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Abstract: Preserving historic buildings with significant cultural heritage presents complex
challenges, requiring a careful balance between energy efficiency, conservation of artworks, and
visitor comfort. This study focuses on the 12th-century Church of Santa Maria Annunziata in
L’Aquila, Italy, where maintaining stable environmental conditions is crucial for safeguarding
valuable paintings and wooden artifacts. Despite the sensitivity of these artworks, the church
currently operates without a dedicated HVAC system. To analyze the indoor thermal environ-
ment, a multidisciplinary approach was adopted, incorporating on-site measurements, statistical
evaluation, and predictive modeling over different forecasting periods. The results indicate that
temperature levels within the church often stray from the ideal range for artwork conservation.
As a result, there is an urgent need to assess and implement an appropriate HVAC solution to

create a more stable indoor microclimate.
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1. INTRODUCTION

Italy’s architectural landscape is highly intricate, encom-
passing a vast array of historic buildings with immense cul-
tural and artistic significance (Filippi, 2015). As a result,
enhancing the energy efficiency of these structures requires
a nuanced approach that not only improves energy per-
formance but also safeguards their historical value while
ensuring the comfort of occupants (de Rubeis et al., 2020).
Among these, churches stand out as particularly complex
heritage sites, often housing irreplaceable works of art. Ad-
ditionally, their role as places of worship means they host
congregations at specific times. Therefore, conducting an
energy evaluation of a church demands a meticulous analy-
sis that accounts for both its structural characteristics and
passive thermal properties, as well as the presence of visi-
tors and the conservation needs of its artistic elements. The
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need for interaction with a changeable church demands
leads the system adapting itself to changes (D’Andrea
et al. (2019)). A combined methodology incorporating
both experimental observations and energy simulations
can offer meaningful insights into these factors (Ciccozzi
et al., 2023).

The discussion surrounding the integration of HVAC
(Heating, Ventilation, and Air Conditioning) systems in
churches remains an active topic in scholarly research
(Camutffo et al., 2010; Samek et al., 2007). A key concern is
that artworks, which have adapted to the building’s nat-
urally regulated indoor climate, may experience thermal
stress due to artificial conditioning (Vella et al., 2022).
However, maintaining acceptable comfort levels for wor-
shippers often necessitates some form of heating. Deter-
mining whether an HVAC system—particularly one with
localized thermal control-—can be implemented without
compromising heritage preservation requires a thorough
feasibility study.

This paper presents an initial assessment focusing on the
indoor thermal behavior of a 12th-century church situated
near L’Aquila, in the mountainous central region of Italy.
The church underwent extensive restoration following the
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2009 L’Aquila earthquake, including conservation efforts
to protect its invaluable artworks.

An effective strategy for addressing the aforementioned
preservation challenges involves the application of black-
box modeling techniques to simulate building behavior, as
also done in different domains (see e.g. Giammatteo et al.
(2019)). In this study, we explore the potential of Regres-
sion Trees (RT) and Random Forests (RF)-based mod-
els to accurately predict temperature fluctuations within
the church. This represents a preliminary step toward
leveraging Machine Learning methodologies to develop
data-driven preservation strategies in future research. In
this context, data-driven methodologies based on Machine
Learning are particulary useful due to the complexity of
the building: indeed, using classical modeling approaches
can result in a poor characterization of the system’s dy-
namics; also, deriving a model based on physics of such
kind of systems can be expensive in terms of time and
costs (Smarra et al. (2018a)).

Various machine learning approaches have been employed
in the past to construct black-box models for buildings. For
instance, (Behl et al., 2016; Jain et al., 2017, 2018b; Smarra
et al., 2018a,b) explored the use of Regression Trees and
Random Forest algorithms, conducting experiments with
EnergyPlus. Similarly, (Biinning et al., 2020) validated a
Random Forest-based technique using real-world building
data. In (Jain et al., 2018a), Gaussian Processes were
implemented for adaptive online modeling, again using
EnergyPlus as a test environment. Additionally, (Zhang
et al., 2019) investigated model-based reinforcement learn-
ing within an EnergyPlus framework, while (Jain et al.,
2020) applied Neural Networks to capture temperature
and energy dynamics in a two-story structure. In this
context, our research aims to evaluate the effectiveness of
RT and RF-based modeling using real-world data from
the aforementioned church, serving as a benchmark for
future investigations. The contribution of this paper does
not aim at improving the methodologies with respect to
our previous work, but wants to explore the applicability
of data-driven methodologies to new domains in order to
improve the heritage conservation.

2. CASE STUDY

Built in the twelfth century, the Romanesque Church of
Santa Maria Annunziata di Roio, located in L’Aquila’s
mountainous outskirts, features a single nave with lime-
stone and mortar walls and a wooden roof (Figure 1).

Due to the absence of air conditioning, the artworks are
presumed to have ”acclimatized” to the natural internal
microclimate and its inherent variations. Except for oc-
casional events, the church is not presently utilized for
regular worship. This study evaluates the magnitude and
characteristics of indoor thermal variations during the
monitoring period.

3. METHODOLOGY

The methodology implemented in this research comprised
the monitoring of indoor thermal environments and the
definition of threshold parameters for the assessment of
the artistic and cultural patrimony’s preservation within

Fig. 1. Main south-east facade of the Church of Santa
Maria Annunziata di Roio.

the church. The acquired temperature data were subjected
to analysis in accordance with the UNI 10829 standard
(Italian Standard, Accessed: February 2025).

The placement of temperature monitoring instruments
was strategically executed within the church, with due
consideration to its architectural configuration and the
spatial distribution of its artistic patrimony.

The acquired dataset was archived within a dashboard and
subsequently extracted for processing. Prior to analytical
procedures, the dataset underwent verification for unifor-
mity and consistency. The resultant experimental data
were then subjected to a dual-phase analysis:

e Statistical analysis included threshold value determi-
nation (based on artwork types) and absolute and
relative frequency distribution analysis; and

e predictive analysis using different machine learning
algorithms with varying time horizons.

The findings from both analyses yielded a comprehensive
evaluation of the artworks’ preservation condition.

The floor plan of the church and the distribution of
temperature sensors are depicted in Figure 2. Sensors were
mounted on stands at a height of 1.5 m from the floor level,
with an approximate 5 m inter-sensor distance.
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Fig. 2. Architectural distribution of the Church and posi-
tioning of sensors.

Installation phases and specific details of the sensor place-
ment are shown in Figure 3.

8.1 Predictive Analysis

Using temperature data gathered from sensors, the objec-
tive is to develop predictive models capable of forecasting
temperature fluctuations over a limited future period. Al-
though beyond the scope of this paper, a future aim is to
utilize these models to anticipate temperature trends and
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(a) Sensors placement.

(b) Sensors setup.

Fig. 3. Sensors installation.

design control systems that help mitigate wear and tear
on goods. In this context, we generate two datasets based
on the available measurements: one for training the model
using Regression Trees and Random Forests, and another
for validation.

Starting with the temperature sensor data described in
previous sections, we performed a preprocessing step to en-
sure consistency across the dataset, which originates from
10 different sensors. This involved aligning the timestamps
uniformly, ensuring the same starting and ending points,
and standardizing the sampling interval to 5 minutes. To
achieve this, we applied linear interpolation using MAT-
LAB’s interpl function. The resulting dataset consists of
this preprocessed data:

D = {yk }ren, (1)

where each yr = [y1,k,...,Y10,k] corresponds to the ten
processed measurements of the ten temperature sensors at
each sampling time k, with a collection period that goes
from May 17" 2024 to September 29" 2024.

From D = D7 { Dy, where |4 denotes the disjoint union,
we generated two distinct subsets: the training dataset
Dy, consisting of data collected from 10 temperature
sensors between May 7', 2024, and September 7", 2024;
and the validation dataset D), used to assess model
accuracy, which contains data from the same sensors
recorded between September 8, 2024, and September
290 2024.

The objective is to train N RT and RF models on D7,
defined as follows:

Yk+j :fj(yk,"'ayk—ﬁ)a kGN) J: ]-)"'7N» Yk ED'(T2)
where N represents the finite predictive horizon. The
temporal dynamics of the output variables are captured
through lagged terms, with the order of auto-regression,
denoted as §, being a design hyperparameter. Following
multiple simulations, we selected § = 1 for the learning
phase. Each RF model consists of 40 RT, and each tree
is trained consider a minimum number of samples in the
leaves equal to 30 (both for the trees in the RF and for
the RT itself).

Weather data, together with their forecasts, may be used
to improve model accuracy, as for example in (Smarra

(c) Server details. (d) Installation phase.

et al. (2018a)). However, this is not relevant for the scope
of the present paper, and we leave it for future work.

In the validation stage, we compute the following predic-
tions:

7yk‘—5)7 k 6N7 .7: 17"'7N7 Yk GD\(},)
3

and compare the predicted values with the actual mea-

surements y, € Dy to evaluate model performance.

Ui = fi(Ws -

To assess model accuracy, we use the Root Mean Square
Error (RMSE) and its normalized counterpart, the Nor-
malized Root Mean Square Error (NRMSE), which ex-
presses RMSE as a percentage of the average value.

4. RESULTS

The monitoring period extended from May 17" to Septem-
ber 29", 2024. Ten sensors collected air temperature
readings at five-minute intervals, producing 383,920 data
points per sensor. The technical specifications of the tem-
perature sensors were as follows:

e Brand: Milesignt - LoRaWAN (indoor ambient mon-
itoring sensor)

Model: AM102L-868M

Working principle: Digital CMOSens technology
Temperature measurement range: -20 °C — 60 °C
Temperature measurement accuracy: + 0.2 °C
Temperature measurement resolution: 0.1 °C

Following the UNI 10829 standard and considering the
church’s cultural heritage, primarily paintings and wooden
artifacts, suitable thermal conditions for long-term preser-
vation can be established. Temperature thresholds are 19-
24 °C for polychrome wooden objects and 10-24 °C for
paintings.

The thermal trends within the church during the obser-
vation period, derived from the data obtained by the
installed sensors, are presented in Figure 4. This figure
provides a comparative analysis of the sensor data against
the established threshold values for the conservation of the
church’s historical and artistic patrimony.

Qualitative observation of Figure 4 reveals two key as-
pects:
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Fig. 4. Recorded temperature trends during the analyzed
period. The green shaded region indicates the accept-
able conservation parameters for wooden objects and
paintings.

(1) The lack of an HVAC system leads to highly variable
indoor temperatures, influenced by external environ-
mental factors. Minimum, average, and maximum
temperatures during the monitoring period were 15.0
°C, 21.9 °C, and 27.8 °C, respectively, with a maxi-
mum range of 12.8 °C.

(2) Indoor temperatures frequently deviate from the op-
timal preservation range for wooden and painted art-
works (UNT 10829), as demonstrated by comparison
with established thresholds. This is quantified by the
statistical analysis in Section 4.1 - Statistical Analy-
sis.

To assess internal thermal fluctuations within the nave,
temperature deviations between adjacent measurement
nodes (Figure 2) were analyzed. Table 1 shows that these
deviations remained within -4.0 °C and +3.6 °C.

Table 1. Temperature deviations between adja-

cent nodes (temperatures are in °C). Remark:

Absolute minimum and maximum values are
in red.

Node Min Max

Delta 1-2 -2.2 1.9
Delta 1-10  -2.1 1.0
Delta 2-3  -1.8 2.4
Delta 2-9 -2.1 0.8
Delta 3-4  -2.1 2.1
Delta 3-8  -4.0 1.9
Delta 4-5 -1.5 1.9
Delta 4-7  -2.5 1.1
Delta 6-5 -0.9 0.4
Delta 6-7 -2.3 1.8
Delta 7-8  -3.8 2.2
Delta 8-9  -2.3 3.6
Delta 9-10 -1.9 2.1

4.1 Statistical Analysis

To analyze the experimental temperature data, statisti-
cal methods, including relative and cumulative frequency

calculations, were employed. This facilitated the compu-
tation of deviation indicators, quantifying the percentage
of time measurements fell outside the acceptable range. A
frequency distribution analysis was conducted on 383,920
temperature measurements, using a 0.5 °C class interval
within the 14 °C to 30 °C range. This range encompassed
the minimum (15.0 °C) and maximum (27.8 °C) recorded
temperatures. Cumulative frequency was calculated by
summing the frequencies of each class interval:

where f; is the percentage frequency distribution.

Figure 5 presents the temperature measurement frequency
distribution. The relative frequency distribution shows
peaks exceeding the established preservation range for
the church’s artworks. These distributions allowed for the
calculation of deviation indicators, quantifying the per-
centage of time measurements fell outside the acceptable
range.
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Fig. 5. Frequency distribution of the measurement sample.

Table 2 presents the temperature variance indicators, and
indicates that the temperature was outside the optimal
preservation range (19-24 °C) for 66.1% of the observed
time.

4.2 Results on temperature prediction

We developed the RT and RF models described above
by counsidering j = {6,12,36,72}, meaning that each
RT and RF model was trained to generate a predictive
temperature model capable of forecasting temperature
changes 30 minutes, 1 hour, 3 hours, and 6 hours ahead,
based on the current state measurement.

It is possible to construct an RT/RF-based model to
predict temperature trends at each location where sensors
are installed. For instance, an RT/RF-based model can be
developed to provide temperature predictions at point 1
in Figure 2.

Through multiple simulations, it was observed that the
best predictive accuracy is achieved when the training
dataset consists solely of the data corresponding to the
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Table 2. Indicators of deviation of the measured temperatures.
Range 19-24 °C Range 10-24 °C Common Range
(Wooden works) (Paintings) 19-24°C
Offset Indicator 1 66.1% 41.8% 66.1%
Temperature
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Fig. 6. Temperature predictions over the validation dataset Dy,.
specific variable for which the model is being developed. Table 3. Prediction errors related to tempera-
Formally, this can be expressed as: ture.
e Yik— keN,t=1,...,10 )

Yik+j = fi (yz ks »Yik 5), k€N, ’ ’ (5) Error Method 30 min 1 hour 3 hours 6 hours
For example, to build a predictive model for the tempera- RMSE RT 0.04 0.05 0.15 0.33
ture at point 1, the most .effectlve approach is to create an RMSE RF 0.03 0.04 010 0.50
RT/RF-based model trained exclusively on temperature
data from point 1, disregarding temperature measure- NRMSE RT 0.002%  0.003%  0.008%  0.018%
ments from the other nine sensors. NRMSE RF 0.002%  0.002%  0.006%  0.02%

This method does not present scalability issues. However,
due to space constraints, and without loss of generality, we
present only the results related to temperature predictions
at point 1, and leave further inspection considering all
10 sensors for future work. The comparison between the
predicted, both with RT and RF, and actual values is
illustrated in Figure 6, while the numerical prediction error
values are provided in Table 3. We can see how RT provides
a noisier trend than RF since, as said before, RF is capable
to mitigate the overfitting issue of the RT.

5. CONCLUSION

In this study, the experimental campaign enabled the
assessment of fluctuations in the indoor thermal environ-
ment, which are critical for the proper preservation of the
artistic and cultural heritage housed within the Church
of Santa Maria Annunziata di Roio in L’Aquila, Italy.
The findings revealed that the church’s indoor thermal
conditions are significantly influenced by external climatic

factors, with temperature variations reaching up to 12.8
°C.

A statistical analysis, based on the frequency distribution
of recorded temperature data, produced a temperature
deviation metric of 66.1%. This indicates that the temper-
ature exceeded the predefined acceptable range for 66.1%
of the total measurement period.

In terms of predictive modeling, we observed that a
RT/RF-based temperature prediction model achieved re-
markably high accuracy, maintaining an error margin be-
low 0.1% even for a 6-hour forecast.

These findings are particularly important for three main
reasons: assessing the current preservation conditions of
the artworks, analyzing the impact of intermittent church
usage (and the resulting metabolic heat input) on the
indoor microclimate, and the development of smart HVAC
design strategies tailored to the building, its location, and
its contents.
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Appendix A. BACKGROUND ON REGRESSION
TREES AND RANDOM FORESTS

A regression tree (Breiman et al., 2017) is a decision tree-
based model used for regression tasks. It partitions the
dataset into distinct non-overlapping regions by recur-
sively splitting the dataset based on feature values. Given
a dataset {(z;,y;)}_,, where x; € RP represents the input
features and y; € R is the response variable, a regression
tree finds optimal split points by minimizing the sum of
squared errors (SSE) within each region. Formally, at each
node, the algorithm selects a feature j and a threshold s
that minimize the impurity measure, defined as

Z (yi —9)° + Z (vi — 9r)*,

1125 <S 11T 2>8

where 35, and yr are the mean response values of the left
and right child nodes, respectively. The process continues
recursively until a stopping criterion, such as a minimum
number of samples per leaf is met. The final prediction for
a new observation x* is obtained by averaging the response
values of the region where z* falls into by narrowing down
the tree.

Random Forests (Breiman, 2001) extend Regression Trees
by constructing an ensemble of B trees, each trained on
a bootstrap sample of the original dataset. Additionally,
at each split, only a random subset of features is con-
sidered, reducing correlation among trees and improving
generalization. The final prediction for a new observation
x* is obtained by averaging the predictions of all individual
trees:

1 B
fat) = 2 3 fita),
=1

where f;(x*) represents the prediction from the i-th tree.
This ensemble approach reduces variance, mitigates over-
fitting, and improves predictive accuracy compared to
individual regression trees.
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