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Abstract: Transmission losses through the building envelope account for a large proportion of
building energy balance. One of the most important parameters for determining transmission losses
is thermal transmittance. Although thermal transmittance does not take into account dynamic
parameters, it is traditionally the most commonly used estimation of transmission losses due to
its simplicity and efficiency. It is challenging to estimate the thermal transmittance of an existing
building element because thermal properties are commonly unknown or not all the layers that make
up the element can be found due to technical-drawing information loss. In such cases, experimental
methods are essential, the most common of which is the heat-flux method (HFM). One of the main
drawbacks of the HFM is the long measurement duration. This research presents the application of
deep learning on HFM results by applying long-short term memory units on temperature difference
and measured heat flux. This deep-learning regression problem predicts heat flux after the applied
model is properly trained on temperature-difference input, which is backpropagated by measured
heat flux. The paper shows the performance of the developed procedure on real-size walls under the
simulated environmental conditions, while the possibility of practical application is shown in pilot
in-situ measurements.

Keywords: thermal transmittance; deep learning; machine learning; energy efficiency; building physics

1. Introduction

The majority of buildings that exist today are expected to still exist in the next 50
years [1,2]. Thus, it is clear that a large number of buildings will require extensive energy
retrofits to achieve required energy-efficiency levels [3]. This is one of the main reasons
why the construction industry is seen as a sector where energy-saving measures can
be implemented to reduce environmental impacts [4,5]. Even though the primary goal
of the environmental performance of buildings is related to greenhouse-gas emissions,
the thermal performance of a building must still be considered as a key factor, as improving
the energy efficiency of a building will reduce greenhouse-gas emissions [6–8]. Energy
goals should not take precedence over occupant well-being. Therefore, it is important to
design building envelopes to achieve both goals. For this reason, design solutions for both
new and retrofitted buildings must follow a holistic vision of the building sector, where
professionals are confronted with a contrast between reality and historical traditions, and
environmental and cultural considerations, while applying new concepts of sustainability,
biocompatibility, energy conservation and the use of renewable resources [9–11]. This is
even more important when it comes to the retrofit of historic buildings [12,13]. When it
comes to improving the thermal performance of the building envelope, the most common
method is to limit the thermal transmittance (U-value) of the envelope element [14–16].
The U-value is defined as the reciprocal of the total thermal resistance of the element,
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which is the thermal resistance per unit temperature, i.e., the U-value is a measure of how
much heat flows through an element per unit temperature [17]. Estimating transmission
losses of the envelope elements of existing buildings is challenging due to the potential
degradation of thermal properties, the effects of heterogeneity in the elements, and the
effects of moisture [18–20]. In the case of such an assessment for existing buildings, one of
four experimental in-situ methods should be used to determine the U-value: the heat-flux
method (HFM), the thermometric method, the HFM with hot box, or quantitative infrared
thermography [17,20,21].There are two main reasons why it is important to estimate the
U-value as close to reality as possible—we can decide on measures that lead to poor energy
efficiency (optimistic U-value estimation) and those that lead to unnecessary measures,
which are usually quite expensive (pessimistic U-value estimation). Of the listed methods,
only the HFM method is a standardized method according to ISO 9869-1 [22] for the in-situ
determination of the U-value, and is widely used not only for engineering purposes but
also in academic research [20,23], as shown in Figure 1.

Figure 1. Distribution of research articles for each defined in-situ method for U-value determination
according to [23].

HFM uses a sensor to measure heat flux and two thermocouples to measure indoor and
outdoor air temperature. The U-value is calculated using one of two proposed standardized
post-processing methods based on the two observed temperatures and a heat flux: from
the average of the recorded values (mean value method) or using the transformations
in the heat-conduction equation (dynamic method). For the results of the in-situ test to
be meaningful, the test must be performed when the element is under conditions of a
high-intensity temperature gradient [24,25], i.e., the analyzed element must be between
temperature differences that result in a non-zero heat flux [26]. This is especially important
for well-insulated elements, since such elements resist heat flow. Therefore, a stronger
temperature gradient must be applied to register a relevant heat flux. If the element is not
under condition of a high-intensity temperature gradient, there is a high probability that a
significant deviation from the predicted U-value (with deviations greater than 80% [27])
will occur. This condition must be met by three of the four listed in-situ U-value methods,
all except HFM with hot box [20]. When the described condition is met, then the maximum
deviation in the U-value is usually limited to a maximum value of about 20% relative
difference with respect to the theoretical U-value [28,29], this U-value is calculated using
the standard ISO 6946 [30]. In addition to the above, in order to obtain reliable results,
it is important that the boundary conditions in the indoor spaces are kept as steady as
possible to the constant temperature [31]. Furthermore, the reliability of the results is
affected by stochastically determined outdoor conditions (rain, sun) and large temperature
variations [32].
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When all these unfavorable conditions occur, measurement is prolonged because
they affect the stability criteria of the standard [22], so the duration of the test can be
prolonged to more than 2 weeks [20,31,32]. The extension of the measurement duration
is mainly influenced by the decrease in the temperature gradient and the oscillation of
the indoor temperature [33]. Since the outdoor boundary condition is the outdoor air
temperature and the indoor boundary condition is a constant temperature affected by
occupants, the measurement duration can be shortened by parallelization. We can measure
more than one element at a time with multiple HFM devices, but this way is financially
and operationally inefficient [34]. On the other hand, there are examples in the literature
of shortening the measurement time by applying artificial-intelligence (AI) models to the
results to predict the resulting U-value based on in-situ methods [35–39].

Although the history of AI dates back to the early beginnings of computer science, it
came into focus in the last decade due to significant improvements in computer hardware
and the development of new algorithms [40,41]. Machine learning (ML), as a subfield
of AI, is increasingly applied to sensor results [42], where these results serve either as
input data for prediction or for classification of the observed phenomenon. These results
can also serve as a data set on which the ML model learns. For example, it is possible to
create an ML model based on data obtained by numerical analysis of the solution to the
heat equation. In this way, the ML model was created in [39], which achieved a relative
difference for the predicted thermal resistance (reciprocal of thermal transmittance) of
less than 10% compared to the thermal resistance obtained using the standardized HFM
test. This methodology was tested on four types of walls under controlled environmental
conditions. Similarly, the ML model can be developed by using a set of boundary conditions
and thermal properties as input, so that the model predicts the thermal transmittance by
backpropagation and compares the output of the model with the measured value based
on the thermometric measurement. In this way, a maximum difference from the expected
value of about 20% can be obtained [35]. On the other hand, the HFM results can also
be used as a data set for training the ML model, which predicts the heat flux on a set of
unseen data after a satisfactory prediction has been achieved. These predicted heat-flux
time series are then used to determine the U-value. The models from [37,38] have two
input parameters—outdoor and indoor air temperature—and the resulting heat flux is
predicted. In this case, differences from 0.78% to 8.73% can be obtained with respect
to HFM measurements. However, the article [37] does not show how the typology and
architecture of the neural network was determined, and the application was developed
only for one wall.

This paper investigates whether deep learning can be applied to HFM results to shorten
the usage of the HFM sensor in determining the U-value by HFM in-situ measurement.
The paper also shows an analysis of conditions such as registration of a low-temperature
gradient or near-zero heat flux. The HFM method was chosen because it is the most
commonly used, as can be seen in Figure 1. In addition to this section, the paper consists of
four other sections. In the Section 2, Materials and Methods, the knowledge behind HFM
and deep learning is analyzed in detail and the research design is presented. Section 3,
Results, shows the application of deep-learning models to a heat-flux prediction regression
problem, and Section 4, Discussion, analyzes these results in detail. Finally, Section 5,
Conclusion, presents the general findings from this research.

2. Materials and Methods

The research methodology follows simple steps of data collection according to the
standard ISO 9869-1 [22], formation of deep-learning regression model, analysis of predic-
tion results and comparison with theoretical U-value defined according to the standard ISO
6946 [30]. This section consists of four subsections that define all the knowledge needed
to understand the experimental setup and the methods used for the research. Section 2.1
explains the way to calculate the theoretical U-value as well as the theoretical background
of the U-value, while Section 2.2 shows the knowledge and procedures for the in-situ HFM
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test. Since this paper shows the application of deep-learning HFM results, Section 2.3
presents the general knowledge needed to understand the background of the developed
models. At the end of the section (Section 2.4), the experimental setup is presented and the
methodology of the research is described in detail.

2.1. Theoretical U-Value

When we consider a one-dimensional heat flux through a single-layer element, the heat
flux at steady state can be defined by a combination of the solution of the heat-flux equation
and Fourier’s law of heat conduction:

q = λ
Tinterionr − Texterior

d
i.e., q =

Tinterior − Texterior
R

, (1)

where q is the heat flow rate in W/m2, λ is the thermal conductivity in W/(m K), d is the
thickness of the element in m, R = d/λ is the thermal resistance in m2K/W, and Texterior
and Tinterior are the temperatures of the exterior and interior environment in °C or K,
respectively. If we have more than one layer in an element, then the thermal resistance of
an element can be calculated in the following way:

R =
n

∑
i=1

di
λi

. (2)

For the total thermal resistance (RT) for a heat flow from the internal environment
through an element to the external environment, we need to add the thermal resistance
of the internal surface (Rsi) and the thermal resistance of the external surface (Rse) to the
expression (2) so that it is defined as RT = Rsi + R + Rse. Rsi and Rse can be defined by
Table 1 of the standard ISO 6946 [30]. The U-value is defined as the reciprocal of the total
thermal resistance (U = 1/RT), so the heat flow rate is defined as follows:

q = U (Tint − Text). (3)

Since the expression (3) defines the heat-flux estimate in a simple way, the U-value
has recently become the most common method for classifying building elements when
considering their thermal performance. When comparing with the numerically solved
heat equation for the same element, overestimates and underestimates of heat flux occur
because steady-state conditions never exist in reality [43]. Policy measures often limit the
U-values of building elements, but when we solve a problem of great importance, it is better
to analyze the problem with numerical methods, since dynamic parameters such as heat
storage are included in the analysis, so that we can, for example, optimize the thickness
of the insulation layer so that we have a larger U-value but better energy efficiency when
considered all year round [44]. All results are compared with the U-value defined in this
subsection, since the analyzed specimens from the experimental research have known
layers and it is common in the literature ([23,27,33,45–47]) to compare the analyzed solution
with the theoretical U-value defined in this way.

2.2. Heat-Flux Method

Since the thermal transmittance (U-value) is the rate of heat flow at steady state
divided by the area and by the temperature difference of an element at the boundary
between two environments, it is difficult to determine it in situ, since these conditions never
occur. This difficulty can be overcome by assuming that the averages of the temperatures
and the heat flux give a good estimate of the steady state. This assumption is valid if the
following conditions are met, according to ISO 9869-1 [22]:

• The heat transfer coefficients and thermal properties of the materials are constant
under actual ambient conditions during the test.

• The heat storage effect is negligible. This usually results in long measurement periods.
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The main instrument for measuring heat flux according to ISO 9869-1 is the heat flux
sensor. It is essentially a transducer that provides an electrical signal directly related to the
heat flux transmitted through the sensor. The sensor is a thermally resistant plate connected
to the data logger in such a way that it can be easily moved. It must have low thermal
resistance to ensure that it does not have a large effect on the heat flux, and high sensitivity
so that it can register a sufficient signal value at low heat-flux rates. When installing the
sensor on the measuring element, it is recommended that no material be used between the
element and the sensor, because even though this is theoretically permissible; in reality, it
will result in relative differences by more than 20% when comparing the measured U-value
with the expected [45]. In addition to the heat-flux sensor, the device for standardized
U-value measurement contains two temperature sensors for measuring outdoor and indoor
temperatures. These are transducers that register an electrical signal that is a monotonic
function of temperature [22]. The minimum test duration is 72 h, but may be extended
beyond 7 days due to the effects of adverse conditions (e.g., fluctuations in indoor and/or
outdoor temperatures).

The standard suggests two methods for analyzing the data—the average method and
the dynamic method. Since the average method is the most commonly used, it is chosen
for this study to formulate conclusions in a way that can be compared to the literature.
The average method assumes that the transmittance can be determined by dividing the
sum of the total heat flux (∑n

j=1 qj) by the sum of the temperature differences [22]:

U =
∑n

j=1 qj

∑n
j=1

(
Tij − Tej

) . (4)

When using the average method, there are a number of acceptance criteria that ensure
the convergence of the U-value to an asymptotic value, which are listed in the Table 1.
In addition to the minimum test duration of 72 h, two other conditions must be met. The U-
value at the end of the test must not differ by more than ±5% from the value 24 h before
the end. In addition, the U-value at the end of the first period P (from start to P), defined
by the expression (5):

P = int(2/3 DT), (5)

must not differ by more than ±5% from the last period P (from end—P to end). DT in
expression (5) is the duration of the test in days and int() specifies a function to extract the
integer of the calculated float number.

Table 1. Acceptance criteria defined by standard ISO 9869-1 [22] for ensuring the U-value converges
to an asymptotical value.

Test Duration End vs. (end—24h) First 2/3 vs. Last 2/3

min 72 h ≤5% ≤5%

2.3. Long Short-Term Memory Units Deep-Learning Model

To reduce the time required to use the heat-flux sensor, this paper presents a way
to predict the sensor output based on the same input data using deep learning. Deep
learning is a subfield of machine learning in artificial intelligence that uses multiple layers
of data processing operations [48]. In this research, long short-term memory (LSTM), a kind
of recurrent neural network (RNN), was used. LSTMs as a subset of RNNs have cycles
feeding the connected activation units [49–51], which carry information from layer to layer,
including the information from the previous time step. The architecture of the LSTM unit
is shown in Figure 2. The inclusion of the previous timestamp information in the decision
of the LSTM unit is the reason why this kind of RNN architecture works well in time-
series prediction or other regression problems for sequential data (e.g., natural-language
processing), and, thus, is used in this research.
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Figure 2. Schematic view of the long short-term memory unit.

As shown in Figure 2, the LSTM unit has six operations [52], defined in a follow-
ing way:

it = σ(Wiixt + bii + Whiht−1 + bhi),

ft = σ
(

Wi f xt + bi f + Wh f ht−1 + bh f

)
,

gt = tanh
(

Wigxt + big + Whght−1 + bhg

)
,

ot = σ(Wioxt + bio + Whoht−1 + bio),

ct = ft ◦ ct−1 + it ◦ gt,

ht = ot ◦ tanh(ct), (6)

where xt is the input data in a time t, ht−1 and is an output from time t − 1. ft, it, gt are
forget gate, input gate, and cell gate, respectively, defined by the expressions (6). ct−1 is
cell state from the time t − 1 and ct is cell state for the current time t. ot is the output
gate defined by the expression in (6), and, finally, ht is the hidden state (output of the
LSTM unit) at time t. Analyzing Figure 2 and the expressions 6, it becomes clear why
the LSTM architecture is well-suited for modeling sequential problems. The reason lies
in the combination of the input of the current time t with the cell state and the hidden
state from the previous time t − 1. Thus, the information for the new output is formed not
only by applying neural network operations to the input data, but also by the information
(relations) from the past.

If the model has more than one layer of stacked LSTM units, then the input xi
t of the

next layer i is a hidden state hi−1
t , which is an output of the previous layer. When we train

a model defined in this way, the last hidden state hn
t of the n-th layer is compared to the

true value and a cost function is formed (usually a mean square error function). Then,
backpropagation is used to adjust the model parameters so that the final output is as close
as possible to the desired result. The cost function is minimized using a gradient descent
optimization method with respect to the specified model parameters. In this research,
we used Adam [53,54], an efficient stohastic optimization algorithm, for gradient descent
optimization. The efficiency of the model performance can also be improved by dividing
the training data into batches. In this way, we updated the model parameters several
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times in a training epoch so that less memory was consumed while the final result is not
affected [55,56]. The biggest challenge in building a high-quality deep-learning model is
avoiding overfitting. This is because deep learning has a large number of parameters that
are backpropagated for the desired outcome, so it is possible for the model to perform well
on training data but poorly on test data. Regularization techniques are used to generalize
the model. The most common of these is the dropout, in which we neglect a strictly defined
set of parameters at each parameter update. In this process, units are temporarily removed
from the network, and the selection of units to be removed is random. Each unit has a fixed
retention probability, p, independent of the other units. The main advantage of this method
is the ease of implementation and improvement in model performance, while the main
disadvantage is the increase in training time [57]. Two other regularization techniques are
also used to overcome the overfitting problem: L1 and L2 regularization. They are defined
as constraints implemented in the loss function. L1 regularization constraint uses the L1
norm that forces the model parameters to become zero, while L2 regularization uses the L2
norm that forces the model parameters towards zero [58–60]. In this way, we neglect the
effects of data inputs that are far from the rest of the data in their environment.

2.4. Experimental Setup and Research Design

In order to implement the procedure based on deep learning, the first step in this
research is to collect measurement data. Therefore, the in-situ measurement was performed
according to the knowledge described in Section 2.2, i.e., following standard ISO 9869-1 [22].
The measurements were performed in a laboratory on wall specimens in true scale under
laboratory environmental conditions on one side and simulated conditions on the other side.
For the simulation, a climate chamber was used to simulate three types of conditions (winter,
summer, and transitional, i.e., spring/fall). The climate chamber was equipped with an air
conditioning unit that can simulate these conditions. All operations and program settings
were defined with the PC operational unit placed alongside the chamber. Three types of
walls were tested: specimen 1 (S1) was a concrete wall, specimen 2 (S2) was a concrete
wall with mineral wool insulation facing the climate chamber, and specimen 3 (S3) was a
concrete wall with extruded polystyrene (EPS) insulation facing the laboratory. The HFM
sensors were placed on the laboratory side, as shown in Figure 3, and the measurement
site was protected from the influence of sunlight entering through the windows. Table 2
shows information about each specimen with calculated thermal resistances and U-values
according to ISO 6946 [30] based on thermal conductivity values derived from Croatian
technical regulation [61].

Table 2. Specimen description and thermal characteristics.

Specimen Layer Layers λ
RT [m2 K/W] [30] U [W/(m2 K)] [30]Thickness [m] [W/(m K)] [61]

S1 concrete 0.135 2.0 0.25 4.30

concrete 0.135 2.0
S2 mineral wool 0.16 0.035 4.82 0.21

EPS 0.16 0.035
S3 concrete 0.135 2.0 4.82 0.21
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Figure 3. Schematic view of the experimental facility on the (left) and experimental setup on
the (right).

The results of HFM measurement were analyzed using the average method defined
by expression (4). Since the duration of the measurement must be at least 72 h, the deep-
learning model was applied so that the training period did not exceed 72 h, to define
the maximum period in which the HFM sensor must be used. After 72 h, the deep-
learning model predicted the heat flux if the acceptance criteria from Table 1 were met.
The HFM measurement was continued after 72 h to compare the resulting U-value from
the HFM measurement (UHFM) with the U-value from the heat flux predicted by the deep-
learning model (UDL). Both values were compared with the theoretical U-value according
to ISO 6946 (UISO) [30], so that the results of this research can be compared with related
papers [23,27,33,45–47]. This research methodology is clearly presented in Figure 4.

Figure 4. Research methodology.
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For each measurement, a deep-learning model was built based on the recurrent
LSTM architecture. Each model consists of a fully connected multilayer set of LSTM units,
where the final output is the desired outcome that is backpropagated by the loss function
formed between this value and the heat-flux rate registered in the observed time step.
The architectural scheme with more than one LSTM layer connected in a chain is shown
in Figure 5. The model parameters were updated after a particular batch was passed.
Regularization techniques were included with dropout and L2-regularization. The loss
function used for backpropagation was the mean square error (MSE), while the root mean
square error (RMSE) was used for the analysis of the prediction results because it is in the
same units as the observed heat-flux rate, so the deviation between two time series across
epochs is quite straightforward. In addition, the comparison between UDL and UHFM
with UISO was observed by the relative difference in dependance of UISO at the end of
the measurement as well as across the time series. Two acceptance limits were set (10%,
which is characterized as very good prediction, and 20% which is characterized as good
prediction). These limits were set in accordance with the literature, where we found that
the authors were satisfied with the given results.

Figure 5. LSTM architecture when there is more than one layer.

To investigate the applicability of the proposed method under in-situ conditions, we
performed an HFM test on an exterior wall of a single-family house with unknown U-value.
The measurement according to ISO 9869-1 [22] was performed in a period from 5th of
November (12 h) to 16th of November (12 h) 2021. The measurement site was a house in the
northern part of Croatia (municipality of Kotoriba) in autumn with an average temperature
difference of 7.5 ◦C between indoor and outdoor environment. The experimental setup can
be seen in Figure 6 and the results are presented in Section 3.
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Figure 6. Experimental setup for the pilot in-situ measurement.

3. Results

According to the methodology described in Section 2, an experimental research was
conducted. The deep-learning method was applied after the results had been collected,
according to ISO 9869-1. Predictions of HFM sensor results for three specimens under
three conditions were observed. The predictions were made such that the developed deep-
learning model performed the learning part of the first third of the collected results, while
the performance of the model was determined by comparing two time series (predicted
vs. measured) over the entire measurement period. Since the focus of interest was on the
assessment of the in-situ U-value, an analysis was also performed for all experimental cases
of U-value changes over a period of time, comparing the U-value from the predicted HFM
time series (UDL) and the measured one (UHFM) with the U-value calculated according
to ISO 6946 (UISO). For each specimen type, the best solution from the three analyzed
simulated conditions is presented: input time series, measured heat-flux rate, and heat-
flux rate prediction in a graph, below which are two other graphs—one representing the
learning rate and the other the described U-value comparison.

Specimen S1 is a 13.5 cm thick concrete wall with only one layer, as described in the
Table 2 (UISO = 4.30 W/(m2K)). The deep-learning model chosen for the best conditions
(winter) is an LSTM model with 16 LSTM layers. The time series were rearranged in batches
of 256 points so that the model parameters were updated at the end of each batch rather
than just at the end of the epoch in the training period. To avoid overfitting, two efficient
regularization techniques were used: Dropout (p = 0.5) and L2 regularization (λ = 0.05).
Figure 7 shows the performance of this model, where it can be seen that, after 100 epochs
of training, the model predicts the HFM results such that it outperforms the HFM method
when the U-value is calculated from these two time series and compared to the UISO.
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Figure 7. Results for the deep-learning model developed for S1 under winter conditions.

The other two specimens, S2 and S3, are insulated walls with the same U-value
(UISO = 0.21 W/(m2K)) but different cross sections. The base for both is a 13.5 cm thick
concrete wall. The insulation of S2 consists of 16 cm mineral wool facing the climatic
chamber, while 16 cm EPS facing the laboratory was used for S3. Both specimens performed
best in winter conditions in terms of the quality of the results. The selected LSTM deep-
learning model is a model with 16 LSTM layers for S2 and a model with 8 LSTM units for
S3. The time series were rearanged in batches of 128 points for S2 and 256 points for S3.
Overfitting was again solved by dropout (p = 0.5 for both cases) and L2 regularization
(λ = 0.01 for S2 and λ = 0.02 for S3). The model for S2, trained over 100 epochs (see
Figure 8), again outperforms the HFM measurement result when considering the U-value.
The final U-value not only has a lower relative error compared to UISO, but also shows a
more stable U-value solution over the entire measurement period. Although the model for
S3 was trained over 300 epochs, it shows a worse solution than the model for S2, which has
a stable solution with a relative error of about 10%, compared to UISO. The reason for these
more stable solutions is discussed in Section 4.
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Figure 8. Results for the deep-learning model developed for S2 under winter conditions.

The parameters of all analyzed models are listed in the Table 3. They were chosen after
fine tuning considering the listed parameters from Table 3, when a model achieved the
best performance considering HFM prediction and U-value estimation from these results.
The data and the open-source software solution can be found in the GitHub repository of
one of the authors [62], so each model can be re-evaluated independently. The comparison
of the U-values of all nine models is shown in Figure 9.

Table 3. Analyzed deep-learning models.

Model Number of Layers Batch Size Dropout
Probability

L2 Regularization
Parameter Number of Epochs

S1 winter 16 256 0.5 0.05 100
S1 summer 4 512 0.05 0.01 200
S1 transition 4 128 0 0.1 80

S2 winter 16 128 0.5 0.01 100
S2 summer 16 512 0.5 0.008 60
S2 transition 16 128 0.5 0.1 150

S3 winter 8 256 0.1 0.02 300
S3 summer 8 512 0.5 0.02 200
S3 transition 8 256 0 0.005 100
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Figure 9. U-value relative error throughout the measurement compared to the ISO 6946 U-value
(predicted vs. measured results).

As can be seen in Figure 9 the most stable solution was recorded for the specimen
with concrete wall. The reason for this is the relatively low thermal resistance (i.e., the
high U-value), so the unfavorable conditions have little influence on the registered heat
flux, resulting in a very stable time series of the U-value. The results for the winter and
summer conditions are of high quality, while the results for the transition period are of
low quality considering the stability conditions from ISO 9869-1. On the other hand, these
results are very good when compared with our criteria defined in Section 2.4, based on the
relevant literature sources from Section 1, because the deep-learning model result varied
by 10% relative error around the U-value calculated by ISO 6946. This instability is the
reason why we set the dropout parameter to be 0 (i.e., neglected) for models predicting
results for the transition period. This parameter increased the instability of the prediction,
so the registered results for models that included dropout were worse than the results that
neglected this parameter. For all environmental conditions, the U-values calculated by
deep-learning models outperformed the U-values from measured heat-flux rates. If we
consider the specimen with the mineral wool facing climate chamber, a stable and high-
quality result was registered only for the winter conditions. For the summer, we have a
stable but low-quality result (stable between 30% and 40% relative error compared to UISO),
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and, for the transition period, we have a low-quality result compared to the ISO 9869-1
criteria, but also a relatively good result compared to the literature, as it varies around 10%
relative error and does not exceed 20%. For the case where the EPS insulation faced the
laboratory, representing interior insulation, the worst results were registered, both with
respect to the stability criteria and compared to the literature. The HFM results are closer to
the expected value than the deep-learning model results for all environmental conditions,
while the deep-learning model results are more stable for winter and summer conditions.

Pilot In-Situ Measurement

As defined in Section 2.4, one pilot in- situ measurement was performed. The outdoor
temperature never exceeded the indoor temperature throughout the measurement, so, as
can be seen in Figure 10, the heat flux did not change the orientation. The deep-learning
model was created following the same methodology as for the laboratory experiments.
The training period did not exceed the first 72 h and the deep-learning model consists of
eight LSTM layers. The dataset was grouped into batches of 512 entries; the dropout proba-
bility parameter was 0.5, and the L2 regularization parameter was set to 0.05. The results
showing the temperature difference with the measured and predicted heat fluxes can be
found in Figure 10.

Figure 10. Results for the deep-learning model developed for the pilot in-situ measurement.

Since the U-value is unknown, we decided to show the comparison of U-value time
series throughout the measurement period, as well as the comparison between the predicted
total heat flux and the measured total heat flux that passed through the wall during the
measurement period. As can be seen in Figure 11, the predicted results show promise for
application under in-situ conditions. When U-values were calculated from measured and
predicted heat fluxes according to the standard ISO 9869-1 as specified in Section 2.2, the
registered difference between UHFM (1.4160 Wm−2K−1) and UDL (1.1552 W−2K−1) was
17.8%. Further research is needed to confirm these findings in different conditions. This
research is ongoing and will be published elsewhere.



Energies 2022, 15, 5029 15 of 20

Figure 11. U-value and total heat flux comparison calculated on measured and predicted values for
pilot in-situ measurement.

4. Discussion

As shown in Figure 9 and Table 3, nine different cases were analyzed as part of the
research. Figure 9 shows the time series of the U-value when observed over the whole
measurement period, which reveals the effects of the heat-flux rate change on the U-value,
in a time. However, the criteria of ISO 9869-1 allow us to find any period of at least 72 h
that meets the stability criteria (Table 1). For this reason, we discuss not only the results
from Figures 7–9, but also the U-values calculated from the measured and predicted time
series where the stability criteria were maximized. For this reason, a new table was created
showing the calculated U-values for all nine test cases (Table 4). Winter conditions are
the most suitable for HFM measurement because heat flows from the laboratory to the
climatic chamber. This is confirmed by the results (Figure 9), as we registered the most
stable results in winter, which are also the most reliable for these climatic conditions.
For the transitional period, the worst results were registered, which is logical because
the temperature difference (as well as the heat flux) varied around zero for each sample,
resulting in an unstable U-value time series, since the temperature difference is the second
term of the calculation ratio. Under summer conditions, the samples performed similarly
to winter conditions, since a similar temperature gradient was simulated.

Table 4. Comparison of U-values calculated by the average method from the ISO 9869-1 applied on
measured and predicted heat fluxes.

Specimen UISO
[W/(m2K)]

UHFM
[W/(m2K)]

UDL
[W/(m2K)] dUHFM [%] dUDL [%]

S1 winter 4.06 4.16 −5.58 −3.26
S1 summer 4.30 4.64 4.18 7.91 −2.79
S1 transition 3.88 3.76 −9.77 −12.56

S2 winter 0.17 0.22 −19.05 4.76
S2 summer 0.21 0.28 0.15 33.33 −28.57
S2 transition 0.41 0.33 (0.24) 1 95.23 57.14 (14.29)

S3 winter 0.21 0.20 0.00 −4.76
S3 summer 0.21 0.20 0.18 −4.76 −14.29
S3 transition 0.19 0.08 −9.52 −61.90

1 Result in parenthesis is for the best stability criteria for measurement. It is not the best stability criteria for
prediction, but it satisfies ISO 9869-1 criteria. Note: underlined values are those with relative error lower than
10%, which is characterized as very good.

In most test cases, we registered a more stable solution for the U-value calculated
using the predicted heat-flux rate. The reason for this could be the use of regularization



Energies 2022, 15, 5029 16 of 20

techniques in the training period, so that the model predicts the heat fluxes in such a way
that it is immune to variations related to external influences (e.g., variations in indoor
temperature). These influences are a particular problem for well-insulated walls, since the
heat flux through a well-insulated wall is much lower than through a wall with a high
U-value (i.e., with a low thermal resistance), so that sudden influences lead to sudden
peaks that the HFM sensor registers. The described problem leads to a problem in meeting
the stability criteria, which leads to an increase in the measurement time.

If we now consider the U-values calculated by the average method from ISO 9869-1 [22]
for the best registered stability criteria, we can observe other important information. In this
way, the results in Table 4 were developed—they are calculated by the average method
in the period where the bast stability criteria from [22] are satisfied. When observing
Table 4, it can be seen that the deep-learning models for winter conditions registered a
relative error of less than 5% to the theoretical U-value for all three samples, which is
a very important observation. For the U-value from measured heat fluxes, we found a
deviation for S2. The reason for this is the effect of peaks (shown in the results plot in
Figure 7) registered in the heat-flux time series. The results of UHFM were worse in summer
than in winter, where deep learning UDL outperformed the UHFM calculated from the
measured values. The transition period was again the worst when considering both UDL
and UHFM determination, which is consistent with the literature. Very good results for
the transition period were registered for the concrete wall and the EPS insulated wall only
for the UHFM calculated from the measured heat fluxes. These results are good under
laboratory conditions, but these environmental conditions are not reliable, so it is not
advisable to perform in-situ measurements under such climatic conditions. As for the wall
type, the most reliable results were registered for S1. The results are reliable because S1
has a low thermal resistance, so higher values of heat flux rates were registered and any
unfavorable condition for the measurement has a lower influence on the final heat flux
registered in a given time step.

When analyzing the in-situ pilot measurement, several differences from the laboratory
experiments can be observed. The temperature difference and the measured heat flux have
more complex behavior compared to the laboratory experiment, as does the predicted heat
flux. Although the prediction of the heat flux seems to be worse than in some laboratory
experiments, when we visually compare the predicted U-value with the measured value,
we can see that there are relatively small differences between the two. Similar can be seen
when observing the predicted and total heat flux. In addition, when we compare UHFM and
UDL for this case, a relative difference in respect to UHFM falls within the limits of ±20%, so
we can characterize this prediction result as good considering the characterization criteria
defined in Section 2.4. This shows that the proposed method has the potential to be used
under in-situ conditions, but it should be thoroughly analyzed to discover its full potential.

5. Conclusions

This paper investigated the possibility of using deep learning to reduce the time in
which the HFM sensor must be used was investigated. It also investigates whether the
developed deep-learning models are more resilient to unfavorable conditions. From nine
analyzed test cases, it is found that deep learning is not only capable of replacing the HFM
sensor when properly deployed, but also achieves acceptable, if not even better, results in
most cases. Transition environmental conditions lead to unstable results, both considering
HFM measurement and deep-learning prediction. As can be seen in the Table 4, there may
be a time interval in the transition period where the stability criteria from ISO 9869-1 are
met, but the results are generally very unstable, and it can not be concluded that every
result collected in the transition period behaves similarly. The best results were observed
for winter conditions, and acceptable ones for summer conditions. This is consistent with
the literature, and the reason for this is the occurrence of a high thermal gradient. The most
stable results were observed for high U-values, and the reason for this is the high heat flux
through the tested specimen, so unpredictable events have little influence on the heat flux.



Energies 2022, 15, 5029 17 of 20

For low U-values, this influence is not negligible, so the measured heat flux leads to an
unstable U-value prediction if there is a large number of such events. DL prediction can
solve this problem because the model generalizes the predicted result using regularization
techniques applied in a training period; therefore, sudden changes in the measured heat
flux are neglected in the prediction. This leads to a decrease in measurement time, since
the stability criteria are met earlier when estimating the U-value using the predicted heat
flux than using the measured one. This is the most important conclusion and can be clearly
observed for the S2 specimen under winter conditions. In this test case, the measurement
has three peaks, which have a great impact on the instability of the calculated U-value
according to the average method from ISO 9869-1. If we consider the predicted heat flux,
there are no peaks and, therefore, the time series of the calculated U-value is stable around
the expected theoretical U-value. For unstable time series such as those in the transition
period, methods based on reservoir computing specifically designed for unstable systems
could probably be used ([63,64]), but this should be investigated further.

This research was conducted in a laboratory; therefore, in order to draw more accurate
conclusions, further research needs to be conducted in situ under real climatic and real
use conditions. Based on the results of in-situ measurements, the effects of stohastically
determined real outdoor and indoor environmental conditions could be explored in detail.
In order to explore the abovementioned, we conducted pilot in-situ measurements and
predictions of the model that result in a relative difference of 17.8 % when we compare UDL
to UHFM and encourage future research on this topic.
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