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ABSTRACT

The building sector is one of the main energy-consuming sectors in Morocco. In fact, it accounts for 33% of the
final consumption of energy and records a high increase in the annual consumption of energy caused by further
planned large-scale projects. Indeed, the energy consumption of the building sector is experiencing a significant
acceleration justified by the rapid need for the development of housing stock, wich is estimated at an average increase
of 1,5% per year; furthermore, tant is an estimated increase of about 6,4%. In this sense, building constitutes an
important potential source for rationalizing both energy consumption and energy savings through the adoption
of energy efficiency measures. Energy consumption control efforts in the residential building sector involve socio-
economic, technological, and environmental concerns that require sophisticated research. Indeed, different types
of quantitative models have been developed and examined so as to find a solution for the optimizing energy
consumption. In this work, we have highlighted the importance of using solar heaters to reduce energy demand
in terms of the use of domestic hot water. To do this, we have defined the needs and characteristics of a solar
installation of a residential building located in Casablanca through a calculating tool “SOLO 2000” in addition to
the use of multiple linear regression analysis to deduct the impact of irradiation and solar contributions on the
energy demand of the solar installation.
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1 Introduction

The world’ s energy resources are constantly being consumed at a speed that will lead to the
exhaustion of non-renewable resources in the future. It is thus crucial to ensure rational and economic
management of energy. With more than 3000 h/year of sunshine, and irradiation of 5 kWh/m2/day,
Morocco has a significant capacity to produce solar energy.

In this regard, Morocco has adopted an energy strategy based on the development of renewable
energy and energy efficiency, that aims to achieve a primary energy saving of about 12% by 2020 and
15% by 2030 [1]. To implement this strategy, an energy efficiency plan has been put in place covering all
sectors, especially the building sector which has a significant source of energy savings. In this sense,the
public authorities have undertaken a series of actions to optimize energy consumption and promote
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the use of renewable energy at the scale of housing and the city. Within these energy efficiency actions,
we are concerned primarily with integrating solar heaters in housing.

The use of solar thermal energy to produce domestic hot water is one of the major challenges of
the transition to energy-efficient buildings. It is a simple option to reduce fossil fuel consumption and
GHG gas emissions. On the other hand, there is a lack of awareness of the opportunities that solar
energy offers, both by the general population and by the actors of the construction sector.

1.1 Need for Research
In the residential sector, domestic hot water production can represent a significant percentage of

the annual energy consumption. It is essential to note that heating, ventilation, air conditioning, light-
ing, and hot water systems account for more than two-thirds of the buildings’ energy consumption as
is shown in Fig. 1 according to the Moroccan Agency of Energy Efficiency (AMEE) [2]. Nevertheless,
the thermal regulation has not established the minimum energy performance integrating the building
and its equipment. Also, it has not included requirements regarding the installation or production of
energy generated by renewable sources which may be integrated into the structure of the building.
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Figure 1: Distribution of energy used in housing in morocco according to energy and energy efficiency
(AMEE)

For the collective housing buildings located in the Mediterranean climate, the production of
domestic hot water can represent nearly 25% [3] of the energy bill of the dwellings.

However, the integration of solar renewable energy systems in buildings faces several challenges
such as:

• Lack of standardized financial products for energy-efficient buildings and energy renewable
energy equipment;

• Lack of awareness among households, retailers, financial institutions and real estate developers
of the benefits of energy efficiency and renewable energy equipment [4];

• Lack of technical standards and guidelines to support the implementation of existing frame-
work laws for energy efficiency and renewable energy buildings and equipment [4];

• Low prices of conventional energies such as gas and electricity which are heavily subsidized,
thus limiting the solar alternative in terms of reducing the energy bill.
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1.2 Research Objectives
The objectives of this research are as follows:

• Promote the installation of solar water heaters in the collective building in Morocco by
proposing implementation measures adapted to the Moroccan context.

• Estimate the needs for domestic hot water and define the characteristics of the solar installation.

2 Literature Review
2.1 Predictions Models

The development of thermal models is an integral part of the design process, particulary demon-
strating compliance with the building regulations [5]. Thermal modeling of the building is essential for
calculating energy needs for simulation or prediction [6]. The development of tools for simulating
energy performance in buildings makes it possible to have detailed models taking into account
current knowledge of physical phenomena in interactions in the building (envelope, insulation, joinery,
treatment of thermal bridges, systems, fluids, etc . . . ).

The field of research relating to the modeling of buildings and the prediction of energy perfor-
mance involves several scientific fields, namely fields related to physics, focusing on the resolution of
equations simulating the thermal behavior of the building, and those related to mathematics, consisting
of the implementation of a prediction model using machine learning techniques.

In this perspective, the specificity of statistical models as compared to physical methods is
the absence of physical information. No thermal or geometrical parameters; and no heat transfer
equations are required beforehand. The statistical models are essentially based on the implementation
of a function inferred from training data samples representing the behavior of a specific system.

Therefore, such methods are well suited when the physical characteristics of the studied building
are not available. Various statistical techniques are able to generate a predictive model through learning
methods. The major power of these tools resides in the fact that they do not necessitate an extensive
knowledge of the building geometry or complex physical phenomena to extract an appropriate
prediction model. On the other hand, they are completely metrics-based and in cases where collecting
data is challenging, this can become a real problem.

Prediction models are generally grouped into three categories: “white box” models, “black box”
models and “grey box” models [7]. The first is a physical technique and is divided into three different
tools depending on the characteristics of the construction. The “white box” [7] models described
the system explicitly, they are deterministic or knowledge models built from the physical laws that
govern the phenomena involved in the studied system. They allow reproduction of the dynamics of
the buildings but can become very heavy and time-consuming, which is not compatible with a real-
time application.

The second, “black box” model [8], allowes a digital resolution of the problem without providing
any physical interpretation of the system studied. These are empirical models built based on mea-
surements and input/output relationships; they require measurements over a long period to predict
the behavior of the building under several conditions. And finally, the “gray box” models or semi-
physical models combine the physical sense and the spirit of simple models. These are hybrid models
corresponding to semi-physical modeling, which considers the knowledge and the measurements while
remaining of reduced size for a better compromise with the control application (methods of electrical
analogy). This category of models consists of the modeling of the building envelope by electrical
analogy, which makes it possible to understand the structure of the model by a rapid observation
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of the equivalent electrical circuit.These models imply the knowledge of thermal parameters, such as
capacitance and thermal resistance of different orders [9].

2.2 The Chosen Approach for Thermal Modeling
The multiple linear regression model is the most common statistical tool used to study multidi-

mensional data [9]. It is a special case of a linear model and is the natural generalization of simple
regression. The purpose of simple multiple regression is to explain a variable Y with the help of a
variable X(X1, . . . , Xq).

The variable Y is called the dependent variable, or variable to be explained and the variables Xj

(j = 1, . . . , q) are called independent variables, or explanatory variables.

We consider that an endogenous variable is explained by a single exogenous variable, but it is
extremely rare that a single variable can explain an economic or social phenomenon. The general
linear model generalizes the simple regression model with several explanatory variables.

∀t = 1 . . . n yt = a0 + a1x1t + a2x2t + a3x3t + . . . + anxnt + εt (1)

yt : Variable to be explained at date t and xit: Explanatory variable i at date t;

a0, . . . , an: Parameters of the model and n: number of observations;

εt = specification error (difference between the true model and the specified model).

Assumptions and properties of estimators

By construction, the model is linear in X (or on these coefficients) and we distinguish stochastic
assumptions (related to the error ε) from structural assumptions.

- H1: the values XI ,t are observed without error.

- H2: E(εt) = 0, the mathematical expectation of the error is zero.

- H3: E(ε2
t ) = σ 2, the variance of the error is constant ∀t) (homoscedasticity).

- H4: E(εtεt′) = 0 if t �= t′, the errors are uncorrelated (or independent).

- H5: Cov (xit, εt) = 0, the error is independent of the explanatory variables.

With Cov (xit, εt): the covariance between xit and εt.

2.2.1 Matrix Form

The previous writing of the model is not very practical [10]. To simplify the writing of the model
and to facilitate the expression of specific results, we usually use matrix notation. By writing the model,
observation by observation, we obtain:

y1 = a0 + a1x11 + a2x21 + a3x31 + . . . + akxk1 + ε1 (2)

y2 = a0 + a1x12 + a2x22 + a3x23 + . . . + anxk2 + ε2 (3)

yn = a0 + a1x1n + a2x2n + a3x3n + . . . + anxkn + εn (4)

Let Y, in matrix form: Y = Xa + ε (5)
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With Y =
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We notice the first column of the matrix X , composed of 1, which corresponds to the coefficient
a (coefficient of the constant term). The dimension of the matrix X is therefore n rows and k + 1
columns (k being the number of real explanatory variables, i.e., constant excluded).

2.2.2 Estimation and Properties of Estimators

Let the model be in matrix form with k explanatory variables and n observations, represented by
the Eq. (5):

Y = Xa + ε

To estimate the vector a composed of the coefficients a0, . . . an, we apply the Ordinary Least
Squares (OLS) method which consists in minimizing the sum of the squares of the errors:

Min
n∑

t=1

ε2
t = Minε′ε = Min(Y − Xa)(Y − Xa)′ = MinS (6)

With ε′ transpose1 of vector ε.

To minimize this function concerning a, we differentiate 2 S with respect to a:
ds
da

= −2X ′Y + 2XX ′â (7)

So â = (X ′X)−1X−Y (8)

This solution is feasible if the square matrix X ′X of dimension (k + 1, k + 1) is invertible. The
matrix X ′X is the cross-product matrix of the explanatory variables; in the case of perfect collinearity
between two explanatory variables, the matrix X’ X is singular and the OLS method fails [11]. The
equations derived from the relationship:

X ′Xâ = X ′Y (9)

The estimated model is written:

yt = â0 + â1x1t + â2x2t + â3x3t + . . . + ânxnt (10)

With et = yt − ŷt where et is the residual, i.e., the difference between the observed value of the
variable to be explained and its estimated (adjusted) value.

2.2.3 The Generalized Least Squares Method

Consider the general linear model: Y = Xa + ε, in which E(ε′ε) = �ε �= σ 2
ε
I (�ε is of dimension

n ∗ n)).

We want to determine an estimator that has the same properties as the OLS estimator [12]:
unbiased, linear function of Y, and minimum variance. This allows us to best explain the data, and
that is exactly what the ordinary least squares method allows us to do. Indeed, suppose that E ([X]) E
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(ε[X]) = 0 and V (ε[X]) = � which is the covariance matrix of the residuals. Then, it is shown that this
estimator is given by:

â = (X ′�−1X)−1
(
X ′�−1X

)
and �ε = (X ′�−1X)−1 (11)

This estimator is called the Generalized Least Squares (GLS) estimator or the Aiken estimator.

2.2.4 Special Case: The Simple Regression Model

Linear regression is a statistical method used to predict the response of certain systems to their
input factors using polynomial models [13]. It was introduced by Francis Galton in 1886. Several
mathematical models can be used to predict Energy Demand in buildings.

Indeed, Eq. (12) is the linear model; many authors use it, as we will present below. This model
gives satisfactory results as a function of its correlation coefficient and assumes the linear relationship
between the vector of input factors [X] and the response vector [Y]. The linear models take into
account the interaction between the first and second-order factors, respectively. They can be used to
add precision to the response [Y] when independent parameters [X] interact with each other. Finally,
the quadratic model represented by Eq. (14) is used by adding a pure quadratic term to the linear term
in order to focus the response and optimize the prediction.

The multilinear model accurately predicts the Energy Demand of buildings in different climates.
This model will be used in the case of application.

Y = b0 +
n∑

i=1

Xi (12)

Y = b0 +
n∑

i=1

biXi

n∑
i,j=1

b̄ijXiXj (13)

Y = b0 +
n∑

i=1

biXi

n∑
i,j,k=1

b̄ijkXiXjXk (14)

Y = b0 +
n∑

i=1

biXi

n∑
i,=1

b̄iiXi
2 (15)

In addition, in the linear model, the Durbin-Watson (DW) [14] criterion accounts for the
autocorrelation of the absolute errors (residuals ei); which represents the difference between the value
of the response estimated by the model and that calculated by simulation. The DW criterion is given
by the Eq. (16): The DW value converges to zero in the case of a strong correlation between successive
points. If there is a weak correlation between successive points, a random distribution of the error, the
DW value is closer to 2.

DW =
∑N

i=1(ei−1 − ei)
2

∑N

i=1 e2
i

(16)

3 Methodology

This research aims to develop a comprehensive understanding of building thermal modeling
approaches used to identify energy savings or efficiency of buildings. In order to achieve this aim,
firstly, a literature review on the various prediction models has been done. The study of the parameters
of the different categories has been described during this phase to select the appropriate approach to
be used during the modeling and simulation phase.
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Secondly, this has been followed by presenting the chosen prediction model “black box”, which
refers to a regression model for predicting the monthly energy requirement of a solar installation.

Lastly, the different results obtained during the study have been analyzed and suggestions on the
selected solutions have been made.

3.1 Research Approach
3.1.1 Phase 1: Development of-the-Black-Box Model Based on Multiple Linear Regression Analysis

In this part, we have tried to model the energy need of the city of Casablanca during the year.
Based on a multiple regression model.

The regression method attempts to determine the values taken by a variable while taking into
account the influence of the other variables. We will then say that there is a dependent variable and
several independent variables. The model equation is written as:

∀i ∈ [1, n] Yt = b0 + b1x1i + b2x2i + ei (17)

The calculation method adopted as shown in Fig. 2 can be represented as a black box in which we
introduce some parameters: Meteorological data, System data. The method allows for the output of
both Solar Production and Energy Demand.

Input Data

•Metorological data:
ambient temperature

•Characterization of the 
needs:
Hot water consumption
cold water temperature
distribution temperature

•System data :
surfaces and 
characteristics of solar 
collectors
characteristic storage 
volumes

Output Data

• Energy Demand
kWh/year

• Solar Production
kWh/year

Black box model

Figure 2: Schematic diagram of the calculation method

In general cases, the performance of a solar installation is characterized by two criteria: the “solar
production”, the energy production of the installation in (kWh/year), and the “solar coverage rate” in
(%), which is determined as the ratio of the solar production to the Energy Demand of the hot water
station.

3.1.2 Phase 2

Building description

The existing building subject of the study is a collective housing building, located in Casablanca.

Location

The choice of the location must satisfy several different parameters. To get the maximum amount
of sunlight, you must take into account.

- The orientation of the collectors;
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- The inclination of the collectors;

- The risks of shading on the collectors.

Parameters

- Latitude of Casablanca: 33°34;

- Number of housing 16;

- Number of persons from 4 to 6 persons per housing;

- Installation:

• The surface of solarcollectors: 70 m2

• The inclination: 30/Horizontal
• The orientation: 0/South

The data collection was conducted based on the meteorological stations and the description of the
building’s characteristics: the location of the building, the number of occupants. In addition, we have
used a calculation tool SOLO 2000 [15] in order to dimension solar thermal installations and determine
their pefomances. The SOLO method has been ported to several easy-to-use computer applications
and provides access to weather data from a large number of countries. This application was developed
with the support of The Agency for Ecological Transition (ADEME ) [16] about ten years ago.

The Table 1 represents the global calculation results of the simulation to cover the needs in terms
of domestic hot water.

Table 1: Table of calculation results according to the solo 2000 method

Irradiations
(Wh/m2.day)

Energy
demand
(kWh/month)

Inputs
(kWh/month)

Inputs
(kWh/day)

Rate (%) Volume

January 3812 7569 3556 114,7 47,0 5000
February 4597 6836 3867 138,1 56,6 5000
March 5406 7389 4974 160,4 67,3 5000
April 5985 6976 5241 174,7 75,1 5000
May 6046 7028 5463 176,2 77,7 5000
June 6100 6627 5288 176,3 79,8 5000
July 6337 6668 5529 178,3 82,9 5000
August 6290 6668 5508 177,7 82,6 5000
September 6002 6453 5127 170,9 79,5 5000
October 5019 7028 4659 150,3 66,3 5000
November 4170 6976 3743 124,8 53,7 5000
December 3364 7569 3180 102,6 42,0 5000

The Energy Demand in domestic hot water of the same dwelling can vary from one month
to another according to the nature of the data used: volumes consumed, outdoor and cold water
temperatures. For the months of December and January, with lower solar irradiation values, high
values are recorded in terms of Energy Demand, contrary to the months of July and August, for
example, where a high value of irradiation is recorded, which implies a decrease in the Energy Demand.
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Table 2 shows some main indicators to measure the performance of the solar system.

Table 2: The performance indicators of the solar system

Solar cover rate 67 % Annual solar input 56,135 kWh/an

Annual demand 83,786 kWh/an Annual productivity 802 kWh/m2.an

3.1.3 Phase 3

The graph in Fig. 3, shows in the upper part, the energy needs, the solar production and the
coverage rate for a surface. It can be seen that the needs decrease in summer, while the solar production
and the coverage rate of the collectors increase. The coverage rate is about 80% in summer. It is
necessary to be vigilant with the collectors’s surface to avoid exceeding the needs and provoking a
real risk of overheating the collector.
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Figure 3: Theoretical energy balance of the solar installation of the reference building in Casablanca
City

4 Analysis and Results of Multiple Regression Models

First, all available data were used to develop the model. Then, a selection of predictors was
conducted, based on the p-value that gives an idea of the statistical significance of the variable in
concern. The confidence interval was set at 5% and, therefore, all variables with a p-value less than
0.05 were eliminated.

4.1 Impact of Fluctuations in Endogenous Variables on Energy Requirements
The coefficient of determination is equal to 0,82, 0,98 for the models without constant terms and

constant, hence the need to choose the model that maximizes R2.
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The coefficient of determination (R2 is the linear correlation coefficient r) is an indicator to assess
the ability of a single or multiple linear regression. If the R2 is close to 1, it indicates that the regression
line equation is likely to determine 100% of the variation of the explanatory variables.

R2 = 0, 98, very close to 1, means that the monthly intake and the average daily Irradiation explain
98% of the total variation in Energy Demand.

There are strong positive correlations between Energy Demand and Solar Gain, furthermore.
There is a negative correlation between Energy Demand and Solar Irradiation, as mentioned by the
scatter plot in Fig. 4.

solar.Irradiation
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Energy.demand
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00

45
00
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Figure 4: Scatter plots between solar gain, solar irradiation and energy demand

It has been proven that there is a significant relationship between Energy Demand and Solar Gain.
The p-value of the Irradiation variable is 0,00124, which is less than 0,01, so there is evidence for the
alternation hypothesis.

The Energy Demand equation as a function of Solar Gain and Solar Irradiation is written as:

Energy Demand = 7725, 86 + (1, 46 ∗ Solar Gain) − (1, 44 ∗ Solar irradiation) (18)

In the long term, we observe that the monthly Energy Demand is significantly sensitive to the
monthly Solar Gain and the average daily Solar Irradiation of sensors. Increasing the monthly Solar
Gain by one unit generates a 1,509 increase in monthly Energy Demand. Otherwise, the increase in
daily Solar Irradiation of sensors will decrease Energy Demand by 1,528.
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The results show that increased Solar Irradiation of sensors implies a decrease in energy consump-
tion, which means a decrease in Energy Demand.

There are strong positive correlations between Energy Demand and Irradiation, mentioned by
the scatter plot in Fig. 4. It is concluded that the p-value of the Irradiation variable is 0,00368 which
is less than 0,01. The p-value of the variable Irradiation is 0,00124; this, is less than 0,05 (5%) so there
is evidence of the alternation hypothesis: there are negative correlations between Energy Demand and
solar irradiation.

4.2 Residual Study
Residual: The residual (e) is a measure obtained [17], as a difference, between the real value of the

dependent variable (target) (y) and the value predicted value (ŷ) using a model. Each data point has a
residue. The sum and average of the residuals in a regression model are almost equal to zero.

Residual = Observed value − Predicted value or e = y − ŷ (19)

The examination of the residuals is an essential step in linear regression. This step relies mainly
on graphical methods proposed by the R software.

The Moustache Box, is a simple diagram used to represent the distribution of a variable. This
diagram is composed of a rectangle that lies between the first and third quartile. The rectangle is
divided by a line that corresponds to the median.

The purpose of the whisker box is to represent the center and distribution of the data. It is also a
visual tool for checking normality or for identifying points that could be outliers or extremes.

Table 3 presents statistics related to residuals, which is an important tool for checking whether
a multiple regression has achieved its objective, while explaining as much variation as possible in
a dependent variable. It confirms that the mean of the residuals is equal to 0, which confirms the
hypotheses (H1, H2 cited before). Moreover, the analysis of the residuals made it possible to have a
global vision of what remains after having explained the variation of the dependent variable, that is to
say the unexplained variance.

Table 3: Residual statistics

Minimum Maximum Average Typical deviation N

Prediction 6568,95 7527,32 6982,25 335,409 12
Residual −276,148 215,079 0 149,537 12
Prediction
error

−1,232 1,625 0 1,000 12

Residual Error −1,670 1,301 0 0,905 12

The continuous black horizontal line, in our case, represents the median. Fig. 5 shows that the
average of the residuals is equal to 0.

The residuals test has been well revised as shown in Table 3 above , and we even added the residuals
statistics table in order to show that the mathematical expectation of the residuals is zero.
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Figure 5: Box plot of residual

4.3 Estimation of the Energy Demand Model
The figure shows the comparison between the evolution of the Energy requirement and the

estimate Energy Demand by the multiple regression model.

The graph in Fig. 6 represents the evolution of Energy Demand and the Estimate Energy Demand,
we can see that the evolutions are almost similar and this is due to the reduced error term, which proves
that the model is good.

Figure 6: Evolution of energy demand and estimate energy demand

The coefficient of determination is equal, respectively to 0,82 for the models without term constant
and 0,98 for the models with constant. From where the need to choose the model that maximizes R2.

R2 = 0,98 very close to 1, means that the monthly intake and the average daily irradiation Sensors
can explain 98% of the total variation in Energy Demand.
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5 Discussion and Conclusions

Morocco’s climatic conditions are exceptionally suitable for taking advantage of solar energy.
The regions where most of the country’s population is located have solar radiation of more than
1800 kWh/m2 per year, a resource more than able to cover a large part of the domestic hot water
needs of the residential sector.

The use of solar energy for the production of domestic hot water in the collective residential sector
in Morocco is only starting, and the number of achievements is still tiny.

This paper has provided a description of the main approaches to modeling the thermal behavior
of buildings. We have proposed a review of black-box, white-box, and gray-box building system
modeling approaches and prediction methods for improving the energy efficiency of buildings. The
proposed approaches lead to mathematical models that can be used for the calculation of overall energy
consumption; and energy demand in buildings.

The aim of this study is to develop a simple model allowing a user to predict the Energy Demand of
a solar installation in Casablanca, without going through complex physical models. As demonstrated
by the results above, the multiple linear regression allows having results quite acceptable, with an
average absolute error percentage of less than 5%. Thanks to its simplicity of implementation and
speed.

It should be noted that many elements must be taken into account in the design and implemen-
tation of a solar installation in a residential building: domestic hot water needs, meteorological data,
and the objectives of solar coverage sought.

The most effective way to increase the use of Solar Energy in the residential sector would be to
generalize this type of installation in new buildings, by requiring the consideration of this technology
from the design phase and undertaking the appropriate measures to encourage the progressive
generalization of these installations to all existing buildings. Among these measures, we can mention
regulatory measures such as the development of national, and regional regulation for the obligation
of solar thermal, direct financial incentives (direct subsidy), also the promotion of a mature market of
solar thermal considering the real needs of households and finally the emergence and strengthening
of a culture of energy efficiency in the building sector.
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