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Abstract—Bayesian networks are now considered to be a 

promising tool in the field of energy with different applications. In this 
study, the aim was to indicate the states of a previous constructed 
Bayesian network related to the solar energy in Egypt and the factors 
affecting its market share, depending on the followed data distribution 
type for each factor, and using either the Z-distribution approach or the 
Chebyshev’s inequality theorem. Later on, the separate and the 
conditional probabilities of the states of each factor in the Bayesian 
network were derived, either from the collected and scrapped historical 
data or from estimations and past studies. Results showed that we 
could use the constructed model for scenario and decision analysis 
concerning forecasting the total percentage of the market share of the 
solar energy in Egypt by 2035 and using it as a stable renewable source 
for generating any type of energy needed. Also, it proved that 
whenever the use of the solar energy increases, the total costs 
decreases. Furthermore, we have identified different scenarios, such as 
the best, worst, 50/50, and most likely one, in terms of the expected 
changes in the percentage of the solar energy market share. The best 
scenario showed an 85% probability that the market share of the solar 
energy in Egypt will exceed 10% of the total energy market, while the 
worst scenario showed only a 24% probability that the market share of 
the solar energy in Egypt will exceed 10% of the total energy market. 
Furthermore, we applied policy analysis to check the effect of 
changing the controllable (decision) variable’s states acting as 
different scenarios, to show how it would affect the target nodes in the 
model. Additionally, the best environmental and economical scenarios 
were developed to show how other factors are expected to be, in order 
to affect the model positively. Additional evidence and derived 
probabilities were added for the weather dynamic nodes whose states 
depend on time, during the process of converting the Bayesian network 
into a dynamic Bayesian network. 
 

Keywords—Bayesian network, Chebyshev, decision variable, 
dynamic Bayesian network, Z-distribution. 

I. INTRODUCTION 
NERGY consumption has been increasing rapidly in the 
whole world over the past years [1] due to the technology 

revolutions that we have been living in. This led to unstoppable 
seeking for an energy source that is not just cannot be depleted 
by using, but also an environmentally friendly source. In this 
context, we consider here the conditions under which we can 
depend on a reliable renewable source in Egypt. Systems 
depending on renewable energy sources play an important role 
nowadays in the development and the economic growth of 
countries, several studies [2]-[6] presented the positive impacts 
of using renewable energy; whether socially, economically, 
politically or environmentally. It was also indicated that 
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renewable energy will be cheaper and has more potential for 
growth in the upcoming decades. 

Lots of researches and studies [7]-[20] showed how Bayesian 
Networks (BN) are considered to be a promising and 
depending-on tool in the field of renewable and non-renewable 
sources with potential applications. They are useful for time 
series prediction, classification, and decision making; they are 
also recommended when there is a lot of missing data or 
uncertainty in a model. 

Based on our previous work [21], this study is focusing 
specifically on the solar energy in Egypt, as it is considered to 
be one of the strongest and richest countries with the solar 
energy. 

Fig. 1 [21] shows the final previously constructed BN with 
its analyzed factors and relationships. Based on the ARIMA/ 
SARIMA models in [21] which were constructed for the 
quantitatively factors, the resulted forecasted values can be used 
to act as the threshold of the states in each node. A one-time 
step was added in the forecasted models that were developed in 
[21] for a few factors, as they were found to be one year behind; 
these factors are: Oil Reserves, GDP per capita, Humidity, and 
Pollution & Sand Storms (which is based on Wind & Gust). 
Figs. 2-9 show their updated forecasted curves, respectively. 
Also, the market share of solar energy was found to be better 
estimated as 10% by 2035, rather than 25%. Therefore, the final 
forecasted (estimated) values of our 11 quantitatively factors 
and the categories of the 3 qualitatively factors are shown in 
Table I. 

II. METHODOLOGIES 
According to the behavior of any normal distributed data set, 

it is proved that approximately 68% of this data fall within one 
standard deviation from the mean, while 95% fall within two 
standard deviations from the mean, and finally around 99% fall 
within three standard deviations from the mean [22]. Z-
distribution is considered to be a special member of the normal 
distribution family; also known as standard normal distribution. 
It is used to find probabilities and percentiles for normal 
distribution data; it has a mean 0 and standard deviation 1. The 
number of standard deviations in which a particular value falls 
around the mean, whether above it or below it, is called Z-value. 
The basic z-value for a sample data set; is calculated as: 

 =  (  )  
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Fig. 1 Structure of the BN [21] 

 

 
Fig. 2 Oil Reserves (barrels/year) in Egypt vs Year, using ARIMA (1, 

1, 0) 
 

 
Fig. 3: GDP per Capita (dollars/year) in Egypt vs Year, using 

ARIMA (1, 1, 1) 
 

Where, the percentage in front of the z-value, in the standard 
normal distribution table, represents the area to the left of the z-
value. Fig. 20 in the appendix, shows a copy of the Z-standard 
normal distribution table. 

In the case of a data set that does not follow a normal 
distribution; a different amount could be within one standard 
deviation. Chebyshev’s inequality is used to calculate what 
percentage of data fall within K standard deviations from the 
mean [23]. The theory states that, at least 1 −  of a sample 
data must fall within K standard deviations from the mean,  

 
Fig. 4 Humidity (%) in Egypt vs Week, using SARIMA (1, 1, 1) (1, 

1, 1) (52) 
 

 
Fig. 5 Forecasted Humidity (%) in Egypt vs Week, using SARIMA 

(1, 1, 1) (1, 1, 1) (52) 
 

Where K is any positive real number greater than one. Taking 
some values for example, to illustrate this theory: 
 
 For K = 2, we have 1 −  = 1 −  =  = 75%. So, it means 

that at least 75% of the data values of any distribution must 
be within two standard deviations of the mean. 

 For K = 3, we have 1 −  = 1 −  =  = 89%. So, it means 
that at least 89% of the data values of any distribution must 
be within three standard deviations of the mean. 

 

  2020          2022         2024        2026         2028        2030         2032        2034       2036
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Fig. 6 Gust (km/hr) in Egypt vs Week, using SARIMA (1, 1, 1) (1, 1, 

1) (52) 
 

 
Fig. 7 Forecasted Gust (km/hr) in Egypt vs Week, using SARIMA (1, 

1, 1) (1, 1, 1) (52) 
 

 
Fig. 8 Wind (km/hr) in Egypt vs Week, using SARIMA (1, 1, 1) (1, 

1, 1) (52) 
 

 
Fig. 9 Forecasted Wind (km/hr) in Egypt vs Week, using SARIMA 

(1, 1, 1) (1, 1, 1) (52) 
 
 

TABLE I 
FORECASTED VALUE/CATEGORIES OF THE FACTORS IN OUR BN 

Factor Forecasted Value/Categories 
Energy Consumption 2440 kW.h/person 

Oil Production 707 barrels/day 
Oil Price 1 dollar/liter 

Oil Reserves 5127841320 barrels/year 
GDP per Capita 3710 dollars/year 

Personal Income Tax Rate 24% 
Humidity 50% 

Pollution & Sand Storms Wind = 25 km/hour & Gust = 37 km/hour 
Agriculture Production 15% 

Water Saving 25% 
Market Share of Solar 

Energy 10% of the total energy market 

Irradiance Increased/Stable/Decreased 
Total Costs Increased/Unchanged/Decreased 

Government Regulations Changed/Unchanged 
 

 For K = 4, we have 1 −  = 1 −  =  = 93.75%. So, this 
shows that at least 93.75% of any data values that follow 
any distribution have to be within two standard deviations 
of the mean [23]. 

Let X be a random variable with mean μ and variance σ , to 
calculate the probability of X using the Chebyshev’s inequality, 
there are two main cases: 
 Two-sided Chebyshev:  

 ( < < ) = − < ≥ 1 − ( )( )   ℎ , = − + , = + ,   > 0 
 

 One-sided Chebyshev: 
 ( ≥ + ) ≤  ,  >   ( ≤ − ) ≤  ,  <   

 
The Chebyshev’s inequality theorem has been used in a lot 

of studies, journals and books [24], in order to deal with non-
normal distribution data probabilities. 

A Python library is a reusable code that developers could 
include in their programs. Unlike other programming languages 
like C++ or C, Python libraries are not related to a specific 
context. A ‘library’ easily describes a collection of the basic 
modules.  

The Python standard library is a collection of syntax and 
semantics of the Python programming language. It is written in 
C, and handles the main functionality like input/output and 
more than 200 core modules. This library is attached to any 
Python executing command, but in addition to it, there are lots 
of other libraries that can be accessed by importing them in the 
code. Followed by this, we are going to introduce the main 
libraries that were used in our study: 

A. Python Pandas 
Python Pandas is considered to be the godfather of all the 

Python libraries; it is an essential step in the data-science. It is 
used in importing and reading data from spreadsheets (.csv 

     2020      2022      2024        2026       2028        2030       2032      2034       2036 

        2020   2022         2024        2026         2028     2030         2032      2034       2036 
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files), also for processing and analyzing time-series data. It is 
capable of providing fast and flexible modules to work with 
structured (tabular, multidimensional… etc.) and time-series 
data. 

B. Numerical Python (NumPy) 
Numerical Python (NumPy) is usually used with Pandas for 

advanced data analysis. It includes math functions and a 
scientific computing package, which helps in facilitating 
numeric computations. 

C. Python’s Iteration Tool (Itertool) 
Python’s iteration tool (Itertool) is a module that provides 

multiple functions that work on iterators (for loop, while 
loop…etc.) to produce complex calculations. It works in a fast 
and memory-efficient technique, which results in calculating 
iterator algebra. 

GeNIe modeler is a graphical user interface (GUI) that is 
used for building graphical decision-theoretical and network 
models. Its name and its uncommon capitalization were 
generated from the name Graphical Network Interface, it also 
allows interactive model building and learning. Structural 
modeling, inference, and learning engine (SMILE) is a 
reasoning platform engine that contains functions responsible 
for implementing graphical probabilistic and decision theoretic 
models, such as BN and Influence diagrams. GeNIe is 
considered to be the GUI of a SMILE engine, as if it is the front 
end and SMILE is the robust and running back end. 

BN updating is also known as Belief updating or Bayesian 
inference, it is usually used to compute the impact of observing 
the values of a specific subset of the network variables, on the 
probability distribution over the other dependent variables. The 
techniques used in the Bayesian updating differs, based on the 
chosen algorithm; whereas GeNIe offers a collection of 
algorithms depending on the type of the variables in the BN, 
whether discrete, continuous, or hybrid models. 

Sensitivity analysis is a technique that is used to help validate 
the probability parameters in BN, to check the highly effective 
and sensitive ones. It is usually done by analyzing the effect of 
small changes in the nodes’ probabilities on the post 
probabilities of the output or the target nodes. GeNIe 
implements an algorithm [25] that performs simple sensitivity 
analysis in BN. It works by calculating a set of derivatives for 
the posterior probabilities of the output or target nodes over 
each probability of the BN, these derivatives show the 
importance of the parameters in calculating the posterior 
probabilities of the targets. If the derivative is large for a 
specific parameter; then a small deviation in this parameter, 
leads to a large difference in the posterior probabilities of the 
targets. 

III. STATES OF THE NODES IN OUR BN 
Despite our published work in [21]; determining the states of 

each node in the constructed BN will be based on the 
distribution type of each factor. The historical data were 
scrapped from multiple sources [26]-[32]. 

A. Energy Consumption 
Based on the collected historical data of the Energy 

Consumption factor [30] that was analyzed in [21], it was found 
that it follows a normal distribution curve with mean 
1255.656671 kW.h/person and that’s why we will use the Z-
distribution theorem which according to its characteristics, we 
will divide the states of the Energy Consumption node into: 

 (   ≤ 2440 . ℎ/ ) (   > 2440 . ℎ/ ) 
B.  Oil Production 
Based on the collected historical data of the Oil Production 

factor [28] that was analyzed in [21], it was found that it does 
not follow a normal distribution curve and has mean equals to 
562.3568 barrels/day and that is why we will use the 
Chebyshev’s inequality theorem. According to its 
characteristics, we will divide the states of the Oil Production 
node into: 

 (   ≥ 707 / ) (   < 707 / ) 
C.  Oil Price 
Based on the collected historical data of the Oil Price factor 

[26] that was analyzed in [21], it was found that it does not 
follow a normal distribution curve and has mean equals to 
0.651972728 dollar/litre and that’s why we will use the 
Chebyshev’s inequality theorem. According to its 
characteristics, we will divide the states of the Oil Price node 
into: 

 (   ≥ 1 / ) (   < 1 / ) 
D. Oil Reserves 
Based on the collected historical data of the Oil Reserves 

factor [29] that was analyzed in [21], it was found that it follows 
a normal distribution curve with mean 4223796697.38724 
barrels/year and that’s why we will use the Z-distribution 
theorem which according to its characteristics, we will divide 
the states of the Oil Reserves node into: 

 (   ≤ 5127841320 / ) (   > 5127841320 / ) 
E.  GDP per Capita 
Based on the collected historical data of the GDP per Capita 

factor [27] that was analyzed in [21], it was found that it follows 
a normal distribution curve with mean 1992.07204608194 
dollars/year and that’s why we will use the Z-distribution 
theorem which according to its characteristics, we will divide 
the states of the GDP per Capita node into: 

 (    ≤ 3710 / ) (    > 3710 / ) 
F.  Personal Income Tax Rate 
Based on the collected historical data of the Personal Income 
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Tax Rate factor [31] that was analyzed in [21], it was found that 
it follows a normal distribution curve with mean 
22.7544471666667% and that’s why we will use the Z-
distribution theorem which according to its characteristics, we 
will divide the states of the Personal Income Tax Rate node 
into: 

 (     ≤ 24%) (     > 24%) 
G.  Humidity 
Based on the collected historical data of the Humidity factor 

[32] that was analyzed in [21], it was found that it does not 
follow a normal distribution curve and has mean equals to 
47.3318368629266% and that’s why we will use the 
Chebyshev’s inequality theorem. According to its 
characteristics; since the mean is smaller than the forecasted 
value, we will divide the states of the Humidity node into: 

 (  ≥ 50%) (  < 50%) 
H. Pollution & Sand Storms 
As it was explained before in [3], the Pollution & Sand 

Storms node will be represented using two factors which are 
Gust and Wind. So, we have to get their states first and then 
merge them together in the main Pollution & Sand Storms node. 

i) Wind 
Based on the collected historical data of the Wind factor [32] 

that was analyzed in [21], it was found that it does not follow a 
normal distribution curve and has mean equals to 
18.1483649611563 km/hour and that’s why we will use the 
Chebyshev’s inequality theorem. According to its 
characteristics; since the mean is smaller than the forecasted 
value, we will divide the states of the Wind node into: 

 (  ≥ 25 /ℎ ) (  < 25 /ℎ ) 
ii) Gust 
Based on the collected historical data of the Gust factor [32] 

that was analyzed in [21], it was found that it does not follow a 
normal distribution curve and has mean equals to 
24.9476576107678 km/hour and that’s why we will use the 
Chebyshev’s inequality theorem. According to its 
characteristics, we will divide the states of the Humidity node 
into: 

 (  ≥ 37 /ℎ ) (  < 37 /ℎ )  
By merging all the possible combinations of the Gust & 

Wind together, the final states of the Pollution & Sand Storms 
node will be divided as follows: 

 (  < 25 /ℎ  &  < 37 /ℎ )  (  < 25 /ℎ  &  ≥ 37 /ℎ )  (  ≥ 25 /ℎ  &  < 37 /ℎ )  (  ≥ 25 /ℎ  &  ≥ 37 /ℎ )  

İ.  Agriculture Production 
According to the forecasted value of the agriculture 

production percentage in 2035 as shown in Table I, it was 
assumed that it follows a normal distribution which leads to 
dividing the states into: 

 (   ≤ 15%) (   > 15%) 
J.  Water Saving 
According to the forecasted value of the water saving 

percentage in 2035 as shown in Table I, it was assumed that it 
follows a normal distribution which leads to dividing the states 
into: 

 (   ≤ 25%) (   > 25%) 
K.  Market Share of Solar Energy 
According to the forecasted value of the market share of the 

solar energy percentage with respect to the energy market in 
2035 as shown in Table I, it was assumed that it follows a 
normal distribution which leads to dividing the states into: 

 (  ℎ     ≤ 25%) (  ℎ     > 25%)  
As for the discrete qualitative categorized factors as was 

illustrated in Table I, states will be divided qualitatively not 
numerically. 

L.  Irradiance ( =  ) ( = ) ( =  ) 
M.  Total Costs (  =  ) (  = ℎ ) (  =  ) 
N.  Government Regulations (  =  ℎ ) (  = ℎ ) 
IV. INDEPENDENT PROBABILITIES OF THE BN FACTORS 

A.  Energy Consumption 
Since the historical data of the Energy Consumption factor 

followed a normal distribution curve; we used the Z-table for 
determining the probabilities of each state calculated as: 
 (   ≤ 2440 . ℎ/ ) 

 =   − =  2440 −  1255.65667093692706.304054398271= 1.676818 
 (  ≤ ) =  0.9535 
 ∴ (   ≤ 2440 . ℎ/ ) ≅ 0.95 
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 (   > 2440 . ℎ/ ) = 1 −0.95 = 0.05 

B.  Oil Production 
Since the historical data of the Oil Production factor did not 

follow a normal distribution curve; we used the Chebyshev’s 
inequality theorem for determining the probabilities of each 
state, calculated as: 
 (   ≥ 707 / ) 

 = ( ) =  .. (  . ) =0.728268352 ≅ 0.73  
 

 (   < 707 / ) = 1 − 0.73 = 0.27 

C.  Oil Price 
Since the historical data of the Oil Price factor did not follow 

a normal distribution curve; we used the Chebyshev’s 
inequality theorem for determining the probabilities of each 
state calculated as: 
 (   ≥ 1 / ) 

 = ( ) =  .. (  . ) =0.340324249 ≅ 0.34  
 

 (   < 1 / ) = 1 − 0.34 = 0.66 
D.  Oil Reserves 
Since the historical data of the Oil Reserves factor followed 

a normal distribution curve; we used the Z-table for determining 
the probabilities of each state, calculated as: 
 (   ≤ 5127841320 / ) 

 =    =   .. =1.245734  
 (  ≤ ) =  0.8944 ∴ (   ≤ 5127841320 / ) ≅ 0.89 

 
 (   > 5127841320 / ) = 1 −0.89 = 0.11 

E.  GDP per Capita 
Since the historical data of the GDP Per Capita factor 

followed a normal distribution curve; we used the Z-table for 
determining the probabilities of each state calculated as: 
 (    ≤ 3710 / ) 

 =    =   .. = 1.738107  
 (  ≤ ) =  0.9591 ∴ (    ≤ 3710 / )  ≅ 0.96 
 
 (    > 3710 / ) =  1 − 0.96 =0.04 

F.  Personal Income Tax Rate 
Since the historical data of the Personal Income Tax Rate 

factor followed a normal distribution curve; we used the Z-table 

for determining the probabilities of each state calculated as: 
 (     ≤ 24%)  =    =   .. = 0.615516   (  ≤ ) = 0.7257 ∴ (     ≤ 24%)  ≅ 0.73  
 (     > 24%) = 1 − 0.73 = 0.27 

G.  Humidity 
Since the historical data of the Humidity factor did not follow 

a normal distribution curve; we used the Chebyshev’s 
inequality theorem for determining the probabilities of each 
state calculated as: 
 (  ≥ 50%)  = ( ) =  .. (  . ) =0.892568745 ≅ 0.89   
 (  < 50%) = 1 − 0.89 = 0.11  

H. Pollution & Sand Storms 
The data and calculations of the Pollution & Sand Storms’ 

factor will be based on two sub-factors which are Gust and 
Wind. 

i) Gust 
Since the historical data of the Gust factor did not follow a 

normal distribution curve; we used the Chebyshev’s inequality 
theorem for determining the probabilities of each state 
calculated as: 
 (  ≥ 37 /ℎ ) 

 = ( ) =  .. (  . ) =0.274131128 ≅ 0.27  
 

 (  < 37 /ℎ ) = 1 − 0.27 = 0.73 

ii) Wind 
Since the historical data of the Wind factor did not follow a 

normal distribution curve; we used the Chebyshev’s inequality 
theorem for determining the probabilities of each state 
calculated as: 
 (  ≥ 25 /ℎ )  

 = ( ) =  .. (  . ) =0.355689814 ≅ 0.355  
 

 (  < 25 /ℎ ) = 1 − 0.355 = 0.645 

İ. Government Regulations 
As for the Government Regulations factor, the probability of 

each state was estimated based on experts’ opinions and the 
current unstable state of the governments to be: 
 (  = ℎ ) = 0.8 
 (  = ℎ ) = 0.2 
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V. CONDITIONAL PROBABILITIES OF THE BN FACTORS 
Our main focus is using BN and Bayesian theorem, which 

are based on conditional probabilities, not just independent or 
marginal probabilities. We have to calculate the conditional 
probabilities for each factor in our BN, according to the 
constructed relationships between factors as shown in Fig. 1, 
and by going through the scrapped historical data while 
recording how many times each combination of events has 
taken place. 

Concerning the probabilities regarding the changing of the 
government regulations’ state, they were assumed to be 50/50 
probability, as it is considered to be a new event that did not 
happen before. 

 

A.  Energy Consumption 
The final states of the Energy Consumption factor in the BN 

with an incoming arc to the node from the Oil Price factor are: 
 (   ≤ 2440 . ℎ/ ) | (  < 1 / )  = 1 
 (  > 2440 . ℎ/ ) | (  < 1 / )  = 0 
 (   ≤ 2440 . ℎ/ ) | (  ≥ 1 / )  = 0.9 
 (  > 2440 . ℎ/ ) | (  ≥ 1 / )  = 0.1 

B.  Oil Production 
The final states of the Oil Production factor in the BN with 

an incoming arc to the node from the Government Regulations 
factor are:  
 (   < 707 /) | (   ℎ ) = 0.5 
 (   ≥ 707 /) | (   ℎ ) = 0.5 
 (  < 707 /) | (    ℎ ) = 0.27 
 (  ≥ 707 /) | (    ℎ ) = 0.73 

C.  Oil Price 
The final states of the Oil Price factor in the BN with 

incoming arcs to the node from the Oil Production and the Oil 
reserves factors are:  
 (  < 1 / ) | [ (   ≤5127841320 / )  (  < 707 /)]  =  0  
 (  ≥ 1 / ) | [ (   ≤5127841320 / )  (  < 707 /)]  =  1  
 (  < 1 / ) | [ (   ≤5127841320 / )  (  ≥ 707 /)]  =  0.92  
 (  ≥ 1 / ) | [ (   ≤5127841320 / )  (  ≥ 707 /)]  =  0.08  
 (  < 1 / ) | [ (  >5127841320 / )  (  < 707 /)]  =  0.5  
 (  ≥ 1 / ) | [ (  >5127841320 / )  (  < 707 /)]  =  0.5  
 (  < 1 / ) | [ (  >

5127841320 / )  (  ≥ 707 /)]  =  0.5  
 (  ≥ 1 / ) | [ (  >5127841320 / )  (  ≥ 707 /)]  =  0.5  

D.  Oil Reserves 
The final states of the Oil Reserves factor in the BN with an 

incoming arc to the node from the Oil Production factor are: 
 (   ≤ 5127841320 /) | (  < 707 / )  =  0.89 
 (   > 5127841320 /) | (  < 707 / )  =  0.11 
 (   ≤ 5127841320 /) | (  ≥ 707 / )  =  1 
 (   > 5127841320 /) | (  ≥ 707 / )  =  0 

E.  GDP per Capita 
The final states of the GDP per Capita factor in the BN with 

an incoming arc to the node from the Government Regulations 
factor are:  
 (    ≤ 3710 /) | (   ℎ ) = 0.5 
 (    > 3710 /) | (   ℎ ) = 0.5 
 (    ≤ 3710 /) | (    ℎ ) = 0.96 
 (    > 3710 /) | (    ℎ ) = 0.04 

F.  Personal Income Tax Rate 
The final states of the Personal Income Tax Rate factor in the 

BN with an incoming arc to the node from the Government 
Regulations factor are:  
 (     ≤24%)| (   ℎ ) = 0.5  
 (     >24%)| (   ℎ ) = 0.5 
 (     ≤24%)| (    ℎ ) = 0.73  
 (     >24%)| (    ℎ ) = 0.27 

G.  Humidity 
The final states of the Humidity factor in the BN with 

incoming arcs to the node from the Energy Consumption and 
Pollution & Sand Storms factors are: 
 ( < 50%)| [ (   ≤ 2440 . ℎ/)  (  < 37 /ℎ  &  < 25 /ℎ )]  =0.6  
 (  ≥ 50%)| [ (   ≤ 2440 . ℎ/)  (  < 37 /ℎ  &  < 25 /ℎ )]  =0.4 
 ( < 50%)| [ (   ≤ 2440 . ℎ/)  (  ≥ 37 /ℎ  &  < 25 /ℎ )]  =0  
 (  ≥ 50%)| [ (   ≤ 2440 . ℎ/)  (  ≥ 37 /ℎ  &  < 25 /ℎ )]  = 1 
 ( < 50%)| [ (   ≤ 2440 . ℎ/)  (  < 37 /ℎ  &  ≥ 25 /ℎ )]  =0.88  
 (  ≥ 50%)| [ (   ≤ 2440 . ℎ/)  (  < 37 /ℎ  &  ≥ 25 /ℎ )]  =0.12 
 ( < 50%)| [ (   ≤ 2440 . ℎ/
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)  (  ≥ 37 /ℎ  &  ≥ 25 /ℎ )]  =0.73  
 (  ≥ 50%)| [ (   ≤ 2440 . ℎ/)  (  ≥ 37 /ℎ  &  ≥ 25 /ℎ )]  =0.27 
 ( < 50%)| [ (   > 2440 . ℎ/)  (  < 37 /ℎ  &  < 25 /ℎ )]  =0.5  
 (  ≥ 50%)| [ (   > 2440 . ℎ/)  (  < 37 /ℎ  &  < 25 /ℎ )]  =0.5 
 ( < 50%)| [ (  > 2440 . ℎ/)  (  ≥ 37 /ℎ  &  < 25 /ℎ )]  =0.5  
 (  ≥ 50%)| [ (  > 2440 . ℎ/)  (  ≥ 37 /ℎ  &  < 25 /ℎ )]  =0.5 
 ( < 50%)| [ (  > 2440 . ℎ/)  (  < 37 /ℎ  &  ≥ 25 /ℎ )]  =0.5  
 (  ≥ 50%)| [ (  > 2440 . ℎ/)  (  < 37 /ℎ  &  ≥ 25 /ℎ )]  =0.5 
 ( < 50%)| [ (  > 2440 . ℎ/)  (  ≥ 37 /ℎ  &  ≥ 25 /ℎ )]  =0.5  
 (  ≥ 50%)| [ (  > 2440 . ℎ/)  (  ≥ 37 /ℎ  &  ≥ 25 /ℎ )]  =0.5 

H. Pollution & Sand Storms 
The final states of the Pollution & Sand Storms factor in the 

BN with an incoming arc to the node from the Energy 
Consumption factor are: 
 (  <37 /ℎ  &  <25 /ℎ )| (   ≤2440 .ℎ/ ) =0.9  
 (  ≥37 /ℎ  &  <25 /ℎ )| (   ≤2440 .ℎ/ ) =0.004  
 (  <37 /ℎ  &  ≥25 /ℎ )| (   ≤2440 .ℎ/ ) =0.063  
 (  ≥37 /ℎ  &  ≥25 /ℎ ) | (   ≤2440 .ℎ/ ) =0.033  
 (  <37 /ℎ  &  <25 /ℎ )| (  >2440 .ℎ/ ) =0.25  
 (  ≥37 /ℎ  &  <25 /ℎ )| (  >2440 .ℎ/ ) =0.25  
 (  <37 /ℎ  &  ≥25 /ℎ )| (  >2440 .ℎ/ ) =0.25  
 (  ≥37 /ℎ  &  ≥25 /ℎ ) | (  >2440 .ℎ/ ) =0.25 
İ.  Agriculture Production 
The final states of the Agriculture Production factor in the 

BN with an incoming arc to the node from the Humidity factor 
are: 
   ≤15%|  <50%=0.3  
   >15%|  <50%=0.7 
   ≤15%|  ≥50%=0.7  
   >15%|  ≥50%=0.3 

J.  Water Saving 
The final states of the Water saving factor in the BN with an 

incoming arc to the node from the Humidity factor are: 
 (   ≤ 25%)| (  < 50%) = 0.3  
 (   > 25%)| (  < 50%) = 0.7 
 (  ≤ 25%)| (  ≥ 50%) = 0.7  
 (   > 25%)| (  ≥ 50%) = 0.3 

K.  Market Share of Solar Energy 
The final states of the Market Share of the Solar Energy 

factor in the BN are determined with incoming arcs to the node 
from the GDP per Capita, Personal Income Tax Rate, Oil Price, 
Humidity, and Irradiance factors, which will result in 96 
probabilities. Due to the lack of information in getting all these 
probabilities from historical data and experts, they will be 
assumed based on historical patterns and experts’ expectations. 

L.  Irradiance 
The final states of the Irradiance factor in the BN with an 

incoming arc to the node from the Pollution & Sand Storms 
factor are: 
 ( = )| (  < 37 /ℎ  &  <25 /ℎ )  = 0.93 
 ( = )| (  < 37 /ℎ  &  < 25 /ℎ )  = 0.06 
 ( = )| ( < 37 /ℎ  &  <25 /ℎ )  = 0.01 
 ( = )| (  ≥ 37 /ℎ  & <25 /ℎ )  = 0.05 
 ( = )| (  ≥ 37 /ℎ  & < 25 /ℎ )  = 0.25 
 ( = )| (  ≥ 37 /ℎ  & <25 /ℎ )  = 0.7 
 ( = )| (  < 37 /ℎ  &  ≥25 /ℎ )  = 0.6 
 ( = )| (  < 37 /ℎ  &  ≥ 25 /ℎ )  = 0.3 
 ( = )| (  < 37 /ℎ  &  ≥25 /ℎ )  = 0.1 
 ( = )| (  ≥ 37 /ℎ  &  ≥25 /ℎ )  = 0.01 
 ( = )| (  ≥ 37 /ℎ  &  ≥ 25 /ℎ )  = 0.09 
 ( = )| (  ≥ 37 /ℎ  &  ≥25 /ℎ )  = 0.9 

M. Total Cost 
The final states of the Total Costs factor in the BN with an 

incoming arc to the node from the Market share of the solar 
energy factor are: 
 (  =)| (  ℎ   ℎ    ≤25%  ℎ    ) = 0.8  
 (  =ℎ )| (  ℎ   ℎ    ≤25%  ℎ    ) = 0.15  
 (  =)| (  ℎ   ℎ    ≤25%  ℎ    ) = 0.05  
 (  =)| (  ℎ   ℎ   >25%  ℎ    ) = 0.05  
 (  =ℎ )| (  ℎ   ℎ   >25%  ℎ    ) = 0.15  
 (  =)| (  ℎ   ℎ   >25%  ℎ    ) = 0.8 

N.  Government Regulations 
Concerning the Government Regulations node in the BN; 

since it has no parent nodes, therefore it will only depend on the 
independent probabilities that were discussed in the previous 
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section. Our final BN with all the states and probabilities is 
shown in Fig. 10. 

 

 
 

 
Fig. 10 Final BN with states and probabilities 

 
 

VI. RESULTS & ANALYSIS 
Based on the nature of our BN and its variables, we will be 

using the clustering built-in algorithm in GENIE which is 
known as the fastest exact algorithm in Bayesian updating 
probabilities, in case of not having very large or complex 
network as our case. Fig. 11 shows the updated conditional 
probabilities for each state in our BN using GENIE’s clustering 
algorithm. 

After updating the BN probabilities, we checked the arc’s 
strength of influence between every two connected nodes. The 
thickness of the arcs depends on the strength of influence 
between the connected nodes. It is calculated from the 
conditional probability table of the child node, by measuring the 
distance between the states of the parent node and the 
conditional probability distributions of the child node 
depending on it. The distance is calculated using Euclidean rule 
and each arc is represented by the average of all the 2 nodes 
connected distances. The final strength of influences of all the 
arcs are shown in Fig. 12, the thickness is based on the absolute 
value of the average distance. 

Checking different scenarios of the states that could happen 
in the future and their effect on the market share of the solar 
energy will give us detailed insights about the overall picture 
and this will assist in the decision-making process in the 
renewable energy’s field, especially the solar energy. 

As we have 4 target nodes, which are: Market Share of Solar 
Energy, Total Cost, Agriculture Production, and Water Saving; 
so, we are dealing with the other 10 nodes, which are: Energy 
Consumption, Oil Production, Oil Price, Oil Reserves, GDP 
per Capita income, Personal Income Tax Rate, Humidity, 

Pollution & Sand Storms, Irradiance, and Government 
Regulations that are responsible for the scenario analysis step. 

Using the itertools library in Python, it was calculated that 
we have a total of 3072 possible combinations of states that 
could take place. Since, it would be hard and time consuming 
to check all the 3072 scenarios, so we are going to focus only 
on the scenarios covering the factors that have the highest direct 
effect on the Market share of solar energy. In order to get those 
factors, we checked the rate of change of the Market share of 
solar energy, with changing each state of each factor separately 
and choosing the ones with rate of change, greater than the 
average.  

By getting the absolute total summation of the rate of 
changes, we get 119 as a total and we have 23 different states, 
thus an average of 119/23 = 5.17. Therefore, we are going to 
analyze all the possible combinations of the factors that have a 
rate of change greater than 5.17, which are 5 factors: Energy 
Consumption, Pollution & Sand Storms, Irradiance, Personal 
Income Tax Rate, and GDP per Capita Income. Focusing on 
only these 5 factors, resulted in having only 96 possible 
combinations instead of 3072. 

A. Best Scenario 
Out of the 96 implemented scenarios, the best scenarios for 

the Market share of the solar energy are 4 scenarios which 
resulted in the highest probability of the solar energy having 
more than 10% of the total energy market by 85% probability, 
and that’s when: 
  > 2440 /ℎ /   
    > 3710$/  
    ≤ 24% 
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  &       
   

B. Worst Scenario 
Out of the 96 implemented scenarios, the worst scenario for 

the Market share of the solar energy resulted in the lowest 
probability of the solar energy having more than 10% of the 

total energy market by only 24% probability, and that’s when: 
   ≤ 2440 /ℎ /   
     ≤ 3710$/  
     ≤ 24% 
  < 25 /ℎ  & ≥ 37 /ℎ  
   

 

 
Fig. 11 Updated conditional probabilities in our BN using clustering algorithm 

 

 
Fig. 12 Strength of Influences of Arcs 

 
C. 50/50 Scenario 
Out of the 96 implemented scenarios, there were 6 scenarios 

that ended up with 50/50 probability between the two states of 
the Market share of the solar energy. We could say that 4 of 
these scenarios are much better, as their impact on the 
Agriculture Production and Water Saving factors lead to 50/50 
probability between their states, and that’ when:  

  > 2440 /ℎ /   
     ≤ 3710$/  
    ≤ 24% 
  &       
    

The other 2 scenarios lead to 70% probability of the 
Agriculture Production being ≤15%, and the Water saving 
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being ≤ 25%. 

D. Most Likely Scenario 
Out of the 96 implemented scenarios, the most likely 

scenarios that happened are those scenarios that resulted in 60% 
of the Market share of the solar energy being in the state of ≤10% of the total energy market and 40% being in the state 
of > 10% of the total energy market. They took place 13 
times out of the 96, which is about 13.5%.  

Secondly, the scenarios that resulted in 35% of the Market 
share of the solar energy being in the state of ≤10%  ℎ     and 65% being in the state 
of > 10%  ℎ    . They took place 9 
times out of the 96, which is about 9.4%. 

Using the sensitivity analysis add-in in GeNIe; by indicating 
the Market share of solar energy, Total costs, Agriculture 
production, and Water saving, as our target nodes and applying 
the technique, Fig. 13 shows the BN with the nodes colored 

based on the importance. Nodes colored in red contain factors 
that are the most important in calculating the posterior 
probabilities of the target nodes. 

Fig. 14 illustrates the 10 most sensitive factors for the market 
share of solar energy node with a selected state, greater than 
10% of the total energy market, sorted in a descending order. 
Each bar in the chart represents the range of change in the 
targeted state as the other factors changes (either 10% down or 
10% up), while the color of the bar represents the direction of 
the factors’ change, red means negative and green means 
positive.  

From Figs. 13 and 14, we noticed that the most effective 5 
factors on the target nodes are: Humidity, Pollution & Sand 
Storms, Irradiance, GDP per Capita income, and Personal 
Income Tax Rate, which differs only from the previous 
manually scenario analysis, that we have Humidity, instead of 
Energy Consumption. 

 

 
Fig. 13 Importance of nodes based on Sensitivity analysis in GeNIe 

 

 
Fig. 14 The top 10 effective factors using sensitivity analysis 

0.595 0.6 0.605 0.61 0.615

1: Ir_radiance=Increased | Pollution___sand_storms=Wind_less_than_25kmhr_Gust_less_than_37kmhr

2: Pollution___sand_storms=Wind_less_than_25kmhr_Gust_less_than_37kmh...

3: Taxes=Less_than_or_equal_24_percent | Government_Regulations=Changed

4: GDP_per_ca_pita_income_OR_GDP_per_capita=Less_than_or_equal_3710_dollar_per_year | Government_Regulations=Changed

5: Market_share_of_solar_energy=Less_than_or_equal_10_percent_of_the_total_energy_market | GDP_per_ca_pita_income...

6: Energy_Consumption=Less_than_or_equal_2440_kw _per_hour_person_avg | Oil_price=Greater_than_or_equal_a_dollar_per_litre

7: Market_share_of_solar_energy=Less_than_or_equal_10_percent_of_the_total_energy_market | GDP_per_ca_pita_income_OR_G...

8: Market_share_of_solar_energy=Less_than_or_equal_10_percent_of_the_total_energy_market | GDP_per_ca_pita_income...

9: Market_share_of_solar_energy=Less_than_or_equal_10_percent_of_the_total_energy_market | GDP_per_ca_pita_income_OR_G...

10: Humidity=Less_than_50_percent | Energy_Consumption=Less_than_or_equal_2440_kw _per_hour_person_av...

Current value: 0.60832  Reachable range: [0.594948 .. 0.618386]
Sensitivity for Market_share_of_solar_energy=Greater_than_10_percent_of_the_total_energy_market
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As in any decision problem, there are usually variables 
whose values can be determined or even controlled by the 
decision maker in the process, they are called decision 
variables. In our model, we can use the Government 
Regulations as our controllable (decision) variable, since it is 
mostly only variable that can be controlled somehow. So, by 
checking the impact of each state of the Government 
Regulations node on our 4 target nodes, there was not a major 
difference which proves that our target nodes are mainly 
depending on the other uncontrollable influential factors that 
can be observed with different scenarios. 

In our BN model, as we are observing the Agriculture 
Production and Water Saving as environmental target nodes; 
so, by checking their best scenario that will lead to both of them 
having 100% probability of being in their best state, it was 
found that in terms of environmentally wise it is better for 
Energy Consumption to be ≤ 2440, Humidity to be < 50%, 
Wind to be < 25 km/hour, and Gust to be < 37 km/hour. This 
scenario will result in 62% probability of Market Share of Solar 
Energy to be greater than 10% of the total energy market, and 
thus 52% that Total Costs will decrease.  

In our BN model, we have Personal Income Tax Rate and 
GDP Per Capita acting as the economical nodes; so, by 
checking their best scenario that will lead to both of them 
having 100% probability of being in their best state, it was 
found that in terms of economically wise it is better for Oil 
Production to be ≥ 707 barrel/day, Oil Price to be ≥ dollar/ 

liter, and Government Regulations to change. This scenario will 
result in 74% probability of Market Share of Solar Energy to be 
greater than 10% of the total energy market, and thus 61% that 
Total Costs will decrease.  

VII. DYNAMIC BN 
As for the dynamic BN technique in GeNIe, it works by 

enabling a special construct in the graph view that is called the 
Temporal Plate. This plate divides the graph view into four 
areas as shown in Fig. 15: 
 Temporal Plate: It is considered to be the main part 

representing the dynamic model, it contains the dynamic 
nodes and also shows the number of time steps for which 
inference will be performed. In our case; Humidity and 
Pollution & Sand Storms will be the dynamic nodes. 

 Init Conditions: It is where the anchor nodes are placed, 
which are nodes that have one or more children nodes in 
the temporal plate. In our case; the anchor node is the 
Energy Consumption. 

 Term Conditions: It is where the terminal nodes are placed, 
which are nodes that have one or more parents in the 
temporal plate. In our case; the terminal nodes are: Market 
share of solar energy, Total costs, Agriculture production, 
Water saving, and Irradiance. 

 Contemporals: The part with the static nodes, the area of 
the network view outside the temporal plate window. 

 

 
Fig. 15 Temporal Plate of our DBN in GeNIe 

 
An arc was drawn from each dynamic node (Humidity, 

Pollution & Sand Storms) to itself, representing the impact of 
each state of the node in a given point of time, on being in 
another state in the next point of time. In this case, we chose 

order 1, which indicates that the impact has a delay of 1 week. 
Concerning the number of time steps in the temporal plate, it 

was chosen to be 52 time steps, as we are dealing with weekly 
data which is needed to be used in calculating the percentage at 
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the end of the year. 
As for the dynamic probabilities of each node, the view now 

is different from that of the static nodes; the previously added 
conditional probabilities are now saved as those at (t = 0), while 
at (t = 1) will be depending on the previously state of the node. 
Using Python and the historical weekly data of Humidity, and 
Pollution & Sand Storms, the probabilities were calculated 
between each state and its previous one. 

Similar to normal BN; In a DBN, we can calculate the impact 
of observing specific evidence on the target nodes. GeNIe 
converts the DBN into a BN using the unrolling technique 
according to the specified number of time steps (52 time steps 
in our case) as illustrated in Fig. 16 and updates the probabilities 
normally with the selected updating algorithm. 

By assuming random evidence for the 52 time steps in our 
Humidity dynamic node using random library in Python and 
updating the beliefs (conditional probabilities) in our DBN 

using the clustering algorithm, Figs. 17-19 show the marginal 
posterior probability distribution as a function of time for the 
dynamic node (Pollution & Sand Storms), the posterior 
marginal beliefs as a contour plot with probabilities displayed 
with gradient colors, and the posterior probabilities as a time 
series plot (curved line for every state of the node) respectively. 

Besides dealing with Pollution & Sand Storms as a dynamic 
target node in our DBN, we also considered the Market share 
of solar energy, Total Costs, Agriculture Production, and Water 
Saving as target nodes, to check their resulted updated 
probabilities after entering the evidence of Humidity. The 
results were as follows: Market share of solar energy had 63% 
probability of being > 10% of the total energy market, Total 
Costs had 52% probability of decreasing, while Agriculture 
Production > 15% and Water Saving > 25% with 70% 
probability. 

 

 
Fig. 16 Part of the unrolled DBN 

 

 

 
Fig. 17 Marginal posterior probability distribution of the Pollution & Sand Storms (as a function of time) after updating beliefs 
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Fig. 18 Posterior marginal beliefs distribution of the Pollution & Sand Storms as a contour plot with probabilities displayed with gradient 

colors 
 

 

 
Fig. 19 The posterior probabilities of the Pollution & Sand Storms as a time series plot (curved line for every state of the node) 

 
VIII. CONCLUSION & FUTURE WORK 

BN have been addressed many times in the field of energy, 
due to its accurate and depending results and have become a 
trust worthy tool in different applications. In this study 
continuing on [21], we have focused on deriving the states and 
conditional probabilities of the nodes in our constructed BN 
rather than collecting them, they were based on historical 
patterns and the use of statistical approaches such as Z-
distribution and Chebyshev’s inequality theorem. A few nodes 
were categorized qualitatively in the model, due to the lack and 
hardness of collecting their relative data. 

Using different analysis techniques, the most influential 
factors that might affect the development of the market share of 
solar energy compared to the total energy market were 
determined to be Energy Consumption, Pollution & Sand 
Storms, Irradiance, GDP per Capita, Personal Income Tax 
Rate, and Humidity. Under the conditions of the best scenario, 
the market share of solar energy in Egypt by 2035 can be 
expected to exceed 10% of the total energy market by 85% 
probability, while in the worst scenario, this total probability 
drops to only 24%.  

Applying policy analysis on our controllable decision factor 
which is Government Regulations showed that it does not 
highly affect the target nodes. Also, checking the best 
environmental and economical scenarios, showed which factors 
would affect them positively with how much changes in their 
probabilities. 

Some factors later on were chosen to be dynamic nodes, due 
to their dependency on time for calculating their states’ 
probabilities, which are: Humidity, and Pollution & Sand 

Storms. This led to converting the previously constructed BN 
into a Dynamic BN and applying additional analysis to check 
more accurate results on the chosen target nodes.  

The target nodes that we focused on were chosen to be the 
Market share of solar energy, the total costs of switching to use 
solar energy; in order to prove that: the more we use renewable 
energy, the less its total costs will be. Also, we wanted to 
observe the impact of different scenarios on environmental 
conditions as Agriculture Production and Water Saving. 

As for all the programming Python codes that were 
developed in this paper, they are uploaded on a private Github 
repository [33]. 

This study could be further extended to reach more experts 
in the field of energy, ensuring the analysis’ results to be more 
robust and accurate. Future work may also concerns managing 
more detailed historical data for more accurate forecasted 
values, and collecting data for those factors that we did not have 
the chance to reach their data and were categorized 
qualitatively. Furthermore, with the help of some experts and 
having utility values for the states of the nodes in the 
constructed Dynamic BN; this model could use influence 
diagrams or decision trees, for strong decision making 
capabilities. Finally, and most importantly, our constructed 
model could be used to forecast the market share of solar energy 
in any time with the right probabilities, also it could be modified 
easily to cover any other type of renewable energy and check 
its future impact on the factors. 
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Fig. 20 Z-standard normal distribution table 
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