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Abstract- This study addresses the critical issue of overheating in built environments. With increasing extreme heat events and
dense urbanization, overheating poses serious risks to human health, productivity, and well-being. Existing research mainly
emphasizes external environmental drivers, leaving a gap in understanding internal building dynamics. This paper examines the
thermal and energy behavior of an overheated educational laboratory room, pursuing two objectives: defining indoor comfort
temperatures to enhance productivity and evaluating energy consumption to identify potential savings. A detailed numerical
model of the laboratory envelope, incorporating interior electrical loads and air-conditioning systems, is developed using data
from a monitoring setup that captures dynamic temperature variations. By applying the Narxnet predictive algorithm to historical
temperature and humidity data, the model estimates energy consumption with high accuracy. Key challenges included creating
a reliable model that reflects the complexity of the space, building a robust prediction method, and accurately representing air-
conditioning use. The technical approaches adopted to address these issues are presented, offering insights applicable to other
overheated buildings. Results extend beyond the specific case, contributing to broader strategies for mitigating overheating.
Validation confirms strong performance, with a 2% prediction error and less than 1°C deviation in the envelope model, except
for the glass fagcade, which reaches 1°C. Estimated cooling demand also confirms the adequacy of the installed photovoltaic
system, even under curtailment conditions, ensuring reliable and efficient operation.

Keywords Overheated space, envelope thermal behaviour, energy-consumption prediction, internal generating heat,
photovoltaic panel, narxnet modelling.

overall energy efficiency and reducing environmental

1. Introduction

The growing demand for energy is one of the main drivers
of resource scarcity and environmental degradation. In order
to ensure energy security while meeting environmental
requirements, activities with negative impacts must be
carefully controlled and optimized. In this context, the
building sector represents one of the largest consumers of
energy, making its optimization essential for improving

impacts.

Several studies focus on the prevention of energy
overconsumption in buildings by acting on the envelope as
well as on air-conditioning or heating systems. The applied
strategies differ according to building categories, commercial
[1], residential [2,3], office [4,5], or educational buildings [6].

In the literature, approaches to achieving building energy
efficiency vary depending on the studied parameters.
Researchers have focused on improving energy performance
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through building envelope properties [7,8], insulation
thickness [9], heating, ventilation, and air-conditioning system
performance [8,9] and building occupancy [10].

Researchers  diligently ensure  optimal indoor
environments for inhabited spaces, conducting extensive
investigations into the combined or individual effects of
architectural [11] and technical choices [12-14], employing
optimization models and predictive algorithms for regulatory
systems [15-18]. However, evaluation suggests that current
building energy regulations may not adequately prevent
overheating or prepare for warmer conditions, as indicated by
[18]. This persistent issue of global energy consumption in the
building sector persists despite efforts to mitigate climate
change, resulting in discomfort from internal space warming.

Nevertheless, what is striking is that most of the new
research focuses on overheating risks stemming from designs
or climatic conditions in specific contexts, relying on collected
data and measurements to inform their evaluations. Recent
studies by authors in [19] and [20] demonstrate that calibrated
and validated models offer precise predictions, with enhanced
accuracy compared to measured data, highlighting the
importance of utilizing real values and parameters for realistic
outcomes. Few studies address overheating risks caused by
internal factors such as heat-generating appliances. Aiming at
lighting and household appliances, authors in [21], assert that
control measures adequately mitigate the risk of overheating
attributed to internal loads. But when it comes to specific
equipment generating a lot of heat through Joule effect and
contributing to space overheating, to our knowledge, no work
has addressed the overheating coming from within and its
consequences on energy consumption.

In this paper, we focused on the most energy-intensive
area located in an educational building containing overheating
loads. In fact, the installed appliances in this space generate a
lot of heat, negatively affect occupants, and disturb their
performances. Thus, ensuring comfort requires the continuous
operation of the air conditioner. Thereby, the aim is to ensure
a comfortable working environment while optimizing air
conditioner functioning and achieving its independence from
the national electricity grid. The goal was addressed by
employing a numerical thermal model that relies on data
measured by wireless sensors. Additionally, a predictive
algorithm for energy consumption was created using the
Narxnet algorithm.

The paper's framework progresses as follows: In Section
2, we delve into the detailed presentation of materials and
methods. Section 3 elucidates the proposed model, designed
using Matlab/Simscape. A predictive algorithm for data
processing and prescriptive outputs for thermal behaviour is
given. Section 4 furnishes model validation, where we analyse
thermal envelope behaviour, and give predictive heat flow and
energy consumption.

2. Material and Method

2.1.  Thermophysical and Geometrical Description

For this study a typical laboratory room located on
Campus Tunis El Manar at the National Engineering School
of Tunis is studied. It is outfitted with heat-producing
appliances and equipment. Its total area is 45m? and its
occupied volume is 189 m>. The 2D plan, dimensions, and 3D
layout are shown in 'Fig. 1,' while the composition of the walls
and their thermophysical specifications are shown in “Fig. 2”
and “Table 27, respectively.
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Fig. 1. Laboratory sketching and 3D CAD section model.
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Fig. 2. Composition of the walls.
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Table 1. Thermophysical envelope characteristics

. C A
Composition e (m) ?kg /) | ( Jl/)kg°K) (W/mK)
Lime plaster (1) 0.015 1600 1000 0.75
[North Wall Red brick (2) 0.07 1950 1100 0.35
Lime plaster (3) 0.015 1550 1000 0.7
Plaster (1) 0.013 825 1450 0.3
South Wall 75 1 tyrene (2) 0.4 3 1450 0.035
Plaster (3) 0.013 825 1450 0.3
Cement plaster (1) 0.015 1900 925 0.85
Red Brick (2) 0.1 1920 840 0.35
East Wall Air (3) 0.06 1 900 0.280
Red brick (4) 0.15 1920 840 0.35
Lime plaster (5) 0.015 1550 840 0.7
Cement plaster (1) 0.015 1900 925 0.85
West Wall Red bricllz 2) 0.1 1920 | 840 0.35
Lime plaster (3) 0.015 1550 840 0.7
Sealing SP4 (1) 0.004 1150 1000 0.230
Flatness plaster (2) 0.02 1200 1000 0.570
Roof Slope (3) 0.1 1.4 800 1.10
Reinforced concrete slab (4) | 0.05 2500 878 1.5
Filler red brick (5) 0.25 1800 1000 0.35
Lime plaster (6) 0.015 1450 840 0.7
Tiling (1) 0.02 2400 875 2.4
Fixing mortar (2) 0.015 1500 850 1.5
Ground Concrete bed layer (3) 0.15 2500 878 1.5
Crushed stones (4) 0.20 1800 1000 2
Top soil (5) 1 1500 1900 0.75
2.2. Experimental  Devices and Thermal  Data Fived In the
Instrumentation middel
As presented on “Fig 3”, temperatures data are collected using 1 ' o {
Testo devices: oy T ' ]'
- The WiFi data logger with two connectable type K : :‘ Teing | :
thermocouples recorded all detected temperature values and ==
transferred them to the Testo Cloud "Saveris2" every 15 . .
minutes, 24 hours daily. Connected sensors raised both 5 I 1 | E
internal and external surfaces of eastern, southern, western, Troof 1B
and northern walls components, ground, and roof. They are éf ) —" Fy [¥d %
fixed on the middle of each surface. B L Tun| | 2 E
- The multifunction Testo 435-4 devices with temperature T ‘ =
probes transmitted indoor and outdoor air temperature to a ~ —
software installed on PC, via an USB connection every 15 Py
minutes, 24 hours daily. The probes are installed at 1.5m high -

above the ground level.

- A fully autonomous weather station with its photovoltaic
panel: GPRS-LT type enabling permanent data recording with
retrieval via the GPRS network.

The technical specifications of the experimental devices are
summarized on “Table 2”.

Fig. 3. Measurement’s sensors position.
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Table 2. Technical specifications of the experimental instrumentation

Type Range of measurement Accuracy Resolution
Multifunction device Testo
435-4 and temperature -20 to +70 °C +0.3 °C 0.1°C
measuring probe
Testo Saveris 2-T3 with K- (-195 to +1350 °C) (0.5 + 0.5 % of mv) °C 0.5°C
type thermocouples
3. Integrated Data-Driven Framework for Thermal and Sw
Energy Management Modelling Peonacijy = k d_ij (0; - 6)) (1)
. . . . (bwin/door = UMSW_M(GL' — Oext) 2)
A detailed framework that includes data-driven collection door corr

is depicted in "Fig. 4." This framework comprises a predictive
algorithm for data processing, a room model, and prescriptive
outputs for both thermal and energy behaviour. The inputs are
provided by experimental temperature measurements
recorded every 15 minutes and stored in a cloud via WiFi. The
room model includes the envelope subsystem, the scheduled
loads according to the load profile which is based on the
planned tests in the laboratory by various stakeholders. It is
noteworthy that in the general case, the load profile can also
be derived from a prediction program, especially in the context
of residential or industrial applications and finally, the indoor
temperature regulation subsystem, which is achieved through
the control of the air conditioner. The processed data
temperature and energy consumption are predicted through
the physical-based model. The simulated program is designed
on the graphical Simscape/ Matlab interface. The details
regarding the mathematical model as well as the control
system of the air conditioner are given as follows.

Erergy
Data ageuisition | Consumption

Rocen ervelope Thermal P
Model subsysten Generated
synthetic

Data

[ N -
Sehedued lgad
profile

Fig. 4. Laboratory digital model including thermal data
and control subsystem.

The thermal behaviour of the laboratory is mainly
governed by three factors: the heat exchange with the outside
air through its envelope, the energy provided by the air
conditioner, and internal heat gains provided by human
bodies, appliances, and lighting.

To express the conductive heat transfer through opaque
and transparent envelope components, Fourier's law is
expressed by “Eq. (1)” and “Eq. (2)” respectively.

Where, k is thermal conductivity [Wm ' K 1], Sy, is wall area
[m?], djj is wall layer’s thickness [m], 6; and 6; are face i/j
temperature respectively[°K].

(U) is the window/door thermal transmittance [W/(m?-K)],
(Swinidoor) 1s the window area [m?], 6; and Ocxycorr are
internal/external/corridor temperature respectively[ °K].

The convective heat transfer is expressed by Newton law:
q)Conv(in/out) = Ksm/outswA@ 3)

Where, (K iwous ) is thermal conductivity, (S,) is wall area
[m?], (d;) is wall layer’s thickness [m], (€) is the temperature
[°K]

As a result of the room's mathematical model, the
laboratory room envelope subsystem model was built on
Matlab Simscape graphical environment. The envelope
laboratory room model considers the room as a thermal system
which is equivalent to an electric system. The connections in
the system are the room elements (walls, openings etc.). Each
component is represented by its thermal capacitance and its
thermal resistance. The temperature on every point is
equivalent to the voltage. The heat flows are analogous to the
electric power.

A fine discretization takes into consideration the different
envelope layers in order to simulate the dynamic evolution of
temperature profiles in various layers.

The following hypotheses are considered:
- Temperature field around the entire room is uniform.
- The temperature measurements are not disturbed.

- Thermal-physical coefficients are

temperature.

independent  of

Internal heat gains by occupants and by electric devices and
lighting are given by “Eq. (4)” and “Eq. (5)” respectively.

_at
P = Tl24 4
Py = Zipe ke (%)
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Where (1) is number of occupants, (g) is the power released
by occupants [kW] and () is the attendance time in hours per
day.

(P.;) is electrical consumed power consumed and (k) is
correction factor [kW]

Heat storage through the thermal mass of the different
materials constituting the envelope and ambiance room is
expressed in the “Eq. (6)” and expresses the heat storage room
capacity.

de

CDM = CMSfE

(6)

Table 3. Electrical load specifications

Where, (C) is thermal capacity [J/(kg °K)]and (m,,) is mas
[kg], (6)is the temperature [°K] and (2) is the time [h]

In addition to the primary charges expressed by "Eq. (4)"
and "Eq. (5)", various secondary loads are activated during
laboratory tests and manipulations conducted by researchers.
These tests are scheduled with detailed power profiles for the
loads to be used. Examples of these scheduled load profiles
are illustrated in "Fig. 5". They operate concurrently with
occupants present, contributing to unpleasant working
conditions due to overheating. Technical specifications for the
different loads are provided in "Table 3". Furthermore, the
impact of overheating on room temperature in the absence of
air conditioning activation is clearly visible in “Fig. 6.

Electric overheating devices Quantity Unit electrical power
Inverterl 4 3kW
Inverter2 1 7kW
Resistive load 2 4kW
Lighting 6 36W*2
Transformer (currently it is not connected) 1 15kVA
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Fig. 5. Examples of scheduled Load tests.
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Fig. 6. Indoor temperature dynamics under overheating conditions with and without air conditioning.
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The temperature control implemented in the air
conditioner regulation subsystem operates on a hysteresis loop
utilizing zero-crossing operation. This loop maintains the
difference between the room's ambient temperature and the
reference value within a well-defined margin. The air
conditioning system is activated when the temperature
exceeds the upper threshold of its operating range. The
hysteresis method is well-suited for this application as it
prevents rapid switching between running and stopping
cooling units.

4. Results and discussions

4.1. Data-Driven Temperature Prediction

We employed a methodology grounded in data analysis to
forecast temperature fluctuations across different walls within
the study area. The dataset spans from January 1, 2022, to
April 24, 2023, encompassing outdoor temperatures and
humidity levels. The prediction model was implemented using
Matlab, with the following program outlining the procedure.
The temporal information was converted into numeric format
for processing. A neural network with one input layer, one
feedback layer, and five hidden neurons was constructed using
the NARX (Nonlinear Autoregressive with eXogenous input)
architecture. The data, consisting of the exterior temperatures
for each wall and the corresponding humidity, were prepared
for training and simulation. The dataset was divided into
training (75%) and testing (25%) sets based on a time-based
division. The 'trainlm' algorithm was employed for training
the neural network, with performance evaluation and results
displayed through performance metrics and response plots. In
“Fig. 77, we provide a thorough analysis of the neural network
model's performance through four distinct curves representing
different datasets. The 'Training' curve, marked by an
impressive correlation coefficient (R) of 0.99815, showcases
the model's remarkable ability to discern the inherent patterns
within the training dataset. Similarly, the 'Validation' curve,
with an R value of 0.99803, demonstrates the model's robust
generalization to new, unseen data. The 'Test' curve, boasting
an R of 0.99781, signifies the model's proficiency in
maintaining high predictive accuracy on an independent test
dataset. Finally, the 'All' curve, encapsulating the combined
information from training, validation, and test datasets,
displays a remarkable R of 0.99806, affirming the model's
overall strength in capturing the underlying relationships
present in the entire dataset. These high correlation
coefficients across all datasets suggest that the neural
network's predictions closely align with the actual values,
emphasizing the model's efficacy in learning and generalizing
from the given data.

An example illustrating the comparison between
predicted and actual temperatures is presented in “Fig. 8”,
specifically focusing on the external ambient temperature. In
evaluating the performance of the temperature prediction
model, we computed the mean relative error, which amounted
to approximately 2.1745%. This metric reflects the average
percentage difference between the predicted temperatures and
the actual values over the entire dataset. Importantly, a mean
relative error of this magnitude suggests a relatively small

deviation on average. In the context of temperature prediction,
where precision is often crucial, this value signifies a
commendable level of accuracy. Generally, a mean relative
error below 5% is considered acceptable in many applications,
and our result falls comfortably within this range. While there
are specific instances with higher errors, the overall
performance indicates that the model aligns well with the
actual temperature trends.

Training: R=0.99804 Validation: R=0.99851
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Fig. 7. Neural network performance analysis.

en
=

I I
Predicted Temperature

840- Actual Temperature -
°
0
5%
£
32D* o
£
g1

0 | | | | | | |

LU0 G N N S VS L S/ T Y S - I I -
PAMPT AN @y W R o W gt gt e o

Fig. 8. Contrast between predicted and real temperatures.
4.2. Envelope Model Validation

The procedure involves selecting several consecutive
days, applying the measured outside wall temperatures to the
model, and comparing the simulated data with the collected
data on the opposite side. The parameters of the wall model
are adjusted iteratively until an error lower than a specified
threshold (omin) is achieved. This adjustment process is
repeated for different days, and the average of the obtained
values is calculated. The objective is to align the temperature
profiles of the model as closely as achievable with the
experimental temperature profiles.

Recorded thermocouple values are compared with model
predictions, as shown in “Fig. 9” for three days in February
and April. Despite visual differences, the profiles exhibit good
agreement. Discrepancies are attributed to sensor positioning
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and disturbance caused by surface-mounting sensors, which
disrupt the phenomena they are supposed to record [22]. The
small differences are also influenced by the sensors'
positioning in the middle of the walls, affecting the accuracy
of values obtained. This is particularly noteworthy since the
model provides average values, while thermocouples record
punctual values. The maximum difference of 1°C occurs on
the flat glass of the window in February. Agreement is most
pronounced in the moderate season (April).
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Fig. 9. Envelope model validation.

4.3. Analysis of the Model's Performance

Curves in “Fig.10” show the temperatures’ profiles
evolution, during two consecutive days, through the different
wall components envelope, and windows surface. Recorded
outdoor and indoor temperature data, Text and Tin, are the
current input data. Simulation of dynamic window and wall
layers temperatures are illustrated to analyze their evolution
by taking advantage of the fine discretization allocated by the
model. The intermediate curves, between the exterior
temperature and the interior temperature ones, illustrate the
heat evolution through the glass of the window “Fig 10 a”. Its
shape is more influenced by that of the exterior than of the
interior temperatures. The values obtained are also closer to
the outside temperatures. This difference is more noticeable
when their values begin to rise, which would generate
significant losses following the increase in the thermal
gradient between the interior atmosphere of the room and the
windows. A zoom carried out on the glazed part of the
window, highlights the effect of the fine discretization of the
modelling.

The temperature curves through the thicknesses of the
layers constituting the opaque surface of the east wall are
illustrated in “Fig.10 b”. The different layers’ temperature
resulting both from the temperature gradients between the
inner ambient atmosphere and the external ambient ones as
well as from the combined influence of the wall layers
thickness and their thermo-physical characteristics. However,
when the outside temperature begins to drop, from 5 p.m. to 7
p.m., the profiles obtained become nearly close for the two
external layers and display temperatures higher than that of the
outside. On the other hand, no changes are observed for the
other layers. This behaviour is the result of the thermophysical
characteristics of the external constituents’ part of the wall. In

addition to the insulation effect of the air gap layer (thickness
6 cm). Thus, despite the high external temperature, the
difference between the indoor ambient room temperature and
the internal wall face is about 1.7°C. “Figures 10 ¢ and d”
depict the different layer temperatures of the north wall and
the south wall respectively. The curves obtained are for both
walls at intermediate values between the inside ambient
temperature of the laboratory room and those of the other
walls’ sides. At temperatures practically close on either side
of the two walls, the difference between the two faces of the
north wall is 2.5°C for a thickness of 10 cm in bricks and
mortar. Whereas, for the south wall this difference is about
4.5°C for the total thickness of 4,3cm composed by gypsum
plasterboards and polystyrene. On the other hand, the
difference between the indoor ambient room temperature and
the internal wall faces is about 2°C and 0.5°C for the north and
the south wall respectively. This reflects the insulation effect
of the south wall compared to the north one. The profile
temperatures obtained through the west wall are depicted on
“Fig.10 e”. The outside temperatures registered at the corridor
have a range value between those of the external temperatures
registered from the external roof side and the external
temperatures registered from the external wall east side. Even
though it is ventilated the glass partition influences the rise of
the corridor temperature. The maximum values registered are
35°C; 36°C and 32.5°C respectively. During working hours,
the internal face temperature rises but the delayed effect on
indoor temperatures is slightly observed in the evening. The
difference between the indoor ambient room temperature and
the internal wall face varies between 1°C and 2°C. Unlike all
other room envelope walls, only the roof, “Fig. 10 f”, has
particular temperature profiles. Unlike all other room
envelope walls, only the roof, shown in “Fig. 10 f”, exhibits
particular temperature profiles. From 11 p.m. to 9 a.m., when
the outside temperature matches that of the room, the
temperatures of the different layers (from the outside to the
inside) decrease to become lower than or equal to the ambient
temperature inside the room. These layers dissipate heat
towards the outside atmosphere, cooling down without
affecting the ambient temperature inside the room. During the
time interval between 9 a.m. and 9 p.m., which includes the
working period, only the layers of plaster, brick, and the slab
reach a temperature that is slightly closer to the ambient
temperature of the room.

Based on the temperature profiles observed, we can
conclude a ranking of the various possible energy losses of the
envelope. Contrary to common belief, the roof is not the part
of the envelope through which heat loss is greatest. In fact,
buildings' roofs generally receive a significant amount of solar
radiation. However, the material composition and design of
the roof, as well as the application of shiny and reflective
materials and installed photovoltaic panels, play important
roles. The former influence insulation and solar radiation
reflection, respectively, while the latter contribute to a shading
effect.

Likewise, if we consider the other envelope components,
the north, east, and west walls, in addition to the glazed
surfaces, are not in thermal equilibrium with the air inside the
room, representing sources of energy loss.
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Fig. 10. Temperatures profiles through the different envelope
component’s layers for two consecutive days.
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g 2r 1 In the most extreme scenario, where all loads are activated
B30~ ; - and the air conditioner operates continuously, there is a
Ezsm — significant increase in energy consumption. The heat flow
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e S R ——————————— from the electrical equipment, the envelope, and the air
conditioner is illustrated in “Fig. 117, while the energy balance

H— — — — : ; — : Lt is depicted in “Fig. 12”. The heat flow generated by the air
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Time(hours) through the envelope. Consequently, the room reaches thermal
(b) East wall equilibrium, maintaining the set temperature.
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3
Ea- % ] The air conditioner energy consumption is depicted in
a \ ngy " . .
En v W Fig.13". A gradual evo!utlt.)n marked by peaks representing
anﬂﬁ the effect of load application is observed. The consumed
T T e energy reaches 10.5 kWh over a duration of two days. If we
0246 810121161 ZOTizrﬁe(':louf’s)‘ bemzuEen20 assume that the air conditioner operates solely when the
. . ; o
() West wall internal ambient temperature reaches approximately 25°C, for

a duration of 4 hours per day over a period of 5 months as
indicated in “Fig 8”. The annual energy consumption is
expressed as 'Eq. (7)' and amounts to 3150 kWh/year. Taking
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into consideration 5 months of air conditioning operation, with
20 days per month and 6 hours per day.

EAC = P . TannualAC consumption (7)

Where (E4c) is the estimated annual energy consumed by the
air conditioner in [kWh], (P) represents the power of the air
conditioner for one day [kW] and (Tummar AC consumpiion) 1 the
estimated duration of air conditioner operation [h].

1 2 T T T T T T T

-
oo =
T T

Energy (kWh)
P~ o
T

o
T

| | L
0024681012141618202202 6 8 1012141618 20 22 0
Time(hours)

Fig. 13. Air conditioner consumption within a period
of two days.

4.5. Photovoltaic Panel Integration

To reduce reliance on energy purchases from the electrical
grid, we are considering the utilization of photovoltaic power.
A rooftop photovoltaic system (PV) with a total power of
12.75 kWp has already been installed. Further details about
the installation are provided in [23-25]. Only part of the PV
installation corresponding to 2.87 kWp is considered for this
study. The installed photovoltaic system, equipped with a
smart inverter, is programmed to limit injected PV power onto
the distribution network in accordance with European
standards. This feature, known as PV curtailment, offers
several advantages, including improved grid stability and
reduced energy losses.

An evaluation of purchased power considering PV
production is depicted in “Fig. 14”. It is worth noting that the
installed PV panels can fully cover all air conditioner
consumption. Both scenarios are considered: when PV is
curtailed according to FEuropean standards and when
curtailment is not applied, allowing for the utilization of all
available PV power. Even when the curtailment process is
activated, all air conditioner consumption is still covered.
According to “Eq. (8)”, considering a solar production factor
(Fps) as 5 days. The (EPV) is about 5000 kWh/year.

EPV =~ C . Fps . Tannual Sunlight (8)

Where (Epy) is the total energy produced over the course of a
year. [kWh], (C) is the rated power of the solar panels in
kilowatts peak [kWp], (Fjs) is the average daily sunlight hours
and (Tunnual suntighy) 18 the number of hours of sunlight received
in a year.

So, if the curtailed power is reduced to 60% of the
available power, it is still sufficient.

.
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Fig. 14. Purchased power considering PV production
for two days.
5. Conclusion

An integrated approach to data-driven thermal and energy
management modelling of an overheated laboratory within an
educational building in Tunis was carried out. Implemented
predicted data in the simulation of the room model allowed
both thermal and energy behavior. The room model integrate
envelope, loads and air conditioner control subsystems. The
effectiveness of the methodology, which relies on input from
on-site temperature measurements, is validated. The heat loss
from the envelope was determined through an in-depth study
of the thermal behavior of the walls. Analysis of typical days
revealed a high consumption of air conditioning. To address
this, a proposed renewable energy system was installed to
offset the cooling energy required, ensuring independence
from the national electric grid. The study findings indicate that
the predictive model exhibits a slight error margin of
approximately 2%. Additionally, the envelope model
demonstrates an error of less than 1°C, except for the glass
side where it reaches 1°C on the flat glass of the window.
Moreover, the predicted air conditioning consumption derived
from the proposed model provides compelling evidence that
the installed PV system, despite the curtailment mode of PV
functioning, adequately meets the energy demand, ensuring
coverage.
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