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Abstract

:

This paper proposes an original multi-criteria decision-making optimization algorithm to select the best solar panels in an existing market and optimally size the photovoltaic (PV) system for an electric vehicle parking lot (EVPL). Our proposed algorithm is called rank-weigh-rank (RWR), and it is compared to the well-known technique for order of preference by similarity to ideal solution (TOPSIS) optimization algorithm under the same conditions for validation purposes. Results show that the speed of our proposed algorithm (RWR) in finding the best solution increases exponentially compared to TOPSIS when the numbers of alternatives and criteria increase. Moreover, 77% is the probability of obtaining results with more than 80% accuracy compared to TOPSIS, which validates the efficiency of our algorithm. In addition, we were able to design an EVPL with a power self-sufficiency ratio of 60.8%, the energy self-sufficiency ratio of 74.7%, and a payback period of 10.58 years. Moreover, the renewable energy-based EVPL was able to reduce the power losses on the network by 95.7% compared to an EVPL without a renewable energy system and improve the voltage deviation.
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1. Introduction


1.1. Motivation and Background


Nowadays, there is a transition in the transportation sector from conventional cars to electric vehicles (EVs) to reduce the carbon footprint [1], and reach the target of zero-carbon emission in societies and cities [2,3]. The transition from conventional cars to EVs implies a transition from a conventional electrical network to a smarter grid [4], which necessitates changes in the electrical and transportation infrastructures. The deployment of EVs in cities and districts has to be accompanied by an expansion of the electrical infrastructure in which new charging stations and parking lots must be built to facilitate the deployment of EVs [5]. However, EVs have large batteries that consume lots of energy during a short period. Hence, they can increase the stress on the electrical network, especially in electric vehicle parking lots (EVPLs) and charging stations, which will increase the technical and financial losses in the distribution system [5,6]. In the presence of thousands of different solar panels (SPs) in the market, it becomes challenging to choose the best alternative for a particular application [7]. For instance, do we select SPs with the highest power generation, the highest efficiency, or the less expensive ones? Does a costly photovoltaic (PV) system produce more energy compared to a cheaper one? Many questions can be asked in which the answer seems not to be possible without using advanced optimal selection tools such as multi-criteria decision-making (MCDM) methods.




1.2. Literature Review


The deployment of renewable energy systems (RESs) has been extensively studied in the last decade [8,9,10,11]. The selection of the RES and its appropriate technologies depend on the location and the size of the project. For a particular RES such as photovoltaics, the market is overwhelmed with different solar panels, which have a wide variety of photovoltaic cell technologies, specifications, and dimensions (e.g., length, width, and thickness). The most important factors to take into consideration when selecting solar panels are the dimension of the SP (short and long lengths, and total area of the panel), cost, efficiency, power rating under standard test conditions (STC), warranty, brand name, quality, technology (e.g., monocrystalline, polycrystalline cells, and thin-film) [12], etc. Also, other external factors play an important role in selecting the best SPs, such as weather data (i.e., ambient temperature, solar irradiance, wind speed), dimensions of the rooftop or the area where the SPs will be installed, energy demand of the consumer, the payback period, the electricity tariff, and many others. Given this, it is complex to select the best solar panels without using a sophisticated algorithm, especially with the existence of hundreds of thousands of different solar panels in the market from many manufacturers.



The integration of PVs in parking lots has become of high interest to many researchers in recent years. Some papers, such as [13], studied the optimal size and siting of hybrid renewable energy sources, including PV, wind turbines, and diesel generators. Based on this distributed generation’s optimal sizing and siting, the authors proposed building a movie theater complex with a plug-in hybrid electric vehicle parking lot. Despite using the genetic algorithm to solve the problem, and despite the authors being able to reduce the power loss and improve the voltage profile, the study is not realistic since buildings are built anywhere without even considering what their impact will be on the distribution network. Moreover, the paper did not consider the availability of many solar panel technologies and their specifications in the market. The optimal charging scheduling of EVs in a workplace parking lot in the presence of a PV power system was studied in [14]. The paper did not study the optimal sizing of the PV system nor the SPs’ optimal selection from a list in the existing market. On the other hand, paper [15] studied the impact of an EVPL on the distribution network with and without roof-mounted PV systems. Results were impressive in which the integration of SPs in the EVPL lot reduced the power loss; it also reduced the stress on the network and the voltage deviation. However, the main drawback of this paper is that it did not study the impact of considering different solar panels on the network. The authors in [16] proposed a heuristic optimization algorithm to optimally size a hybrid PV-battery-diesel energy system on the network considering an EVPL with bidirectional power flow from the EVs. It was shown that the discharging mode of the EVs can reduce the total cost of the optimal sizing of system by almost 5.2%. Authors optimally sized the hybrid system without selecting the best alternatives from existing lists in the market.



Multi-Criteria Decision Making (MCDM) methods are mostly used to rank and select the best option from a list of alternatives considering different criteria and weighting factors. MCDM is widely used in all domains such as waste management, energy, economics, transportation, planning, etc. [17]. According to [17], the most common MCDM methods are: (i) technique for order of preference by similarity to ideal solution (TOPSIS), (ii) simple additive weighting, (iii) Preference ranking organization method for enrichment evaluation (PROMETHEE), (iv) ÉLimination et Choix Traduisant la REalité (ELECTRE), (v) goal programming, (vi) multi-attribute utility theory (MAUT), (vii) simple multi-attribute rating technique, (viii) data envelopment analysis, (ix) case-based reasoning, (x) fuzzy set theory, and (xi) analytic hierarchy process. Many literature reviews compared different MCDM methods and presented their advantages and disadvantages and the fields where they are mostly applied, as in [16,18,19,20,21,22,23,24,25,26,27]. Sometimes, it is preferable to use certain methods in specific fields, while they are not recommended in others since each method has some advantages and disadvantages. For example, MAUT has been heavy used in agricultural, energy management, water management, actuarial, financial, and economic problems, while it is less recommended for projects or fields where there are less available input data, fewer preferences, and unprecise assumptions. Despite the fact that many papers studied the design and implementation of MCDM in different fields, there are very few that studied the optimal selection and ranking of solar panels from a list of alternatives using MCDM methods. These papers are listed hereafter. Paper [28] studied the optimal selection of SPs by using the analytical hierarchy process (AHP). The authors considered many criteria, including environmental, economic, mechanical, electrical, and customer requirements. The paper selected the best SP with a rated power of 200 W from only six alternatives, which is not considered enough for comparison. The paper presented a confusing interpretation of the results, especially when the authors said that the SPs with the highest efficiencies have the shortest payback periods (PBP). This interpretation is not accurate since the PBP depends on many factors that were not considered in the paper (such as energy consumption and generation, weather data, selling and buying electricity price, and the total installation cost of the system). A fuzzy MCDM was presented in [29] to select the best SP to design a PV power plant. Many constraints were considered, such as the supply capacity, product price, delay cost, quality cost, and others. However, the proposed approach did not consider many important factors that might affect the selection of the SPs, such as the consumers’ energy demand, the impact of the weather conditions on the output power of the PV system, and others. All these factors affect the PV output energy and may mislead the decision-maker to choose the best SP for a specific application. In reference [30], the authors compared different solar panel technologies and brands. Many economic and technical aspects are considered, such as cumulative cash flow, levelized cost of electricity, monthly efficiency of the PV modules, and annual electricity generation. The authors made a good comparison; however, they did not use any MCDM or optimization technique. Therefore, it became difficult to choose the best SP without using a sophisticated algorithm, especially when dealing with hundreds of thousands of different SPs. In [31], the authors considered that the selection of solar panels encompasses complex factors involving both quantifiable and subjective parameters, which should be balanced in order to select the solar panels appropriately. They proposed an integrated method by combining the fuzzy analytical hierarchy process and TOPSIS to select a 100 W solar panel. The authors considered a few criteria, which are not enough to select the best solar panels for the case of an EVPL. In our previous work [32], we developed an algorithm to optimally select the best solar panels from a list of alternatives for the case of a small home with low energy consumption. However, it was not known whether the method could be applied for a larger project such as an EVPL with high energy demand. To the best of our knowledge, MCDM is not used to select the best SP for the case of an EVPL. Moreover, it is unknown whether choosing the best or not the best SPs has any techno-economic impact on the distribution network. Also, the concept of a self-sufficient EVPL is not studied and needs further investigation.




1.3. Contribution


The main goal of this study is to design an EVPL that is able to generate its own energy need by installing a roof-mounted PV system considering many criteria and constraints. The contributions in this paper are stated as follows:




	
A rank-weigh-rank (RWR) optimization algorithm is proposed to rank and select the best solar panels from a list of alternatives. In addition, it optimally places and distributes the solar panels on the rooftops of the EVPL considering many criteria and constraints,



	
Some equations and definitions are proposed as presented in Algorithm 1, including but not limited to: energy and power self-sufficiency ratios, excess and lack of energy production ratio, surface filling ratio, etc.








For validation purposes, our proposed RWR optimization algorithm is compared to the well-known TOPSIS method regarding their accuracy, similarities, and speed in finding and ranking the best alternatives. A case study in Montreal was considered in which our goal was to design a roof-mounted PV system and select the best solar panels from an existing list. The impact of selecting or not selecting the best SPs on the voltage deviation and power losses of the distribution network was studied for three case scenarios as follows:




	○

	
Case 1: EVPL without roof-mounted PV system;




	○

	
Case 2: EVPL with roof-mounted PV System with the best selected SP using RWR method;




	○

	
Case 3: EVPL with roof-mounted PV system without selecting the best SP.











2. Proposed Algorithm to Select the Best Solar Panel from a List


This section presents the proposed RWR optimization algorithm for selecting and ranking the best solar panels in a set of alternatives considering many criteria and constraints. The main goal is to maximize the self-sufficiency of the EVPL by installing only solar panels while minimizing the payback period. Algorithm 1 shows the steps to follow in order to select the best solar panel from a list and optimal size and distribute the panels on the rooftops of the EVPL. In the first section of the algorithm (steps 1 to 6), the algorithm collects real data from the weather, the historical power, and energy demand profiles of the EVPL, characteristics of the parking lot (e.g., number of chargers, charging rate (6 kWp @ level 2), arrival and departure time of EVs, opening hours, etc.), electricity tariffs, and existing solar panels in the market. In the second section (steps 7 to 20), the algorithm starts to calculate the necessary criteria and data which will be used to sort and select the best solar panels, and to design the roof-mounted PV system. To facilitate the visibility of the paper, all equations are left to Appendix A for more details. In the third section (steps 21 to 29), a decision matrix is created in which the most pertinent constraints and criteria will be used by the RWR optimization algorithm. These constraints and criteria are divided into two categories, beneficial (e.g., energy self-sufficiency ratio) and non-beneficial (e.g., payback period). In the last section (steps 30 to 33), the proposed RWR optimization algorithm is implemented in which it ranks the alternatives based on the weighting factors provided by the designer and the decision matrix. Finally (step 34), the algorithm selects the best alternative and suggests the optimal dimension and placement of the roof-mounted PV system.






	
Algorithm 1. Proposed algorithm for optimal selection and distribution of the solar panels for a roof-mounted photovoltaic (PV) system in an electric vehicle parking lot (EVPL).




	
Input Data




	
1

	
Weather data: Solar irradiance, ambient temperature, wind speed




	
2

	
Historical power profiles and energy demand of the EVPL




	
3

	
Parking lot data, such as the maximum number of occupancies of EVs, charging rates (e.g., level 2, 6 kWp), arrival and departure time of each EV, opening and closing hours (e.g., from 8 a.m. till 11 p.m.),




	
4

	
Buying and selling electricity prices for the following cases: Grid ⇆ EV, RES→EV, RES→Grid




	
5

	
Roof dimensions: number of roofs, their length, width, and inclination,




	
6

	
Solar panel data:




	

	
a. Shape of the PV module: short and long side lengths and area, and tile angle




	

	
b. Spacing between solar panels, and between solar panels and the boundaries of the roofs,




	

	
c. Internal Characteristics of the solar panels: total installation cost per module, efficiency, geometric multiplier, temperature coefficients for the current and voltage, current and voltage rating, technology, PTC, MPPT, and many others as listed in Table 1




	
Calculate the following equations




	

	
Description

	
Equations

	
References




	
7

	
Efficiency of the system

	
Equation (A1)

	
[33]




	
8

	
Number of modules in a row

	
Equation (A2)

	
(New equation)




	
9

	
Number of modules in a column

	
Equation (A4)

	
(New equation)




	
10

	
Total number of modules

	
Equation (A5)

	
(New equation derived from [33])




	
11

	
Installed capacity of the PV system

	
Equation (A6)

	
(New equation)




	
12

	
Total installation cost of the PV system

	
Equation (A7)

	
(New equation)




	
13

	
Cost to power generation ratio  (CPR)

	
Equation (A8)

	
(New equation)




	
14

	
Cost to energy generation ratio  (CER)

	
Equation (A9)

	
(New equation)




	
15

	
Payback period (PBP)

	
Equation (A12)

	
(New equation)




	
16

	
Output power & energy of the PV System

	
Equations (A16) and (A17)

	
(New equation derived from [33])




	
17

	
Energy self-sufficiency ratio

	
Equation (A18)

	
[34]




	
18

	
Power self-Sufficiency ratio

	
Equation (A19)

	
(New equation)




	
19

	
Excess and lack of energy production ratio

	
Equation (A20) and (A21)

	
(New equation)




	
20

	
Surface filling ratio

	
Equation (A22)

	
(New equation)




	
Create a decision matrix (    M  i , j     ) with the following criteria (where    i  ∈  [   1  ,  I   ]    and    j  ∈  [   1  ,  J   ]    are the   i   -th alternative, and the   j   -th criterion)




	
21

	
MPPT under STC

	
beneficial criteria




	
22

	
Total installation cost per module

	
non-beneficial criteria




	
23

	
Installed capacity of the PV system

	
beneficial criteria




	
24

	
Total installation cost of the PV system

	
non-beneficial criteria




	
25

	
Cost to power generation ratio

	
non-beneficial criteria




	
26

	
Cost to energy generation ratio

	
non-beneficial criteria




	
27

	
Efficiency of the PV system

	
beneficial criteria




	
28

	
Payback period

	
non-beneficial criteria




	
29

	
Energy self-sufficiency ratio

	
beneficial criteria




	
Use Rank-Weigh-Rank (RWR) method to rank alternatives in the decision matrix (Our proposed MCDM algorithm)




	
30

	
Rank the alternatives of each criterion from the best to the worst values    N  i , j   = rank  (   M  i , j    )   . The ranking can be in ascending order for the non-beneficial criteria (e.g., cost), and in descending order for the beneficial criteria (e.g., energy generation)




	
31

	
Create a Weighting Vector which weighs criteria using the equation    w j  =    W j     ∑  j = 1  J   W j     , where    W j  ∈  [  0 , 10  ]    ∀ j   is the weighting factor for the  j -th criterion, and    w j    is the normalized weighting factor,    w j  ∈  [  0 , 1  ]    ∀ j  




	
32

	
Calculate the normalized weighted decision vector    V i  =  M  i , j   ·  w j T   . Where,    w j T    is the transposition of the vector    w j   ,




	
33 

	
Rank the obtained vector    V i    in ascending order    R i  = rank  (   V i  , ascend  )   




	
Results




	
34

	
Select the best alternative and calculate the optimal dimensioning and placement of the solar panels on the roofs of the EVPL










3. Assumptions and Considerations


To validate the proposed RWR optimization algorithm for ranking and selecting the best solar panels, it is necessary to clarify this paper’s context and framework. The RWR optimization algorithm is compared to the well-established TOPSIS method taking into account many criteria and constraints, and studying their speed in ranking the best alternatives, and their similarities in selecting the same best solutions. Since this paper deals with the design of an energy self-sufficiency EVPL with a roof-mounted PV system, it is important to study the technical impact of selecting different solar panels on the electrical distribution network regarding voltage stability and power losses. To do so, three different cases are considered:




	
Case 1: EVPLs without roof-mounted PV systems;



	
Case 2: EVPLs with roof-mounted PV systems while selecting the best solar panels using our proposed RWR optimization algorithm;



	
Case 3: EVPLs with roof-mounted PV system without using our proposed RWR optimization algorithm to select the best solar panels.








In this paper, a real case study is conducted in Montreal, Canada, using real data for 2019, as presented in the following subsections.



3.1. Electric Vehicle Parking Lot Data


Figure 1 shows a typical parking lot in Montreal, Canada. In this paper, we consider a parking lot for electric vehicles with the following specifications:




	
Parking lot is for a supermarket with an area of 1224 m2;



	
Opening hours from 8:00 a.m. till 11:00 p.m.;



	
AC Level 2 charger is used in which the power rate is variable between 0 and 6 kWp;



	
Maximum power capacity of the parking lot is 240 kWp;



	
Maximum number of EVs in the parking lot: 40;



	
Rate M is applied for the parking lot in Quebec:




	○

	
$14.58 per kilowatt of billing demand (EVPL will have a maximum of 240 kWp (6 kWp × 40 EVs). Therefore, the total rate is $3499.2 (240 kWp × 14.58 $/kW),




	○

	
Plus 5.03 ¢ per kWh for the first 210,000 kilowatt-hours per month,




	○

	
And 3.73 ¢ per kWh per month for the remaining consumption.









	
Selling electricity price:




	○

	
From PV to EV: 15 ¢/kWh,




	○

	
From PV to the grid: 5.03 ¢/kWh,









	
Since we are comparing different SPs, the price of the infrastructure is not included in the calculation because it will be the same for any kind of SPs, and it will not affect the output results.









3.2. Real Data for the Montreal Case Study


To make the results more accurate, real weather and load data were necessary. Given this, we considered real weather data for the year 2019 as depicted in Figure 2 (ambient temperature), Figure 3 (solar irradiance), and Figure 4 (wind speed) [35]. In Figure 5, we estimate the hourly power demand profile of the EVs in the parking lot based on the EVs’ arrival and departure time to the supermarket. In most of the studies regarding the PV system design, only solar irradiance is considered and not the ambient temperature to simplify the calculation. However, this might not be very accurate because the ambient temperature significantly influences the output results, especially for regions like Canada. The reason is that the fluctuation of the ambient temperature can vary from −40 °C (in winter) to +40 °C (in summer), which affects the output power of the PV system. Hence, in this study, both ambient temperature and solar irradiance are considered for the PV system design.




3.3. Solar Panels’ Data


Table 1 shows a selected list of 11 solar panels from different manufacturers taken from the software “SAM 2018.11.11”, which will be used in our study. SAM is an abbreviation of System Model Advisor software adopted and developed by National Renewable Energy Laboratory (NREL) in Washington, D.C. USA. In fact, the software shows more than 24,590 different SP models. In this paper, only 11 solar panels were selected for simulation purposes. However, our proposed optimization algorithm can also work for the complete list of solar panels.





4. Results and Discussion


In this section, we present the results of the proposed RWR optimization algorithm and compare it to TOPSIS for validation purposes. First, we design the EVPL’s roof-mounted PV system in order to determine the available roof area that we can use in an optimal way, as in Section 4.1. In Section 4.2, we calculate the system’s performance using the proposed RWR optimization algorithm as in Algorithm 1, considering the data presented in Section 3 Table 1 and Figure 1, Figure 2, Figure 3, Figure 4 and Figure 5. Based on the obtained results from Section 4.2, we determine the decision matrix and weighting factors as in Section 4.3 and Section 4.4, respectively. Then, the proposed RWR optimization algorithm and TOPSIS are compared regarding their simulation speed and similarities in ranking and selecting the best alternatives, as in Section 4.5. Afterward, the impact of selecting different solar panels on the distribution network is studied in Section 4.6. Finally, the impact of the current electricity tariff on the future of EVPL in Montreal is discussed in Section 4.7, in which we propose some tariff modifications in order to encourage the deployment of the EVs and the construction of EVPLs in Montreal.



4.1. Design of the Electric Vehicle Parking Lot’s (EVPL) Roof-Mounted Photovoltaic (PV) System


In this section, we design the roof-mounted PV system since the initial EVPL does not have a roof. In the design, we consider many factors such as but not limited to the dimension of the parking lot, the elevation and azimuth angles, the positioning of the cars, the allowed height of the roofs, the spacing between roofs, etc. Based on the available data, Figure 6 shows our design of the EVPL’s roof. In total, the available roof area to install the PV system is equal to 1008 m2.




4.2. Calculation of the System Performance


After determining all the inputs of Algorithm 1 (lines: 1–6), the system’s performance is calculated in Algorithm 1 (lines: 7–20). Results are shown in Table 2, which are divided into two parts. Input data of the algorithm is presented in the first part, while the output data and corresponding equations for calculation are presented in the second part of Table 2. Figure 7 illustrates the output results of Table 2. There is a high correlation between Figure 7a,b, in which the installation cost per module is proportional to the output power of the SP. This is also demonstrated in Figure 7e,f, where the cost to power and cost to energy generation ratios of all SPs have almost constant values. We can predict an SP’s cost based on the output power (PTC) or the output generated energy. For example, suppose that a new SP becomes available in the market, and it generates 2000 W; the CPR is equal to 2. Hence the cost will be equal to 4000 $/module. On the other hand, it can be remarked that the SP with the maximum output power per module (e.g., item 1 and 2 in Figure 7c) might not produce the highest power generation for the complete system as in the case of items 4, 5 and 6 of Figure 7c. Moreover, a high cost per module does not mean that the total system’s cost will be increased, as presented in Figure 7d, in which items 1 and 2 have the highest cost per module, but not the highest for the complete PV system. In addition, Figure 7g demonstrates that SPs with the highest power output and the highest cost might not have the highest efficiencies. Figure 7h presents the PBP, which looks very similar to all SPs. However, these values may vary a lot when the selling electricity price supplied by the PV system changes. For a specific time, a selling electricity price of 15 ¢/kWh from the PV system to the EVs affects the results compared to a price of 10, 20, or 30 ¢/kWh, and the item with the lowest PBP might not be the ideal one for the EVPL. Figure 7i presents the ESSR, in which item 5 has the highest ratio, which is not expected since it does not have the highest output power nor the highest installation cost. It becomes satisfying to see that the ESSR and PSSR in Figure 7i,j are high enough to supply a large part of the EVPL’s energy demand. Therefore, it can be concluded that the future of the EVPL with a roof-mounted PV system is prominent, and it would be possible with the advancement of the PV technology to design a fully self-powered EVPL. Figure 7k shows the number of SPs to be installed on the roof, which depends on the SPs’ dimensions. The higher the output power is, the fewer SPs will be installed. Finally, Figure 7l shows the surface filling ratio (SFR) of the PV systems. The average ratio is about 90%, which is considered acceptable and validates our algorithm’s efficiency. Items 5, 6, and 7 have the highest SFRs, where item 11 has the lowest.




4.3. Decision Matrix


Table 2 and Figure 7 present interesting results for the decision-makers. However, it becomes confusing when contradictory results might not lead to the selection of the best PV system for the EVPL. Hence, it becomes essential to use advanced multi-criteria decision-making algorithms to select the best SP for a specific application. To do so, it is important to choose the most relevant criteria for the decision-maker for better decisions. Table 3 shows the decision matrix with the most relevant criteria used in our proposed RWR optimization algorithm for comparison and selecting the best SPs. After creating the decision matrix, the RWR optimization algorithm is compared to the well-established TOPSIS method for three different case scenarios in order to study their similarities in ranking and selecting the best alternatives and compare their simulation speed.




4.4. Determination of the Weighting Factors


The weighting factor for each criterion is determined in this paper for comparison purposes between the TOPSIS and RWR algorithms. Table 4 presents the weighting factor for each criterion for three different scenarios.




4.5. Comparing RWR and TOPSIS Methods under Different Test Conditions


In this subsection, the RWR and TOPSIS algorithms are compared for the three aforementioned scenarios in Table 4, and the results for ranking alternatives are presented in Table 5. The yellow color presents the best alternative, while the dark red color presents the worst one, as shown in Figure 8. The ranking of the alternatives for each criterion (criteria 1 to 9 in columns 4 to 12) is only considered in the RWR algorithm since TOPSIS does not allow the ranking of alternatives. TOPSIS classifies the final results, which are presented on the right side of Table 5. It is remarked that for scenario 1, the difference in ranking between RWR and TOPSIS is not very large since rank #1 in TOPSIS coincides with rank #3 in RWR. For the second scenario, both algorithms’ ranking is almost similar, and rank #1 in TOPSIS is the same as in RWR. Finally, scenario 3 presents the largest difference between TOPSIS and RWR, in which the rank #1 in TOPSIS is the last one in RWR. Therefore, both methods give different results for the aforementioned weighting factors. The question that arises is, how much are both methods similar? In the three different scenarios, we found that the difference in ranking between RWR and TOPSIS varies from very similar (Scenario 2) to not similar (Scenario 3).



To answer the previous question, we ran both algorithms 100 times for different weighting factors and compared the similarities under different conditions. Figure 9 presents the results of the 100 simulations. Figure 9a shows the difference in ranking between RWR and TOPSIS methods for the best alternative. A value equal to zero means that both methods choose the same best alternative and their similarity is very high (with a percentage of 40%). A value equal to 1 means that rank #1 in TOPSIS coincides with rank #2 in RWR (with a percentage of 20%). Results in Figure 9a show that more than 77% of the case scenarios, RWR and TOPSIS give similar results with a difference in ranking less than 2, which is considered good. This means that rank #1 in TOPSIS coincides with rank #3 or lower in RWR. Figure 9b shows the same results considering the percentage of the similarities instead of the difference in numbers. It also shows that 90–100% in ranking similarities between RWR and TOPSIS have a probability of 60%. The probability of getting a similarity between 80–90% is equal to 17%. In total, the probability of having 80–100% of ranking similarities is equal to 77%, which is remarkable. The next question is, why did we propose RWR instead of TOPSIS to select the best alternatives?



To answer the question, it is necessary to calculate the simulation time of both methods for different case scenarios as follows:




	
Case 1: the same dimension of the decision matrix is used while considering different weighting factors for each iteration, as in Table 6. In this case, RWR is faster than TOPSIS by 2.856 times;



	
Case 2: the size of the decision matrix is doubled every iteration, as presented in Table 7 and Figure 10. The main goal is to know how much the matrix’s dimension affects the simulation time. In this case, it is remarked that RWR is much faster than TOPSIS, and the speed is exponentially increased with the increase of the decision matrix.








Table 8 presents a summary of the comparison between our proposed RWR and TOPSIS methods.




4.6. Does the Selection of Different Solar Panels Have an Impact on the Distribution System?


After studying the optimal selection of SPs, the question that can be asked is, “does the selection of different solar panels for a certain project impact the distribution network?” To answer this question, it is important to study the distribution system’s behavior when different solar panels are selected for a certain project. To do so, some assumptions are considered for this study for comparison purposes as follows:




	
IEEE 123 nodes test feeder is considered as a distribution network (as in Figure 11);



	
We consider that 43% of the nodes have EVPLs (red dots in Figure 11);



	
OpenDSS is used to simulate the distribution network;



	
Since IEEE 123 is a standard network, we consider that the load of EVPL is added to the network.



	
Solar panels items 5 (Canadian Solar Inc., model: CS1U-415MS) and 11 (Gintung Energy, model: ASEC-250G6S6B) are chosen for the comparison;



	
The same EVPL in the previous sections is studied with the same roof area to ensure a fair comparison;



	
The comparison is made for t = 4765 h, which is on 2019-07-18 at 1 p.m. in the Montreal time zone as in Figure 12, where the local energy production is much higher than the energy demand;



	
Three scenarios are studied:




	○

	
Scenario 1: EVPL without using PV system (as in Figure 12, dashed black curve).




	○

	
Scenario 2: EVPL with PV system #5 (selecting SP #5) (as in Figure 12, blue curve).




	○

	
Scenario 3: EVPL with PV system #11 (selecting SP 1) (as in Figure 12, red curve).




	○

	
The main goal of studying these three different scenarios is to see how much the selection of different SPs impacts the distribution network, which is presented in Figure 13, Figure 14, Figure 15 and Figure 16.














Scenario 1: Figure 13 presents the impact of an EVPL without a PV system on the network at t = 4765 h (as in Figure 12, dashed black color). It can be remarked that some parts of the network have voltage drops below the recommended limit and the power losses are high. This is due to the fact that most of the EVPLs are consuming lots of electricity from the network, especially in peak periods when lots of EVs are charging at the same time.



Scenario 2: On the other hand, Figure 14 presents the impact of EVPLs with a PV system #5 (  i = 5   in Table 5) on the network. Results are better than the first scenario. However, we can see that there is a rise in voltage on some nodes, which exceeds the voltage limit of 1.05 per unit (p.u.). The reason is that there is an excess of energy production from the PV system #5 (refer to Figure 12 blue curve, at t = 4765 h), which exceeds the energy demand of the EVPL. Since 43% of the network’s nodes have EVPLs, the excess of energy production from all these EVPLs is injected into the grid and may cause a rise in the voltage in some periods. The voltage rise might happen just when there is lots of local energy production and less energy consumption. This problem could be solved by using optimization techniques to schedule the charging of the EVs in a way that avoids any problems on the network. Another option is to install a battery storage system in the EVPL, which can absorb the excess of energy generation and deliver it when needed; however, this option is costly. It can also be remarked that the power loss on the network is much less than the first case scenario as in Figure 14b and Figure 16, which will reduce the financial losses of the distribution system operator.



Scenario 3:Figure 15 presents the impact of an EVPL with a PV system #11 (  i = 11   in Table 5) on the network. Results are better than both previous scenarios because the voltage drop is maintained within limits (0.9 p.u., and 1.05 p.u.). However, this is just a particular case (for t = 4765 h in Figure 12 for red curve). This might not be true for other cases. In general, the energy production from PV system #11 is less than PV system #5 and may not improve the voltage profile in many cases. Moreover, the power loss on the network is less than in scenario 1 but much higher than scenario 2, as it is shown in Figure 15b and Figure 16.



It can be concluded that the selection of different solar panels, even for the same project with the same installed surface, can have an impact on the network. Figure 13, Figure 14, Figure 15 and Figure 16 show a particular case where the local energy generation is higher than the consumption, which does not often happen since the PV system’s energy production can be less than the demand for different users. However, the main goal of studying this particular case is to show that the selection of different solar panels can affect the voltage and power losses on the network, especially when the penetration level of PV systems on the network increases and could reach a level of destabilizing the grid. This problem can be solved using some optimization algorithms on different levels, as discussed in our previous work [6,36,37,38,39]. Hence, it is clear that selecting the best SP for a specific application should be made using advanced tools such as MCDM algorithms. Moreover, the selection should be accompanied by a complete study of the techno-economic impact on both client and the system operator. However, the question arises: does the power utility Hydro-Quebec incite users to install renewable energy technologies with the current electricity tariffs? The next subsection answers this question.




4.7. The Impact of the Electricity Tariff on the Future of Electric Vehicle Parking Lot


In the case where all rate M fees are applied to the parking lot, the EVPL owner has to pay almost 41,990.4$/year as a subscription fee for using 240 kWp, which is considered very high and not profitable for the EVPL owner. Hence, he is obliged to raise the electricity cost to more than 36¢/kWh for a PBP of almost 10 years, without considering the civil infrastructure’s investment cost or the employees’ salaries. Therefore, the investment in an EVPL in Montreal is not a good idea, and the transition from internal combustion engine cars to EVs becomes difficult since no one is interested in investing in a project with such a high PBP and low income. To solve the problem and to encourage the deployment of EVs in the market, we propose some solutions in which the government of Quebec can take into account to promote the construction of EVPLs as follows:




	
Reduce the subscription fees for an EVPL by considering only the energy consumption. It is possible a small monthly subscription fee can be applied;



	
Encourage the EVPLs to integrate renewable energy systems such as PV and wind turbines to increase their ESSR;



	
Subsidies and funding can be applied to reduce the investment cost of renewable energy sources such as PV systems, wind turbines, etc. Hence, the EVPL will be able to produce more local energy and will reduce the demand from the electrical network;



	
Optimization should be used to manage the charging of EVs and minimize the peak demand. Therefore, the impact on the electrical network is reduced;



	
Bidirectional chargers could also reduce the impact on the network and may increase the revenue of the EVPL owner by participating in ancillary services.










5. Conclusions and Future Work


This paper presented an original rank-weigh-rank (RWR) optimization algorithm for ranking and selecting the best solar panels for the case of electric vehicle parking lots (EVPLs) with roof-mounted PV systems. The main goal was to maximize the local energy production and the energy self-sufficiency ratio, while reducing the payback period of the PV system. In addition, the proposed RWR optimally distributes the solar panels on the roofs of the EVPL in a way that maximizes the surface filling ratio. A case study in Montreal was considered in which we designed a roof-mounted PV system for an EVPL. To validate our proposed optimization algorithm, we compared RWR with the well-established TOPSIS method, and we studied the impact of selecting and not selecting the best solar panels on the distribution network. Results show that our proposed RWR is much faster than TOPSIS, especially when the size of the decision matrix becomes larger. Also, there are similarities in selecting the same best SP in more than 40% of cases, while more than 77% of the cases give a similarity with more than 80% for selecting the best SPs. To make the study more realistic, the techno-economic impact of selecting different SPs on the decision-maker and the distribution system operator is studied, in which it shows that the selection of SP is critical in reducing the techno-economic losses, which were not done before, as per the best knowledge of the authors. For instance, selecting the PV system #5 (Canadian Solar Inc., model: CS1U-415MS) instead of #11 (Gintung Energy, model: ASEC-250G6S6B) has increased the local energy generation of the EVPL. Hence, it has increased the income of the EVPL owner and reduced the energy demand from the distribution network, which will reduce the voltage drop and power loss on the lines and the transformer. Hence, both the decision-maker and the system operator are satisfied. However, there are lots of barriers that should be considered in our future work:




	
the electricity tariff in Quebec does not encourage the decision-makers to build an EVPL in Montreal since the electricity tariff is very high, and the construction cost is also very high, which should be reconsidered;



	
the PV system is insufficient to supply the EVPL’s demand, especially in Quebec, since the solar radiation is low most of the time, even in summer. Hence, other renewable energy systems should be studied, such as the integration of vertical axis wind turbines;



	
the integration of renewable energy systems and EVs should always be accompanied with advanced tools to manage and schedule the energy generation and consumption to avoid problems on the network, as discussed previously;



	
since RWR and TOPSIS do not always give the same results, it becomes a little bit confusing to know which method is better than the other. From this place, it is necessary to study and compare many MCDM methods in order to see which ones are the most probable to use for the case of renewable energy-based EVPLs.
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Appendix A. Mathematical Modeling and Constraints of the Proposed Algorithm


The mathematical equations that are mentioned in the proposed algorithm are presented in this appendix for further reading.



Appendix A.1. Efficiency of the Solar Panel


Equation (A1) represents the efficiency (   η i  P V    ) of the SP “ i ” [33]. A higher maximum power generation of the system (   P  M P P T , i   P V    ), increases its efficiency under standard test conditions (STC) for the same area of the panel    A i  P V     in [m2]. Hence, a solar panel with higher efficiency generates more energy with the same installed surface.    G   S T C     is the solar irradiance under standard test conditions (   G   S T C     = 1000 W/m2 and ambient temperature = 25 °C).


   η i  P V   =    P  M P P T , i   P V      G   S T C    A i  P V        



(A1)








Appendix A.2. Total Number of the Installed Solar Panels


Let us suppose a case in which we want to install a PV system on a rectangular rooftop, as presented in Figure A1. Figure A2 shows the dimension of the  i -th SP in which it has short and long sides, with a tilt angle  ϕ . Consider that the short side (   X i  P V    ) is on the X-axis, and the long side (   Y  i n c , i   P V     or    L i  P V    ) is on the Y-axis. If all SPs do not have the same dimensions, and same output power rate, it becomes a difficult task to optimally size and distribute them on the rooftop, which is considered the main objective to be solved in this subsection.
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Figure A1. Example of the distribution of solar panels on the rooftop. 






Figure A1. Example of the distribution of solar panels on the rooftop.
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Figure A2. Dimension of a solar panel. 






Figure A2. Dimension of a solar panel.
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Equation (A2) shows the maximum number of solar panels (   N  R , i   P V    ) in a row on the X-axis. Where,    X  r o o f     is the width of the rooftop;    X j S    is the space on the X-axis between two solar panels;    X   N R  P V    S    is the space between the right boundary and the last solar panel;    X i  P V     is the short side length of the solar panel;    X 0 S    is the space between the left boundary and the first solar panel;     [ x ]     10  n   B    is the general round function suggested in this paper and expressed in Equation (A3). For example,     [ 235.7235 ]     10  2   C  = [   235.7235   100   ] · 100 = [ 2.357235 ] · 100 = 3 · 100 = 300  ;     [ 235.7235 ]     10   − 2    C  = [   235.7235   0.01   ] · 0.01 = [ 23572.35 ] · 0.01 = 23573 · 0.01 = 235.73  .


   N  R , i   P V   =  {        [    X f  r o o f   −  (   X 0 S  +  X   N R  P V    S   )  +  X 1 S     X i  P V   +  X 1 S    ]     10  n   F      i f    X 0 S  ,    X   N R  P V    S  ,    N  j = 1 →  (   N R  P V   − 1  )    P V     a r e   d e f i n e d         [    X f  r o o f   −  ∑  j = 0    N R  P V      X j S     X i  P V     ]     10  n   F      e l s e        



(A2)






    [ x ]     10  n   B  =  {      [  x    10  n    ] ·   10  n    i f   B = F ,   i t   i s   a   f l o o r   f u n c t i o n         [  x    10  n    ] ·   10  n    i f   B = C ,   i t   i s   a   c e i l i n g   f u n c t i o n     ,     w h e r e   n ∈ ℤ  



(A3)







Equation (A4) presents the maximum number of solar panels on the Y-axis in a column (   N  C , i   P V    ). Where,    Y  r o o f     is the rooftop length on the Y-axis;    Y j S    is the spacing between two consecutive solar panels on the Y-axis;    Y i  P V     presents the projection on the horizontal plan of the  i -th solar panel, where    Y i  P V   =  Y  i n c , i   P V   cos  (   φ i   )   ;    Y 0 S    shows the spacing between the south boundary and the first solar panel on the Y-axis;    Y   N C  P V    S    is the spacing between the north boundary and the last solar panel on the Y-axis; all distance units are in [m];    φ i    is the PV module’s inclination with respect to the horizon in [o].


   N  C , i   P V   =  {        [    Y  r o o f   −  (   Y 0 S  +  Y   N C  P V    S   )  +  Y 1 S     L i  P V   cos  (   φ i   )  +  Y 1 S    ]     10  n   F      i f    Y 0 S  ,    Y   N C  P V    S  ,    N  j = 1 →  (   N C  P V   − 1  )    P V     a r e   d e f i n e d          [    Y  r o o f   −  ∑  j = 0    N C  P V      Y j S     Y i  P V     ]     10  n   F      e l s e         



(A4)







Equation (A5) presents the total number of SPs on  F  rectangular rooftops (with different dimensions); where,    N  C , i , f   P V     and    N  R , i , f   P V     are the maximum numbers of solar panels of type  i  arranged in a column and in a row on the rooftop  f , respectively. E.g., for the rooftop   f = 1  ,    N  C , i , 1   P V   = 6  , and    N  R , i , 1   P V   = 7  , for rooftop   f = 2  ,    N  C , i , 2   P V   = 8  , and    N  R , i , 2   P V   = 5  , then    N  T o t a l , i   P V   =  (  6 · 7 + 8 · 5  )  = 82    SPs.


   N  T o t a l , i   P V   =   ∑   f = 1  F   N  C , i , f   P V    N  R , i , f   P V    



(A5)








Appendix A.3. Installed Capacity of the Solar System


Equation (A6) presents the total installed capacity of the PV system (   P  S T C , i   P V   S y s    ) under STC for the  i -th alternative. Where,    P  M P P T , i   P V     is the maximum power generation of a solar panel “ i ” under STC and    N  T o t a l , i   P V     is the total number of solar panels on the rooftops for the alternative “ i ”.


   P  S T C , i   P V   S y s   =  P  M P P T , i   P V   ·  N  T o t a l , i   P V     ;      (  k W  )   



(A6)








Appendix A.4. The Total Installation Cost of the PV System


Equation (A7) shows the total installation cost of the PV system of the  i -th alternative (  C o s  t i  P V   S y s    ), which is equal to the total investment cost per solar panel, including direct and indirect cost (  C o s  t i  P V    ), multiplied by the total number of solar panels on all roofs (   N  T o t a l , i   P V    ).


  C o s  t i  P V   S y s   = C o s  t i  P V   ·  N  T o t a l , i   P V   ;      ( $ )   



(A7)








Appendix A.5. Cost to Power Generation Ratio of the PV System under Standard Test Conditions (STC)


Equation (A8) presents the cost to power generation ratio of the  i -th PV system (  C P  R i  P V   S y s    ) in [$/kW], in which it shows the installed system cost per kW of generation under STC. An expensive system has a high ratio, while a cheap system has a low ratio.


  C P  R i  P V   S y s   =   C o s  t i  P V   S y s      P  S T C , i   P V   S y s     ,      (   $  k W    )   



(A8)








Appendix A.6. Cost to Energy Generation Ratio of the PV System under Real Weather Conditions


Equation (A9) presents the cost to energy generation ratio of the  i -th PV system (  C E  R i  P V   S y s    ), in which it shows the installed system cost per kWh of generation under real weather conditions for a period  T  where   Δ t   is the time step in (h). An expensive system has a high ratio, while a cheap system has a low ratio. Equation (A10) shows that the power of the PV system can supply the EVs and the grid when needed.


  C E  R i  P V   S y s   =   C o s  t i  P V   S y s      ∑  t ∈ T    (   P  i , t   P V   S y s   Δ t  )    ,      (   $  k W    )   



(A9)




where,


   P  i , t   P V   S y s   =  P  i , t   P V 2 E V   +  P  i , t   P V 2 G    



(A10)








Appendix A.7. Payback Period


The payback period (PBP) presents the time it takes to attain a break-even point, in which the generated income or cash is equal to the investment cost for a certain investment [40]. The shorter the PBP is, the better the investment is considered. In general, investors are interested in minimizing as much as possible the PBP to return their investment cost as soon as possible and generate much more income. PBP is equal to the investment cost divided by the annual cash flows, as presented in Equation (A11). For example, a client invested 24,000$ to install solar panels on his roof. The generated electricity from the PV system allowed him to save 200 $/month. In this case, the PBP is equal to 10 years (24,000$/(200$  ×  12)). In other words, it will take about 10 years to reach a break-even point and return his invested money.


  P a y b a c k   P e r i o d =   C o s t   o f   I n v e s t m e n t   A n n u a l   C a c h   F l o w s      



(A11)







In this paper, an EVPL with a roof-mounted PV system is studied. Hence, Equation (A12) is proposed instead of Equation (A11) to fit the studied case; where,    C o s  t i  P V   S y s     is the total investment cost of the  i -th alternative PV system.    ε t  P V 2 E V     and    ε t  P V 2 G     are the price of the sold electricity to the EVs and to the grid, respectively.    P  i , t   P V 2 E V     and    P  i , t   P V 2 G     are the power generation from the PV system that supplies the EVs and the grid, respectively.    t i    and    t f    represent the starting and ending time of the study.    P t  E V P L     is the power consumption of the EVPL at instant “ t ” in [kW]. In this paper, the study is done for a complete year, therefore    t f  −  t i  = 8760   h  .      P  i , t   P V   S y s   ; >  P t  E V P L   ;  ( 1 )  /  ( 0 )   _    is an infomath function, which means, if    P  i , t   P V   S y s   >  P t  E V P L    , replace the infomath equation by 1, else, replace it by zero. The advantage of using infomath functions is to unify many equations into only one [41].    P  n , t   G 2 E V     and    P  n , t   E V 2 G     are the power from grid to EV and from EV to grid respectively, as presented in Equation (A13).    α n  E V     and    β n  E V     are decision variables in which the EVs can either charge or discharge as in Equation (A14). The power demand from the EVPL (   P t  E V P L    ) considers both V2G and G2V strategies which might affect the optimal selection of the solar panels in a way to supply the demand with the shortest payback period.


  P B  P i  P V   S y s   =   C o s  t i  P V   S y s      ∑  t =  t i     t f     (   ε t  P V 2 E V    P  i , t   P V 2 E V   +  ε t  P V 2 G    P  i , t   P V 2 G   ·    P  i , t   P V   S y s   ; >  P t  E V P L   ;  ( 1 )  /  ( 0 )   _   )  Δ t      



(A12)




where,


   P t  E V P L   =   ∑   n = 1    N  E V      (   α n  E V    P  n , t   G 2 E V   −  β n  E V    P  n , t   E V 2 G    )  +  P  i , t   P V 2 E V    



(A13)






    α n  E V   +  β n  E V   ≤ 1 ,       α n  E V   ,  β n  E V   ∈ ℕ   



(A14)







The energy demand of the EVPL during the period   T =  [   t i  ,    t f   ]    is expressed in Equation (A15). This energy should be supplied from both the PV system (   ∑  t =  t i     t f     (   P  i , t   P V 2 E V    )  Δ t  ) and from the grid (   ∑  n = 1    N  E V      ∑  t =  t i     t f     (   α n  E V    P  n , t   G 2 E V   Δ t  )   ). In case some EVs participate in the ancillary services and inject active power to the grid, the injected energy (   ∑  n = 1    N  E V      ∑  t =  t i     t f     (   β n  E V    P  n , t   E V 2 G   Δ t  )  Δ t  ) should also be added in order to reach the final state of charge as desired by the EV owners.


    ∑   t =  t i     t f     P t  E V P L   Δ t =   ∑   t =  t i     t f     (   P  i , t   P V 2 E V   Δ t  )  +   ∑   n = 1    N  E V       ∑   t =  t i     t f     (   α n  E V    P  n , t   G 2 E V   Δ t  )  +   ∑   n = 1    N  E V       ∑   t =  t i     t f     (   β n  E V    P  n , t   E V 2 G   Δ t  )   



(A15)








Appendix A.8. Output Power of the PV System


Equation (A16) presents the output power of the  i -th alternative PV system at instant “ t ” (   P  i , t   P V   S y s    ). Where the output power from the solar system can supply the EVs (   P  i , t   P V 2 E V    ) and/or inject power to the grid (   P  i , t   P V 2 G    ). Equation (A17) describes the output energy of the PV system “ i ”during a period  T  (e.g., 1 year).


   P  i , t   P V   S y s   =    G t    1000    η i  P V    A i  P V    N  T o t a l , i   P V   ,      (  kW  )     



(A16)






   E i  P V   S y s   =   ∑   t ∈ T    P  i , t   P V   S y s   Δ t ,      (  kWh  )     



(A17)








Appendix A.9. Energy Self-Sufficiency Ratio


In this paper, we define the energy self-sufficiency ratio (ESSR) as the ratio of the local energy production for a unit (such as parking lot, building, city, district, etc.) from renewable energy technologies divided by the energy demand of the unit over a period  T  (e.g., minutes, hours, days, months, years), as described in Equation (A17). If ESSR = 1, the produced and consumed energy are equal. Hence, the unit is considered as energy self-sufficient. If ESSR < 1, the produced energy is less than the energy demand of the unit. Therefore, another external energy source has to be used to meet the gap between energy production and demand. If ESSR >1, the unit is capable of producing more energy than its needs. Consequently, the extra energy production can be sold to the grid or any other external consumer.


  E S S  R  T , i   =   E n e r g y   p r o d u c e  d  T , i     E n e r g y   c o n s u m e  d T    =    ∑  t =  t i     t f     (   P  i , t   P V   S y s   Δ t  )     ∑  t =  t i     t f     (   P t  E V P L   Δ t  )     



(A18)








Appendix A.10. Power Self-Sufficiency Ratio


In this paper, the power self-sufficiency ratio (PSSR) is proposed to be the percentage of time in which a unit (e.g., EVPL) can generate its own power that is greater or equal to its instantaneous power needs without being supplied from the electrical network. For example, if PSSR = 40%, it means that the unit is able to supply its demand 40% of the time. This factor is essential since it gives an indication to the decision-maker about whether he needs to install a battery storage system or any other source of energy generation, and it tells the decision-maker how much-generated electricity can be sold to the grid.




	
If PSSR = 0%, it means that the PV system is not able to meet the demand of the unit, whatever is t. Therefore, it might not be necessary to install batteries to store energy since there is no excess in production.



	
If PSSR = X% where   X % ∈  [  0 , 100 %  ]   , it means that the PV system is able to meet the demand for X% of the time. In this case, if the excess in power production is high in some periods, the decision-maker can install a battery storage system (BSS) in order to store the excess of energy and to use it later once the unit needs it,



	
If PSSR = 100%, it means that the PV system is always producing more energy than needed at any time t. Hence, the decision-maker can sell the energy to the grid without even installing a BSS.








To calculate the PSSR, the following algorithm is proposed. The first step is to define the parameters    t i   ,   Δ t  ,  T  and    N  M e t   P o w e r    . Then calculate  N  and    t f   . After that, count the number of times when the power production is higher than the power demand (   P  i ,   t =  t i  + N · Δ t   P V   S y s   ≥  P  t =  t i  + N · Δ t   E V P L    ). Finally, calculate PSSR, which is equal to the reached power divided by the total number of time steps; or, we can use the infomath function [41], which summarizes the whole algorithm in a simple mathematical equation as we have proposed in Equation (A18). The PSSR will not be used in the decision matrix; however, it is a good tool to compare different renewable energy technologies.



	Algorithm A1. Proposed Algorithm



	1 Define:

2       t i       %Starting time of the study e.g.,    t i  = 8    am   

3       Δ t      %Time interval, e.g.,    Δ t  = 1    h   

4     T     %Period of the study, e.g., 24 h

5       N   Met   Power    = 0    %Initialize the number of met demand by the power production

6 Calculate:

7      N =  T   Δ t     ; %Number of step intervals

8       t f  =  t i  + N ·  Δ t   ; % ending time of the study, e.g.,    t f  = 11    pm   

9 for  n  = 0  → N   

10  if    P  i ,  t  =  t i  + N ·  Δ t     PV   Sys    ≥  P  t =  t i  + N ·  Δ t    EVPL    

11      N   Met   Power    =  N   Met   Power    + 1  % Count the number of times when the generated power meets the power demand

12  end if

13 end for

14   PSSR =    N   Met   Power     N  100 %   %Power Self-Sufficiency Ratio

End of Algorithm







  P S S  R i  =    ∑  t =  t i     t i  + T    (     P  i , t   P V   S y s   ; <  P t  E V P L   ;  ( 1 )  /  ( 0 )   _   )   T  Δ t  



(A19)








Appendix A.11. Excess and Lack of Energy Production Ratios


In this paper, we propose two mathematical equations to calculate the performance of a PV system. The first one is called the excess of energy production ratio (EEPR), which is described in Equation (A19), in which it sums up only the energy production higher than the energy consumption at instant  t  for the period  T . The second one is called the lack of energy production ratio (LEPR), which is described in Equation (A20), in which it sums up only the lack of energy supply when the energy production is lower than the consumed one. EEPR and LEPR will not be used in this paper’s decision matrix; however, they are useful tools to compare different renewable energy technologies.


  E E P  R i    =    ∑  t =  t i     t i  + T    (     P  i , t   P V   S y s   ; >  P t  E V P L   ;  (   P  i , t   P V   S y s   −  P t  E V P L    )  /  ( 0 )   _   )     ∑  t =  t i     t i  + T    P t  E V P L      



(A20)






  L E P  R i  =    ∑  t =  t i     t i  + T    (     P  i , t   P V   S y s   ; ≤  P t  E V P L   ;  (   P t  E V P L   −  P  i , t   P V   S y s    )  /  ( 0 )   _   )     ∑  t =  t i     t i  + T    P t  E V P L      



(A21)








Appendix A.12. Surface Filling Ratio


After calculating the required number of solar panels and positioning them on the roof, it is important to know how much surface is used to install the solar panels. Therefore, we introduce the surface filling ratio (SFR) as an efficient tool to compare the used surface by the solar panels with respect to the roofs’ total surface; where,    N  T o t a l   P V     is the total number of solar panels, in which the area of each panel is    A i  P V    ;    A  T o t a l   R o o f     is the total area of all roofs (from roof   r = 1   to roof   r = R  ) in which we intend to install solar panels. Please note that sometimes we have many roofs with different dimensions. Therefore, we calculate the number of SPs for each roof; then, we sum up all of them. SFR will not be used in this paper’s decision matrix; however, it is used as a good tool for a comparison of the results.


  S F  R i  P V   S y s   =    N  T o t a l , i   P V    A i  P V      A  T o t a l   R o o f     100 %    



(A22)




where,


   N  T o t a l , i   P V   =   ∑   f = 1  F   N  C , i , f   P V    N  R , i , f   P V    



(A23)






   A  T o t a l   R o o f   =   ∑   f = 1  F   A f  R o o f      



(A24)
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Figure 1. Example of a typical electric vehicle parking lot in Montreal, Canada. (a) EVPL with dimensions, (b) EVPL with dimensions. 
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Figure 2. Ambient temperature data in Montreal for the year 2019. 
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Figure 3. Solar irradiance data in Montreal for the year 2019. 
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Figure 4. Wind Speed data in Montreal for the year 2019. 
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Figure 5. Estimated power demand of the EVPL in Montreal. 






Figure 5. Estimated power demand of the EVPL in Montreal.



[image: Energies 14 04515 g005]







[image: Energies 14 04515 g006 550] 





Figure 6. Plans before and after building the roofs for the PV system in an EVPL. (a) Floor plan: before building the roofs, (b) Floor plan: after building the roofs, (c) Front elevation: before building the roofs, (d) Front elevation: after building the roofs. 
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Figure 7. Output results of the 11 different solar panels calculated by the proposed optimization algorithm (a) PTC under standard test condition of the solar panels, (b) total installed cost per module of the solar panels, (c) total power generation of the systems, (d) total installation cost of the systems, (e) cost to power generation ratio of the systems, (f) cost to energy generation ratio of the systems, (g) efficiency of the PV systems, (h) payback periods of the PV systems, (i) energy self-sufficiency ratio, (j) power self-sufficiency ratio of the solar panels versus the load demand, (k) total number of solar panels on the roofs, (l) surface filling ratio of the PV systems. 
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Figure 8. The graded color scale for ranking solar panels, yellow represents the best alternative, brown represents the worst alternative. 
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Figure 9. Difference and similarities in ranking between RWR and TOPSIS, (a) Difference in ranking between RWR and TOPSIS methods for the best alternative, (b) similarities in ranking between RWR and TOPSIS methods for the best alternative. 
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Figure 10. Impact of doubling the number of alternatives and criteria on the simulation time of RWR and TOPSIS. (a) normal scale, (b) logarithmic scale base 2. 
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Figure 11. Schematic diagram of the IEEE 123 Nodes Test Feeder. 
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Figure 12. EVPL power demand for three cases, without PV system (dashed black curve), with PV system #5 (blue line), and with PV system #11 (red curve). 






Figure 12. EVPL power demand for three cases, without PV system (dashed black curve), with PV system #5 (blue line), and with PV system #11 (red curve).



[image: Energies 14 04515 g012]







[image: Energies 14 04515 g013 550] 





Figure 13. Impact of EVPL without PV system on the distribution network. (a) Voltage drop on the network, (b) voltage drop on the network. 
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Figure 14. Impact of EVPL with PV system #5 on the distribution network. (a) Voltage drop on the network, (b) power loss on the network. 
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Figure 15. Impact of EVPL with PV system #11 on the distribution network. (a) Voltage drop on the network, (b) power loss on the network. 
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Figure 16. Impact of EVPLs on the power loss on the lines of the distribution network. 
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Table 1. Selected solar panels with their characteristics.
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	i (Item Number)
	Manufacturer
	Model Number
	Nameplate Pmax (W)
	PTC (W)
	Technology
	Total Installed Cost per Module ($/Module)
	A_c (m2)
	N_s
	N_p
	Nameplate Isc (A)
	Nameplate Voc (V)
	Nameplate Ipmax (A)
	Nameplate Vpmax (V)
	Average NOCT (°C)
	Short Side (m)
	Long Side (m)





	1
	Sunpreme Inc.
	SNPM-GxB-500
	500
	470.0
	Thin Film
	908.4
	2.591
	96
	1
	9.20
	72.90
	8.70
	57.40
	45.5
	1.308
	1.981



	2
	Sunpreme Inc.
	SNPM-GxB-510
	510
	479.6
	Thin Film
	927.6
	2.591
	96
	1
	9.40
	74.70
	8.90
	57.30
	45.5
	1.308
	1.981



	3
	Topsun
	TS-S420SA1
	420
	373.2
	Mono-c-Si
	764.1
	2.564
	96
	1
	9.12
	60.65
	8.62
	48.73
	48.3
	1.308
	1.960



	4
	SunPower
	SPR-X22-460-COM
	460
	428.4
	Mono-c-Si
	837.1
	2.162
	128
	1
	6.40
	90.50
	6.00
	76.70
	45.7
	1.046
	2.067



	5
	Canadian Solar Inc.
	CS1U-415MS
	415
	387.7
	Mono-c-Si
	756.2
	1.990
	81
	6
	9.75
	53.7
	9.3
	44.7
	45.1
	1.000
	1.990



	6
	LG Electronics Inc.
	LG410N2C-A5
	410
	377.9
	Mono-c-Si
	746.3
	2.000
	72
	1
	10.55
	49.50
	9.91
	41.40
	47.7
	1.000
	2.000



	7
	LG Electronics Inc.
	LG400N2K-A5
	400
	369.7
	Mono-c-Si
	727.9
	2.000
	72
	1
	10.29
	49.40
	9.76
	41.00
	47.2
	1.000
	2.000



	8
	Advance Power
	API-M300
	300
	267.8
	Mono-c-Si
	545.7
	1.951
	72
	1
	8.58
	44.71
	8.17
	36.72
	47.9
	0.995
	1.961



	9
	Recom
	RCM-300-6PA
	300
	270.8
	Multi-c-Si
	545.9
	1.940
	72
	1
	8.69
	44.80
	8.20
	36.60
	46.2
	0.992
	1.956



	10
	KISCO
	GETWATT 250M-A1U
	250
	220.9
	Mono-c-Si
	454.9
	1.615
	60
	1
	8.60
	37.60
	8.20
	30.50
	47.5
	0.983
	1.643



	11
	Gintung Energy
	ASEC-250G6S6B
	250
	218.4
	Mono-c-Si
	454.8
	1.773
	66
	1
	8.37
	40.4
	7.85
	31.85
	51.4
	0.99
	1.79
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Table 2. Results of the calculation.
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Input Data of the Algorithm

	
Output Results of the Algorithm




	
i

	
Short Side (m)

	
Long Side (m)

	
PTC under STC (W)

	
Total Installed Cost per Module ($/Module)

	
Total Power Generation of the System (W)

	
Total Installation Cost of the System ($)

	
CPR of the System ($/W)

	
CER of the System ($/kWh)

	
Efficiency of the System

	
PBP of the System (Year)

	
Energy Self-Sufficiency Ratio (%)

	
Power Self-Sufficiency Ratio (%)

	
Total Nb of PV Modules on the Roof

	
Surface Filling Ratio (%)






	
1

	
1.31

	
1.98

	
470

	
908.4

	
164,970

	
318,848

	
1.93

	
1.47

	
0.181

	
10.18

	
69.0

	
59.6

	
351

	
90




	
2

	
1.31

	
1.98

	
480

	
927.6

	
168,340

	
325,588

	
1.93

	
1.47

	
0.185

	
10.24

	
70.4

	
59.9

	
351

	
90




	
3

	
1.31

	
1.96

	
373

	
764.1

	
130,993

	
268,199

	
2.05

	
1.56

	
0.146

	
10.41

	
54.7

	
56.6

	
351

	
89




	
4

	
1.05

	
2.07

	
428

	
837.1

	
174,787

	
341,537

	
1.95

	
1.49

	
0.198

	
10.44

	
73.1

	
60.4

	
408

	
88




	
5

	
1.00

	
1.99

	
388

	
756.2

	
181,444

	
353,902

	
1.95

	
1.49

	
0.195

	
10.54

	
75.8

	
60.9

	
468

	
92




	
6

	
1.00

	
2.00

	
378

	
746.3

	
176,857

	
349,268

	
1.97

	
1.51

	
0.189

	
10.59

	
73.9

	
60.5

	
468

	
93




	
7

	
1.00

	
2.00

	
370

	
727.9

	
173,020

	
340,657

	
1.97

	
1.50

	
0.185

	
10.50

	
72.3

	
60.2

	
468

	
93




	
8

	
1.00

	
1.96

	
268

	
545.7

	
125,330

	
255,388

	
2.04

	
1.55

	
0.137

	
10.36

	
52.4

	
56.1

	
468

	
91




	
9

	
0.99

	
1.96

	
271

	
545.9

	
126,734

	
255,481

	
2.02

	
1.54

	
0.140

	
10.25

	
53.0

	
56.1

	
468

	
90




	
10

	
0.98

	
1.64

	
221

	
454.9

	
127,238

	
262,022

	
2.06

	
1.57

	
0.137

	
10.47

	
53.2

	
56.2

	
576

	
92




	
11

	
0.99

	
1.79

	
218

	
454.8

	
102,211

	
212,846

	
2.08

	
1.59

	
0.123

	
10.59

	
42.7

	
53.3

	
468

	
82
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Table 3. Decision matrix used for our proposed rank-weigh-rank (RWR) optimization algorithm.
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	i
	PTC under STC (W)
	Total Installed Cost per Module ($/Module)
	Total Power Generation of the System (W)
	Total Installation Cost of the System ($)
	CPR of the System ($/W)
	CER of the System ($/kWh)
	Efficiency of the System
	PBP of the System (Year)
	Energy Self-Sufficiency Ratio (%)





	1
	470
	908.4
	164,970
	318,848
	1.93
	1.47
	0.181
	10.18
	69.0



	2
	480
	927.6
	168,340
	325,588
	1.93
	1.47
	0.185
	10.24
	70.4



	3
	373
	764.1
	130,993
	268,199
	2.05
	1.56
	0.146
	10.41
	54.7



	4
	428
	837.1
	174,787
	341,537
	1.95
	1.49
	0.198
	10.44
	73.1



	5
	388
	756.2
	181,444
	353,902
	1.95
	1.49
	0.195
	10.54
	75.8



	6
	378
	746.3
	176,857
	349,268
	1.97
	1.51
	0.189
	10.59
	73.9



	7
	370
	727.9
	173,020
	340,657
	1.97
	1.50
	0.185
	10.50
	72.3



	8
	268
	545.7
	125,330
	255,388
	2.04
	1.55
	0.137
	10.36
	52.4



	9
	271
	545.9
	126,734
	255,481
	2.02
	1.54
	0.140
	10.25
	53.0



	10
	221
	454.9
	127,238
	262,022
	2.06
	1.57
	0.137
	10.47
	53.2



	11
	218
	454.8
	102,211
	212,846
	2.08
	1.59
	0.123
	10.59
	42.7
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Table 4. Three scenarios with different weighting factors are used to compare RWR and technique for order of preference by similarity to ideal solution (TOPSIS) algorithms.
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Scenarios

	
Weighting Factor for Each Criterion






	
j

	
1

	
2

	
3

	
4

	
5

	
6

	
7

	
8

	
9




	
Scenario 1: Same weighting factor for all criteria (same importance)

	
10

	
10

	
10

	
10

	
10

	
10

	
10

	
10

	
10




	
Scenario 2: Priority is for maximizing the power generation from PV system

	
1

	
1

	
10

	
2

	
2

	
2

	
5

	
5

	
10




	
Scenario 3: Priority is for minimizing the installation cost of the PV system

	
1

	
10

	
1

	
10

	
5

	
5

	
1

	
2

	
2
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Table 5. Comparison between rank-weigh-rank and TOPSIS algorithms for the three aforementioned scenarios.
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Information

	
Criteria

	
Scenario 1

	
Scenario 2

	
Scenario 3






	
Alternatives

	
Manufacturer

	
Model Number

	
PTC under STC (W)

	
Total Installed Cost per Module ($/Module)

	
Total Power Generation of the System (W)

	
Total Installation Cost of the System ($)

	
CPR of the System ($/W)

	
CER of the System ($/kWh)

	
Efficiency of the System

	
PBP of the System (Year)

	
Energy Self-Sufficiency Ratio (%)

	
Weighting factor: [10, 10, 10, 10, 10, 10, 10, 10, 10]

	
RWR

	
TOPSIS

	
Weighting factor: [1, 10, 1, 10, 5, 5, 1, 2, 2]

	
RWR

	
TOPSIS

	
Weighting factor: [1, 1, 1, 10, 5, 5, 1, 10, 2]

	
RWR

	
TOPSIS




	
i/j

	

	

	
1

	
2

	
3

	
4

	
5

	
6

	
7

	
8

	
9

	

	

	

	

	

	




	
1

	
Sunpreme Inc.

	
SNPM-GxB-500

	
2

	
10

	
6

	
6

	
1

	
1

	
6

	
1

	
6

	
1

	
6

	
5

	
6

	
1

	
6




	
2

	
Sunpreme Inc.

	
SNPM-GxB-510

	
1

	
11

	
5

	
7

	
2

	
2

	
4

	
2

	
5

	
2

	
5

	
4

	
5

	
2

	
7




	
3

	
Topsun

	
TS-S420SA1

	
6

	
8

	
7

	
5

	
9

	
9

	
7

	
5

	
7

	
8

	
7

	
7

	
7

	
7

	
5




	
4

	
SunPower

	
SPR-X22-460-COM

	
3

	
9

	
3

	
9

	
4

	
4

	
1

	
6

	
3

	
4

	
2

	
2

	
3

	
5

	
8




	
5

	
Canadian Solar Inc.

	
CS1U-415MS

	
4

	
7

	
1

	
11

	
3

	
3

	
2

	
9

	
1

	
3

	
1

	
1

	
1

	
8

	
10




	
6

	
LG Electronics Inc.

	
LG410N2C-A5

	
5

	
6

	
2

	
10

	
6

	
6

	
3

	
10

	
2

	
6

	
3

	
3

	
2

	
10

	
11




	
7

	
LG Electronics Inc.

	
LG400N2K-A5

	
7

	
5

	
4

	
8

	
5

	
5

	
5

	
7

	
4

	
5

	
4

	
6

	
4

	
6

	
9




	
8

	
Advance Power

	
API-M300

	
9

	
3

	
10

	
2

	
8

	
8

	
9

	
4

	
10

	
9

	
10

	
10

	
10

	
4

	
3




	
9

	
Recom

	
RCM-300-6PA

	
8

	
4

	
9

	
3

	
7

	
7

	
8

	
3

	
9

	
7

	
8

	
8

	
9

	
3

	
2




	
10

	
KISCO

	
GETWATT 250M-A1U

	
10

	
2

	
8

	
4

	
10

	
10

	
10

	
8

	
8

	
10

	
9

	
9

	
8

	
9

	
4




	
11

	
Gintung Energy

	
ASEC-250G6S6B

	
11

	
1

	
11

	
1

	
11

	
11

	
11

	
11

	
11

	
11

	
11

	
11

	
11

	
11

	
1
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Table 6. Simulation time comparison between RWR and TOPSIS for the same number of alternatives and criteria.
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Iteration

	
Simulation Time in (ms)

	
Weighting Factors




	
RWR

	
TOPSIS

	
1

	
2

	
3

	
4

	
5

	
6

	
7

	
8

	
9






	
1

	
2.734

	
7.974

	
5

	
6

	
7

	
4

	
4

	
10

	
0

	
9

	
10




	
2

	
1.867

	
3.834

	
8

	
1

	
2

	
3

	
7

	
1

	
7

	
1

	
7




	
3

	
2.67

	
7.924

	
5

	
0

	
7

	
0

	
0

	
5

	
1

	
8

	
8




	
4

	
2.744

	
8.057

	
7

	
1

	
7

	
5

	
10

	
7

	
8

	
4

	
4




	
5

	
2.698

	
7.745

	
9

	
0

	
1

	
1

	
4

	
9

	
8

	
0

	
4




	
6

	
2.716

	
7.895

	
5

	
4

	
7

	
6

	
3

	
4

	
0

	
10

	
1




	
7

	
2.745

	
7.841

	
1

	
4

	
2

	
5

	
3

	
10

	
10

	
0

	
8




	
8

	
2.687

	
7.963

	
2

	
4

	
6

	
10

	
4

	
10

	
3

	
7

	
7




	
9

	
2.716

	
7.902

	
5

	
7

	
7

	
1

	
1

	
10

	
1

	
0

	
6




	
10

	
2.697

	
7.904

	
9

	
7

	
2

	
4

	
5

	
10

	
1

	
9

	
7




	
Average

	
2.627

	
7.504

	




	
Speed ratio

	
2.856

	
RWR is faster than TOPSIS by 2.856 times
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Table 7. Impact of doubling the number of alternatives and criteria on the simulation time of RWR and TOPSIS.
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Matrix Size

	
Simulation Time in (ms)

	
Speed Ratio (TOPSIS/RWR)

RWR Is Faster by:




	
RWR

	
TOPSIS






	
4 × 4

	
1.60

	
5.48

	
3.43




	
8 × 8

	
2.17

	
6.56

	
3.03




	
16 × 16

	
4.18

	
7.25

	
1.74




	
32 × 32

	
4.50

	
9.71

	
2.16




	
64 × 64

	
5.18

	
12.75

	
2.46




	
128 × 128

	
6.61

	
28.65

	
4.34




	
256 × 256

	
12.21

	
94.68

	
7.75




	
512 × 512

	
34.15

	
481.31

	
14.1




	
1024 × 1024

	
126.69

	
3128.89

	
24.7
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Table 8. Summary of the comparison between RWR to TOPSIS.






Table 8. Summary of the comparison between RWR to TOPSIS.










	
	TOPSIS
	Our Method (RWR)





	Complexity of calculation
	More complex
	Very simple



	Similarities
	Considered as a benchmark method
	More than 77% for a difference of less than 20%



	Simulation time
	Slower than RWR
	Very fast
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