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The deterioration of the built heritage is becoming a pressing issue in many countries. The assessment of such a
degradation at large (building) scale is key for maintenance priorisation and decision making. This paper pro
poses a straightforward yet rigorous method to asses and predict the surface recession in heritage buildings. The
method is based on a probabilistic Bayesian approach to identify the most plausible surface recession pattern
using digital photogrammetry data. In particular, a set of candidate recession patterns are defined and ranked
based on probabilities that measure the relative extent of support of the hypothesised models to the observed
data. A real case study for a sixteenth century heritage building in Granada (Spain) is presented. The results show
the efficiency of the proposed methodology in identifying not only the most suitable recession pattern for
different parts of the building, but also the probability density functions of the basic geometry parameters
representing the identified patterns, such as the depth and the height of the surface recession.

1. Introduction
The deterioration of Cultural Heritage (CH) sites is one of the biggest
challenges in modern societies. Our cultural heritage is degrading faster
today than any time in the past [1]. This poses threats not only at a
cultural level but also in terms of safety and cost. Countries such as Spain
or Italy, along with several others, accrue a significant part of the her
itage buildings and structures all over the world, typically made of stone.
These countries are increasingly challenged to properly preserve and
maintain their important legacy while keeping the associated mainte
nance costs within reasonable margins.
As a consequence of a number of environmental [2–4] and anthro
pogenic [5,6] factors, the deterioration of historic masonry structures
can be manifested in different ways, one of the most critical being the
surface recession [7]. This mode of degradation implies a loss of material,
which, when acting on safety-critical elements such as buttresses or
load-bearing walls, this can severely impair the structural integrity of
the entire building. A number of researchers have focused on measuring
and modelling the surface recession from different perspectives and
disciplines. For example, several mathematical degradation models have
been proposed to predict the degree of deterioration of the heritage
building materials. A good literature review is provided by Sabas et al.

[8] focusing on calcareous stone degradation. Other researchers have
focused on experimental approaches using advanced structural health
monitoring (SHM) techniques [9–11], photogrammetry [12,13], laser
scanning [14] or radiometric methods [15–17] to measure the degree of
deterioration of CH elements so as to support decision making about
preventive maintenance [18], restoration [19–22], and resilience to
climate change [23].
As evident from the literature, most of the contributions focus on
physicochemical material deterioration rather than on higher-scale
structural-level degradation, which is closely related with the actual
structural integrity of the building. Furthermore, any individual heritage
building can be viewed as a collection of complex and integrated sub
systems with possibly different building materials, each one with its own
history of deterioration and its own history of treatments and restora
tion. Such spatial and temporal variability implies irreducible uncer
tainty that needs to be considered for a rigorous degradation assessment.
This uncertainty not only includes uncertain model parameters for a
particular surface recession pattern, but also epistemic uncertainty [24]
coming from the adoption of a particular pattern among a set of can
didates. In this sense, probabilistic instead of deterministic approaches
need to be adopted for an effective yet rigorous surface recession
assessment. Probabilistic approaches have been successfully applied for
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Fig. 1. Candidate surface recession patterns: ℳ1 = rectangular (left), ℳ2 = triangular (centre), and ℳ3 = bilineal (right).

Fig. 2. Photogrammetric point cloud representation of the buttress. San
Jerónimo Monastery.

uncertainty quantification in the context of degradation assessment and
parameter identification in metals [25–28], thermal conductivity
assessment [29], and fatigue in composite materials [30,31], among
others. However, to the authors’ best knowledge, the identification of
higher-scale geometry degradation patterns in cultural heritage build
ings including assessment of their main governing parameters using a
full probabilistic approach has not been covered in the literature before.
In this paper, a rational probabilistic methodology for surface
recession assessment based on a simple non-destructive technique such
as digital photogrammetry is proposed. The proposed method is based
on solid Bayesian system identification principles [32,33] allowing the
identification of the most plausible surface recession pattern among a set
of candidates for a given photogrammetric dataset. The plausibility of
the various possibilities is expressed through probabilities that measure
the relative degree of belief of the candidate geometry degradation pat
terns conditional to the available data. The candidate patterns are
defined as simple geometric forms such as those depicted in Fig. 1, so
that these can be subsequently used as geometry inputs in subsequent
structural integrity analyses. In this sense, the surface recession patterns
become geometrically defined by basic parameters such as the height
and the depth of the degradation. Should more complex geometry
degradation patterns were identified (e.g., a staircase function), these
might require additional parameters for their complete univocal
geometrical characterisation.
Apart from recession pattern identification, the proposed method
ology provides as output the probability density functions (PDFs) of the
basic geometric degradation parameters (e.g., height and depth) of the
assessed patterns. These PDFs denote the epistemic uncertainty (i.e.,

Fig. 3. Location of the degradation profiles in the building: (a) buttress (section
S1 located on the hidden side in the picture), (b) main façade.

uncertainty reducible in the light of new information) due not only to
the lack of enough data, but also to the idealisation of the physical re
ality using a simple geometrical model. The PDFs of the degradation
parameters are subsequently used to provide a probabilistic estimation
of the rate of degradation of the analysed element (e.g., a load bearing
façade), having the element’s age as known. The methodology has been
2
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Fig. 4. Measured degradation profiles of (a) the buttress, and (b) the main façade of San Jerónimo Monastery.

2. Methodology

Table 1
Prior information of model parameters for each surface degradation hypothesis.
Model
class

Degradation
pattern

θ1

θ2

θ3

θ4

θ5

ℳ1

Square

B1

H1

σe

− −

− −

𝒰(0,
0.2)

𝒰(0,
2)

𝒰(5e − 3,
5e − 1)

− −

− −

B1

H1

σe

− −

− −

𝒰(0,
0.2)

𝒰(0,
2)

− −

− −

Prior
PDF

p(θ|ℳ1 )

ℳ2

Triangle

Prior
PDF

p(θ|ℳ2 )

ℳ3

Bilineal

Prior
PDF

p(θ|ℳ3 )

B1

B2

𝒰(0,
0.1)

𝒰(0,
0.1)

𝒰(5e − 3,
5e − 1)
H1

𝒰(0, 1)

H2
𝒰(0,
1)

2.1. Bayesian degradation pattern recognition
A Bayesian model class selection framework [32,34] is developed in
this section for a rigorous and robust identification of the most plausible
surface recession pattern. A set of Nm = 3 candidate degradation profiles
m
or model classes M = {ℳj }Nj=1
are initially proposed, as shown in Fig. 1.

These model classes are regarded as hypothesised surface recession
patterns which are considered as equally plausible a priori, i.e., P(ℳj |M)
= 1/Nm . After assimilating these model classes with the experimental
data, the hypothesised degradation profiles are ranked based on posterior
probabilities P(ℳj |𝒟, M) which express the relative degree of belief of the
hypothesised geometric degradation patterns in representing the data 𝒟
[32]. To this end, a probabilistic description of a candidate degradation
pattern is obtained by introducing an uncertain error term e that mea
sures the discrepancy between the hypothesised degradation profile
given by θ, denoted by zℳ (θ), and the measured degradation profile z𝒟 ,
as follows:

σe

𝒰(5e − 3,
5e − 1)

illustrated using digital photogrammetry data for the San Jerónimo
Monastery, a sixteenth century CH building in Granada (Spain),
considering two different elements, namely (1) a buttress, and (2) the
main façade. For this case study, three candidate geometry degradation
patterns are considered for illustration purposes, as depicted in Fig. 1.
The results confirm the suitability and efficiency of the method in
identifying plausible surface recession patterns and providing useful
geometry degradation-related information using just a simple nonsophisticated digital photography equipment.
The remainder of the paper is organised as follows: Section 2 de
scribes the proposed Bayesian methodology to identify the most plau
sible geometric degradation pattern out of digital photogrammetry data.
In Section 3, the proposed methodology is illustrated and tested for San
Jerónimo Monastery’s 3D photogrammetry model. Section 4 provides
the conclusions and future works that can be derived from this research.

z𝒟 = zℳ (θ) + e

(1)

Following the Principle of Maximum Information Entropy [35], a
zero mean Gaussian distribution is conservatively adopted to model the
error term e such that it produces the largest uncertainty [32]. Thus, the
measured data z𝒟 will be represented by zℳ (θ) under model class ℳj
with a probability density
(
)2 )
(
(
) (
)− Ns
1 𝒥 (θ)
p z𝒟 |θ, ℳj = 2πσ2e 2 exp −
(2)
2
σe
where 𝒥 (θ) is a goodness-of-fit function which is defined as the ℓ2-norm
(∑
)1/2
Ns
− 1
− 1 2
of the measured and modelled data, as: 𝒥 (θ) =
,
i=1 (zi,ℳ − zi,𝒟 )
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Fig. 5. Posterior probability density functions of the model parameters defining the candidate surface recession patterns: a) ℳ1 = Square, (b) ℳ2 = Triangular, (c)
ℳ3 = Bilineal. Results correspond to the buttress of San Jerónimo Monastery.

geometric degradation parameters such as the height and the depth of
degradation; i.e., θ = {B1, H1} for model classes ℳ1 and ℳ2 , and θ =
{B1, B2, H1, H2} for ℳ3 . Next, the posterior distribution of these model
(
)
parameters p θ|𝒟, ℳj given the data 𝒟≜z𝒟 for a specific model class
ℳj , can be obtained using Bayes’ Theorem, as follows:
)
(
(
) p 𝒟|θ, ℳj p(θ|ℳj )
p θ|𝒟, ℳj =
(3)
p(𝒟|ℳj )

Table 2
Mean and coefficient of variation of the posterior model parameters defining
surface patterns ℳ1 to ℳ3 , estimated from samples of the marginal posterior
PDFs. Results correspond to the main façade of San Jerónimo Monastery.
Degradation parameters

Error parameter

B1

B2

H1

H2

σv

mean

0.0113

− −

1.9629

− −

0.0098

ℳ2

C.O.V
mean

0.0628
0.0170

− −
− −

0.0293
1.9706

− −
− −

0.0517
0.0112

ℳ3

C.O.V
mean

0.0810
0.0017

− −
0.0121

0.0132
0.9524

− −
0.9546

0.0513
0.0110

C.O.V

1.2327

0.0934

0.1412

0.091

0.0682

ℳ1

(
)
where p 𝒟|θ, ℳj denotes the likelihood function represented by Equa
tion (2) and p(𝒟|ℳj ) is the evidence of model class ℳj in representing
the data 𝒟. The computation of Equation (3) is analytically intractable in
most of the cases, requiring stochastic simulation methods to numeri
cally address it. In this case, the Metropolis-Hastings (M-H) algorithm
[36,37] is adopted for its simplicity and efficiency to solve Equation (3)
(
)
by obtaining samples from the posterior distribution p θ|𝒟, ℳj .
Finally, the model classes (i.e., hypothesised degradation profiles)
are ranked according to their posterior plausibilities P(ℳj |𝒟, M), ob
tained through Bayes’ Theorem as follows:

1
with z−i,ℳ
and z−i,𝒟1 being the abscissa image of the i-th element of the
vectors zℳ and z𝒟 , respectively, and σ e is the standard deviation of the ith component of the model error e, with i = 1, …Ns.
To formally define the model class ℳj , the prior distribution of the
model parameters p(θ|ℳj ) also needs to be provided. These are basic
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Fig. 6. Surface recession pattern ranking based on posterior probabilities for (a) the buttress, and (b) the main façade of San Jerónimo Monastery.

Fig. 7. Posterior mean degradation and confidence intervals (P5, P25, P75, P95) under the most plausible degradation pattern against the experimental degradation
data (S1, S2, S3) for (a) the buttress, and (b) the main façade of San Jerónimo Monastery.

) (
(
)
(
)
p 𝒟|ℳj P ℳj |M
P ℳj |𝒟, M = Nm
Σl=1 p(𝒟|ℳl )P(ℳl |M)

where p(θ|ℳj ) is the prior PDF of model parameters θ. Note that the
evaluation of the multi-dimensional integral in Equation (5) is nontrivial
in most of the cases. One straightforward way to approximate the evi
dence that is adopted in this paper is by considering the probability
integral in Equation (5) as a mathematical expectation of the likelihood
p(𝒟|θ, ℳj ) with respect to the prior p(θ|ℳj ). This approach leads to the
direct Monte Carlo method as follows:

(4)

(
)
where P ℳj |M = 1/Nm is the prior probability of the model class ℳj ,
and p(𝒟|ℳj ) is the evidence of the model class. This evidence can be
obtained by using the Total Probability Theorem:
∫
p(𝒟|ℳj ) = p(𝒟|θ, ℳj ) p(θ|ℳj )dθ
(5)
Θ ⏟̅̅̅̅̅̅̅̅⏞⏞̅̅̅̅̅̅̅̅⏟

p(𝒟|ℳj ) ≈

Eq. (2)

5

K
1 ∑
p(𝒟|θ(k) , ℳj )
K k=1

(6)
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Fig. 8. Current and prognosticated posterior mean degradation and confidence intervals (P5, P25, P75, P95) against the experimental degradation data (S1, S2, S3) for
(a) the buttress, and (b) the main façade of San Jerónimo Monastery.

where the θ(k) are K samples drawn from the prior p(θ|ℳj ).

Algorithm 1.

2.2. Implementation details

To obtain the posterior PDF p(θ|𝒟, ℳ) (step 4 in Algorithm 1), the MH algorithm generates samples from a specially constructed Markov
chain whose stationary distribution is the required posterior PDF. By
sampling a candidate model parameter θ′ from a proposal distribution q
(θ′ |θζ), the M-H obtains the state of the chain at ζ + 1, given the state at
ζ, specified by θζ. The candidate parameter θ′ is accepted (i.e., θζ+1 = θ′ )
with probability min{1, r}, and rejected (i.e., θζ+1 = θζ) with the
remaining probability 1 − min{1, r}, where:

The proposed Bayesian framework for surface recession pattern
identification is described here at an algorithmic level. For each surface
degradation pattern (e.g., model class ℳ), the posterior PDFs of the
model parameters are obtained using the M-H algorithm and then the
evidence is calculated according to Equation (6). Once the evidences of
the candidate geometric degradation patterns are obtained, their rela
tive posterior plausibilities are computed according to Equation (4), and
the most probable one is selected. An algorithmic implementation of the
proposed Bayesian surface recession patterns identification methodol
ogy is provided in Algorithm 1.

′

Bayesian model class selection

′

r = p(𝒟|θ , ℳ)p(θ |ℳ)q(θζ |θ’ )/p(𝒟|θζ , ℳ)p(θζ |ℳ)q(θ’|θζ )

(7)

The process is repeated until Ts samples have been generated so that the
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monitored acceptance rate (ratio between accepted M-H samples over
total amount of samples) reaches an asymptotic behaviour. A pseudocode description of this method is provided as Algorithm 2.

independent random walk. The diagonal elements of Σ are appropriately
selected through initial test runs such that the monitored acceptance
rate is within the suggested range r ∈ [0.2, 0.4] for M-H algorithm [40,
41]. The resulting marginal posterior PDFs of the model parameters for

Algorithm 2. M-H algorithm

each model class are represented in Fig. 5 for the data corresponding to
the buttress of San Jerónimo Monastery (Fig. 4a). For the façade data
(Fig. 4b), the posterior results are summarised in Table 2. Observe that
the proposed methodology provides full probabilistic description of the
basic geometric degradation parameters describing each model class.
Next, the relative plausibilities of the candidate degradation patterns
are computed following Equation (4). The results are shown in Fig. 6 for
the two datasets. Note that model class ℳ3 (Bilineal) is revealed as the
most plausible to represent the degradation of the buttress, since it
provides the highest posterior probability (P(ℳ3 |M) = 0.805). As for
the façade data, both the triangular and bilinear degradation models
render very similar posterior probabilities, namely P(ℳ2 |M) = 0.518
and P(ℳ3 |M) = 0.482, so the choice of any of them would be appro
priate. However, for this particular case, the adoption of the most
simpler one (triangular pattern) would lead to a parsimonious model
selection.
For illustrative purposes, forward model simulation results are pro
vided using the posterior PDFs of the model parameters as inputs for the
stochastic degradation model in Equation (2). Results are shown in Fig. 7
for the two case studies and the most plausible model class. It can be
observed that the variability and complexity in the data are translated as
uncertainty in the input parameters so that when simulated, the model
output properly represents the variability observed in the data.
Finally, apart from a simulation of the current degradation state, an
estimate of the degradation over the next hundred years has been
prognosticated. This prediction has been carried out by assuming a
constant recession rate over the five centuries of the building. Results are
shown in Fig. 8. This information can be subsequently used in a suitable
structural model to obtain a prediction ahead in time of the structural
integrity of the building assuming a constant degradation rate over the
time.

3. Case studies
The Bayesian methodology for degradation pattern assessment pro
posed in this paper is illustrated here for a cultural heritage building in
Granada (Spain), the San Jerónimo Monastery. In particular, two
different structural elements of the building, namely the main façade
and the buttresses, are investigated.
Degradation profiles of these elements are taken from digital
photogrammetry data using a digital still camera (Nikon D7200, 18 mm
focal length). The images are post-processed using Agisoft Metashape
[38], a software that performs photogrammetric processing out of dig
ital images and generates 3D spatial data known as photogrammetric point
cloud (PPC), which is shown in Fig. 2.
For the buttress, one section at each of the three faces of the element
are selected (Fig. 3a). As for the main façade, two sections separated by
50 cm each are considered (Fig. 3b). The photogrammetric data is ob
tained up to 2 m above the ground level since the upper part of the
building does not show a relevant deterioration. Therefore a zero
deterioration depth is hypothesised above 2 m hight, which is adopted as
the reference for the measurements.
The degradation profiles are obtained out of the PPC using the open
source software CloudCompare [39], and are represented as relative
distances in Fig. 4.
In both cases, the heterogeneity and complexity of the measured
degradation profiles in Fig. 4 become evident, which prevent us from
selecting a particular degradation pattern just by observing the data.
Instead, the most suitable surface recession pattern for the measured
data is identified using the proposed Bayesian methodology.
As explained in Section 2, three model classes (Nm = 3) are consid
ered for the assessment, as depicted in Fig. 1. The prior information of
the model parameters representing the model classes is summarised in
Table 1. Note that the standard deviation of the prediction error σe is
assumed to be part of the set of uncertain parameters θ of each model
class, with an uniform prior distribution σe = 𝒰(5e − 3, 5e − 1) for every
model class.
Based on Bayes’ Theorem in Equation (3), samples from the posterior
PDFs of the model parameters are obtained based on the M-H algorithm
(Algorithm 2) using Ts = 100,000 samples and a Gaussian proposal
distribution q(θ’|θζ ) = 𝒩 (θζ ,Σ), where Σ is the covariance matrix of the
random walk. Given that the model parameters are assumed to be sto
chastically independent a priori, Σ is a diagonal matrix, i.e., Σ =

4. Conclusions
A Bayesian methodology for surface recession pattern assessment
and ranking in heritage buildings based on digital photogrammetry data
was presented in this paper. The methodology allows accounting for
several sources of uncertainty; in particular, the epistemic uncertainty
due to choice of a particular geometric degradation pattern among a set
of candidates, and the uncertainty coming from the complexity and
variability of the measured data. Apart from the identification of the
current surface recession state with quantified uncertainty, the meth
odology enables an estimation of the future surface recession over the
time assuming a constant degradation rate. The suitability and effec
tiveness of the method was shown through a real case study using

diag(σ2θ1 , …, σ2θn ), and each individual parameter in θ performs an
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photogrammetry data from the sixteenth century San Jerónimo Mon
astery in Granada (Spain). The results confirm the efficiency of the
method in providing useful geometric degradation information using a
non-sophisticated digital photography equipment, which can be easily
used as input for subsequent structural integrity analyses. As a draw
back, the proposed methodology considers geometry degradation only
disregarding other deterioration processes such as chemical changes,
biodeterioration, or other lower-scale damages such as surface cracks.
However, the combination or even the fusion of the proposed method
ology with higher resolution techniques such as multi-spectral image
analysis within a proper methodological framework could greatly
overcome such a limitation. This may constitute a relevant and desirable
extension of the proposed research.
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