walls. This was programmed in MATLAB and with the help of the DXFLib library, a
routine that would allow for the automatic delineation of these lines. This was possible because, in our previous
classification work, we delineated the contours of all the stone blocks that made up the building, obtaining a
vectorial DXF file. Because that file contains the coordinates of all the points that form those outlines, it facilitates
the analysis of the vertical continuity of the stones’ edges, marking those areas where two or more ashlars
coincide. In the construction of a building, it is common to position the blocks in an alternating fashion to
ensure the cohesion and resistance of the facing and to coincide with openings (doors or windows) or the ends
of the walls.

3 RESULTS AND DISCUSSION

Application of the predictive techniques on the elevations of the churches had two very specific purposes: the
differentiation between ashlar work and masonry, and the continuity analysis of the courses of stone. This evi-
dence, together with identification of the vertical interfaces, are key indicators when undertaking a study of the
historical-structural evolution of a building in accordance with the stratigraphic analytical method used.
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Fig. 7. At the left of the figure, chronological relative relationship of several ashlars. The red arrow indicates the relative
chronological relationship with the stone that fits on them. At the right, elevation of San Vicentejo Hermitage with the joint
ashlars automatically identified (blue blocks), their chronological relation (red arrows) and the programmed interfaces (red
lines).

We will apply the classification rules obtained in the experimental stage to the stones of the San Vicentejo
hermitage and we will analyse their behaviour as well as their usefulness in reading elevations.

The church, which is small in size—approximately 18× 8 m—is made up of some 4,550 stone blocks. Statistically
speaking, the masonry blocks of this temple (N = 222) are 0.131 ± 0.075 m x 0.183 ± 0.099 m in size while the
dimensions of the ashlar work are (N= 4,316) 0.264± 0.111 m x 0.527± 0.284 m. While the former are considerably
higher in this building than those belonging to the training sample, they coincide in length. In the case of the
ashlars, the exact opposite is true: In height, the dimensions coincide in both churches, but it is in terms of length
that San Vicentejo has higher values.6

3.1 Discriminating between Ashlar work and Masonry

The predictive models obtained using the random forest were applied, as were those that created the best clas-
sification models in the learning phase. Until that point, the classification had been quite efficient, based on the
results obtained, but it is now that they really need to be corroborated, when applying the knowledge generated.

For validation of the classification of ashlars and rough stones, the overall reliability obtained (94.87%) was
slightly worse than in training (99.90%) (Table 3). This is logical, as they constitute completely different data,
although despite this the reliability is very satisfactory, which leads us to think of good categorisation for the

6Although it is not the specific objective of this article, we believe it is interesting to point out a fact that is highlighted by the data available
to us: The greater the dimensions of the ashlar blocks, the closer the church is to the quarry [65]. This is logical, considering that minimizing
transportation has also been a priority for stone used in dressed ashlar work and sculpture [65]. As an example, while the stones of the
Basilica of Armentia and the church of Treviño (both located about 13 km from the Ajarte quarry, where the stone comes from) have an
average length of 42 cm, for San Vicentejo, located just 6 km from the quarry, the ashlars are almost 10 cm longer on average, with 53 cm,
and the church of the village of Ajarte itself, located a few metres from the quarry, has even longer ashlars. This is only a line of research that
requires more detailed tests, but it is important, because it can provide a lot of information about building techniques used by stonemasons
in the Middle Ages.
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Table 3. Results of the Training and Validation Phase for the Categorisation of Ashlars and Masonry Using
Classification Trees, Cross-validation, and Random Forest

TRAINING PHASE VALIDATION PHASE

Classification trees Cross-validation Random forest Classification trees Cross validation Random forest
Ashlar Masonry Ashlar Masonry Ashlar Masonry Ashlar Masonry Ashlar Masonry Ashlar Masonry

Precision 0.97 0.95 0.97 0.96 1.00 0.99 0.99 0.47 0.99 0.47 0.99 0.49

Recall 0.95 0.97 0.96 0.97 0.99 1.00 0.95 0.86 0.95 0.85 0.95 0.85

f1-measure 0.96 0.96 0.97 0.97 0.99 0.99 0.97 0.61 0.97 0.61 0.97 0.62

Table 4. Confusion Matrix as a Result of Applying the
Predictive Models Obtained Using the Random
Forest Algorithm for Categorisation of Ashlars

and Rough Stones

Prediction
Ashlars Rough stones

Reality Ashlars 4,117 199
Rough stones 34 188

stones. Although it is estimated that validation precision may be less than that of training, this difference should
not be greater than 2%–3%. For our data purposes, it was slightly higher, around 5%, but it should be noted that
the results obtained in the first phase with this algorithm were surprisingly good.

The average value of the kappa index is 0.59, a record that, although it allows us to affirm that the classification
is “moderate” according to the Landis and Koch table [64], is considerably lower than that obtained in the training
phase, where values of around 0.99 were obtained. The kappa value will be higher as long as the values that
appear on the diagonal of the confusion matrix are similar [67]. This is not the case here, as, contrary to what
happened in the learning phase, the number of ashlars in the elevations of San Vicentejo is much higher than
that of rough stones: 4,305 as opposed to only 233 (Table 4).

In this case, as the data was so unbalanced, i.e., most of the elements belong to one of the categories, the overall
reliability values, while good, do not faithfully reflect the efficiency of the classifier. It is necessary to go back to
calculation of producer and user reliability to analyse the results as in the training phase. In terms of labelling
rough stones, the number of errors is now somewhat greater (FP = 0.49 as opposed to a value of practically 1 in
the previous phase). This disparity is fundamentally due to the characteristics of the new database with which it
is being validated, as the rough stones clearly represent the minority class, accounting for only 5% of the total.

If, instead of trying to classify all the blocks from the hermitage of San Vicentejo, a sub-sample was extracted
in which there were the same number of ashlars as there were rough stones—these figures would change con-
siderably, acquiring very similar values between them, equal to those obtained in the training phase. However,
in this phase, such a division is not possible, as this would mean classifying the entire building.

Thus, while in the categorisation of ashlars there are only around 30 errors out of a total amount of more than
4,000 blocks—which means a producer reliability of 99%—with rough stones, the 199 badly classified elements
imply a reliability of barely 48%. However, user reliability, i.e., the percentage of each real category that has been
properly classified, is quite high in both classes; namely, 99% for the ashlar work and 85% for the masonry.

In addition to the analytical results, we can analyse the result obtained graphically by visualizing on the
hermitage’s elevations which elements are poorly classified and researching the cause of such errors (Figure 8).

The stones that correspond to masonry are generally well classified; the problem lies with the ashlars. While
the rough stones evidence total irregularity that allows them to be easily differentiated from the rest, in the
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Fig. 8. Rough stones automatically identified in the Hermitage of San Vicentejo. Most of these blocks would have been
located in the covered-up doors (north facades). Although there are some stones that have been poorly identified, all of
them account for only 5% of the total.

ashlars there is a progression that goes from the most regular block, with all its perfectly squared corners, to the
block that has rounded angles, which sometimes leads to poor classification.

Focusing on the ashlars that have been poorly classified, the majority of them correspond to irregular blocks
of stones, such as the voussoirs of arches, the stones that surround those arches or the blocks that are not in a
strictly horizontal position, as is the case with those arranged in the vaults. All these examples for one reason or
another have an irregular shape in common. It is worth remembering that between the attributes that enabled
distinction to be made between ashlars and rough stones, a highly influential one was the difference in surface
area between the real shape of the stone and its covering. It is therefore logical that these elements should be
identified as rough stones.

An error when classifying rough stones occurs when the block is of large dimensions, because these types of
elements are usually small in size and easy to use by hand. In San Vicentejo, in the walled-up bay window on the
north wall, although the great majority of the stones that appear are small to medium-sized rough stones, it can
be seen that pieces from larger stones were reused—very likely deriving from another part of the construction
and that were not classified by the model as rough stones.

3.2 Validation of the Identification of Joint Ashlars

In this trial, the aim of which was to identify joint ashlars, from the training phase it was seen that the percentage
of success and error varied according to whether transformed data was used or not, most likely due to a greater
homogeneity in the database, as by this point all the rough stones had been removed from the sample, and the
remaining ones were mostly regular ashlars.

Therefore, in this validation phase, the predictive models obtained with the standardised and non-standardised
data were applied, and they show quite different behaviour. Comparing the values obtained in this validation
with those recorded in the training phase, classification precision is similar, with hardly any notable differences.
Where an important decrease can be observed is in the value of the kappa coefficient, which ranges from 0.80,
implying a substantial classification, to values of just 0.33. Although this is due to the inequality between the
two categories, a fact that has also occurred in previous analyses, it is now when the difference between both
groups becomes greater and directly leads us to very low values of this coefficient.
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Table 5. Confusion Matrix as a Result of Applying
the Predictive Models Obtained Using the Random

Forest Algorithm for the Categorisation of Joint
Ashlars with Unnormalized Data

Prediction
Ashlars Joint ashlar

Reality Ashlars 3,458 266
Joint ashlar 6 74

Table 6. Confusion Matrix as a Result of Applying
the Predictive Models Obtained with Random
Forest Algorithm for Categorisation of Joint

Ashlars with Normalized Data

Prediction
Ashlars Joint ashlar

Reality Ashlars 3,711 13
Joint ashlar 49 31

The confusion matrix (Table 5) also produced some very interesting conclusions. In this first block, what was
deduced is that the classifier worked exceptionally well in identifying the joints that appear in the San Vicentejo
database; because of the possible 80, it correctly identified 74 of them—a success percentage of 92% (RU). But
what must also be taken into consideration is the fact that it incorrectly labelled 266 blocks in this category,
resulting in an error of omission close to 80% (RP), a dreadful percentage. To sum up the joint ashlars in the
validation sample were very accurately identified, but many errors were made; many ashlars were labelled as
being joint when actually they were not.

In the second trial, using normalized data, an improvement in the overall reliability regarding training was
observed (Table 6). Again, the values of the kappa index were affected by the inequality of the categories, al-
beit not as much as with non-standard data. They fall to values of 0.49, which can be considered a moderate
classification.

Here the previously trend changes completely. While a little over 40% of the joints in the elevations of San Vi-
centejo (RU) barely classify well, nevertheless not too many incorrect values are inputted—only 13—which is well
below the previous example of 266. Logically, the statistics provided around the minority block were just as af-
fected as in the previous round of trials. To sum up, there are fewer correctly identified joints and also few errors.

As we have already mentioned, the presence of joint ashlars in an elevation may be an indication of some kind
of action carried out on it. As a result, the appearance of many incorrectly classified ashlars as such provides
very little useful information for the researcher, since we would be pointing out possible structural actions that
never really existed. Therefore, to keep the first of the options would mean, in our view, including a lot of “noise”
in the stratigraphic analysis process.

Choosing the second option provides us with a certain security, as we know that the vast majority of ashlars
classified as being joint correspond to this label, and that the number of errors entered in the reading process
is lower.

Regarding the location of the errors that occur when identifying the joint ashlars, the prediction model works
quite well with the joints that actually exist in the elevations and the errors are fundamentally in the windowsills.
This is where it is necessary to lower the stone to be able to make the shape that they really have, which means
these blocks bear a certain resemblance to the joints.
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3.3 Discussion

J. A. Barceló said in his publication Automatic archaeology. Artificial Intelligence in Archaeology [68], “At the
present time, automatic archaeology is more of a future promise than a reality; it is an unexplored field that will
provide extraordinary and unpredictable results in the coming years.”

Such a statement—made more than 20 years ago—is today closer to becoming a reality, thanks to the technical
progress of the past few decades that is allowing aspects such as artificial intelligence, expert systems, and
machine learning to become increasingly present in many diverse areas of society, making it look increasing less
like science fiction.

When—even before the present work—we were beginning with this line of research, we were firmly convinced
that artificial intelligence was possible in archaeology, and more specifically in built heritage [47]. Today, not
only have we not given up on this idea, but we are continuing to study it more in depth. The aim of this work
is for it to be a first step towards the promising future that Barceló predicted, although there are still lots of
things to do. Our objective of facilitating automation of some archaeological processes is not intended to replace
either the archaeologist or the architect, but simply to provide them with an auxiliary tool to help them in the
stratigraphic analysis of a building—a task not without its complexity.

Throughout our research, we have confirmed how archaeologists are often excessively “impressionistic” when
describing the reasoning that leads to their stratigraphic conclusions about a building. This was one of the great
obstacles we inevitably had to overcome, namely, the difficulty of clearly visualizing the inference mechanisms
used by the researcher. This is because any attempt to automate a technique requires—first—having a clear “flow
chart” of the internal process of the technique to be systematised.

Be that as it may, if we had to highlight a single key aspect as the fundamental driving force behind this
internal process involving the stratigraphic analysis technique, that would be the typological aspect. Logically,
we cannot expect to reduce all the complexity involved in the stratigraphic reading of elevations to a single
matter, but we do so because, just like Barceló, we are convinced that the success of the application of expert
systems in archaeology depends on the implementation of automatic typologies [68]. This will make it easier for
archaeologists to input mathematical-statistical descriptions of their discoveries into databases, so it may be the
expert system that deconstructs the object of study stratigraphically.

Some examples of automatic typologies have existed for some time in archaeology; they relate to ceramics, the
lithic industry, fibulas, and the orientation of tombs, among many other subjects of interest. Even so, we hardly
find anything related to built heritage. There are, of course, advances made in the field of mensiochronology—
both in brick and stone—that proved fundamental in planning this research. However, they do not contemplate
the use of multivariate techniques, but rather, only basic statistical procedures, as the study population was
minimal—just like the variables that defined it, which can be summarised in the dimensions of the pieces
analysed.

If the typological key is fundamental for automation of the stratigraphic reading of elevations, it is also because
the typology is, as it were, the active principle that allows us to analyse thoroughly, to deconstruct the building—
in an organised and systematic manner—to transform all its components into magnitudes, into figures that may
then be subject to mathematical-statistical treatment.

4 CONCLUSION

Every building of a minimum age is considered by archaeological science to be a multi-layered site, because its
structure is the result of successive building operations involving contribution and degradation that have been
superimposed, leaving an indelible mark on its walls. Reading of elevations is the most common technical pro-
cedure used to determine this stratification, which has so far been carried out by visual analysis. This analysis
introduces a high degree of subjectivity into the process since, depending on the researcher’s expertise or ex-
perience, the result may vary. In this article, we introduce a framework that seeks to use machine learning to
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semi-automate the process of reading elevations. Based on the most common evidence that specialists in the
archaeology of architecture were looking for in the elevations of buildings, we tried to make the machine re-
sponsible for this by identifying and pointing out the different types of stones, the existence of joint ashlars and
interfaces, voussoirs of arches, and even clusters that simulate construction phases. In this way, we eliminate
the subjectivity with which the method started, and we incorporate far more objective procedures that allow
for the stratigraphic analysis of the building in an identical way for all researchers. It will be later when the
specialists with all this evidence then go on to undertake their historical interpretation of the constructive evo-
lution of the historical building. All the buildings that have been used in this research shared their lithology, the
same quarry of origin, and so as long as more buildings with similar characteristics can be incorporated (which
is relatively easy to do, as it is a widely used lithology in Alava), the system will be able to continue learning
and differentiating between building signs with greater precision. This does not mean that the method proposed
only works with Palaeocene limestone, as the method itself can be extrapolated to any building, albeit not the
absolute values obtained from it. In other words, the most discriminatory variables will remain the same, but not
the value they acquire.

In this article, we have shown how to train the system to identify and point out the masonry and ashlars,
the joint ashlars, and the interfaces on the elevations, obtaining good results in all cases, by starting from the
premise that this issue had never been tackled before. It is important to see how the passive role that, until now,
the geometric documentation of the building had acquired in a project involving reading elevations, changes
radically and becomes an active part of it, since it provides the data required for that autonomous learning. We
experimented with several algorithms, but, ultimately, we opted for the random forest, since it provided the best
reliability in both the training and validation phases.

Regarding predictive models, these worked slightly better in the training phase than in the validation phase.
However, there is an obvious explanation for this: To a large extent, this is due to the imbalance between the
categories defined in the San Vicentejo hermitage database, because the elements to be classified (rough stones
and joint ashlars) always represented the minority group within the sample. This imbalance was reflected in the
precision obtained when classifying the different categories. Thus, while for the majority group—the ashlars—
user reliability exceeds 95%, in terms of discrimination of the rest of the elements this value varies between 40%
and 90%. In the classification of rough stones, the resulting overall reliability provides values around of 95%.
Even so—and this is the important thing—the predictive model created correctly classifies 85% of the building’s
rough stones and 99% of the ashlars.

The case of the joint ashlars is somewhat different, as we had two predictive models—one that was obtained
using standardised data and the other that was obtained using non-standardised data. If we only pay attention to
the numerical values, it seems logical to opt for the second model, where precision, when it came to classifying
these type of blocks, was 92% with a 7% error in the classification of normal ashlars, compared to the 40% obtained
in the first case for the ashlars, albeit with only 0.4% error in terms of their categorisation. However, we have
chosen to keep the model that, a priori, offers the least precision, given the importance of these types of pieces in
dating possible alterations carried out on the elevation. When interpreting the structural evolution of a building,
it is preferable to have few joint ashlars—that are well classified and that provide information—rather than many
erroneous ones that may cause confusion.

4.1 Future Work

As we have commented in the article, this is the first time that machine learning has been used to study a
historical building from the archaeological standpoint, so logically there is still room for improvement. We will
focus future works around two different lines: the variables and the buildings.

For our research, we generated the different predictive models from a set of 33 variables, some of them quali-
tative, but mostly quantitative. One line of improvement involves the incorporation of new variables related to
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radiometric aspects, since, if both visible and thermal image information are available, the digital levels of the
images may help in the classification process. For example, if we work with buildings made of bricks, the colour
may provide us with information about the amount of clay they have, the extraction point of the raw material,
or even the firing temperature. The different reflective and emitting behaviour of the walls allows us to know
the composition of the materials used in their construction, as well as the moisture or the existence of materials
“hidden” from human sight.

Another aspect to point out and which we have already advanced in the conclusions, is the possibility of testing
this learning on more buildings. On one hand, it would be interesting to continue working on buildings whose
material comes from the same quarry in Ajarte to ascertain whether the increase in the number of individuals
analysed improves the classification obtained so far or otherwise. This would involve mainly trying to obtain
data for those minority categories, such as the joint ashlars or the voussoirs of the arches. And, on the other
hand, there is the possibility of applying the methodology to buildings whose construction material is totally
different. In this sense, we have gained a little experience in buildings made entirely of brick in the city of Buenos
Aires, and we will continue to develop this, since the initial results obtained are quite encouraging.
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