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ABSTRACT 
 

This paper presents two models for reconstructing the thermal field of civil 
structures without relying on thermocouple data, using instead information from 
weather stations located near the structure under analysis. The first model estimates 
temperature through a linear correlation with air temperature, while the second adopts 
a physics-based approach that also accounts for the effects of solar radiation. Both 
models were applied to the bell tower of Portogruaro. The physics-based model 
demonstrated high accuracy, with a prediction uncertainty of 1.50 °C and a 
correlation coefficient of 0.99 between predicted and measured temperatures. 

 
 
INTRODUCTION 

 
Structural health monitoring plays a crucial role in ensuring the safety, 

operational efficiency, and long-term durability of civil infrastructure. Among the 
various factors influencing structural behavior, temperature is generally the dominant 
one. Both daily and seasonal thermal fluctuations induce deformations that can 
substantially distort monitoring data, potentially compromising the interpretation of 
the structural mechanical response [1] [2]. Therefore, accurate temperature 
compensation is essential to isolate thermal effects from actual structural 
deformations. Such compensation requires a comprehensive characterization of the 
thermal field acting on the structure. The temperature distribution within a structure 
is influenced by numerous factors, including material properties, solar radiation, 
ventilation conditions, and geometry. As a result, the thermal field is complex and 
varies spatially and temporally, making its evolution difficult to predict without direct 
measurements. 
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Currently, the most widespread technology for direct temperature monitoring 
involves using thermocouples, which are typically installed permanently for the 
entire monitoring duration [3] [4]. Despite their utility, these sensors are prone to 
faults and failures over time, often leading to data gaps or the collection of unreliable 
information.  

These limitations highlight the need for alternative approaches capable of 
estimating the thermal field of a structure even without direct temperature 
measurements. Previous studies have proposed the use of data from nearby 
meteorological stations to estimate the thermal behavior of structures [5] [6]. The 
simplest approach is to consider the structural temperature as spatially uniform and 
equal to the ambient air temperature. While this may provide acceptable results for 
seasonal compensation, it fails to account for daily thermal variations, which are 
largely governed by temperature gradients within the same structural element.  

In general, predicting the thermal field of a structure a priori with sufficient 
accuracy remains challenging, even with the support of meteorological data. 
Nevertheless, this study demonstrates that accurate thermal prediction becomes 
feasible after a limited observational period. It is shown that, following a brief 
calibration phase, it is possible to develop a statistical model that reliably estimates 
the temperature profile using data from meteorological stations. 

Two statistical models are investigated:  
• Model A assumes a correlation between air temperature and the thermal 

field of the structure, assuming synchronous variations. 
• Model B introduces the concept of structural thermal inertia, computing 

temperature through a simplified thermodynamic energy balance driven 
by air temperature and solar radiation. 

The proposed models have been validated on the bell tower of Portogruaro 
(Venice, Italy), a monitored heritage structure that experienced numerously 
discontinuities in its temperature sensing system. 

The paper is organized as follows: Section 2 introduces the developed models; 
Section 3 presents the case study; Section 4 reports and discusses the results; and 
Section 5 outlines the main conclusions and future research directions. 

 
 

FORMULATION 
 

This chapter presents two models developed to estimate the thermal field of a 
structure using limited information provided by a nearby meteorological station.  
 
Model A 
 

Model A is a synchronous linear model that establishes a direct relationship 
between the temperature measured by a thermocouple installed within the structure 
and the atmospheric temperature recorded by a nearby weather station. The model is 
expressed by the following equation: 

 
 𝑇𝑇𝑗𝑗,𝑖𝑖 = 𝑞𝑞𝑗𝑗 + 𝑚𝑚𝑗𝑗 ⋅ 𝑇𝑇0,𝑖𝑖 (1) 

 



 

where 𝑇𝑇𝑗𝑗,𝑖𝑖 represents the temperature recorded by the thermocouple 𝑗𝑗 at time 𝑖𝑖, and 
𝑇𝑇0 is atmospheric temperature measured by the weather station at the same time.  

The model was calibrated using the least squares method to estimate the 
parameters 𝑞𝑞 and 𝑚𝑚.  
 
Model B 
 

Unlike Model A, Model B accounts for the thermal inertia of the structure and 
the resulting time-dependent behavior of temperature. It is based on the energy 
balance of thermal systems with lumped capacity, following the Lumped Capacitance 
Method, which assumes no internal temperature gradients within the analyzed 
element [7] [8]. The governing energy equation is expressed as: 

 

 𝑑𝑑𝑑𝑑
𝑑𝑑𝑑𝑑

= 𝐶𝐶 ⋅  
𝑑𝑑𝑑𝑑
𝑑𝑑𝑑𝑑

 (2) 

 
where 𝐸𝐸 denotes the thermal energy stored in the system (J), and 𝐶𝐶 is the total thermal 
capacity (J/°C), which depends on the material and the size of the considered element. 

Equation (2), applied to a structure, can be made explicit by including all the main 
energy contributions involved, such as the power absorbed from solar radiation 
(𝑄̇𝑄𝑠𝑠𝑠𝑠𝑠𝑠.), the power generated by internal heat sources (𝑄̇𝑄𝑖𝑖𝑖𝑖𝑖𝑖.), thermal losses due to 
conduction and convection through the building surfaces (𝑄̇𝑄𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑.), and heat exchanges 
caused by ventilation (𝑄̇𝑄𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣.).  

The Model B developed in this study considers only the energy contributions 
associated with solar radiation and thermal losses, neglecting the effects of internal 
heat sources and ventilation. As a result, Equation (2) can be rewritten as follows: 

 

 𝑄̇𝑄𝑠𝑠𝑠𝑠𝑠𝑠. − 𝑄̇𝑄𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑. = 𝐶𝐶 ⋅  
𝑑𝑑𝑑𝑑
𝑑𝑑𝑑𝑑

 (3) 

 
The solar power is determined by: 

 
 𝑄̇𝑄𝑠𝑠𝑠𝑠𝑠𝑠. = 𝛼𝛼 ⋅ 𝐺𝐺 ⋅ 𝐴𝐴𝑖𝑖𝑖𝑖𝑖𝑖 (4) 

 
where 𝛼𝛼 is the absorption coefficient, which depends on the material’s properties, 𝐺𝐺 
is the incident solar radiation intensity (W/m²) and 𝐴𝐴𝑖𝑖𝑖𝑖𝑖𝑖 is the exposed surface area 
(m²). 

 
The dissipated power, on the other hand, depends on: 

 

 𝑄𝑄𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑. = �ℎ +
𝜆𝜆
𝑠𝑠
� ⋅ 𝐴𝐴𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 ⋅ (𝑇𝑇𝑖𝑖𝑖𝑖 − 𝑇𝑇𝑜𝑜𝑜𝑜𝑜𝑜) (5) 

 
In Equation (5), ℎ represents the convective heat transfer coefficient (W/m²·K), 

which quantifies the heat exchange between the surface and the surrounding air 
through convection; its value depends on the properties of the fluid, the flow 
conditions, and the geometry of the surface. The parameter 𝜆𝜆 is the thermal 
conductivity of the material (W/m·K), indicating its ability to conduct heat, while 𝑠𝑠 



 

is the thickness of the material (m). The ratio 𝜆𝜆/𝑠𝑠 therefore represents the conductive 
thermal transmittance through the material layer. 𝐴𝐴𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 denotes the heat-dissipating 
surface area (m²), and 𝑇𝑇𝑖𝑖𝑖𝑖 and 𝑇𝑇𝑜𝑜𝑜𝑜𝑜𝑜 correspond to the internal and external (air) 
temperatures, respectively. 

By grouping the terms using the coefficients 𝛼𝛼� = 𝛼𝛼 ⋅ 𝐴𝐴𝑖𝑖𝑖𝑖𝑖𝑖, defined as the 
equivalent irradiated area, and 𝜎𝜎 = (ℎ + 𝜆𝜆/𝑠𝑠) ⋅ 𝐴𝐴𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑, representing a global 
dispersion coefficient for conduction and convection, and denoting 𝑇𝑇𝑗𝑗,𝑖𝑖 the 
temperature recorded by the thermocouple 𝑗𝑗 at the time 𝑖𝑖, and with 𝑇𝑇0,𝑖𝑖 the air 
temperature recorded by the weather station at the same time, the energy balance can 
be reformulated as follows: 

 

 𝛼𝛼� ⋅ 𝐺𝐺𝑖𝑖 − 𝜎𝜎 ⋅ (𝑇𝑇𝑗𝑗,𝑖𝑖 − 𝑇𝑇0,𝑖𝑖) = 𝐶𝐶 ⋅  
𝑑𝑑𝑇𝑇𝑗𝑗,𝑖𝑖

𝑑𝑑𝑑𝑑
 (6) 

 
The temperature is then computed using the finite difference method, which allows 
the estimation of the temperature at the next time step 𝑇𝑇𝑖𝑖+1 through the following 
expression: 

 

 𝛼𝛼�
𝐶𝐶
⋅ 𝐺𝐺𝑖𝑖 −

𝜎𝜎
𝐶𝐶
⋅ �𝑇𝑇𝑗𝑗,𝑖𝑖 − 𝑇𝑇0,𝑖𝑖� =  

𝑇𝑇𝑗𝑗,𝑖𝑖+1 −  𝑇𝑇𝑗𝑗,𝑖𝑖

∆𝑡𝑡
 (7) 

 
The model was calibrated using the least squares method to estimate the parameters 
𝜃𝜃1 = 𝛼𝛼�/𝐶𝐶 and 𝜃𝜃2 = 𝜎𝜎/𝐶𝐶 . 

 
 

CASE STUDY 
 

The bell tower of the Cathedral of Sant’Andrea in Portogruaro (VE) (Figure 1a) 
is a 59 m masonry structure. The tower has a square footprint, with side lengths 
tapering from 7.30 meters at the base to 6.45 meters at the top. Wall thickness 
decreases from 1.3 meters at the base to 0.9 meters at the top. Inside, the tower 
contains four wooden floors and two masonry cross vaults. The upper section houses 
the bell chamber, which is topped by an octagonal drum and a 15.84 m pyramidal 
spire. The tower leans toward the northeast, with a tilt that varies along its height, as 
shown in Figure 1b.  

A continuous monitoring system has been in operation since 2003. Its primary 
instrument is a 29.90 m pendulum with a brass mass submerged in water to dampen 
oscillations. The pendulum’s position is recorded every 10 minutes using two digital 
cameras. The system also includes four type-K thermocouples (T1-T4): two placed 
on the exterior (T1 and T3) and two embedded in the masonry (T2 and T4), all 
recording temperature every 10 minutes. Additional components include a robotic 
total station, SOFO fiber optic sensors, load cells, and crack meters [9].  

The thermocouples have proven to be the most problematic part of the system 
due to frequent data interruptions. These gaps required reconstructing the thermal 
field using the predictive models (Model A and Model B) described in the previous 
section. Both models use data from the Portogruaro-Lison weather station, located 7 
km from the bell tower.  



 

 
a) b) 

 
Figure 1. a) Bell tower of the Cathedral of Sant’Andrea (Portogruaro, VE); b) North and East 

elevation, cross-section and plan views at different levels 
 
 

RESULTS 
 
The results are presented starting with the calibration of the model parameters, 

followed by the temperature prediction phase. The model’s accuracy is assessed using 
two main metrics: the standard deviation 𝜎𝜎𝑗𝑗 , which quantifies the average prediction 
error, and the coefficient of determination 𝑅𝑅𝑗𝑗2, which indicates how well the predicted 
values 𝑇𝑇�𝑗𝑗,𝑖𝑖 align with the measured temperatures 𝑇𝑇𝑗𝑗,𝑖𝑖. 

 

 𝜎𝜎𝑗𝑗 = �
1

𝑛𝑛 − 1
��𝑇𝑇𝑗𝑗,𝑖𝑖 − 𝑇𝑇�𝑗𝑗,𝑖𝑖�

2
𝑛𝑛

𝑖𝑖=1

 (8) 

 𝑅𝑅𝑗𝑗2 = 1 −
∑ �𝑇𝑇𝑗𝑗,𝑖𝑖 − 𝑇𝑇�𝑗𝑗,𝑖𝑖�

2𝑛𝑛
𝑖𝑖=1

∑ �𝑇𝑇𝑗𝑗,𝑖𝑖 − 𝜇𝜇𝑇𝑇𝑗𝑗�
2

𝑛𝑛
𝑖𝑖=1

 (9) 

 
Model A 
 

Model A was calibrated on two datasets. The complete temperature dataset, with 
measurements recorded every 10 minutes which provided the parameters 𝑞𝑞10𝑚𝑚𝑚𝑚𝑚𝑚 and 
𝑚𝑚10𝑚𝑚𝑚𝑚𝑚𝑚. A reduced dataset based on a single daily measurement taken at 5:00 AM 
which provided the parameters 𝑞𝑞5𝐴𝐴𝐴𝐴 and 𝑚𝑚5𝐴𝐴𝐴𝐴. Table I reports the calibrated 𝑞𝑞 and 
𝑚𝑚 parameters for each thermocouple. 

 
 











 

 

 



 



 

NORTH ELEVATION EAST ELEVATION

CROSS
SECTION

LEVEL 6

LEVEL 5

LEVEL 4

LEVEL 3

LEVEL 2

LEVEL 1

LEVEL 1 LEVEL 4

LEVEL 2

LEVEL 3

LEVEL 5

LEVEL 6

 



 

  



 

TABLE I. Parameter calibration results for Model A 
Thermocouple 𝒒𝒒𝟏𝟏𝟏𝟏𝟏𝟏𝟏𝟏𝟏𝟏 𝒎𝒎𝟏𝟏𝟏𝟏𝟏𝟏𝟏𝟏𝟏𝟏 𝒒𝒒𝟓𝟓𝟓𝟓𝟓𝟓 𝒎𝒎𝟓𝟓𝟓𝟓𝟓𝟓 

T1 3.96 0.94 5.05 1.10 
T2 4.80 0.82 5.74 1.00 
T3 4.49 0.95 5.63 1.11 
T4 4.72 0.83 5.58 1.00 

 
Once the model parameters were calibrated, three prediction scenarios were 

implemented. The first scenario, ModelA_1, uses 10-minute interval data both for 
calibration and prediction. The second, ModelA_2, is specifically designed for 
temperature values recorded at 5:00 AM. In this case, the model is calibrated and 
applied solely on that subset. Finally, the third scenario, ModelA_3, uses parameters 
calibrated on 5:00 AM data to predict the full time series with 10-minute resolution. 
Table II reports the results obtained for each model, expressed through the accuracy 
metrics defined in Equations (8) and (9). 
 

TABLE II. Temperature prediction results using Model A 

Thermocouple ModelA_1 ModelA_2 ModelA_3 
𝝈𝝈 𝑹𝑹𝟐𝟐 𝝈𝝈 𝑹𝑹𝟐𝟐 𝝈𝝈 𝑹𝑹𝟐𝟐 

T1 3.91 °C 0.81 2.81 °C 0.89 4.14 °C 0.65 
T2 3.74 °C 0.78 2.83 °C 0.87 4.04 °C 0.56 
T3 3.97 °C 0.81 3.02 °C 0.88 4.19 °C 0.66 
T4 3.67 °C 0.78 2.67 °C 0.88 3.96 °C 0.58 

 
Model B 

 
Table III summarizes the calibrated parameters 𝜃𝜃1 and 𝜃𝜃2 of Model B for each 

thermocouple, obtained using the full dataset with 10-minute interval measurements. 
The table also reports the model’s accuracy in predicting temperatures, evaluated 
using the metrics defined in Equations (8) and (9). 

 
TABLE III. Parameter calibration and temperature prediction results for Model B 

Thermocouple Parameter calibration Temperature prediction 
𝜽𝜽𝟏𝟏 𝜽𝜽𝟐𝟐 𝝈𝝈 𝑹𝑹𝟐𝟐 

T1 1.29 ∙ 107 6.13 ∙ 107 1.32 °C 0.98 
T2 1.95 ∙ 108 1.97 ∙ 108 0.93 °C 0.97 
T3 1.38 ∙ 107 5.82 ∙ 107 1.49 °C 0.97 
T4 2.82 ∙ 108 3.24 ∙ 108 1.19 °C 0.96 

 
Discussion 
 

Figure 2 presents the results obtained for thermocouple T1 using models A_1, 
A_2, A_3, and B. The black line represents the temperature measured by the 
thermocouple, while the blue line shows the corresponding model predictions. For 
each model, the comparison is illustrated on three levels: 

(a) annual trend for the year 2011, 
(b) detailed view over a 5-day period (April 15-20, 2011), 
(c) correlation between predicted and measured temperatures, evaluated using 

the Pearson correlation coefficient. 
The red box in plots (a) highlights the time interval shown in detail in the 
corresponding plots (b). 
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a) ModelA_2 b) ModelA_2 c) ModelA_2 

   
a) ModelA_3 b) ModelA_3 c) ModelA_3 

   
a) ModelB b) ModelB c) ModelB 

 
Figure 2. Results related to thermocouple T1 using the predictive model A and B: a) 1 year time 

series; b) 5 days zoom; c) correlation between predicted and measured temperatures 
 

The results show improved predictive performance from ModelA_1 (𝜎𝜎 = 3.91 °C) 
to ModelA_2 (𝜎𝜎 = 2.81 °C), due to using 5:00 AM data, when temperatures are more 
stable and less affected by solar input. However, both are in-sample models, meaning 
calibration and prediction rely on the same dataset. ModelA_3, using 5:00 AM 
parameters to predict 10min-resolution data, performs worse (𝜎𝜎 ≈ 4 °C), which is too 
high for reliable use. All Model A setups show a time lag caused by thermal inertia. 
Model B, which includes physical heat transfer processes, performs better (𝜎𝜎< 
1.50 °C). This uncertainty falls within the thermocouple accuracy range (0.5-1.0 °C), 
confirming its reliability. The correlation plot for Model B (c) shows a Pearson 
coefficient of ρ = 0.99, with predicted and observed temperatures tightly aligned 
along the bisector. 
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CONCLUSIONS 
 
This study developed a predictive model for assessing the thermal behavior of 

civil structures, using the bell tower of Portogruaro as a case study. The methodology 
involved the stepwise development of two models with increasing complexity: an 
initial synchronous linear model based solely on air temperature data from a weather 
station (Model A), followed by an enhanced formulation that also accounts for solar 
radiation (Model B).  

Results demonstrate substantial gains in predictive accuracy. Model B reduces 
the standard deviation from approximately 4°C to 1.50°C, which is consistent with 
the operational precision of thermocouple sensors. Simultaneously, the coefficient of 
determination improves from 0.60 to near-unity values, indicating excellent 
agreement between predicted and measured temperatures. These outcomes position 
Model B as a promising tool for future research, including its application to other 
civil structures and the exploration of strategies to define the minimum optimal 
period for sensor installation. Such an approach would enable sensor removal after a 
limited monitoring phase while maintaining accurate thermal predictions through the 
model, substantially reducing the long-term costs of thermal monitoring systems. 
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