
Dr. Haiying Shen, Department of Computer Science, University of Virginia 

Traffic and Grid-Based Parking Lot Allocation for 
PEVs Considering Driver Behavioral Model 

Department of Computer Science 

University of Virginia, Charlottesville, VA, USA  

Mehdi Rahmani-andebili 1 & Haiying Shen 2 

 1 Department of Electrical and Computer Engineering, Clemson University, Clemson, SC, USA  

2 Department of Computer Science, University of Virginia, Charlottesville, VA, USA  



Dr. Haiying Shen, Department of Computer Science, University of Virginia 

Outline 

 Introduction 

 Literature Review  

 Proposed Technique  

 Problem Formulation 

 Problem Simulation 

 Conclusion 



Dr. Haiying Shen, Department of Computer Science, University of Virginia 

 A recent study demonstrates that almost 27% of total energy consumption and 33% of greenhouse gas 
emissions in the world are related to the transportation sector.  

 Replacing internal combustion based vehicles with plug-in electric vehicles (PEVs) is a promising 
strategy to mitigate the energy security and environmental issues, since PEVs can be charged by 
electricity generated by renewables as the free and clean sources of energy.  

 Based on a recent study, PEVs utilization is being increased rapidly in some developed countries 
because of the advancement in battery technology.  
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 Previous work 

 Discuss the economic and technical characteristics of the PEVs fleet  

 Different objective functions in the literature have been considered for the parking lot (PL) placement 
problem that include minimum energy and power losses, maximum reliability, maximum voltage stability, 
and spinning reserve supply in power market.  

 However, in these studies, the behavior of PEVs’ drivers and their driving patterns reacting to 
incentives (discount on charging fee of the PEVs) and distance from the PL have not been modeled and 
investigated in the problem.  

 In this study, a new approach for the PL placement planning problem is introduced and applied on a 
case study.  

 The traffic of PEVs fleet and the technical and economic aspects of the electrical distribution network are 
taken into consideration.  

 In other words, the PLs are allocated to the given feeder of the distribution network considering the driving 
patterns of the PEVs’ drivers and the behavioral model of the drivers.  

 The drivers’ behavior are modeled respect to the value of incentive and the amount of average daily distance 
of the PEVs from the PL.  

 The value of incentive is considered to motivate the drivers to charge their vehicles through the PLs.  

 

Literature Review  
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 Modeling Driving Patterns of the PEVs Fleet  

 In order to figure out the driving pattern of a PEV or a group of PEVs, the position data of PEVs are 
recorded at every hour of a typical day.  

 By knowing the hourly position data of every PEV, the route and the driving pattern of the PEV can be 
determined.  

 Fig. 2 shows the hourly space-time driving patterns of the PEVs (Patterns 1-6) from our synthetic data.  

Proposed Technique 
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 By knowing the driving pattern of the PEV, the amount of average daily distance of the PEV from 
every bus of the feeder (𝜂𝑒,𝑏) can be calculated using the hourly position data of the PEV (𝑥𝑒,𝑡

𝑃𝐸𝑉 , 𝑦𝑒,𝑡
𝑃𝐸𝑉) 

and the bus (𝑥𝑏
𝐵 , 𝑦𝑏
𝐵), as in (1).  

 The value of 𝜂𝑒,𝑏 will be applied for determining the reaction of the PEV respect to the value of 
incentive (𝜉𝑀𝑜𝑑𝑒𝑙

 ) introduced to motivate the driver to charge his/her vehicle through the suggested PL. 

 Drivers usually prefer to park in a nearby place 

 

 𝜂𝑒,𝑏 =
1

24
× 𝑥𝑒,𝑡

𝑃𝐸𝑉 − 𝑥𝑏
𝐵 2 + 𝑦𝑒,𝑡

𝑃𝐸𝑉 − 𝑦𝑏
𝐵 2

24

𝑡=1

, ∀𝑒 ∈ 1, … ,𝑁𝑇𝑜𝑡
𝑃𝐸𝑉𝑠 , ∀𝑏 ∈ 1,… ,𝑁𝑏                         (1) 
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 By knowing the driving pattern of the PEV, the state of charge (SOC) of the PEV can be approximated, 
since the SOC of a PEV has a direct relation with the amount of distance that it travels in a day.  

 The value of SOC of the PEV is used to determine the amount of power and energy demands of the PL.  

 The value of SOC of a PEV at every hour of a day (𝑡) can be determined using (2).  

 𝑘𝑊ℎ𝑘𝑚
  is the amount of energy (in kWh) that the PEV needs to travel about 1 km and 𝐶𝑒

𝑃𝐸𝑉 is the 
capacity of battery of PEV. 

 

𝑆𝑂𝐶𝑒,𝑡
𝑃𝐸𝑉 = 1 − 𝑘𝑊ℎ𝑘𝑚

 × 𝑥𝑒,𝑡
𝑃𝐸𝑉 − 𝑥𝑒,𝑡−1

𝑃𝐸𝑉 2 + 𝑦𝑒,𝑡
𝑃𝐸𝑉 − 𝑦𝑒,𝑡−1

𝑃𝐸𝑉 2
𝑡

𝑡=1

×
1

𝐶𝑒
𝑃𝐸𝑉 , ∀𝑒 ∈ 1, … , 𝑁𝑇𝑜𝑡

𝑃𝐸𝑉𝑠 , ∀𝑡

∈ 1, … , 24  (2) 
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 Modeling Behavior of the Drivers as a Function of Incentive and Distance from the PL 

 In addition to the value of discount on charging fee (γ), the average daily value of distance of the PEV 
from the location of PL (η  ) is considered.  

 A linear function is assumed between ξModel
  and η  , as can be seen in TABLE I.  

 By considering these two parameters (incentive and distance), ξModel
  will be a three-dimensional 

spatial surface. 

Proposed Technique 

Mathematical model 
Percentage of drivers that charge their PEVs 

through the parking lot 

Power model 𝜉𝑃𝑜𝑤
 = 100 ×

𝛾

100

𝑛

, 𝑛𝜖 0.3,3  

Linear model 𝜉𝐿𝑖𝑛
 = 𝛾 

Logarithmic model 𝜉𝐿𝑜𝑔
 = 100 × 𝑙𝑛

𝛾

100
× 𝑒𝑥𝑝 1 − 1 + 1  

Exponential model 𝜉𝐸𝑥𝑝
 = 100 × 𝑒𝑥𝑝 𝑀 ×

𝛾

100
− 1 ,𝑀 ≫ 1 

TABLE I: The percentage of drivers that charge their 

PEVs through the parking lot as the mathematical 

functions of discount on charging fee (%). 

 Mathematic
al model 

Percentage of drivers that charge their PEVs through 
the parking lot 

Power 
model 

𝜉𝑃𝑜𝑤
 = 𝑎1 × 𝛽  + 𝑎2 × 100 ×

𝛾

100

𝑛

, 𝑛𝜖 0.3,3  

Linear 
model 

𝜉𝐿𝑖𝑛
 = 𝑎1 × 𝛽  + 𝑎2 × 𝛾 

Logarithmic 
model 

𝜉𝐿𝑜𝑔
 = 𝑎1 × 𝛽  + 𝑎2 × 100

× 𝑙𝑛
𝛾

100
× 𝑒𝑥𝑝 1 − 1 + 1  

Exponential 
model 

𝜉𝐸𝑥𝑝
 = 𝑎1 × 𝛽  + 𝑎2 × 100 × 𝑒𝑥𝑝 𝑀 ×

𝛾

100
− 1 , 

 𝑀 ≫ 1 

TABLE II: The percentage of drivers that charge their PEVs 

through the parking lot as the mathematical functions of discount on 

charging fee (%) and distance from the parking lot (meter). 
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 The percentage of drivers that charge their PEVs through the PL. 

Proposed Technique 
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Proposed Technique 

The number of PEVs that charge their vehicles through the parking lot (𝑁𝑀𝑜𝑑𝑒𝑙
𝑃𝐸𝑉𝑠 ) is determined using (3) 

that depends on the percentage of discount on charging fee (𝛾), the total number of PEVs in the area 
(𝑁𝑇𝑜𝑡
𝑃𝐸𝑉𝑠), and the average daily distance of the PEVs from the locations of parking lots (𝛽  ).  

The hourly demand of parking lot (𝐷𝑡
𝑃𝐿) in Mega Watt (MW) is approximated applying (4). 

 
                             𝑁𝑀𝑜𝑑𝑒𝑙

𝑃𝐸𝑉𝑠 = 𝜉𝑀𝑜𝑑𝑒𝑙
 × 𝑁𝑇𝑜𝑡

𝑃𝐸𝑉𝑠                         (3) 

  

                 𝐷𝑡
𝑃𝐿 =  1−

𝑆𝑂𝐶𝑒,𝑡
𝑃𝐸𝑉

100
×
𝐶𝑒
𝑃𝐸𝑉

1000

𝑁𝑀𝑜𝑑𝑒𝑙
𝑃𝐸𝑉𝑠

𝑒=1

                4  
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 Optimization problem (PL planning problem of a DSICO) 

 Aims to minimize total cost for deploying the parking lots 

 Inputs: 

 All the technical and economic parameters of the problem 

 All the technical data of the electrical distribution network  

 Outputs: 

 Optimal location of parking lots 

 Optimal value of incentive 
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 Objective Function  

 The objective function of problem is minimizing total cost of the local DISCO over the operation period (𝑁𝑦) by 
installing PLs in the optimal locations of a feeder of the given electrical distribution grid.  

𝑂𝐹𝑁𝑦
 = 𝑚𝑖𝑛 𝐶𝑜𝑠𝑡 

𝐼𝑁𝑉 + 𝐶𝑜𝑠𝑡𝑁𝑦
𝑀𝐴𝐼𝑁𝑇 +𝐶𝑜𝑠𝑡𝑁𝑦

𝐼𝑁𝐶 +𝐶𝑜𝑠𝑡𝑁𝑦
𝐸𝐿 +𝐶𝑜𝑠𝑡𝑁𝑦

𝐸𝐸𝑁𝑆  (5) 

 Investment cost 
𝐶𝑜𝑠𝑡 
𝐼𝑁𝑉 = 𝐶 

𝐼𝑁𝑉 × 𝑁𝑀𝑜𝑑𝑒𝑙
𝑃𝐸𝑉𝑠  (6) 

 Maintenance cost 

𝐶𝑜𝑠𝑡𝑁𝑦
𝑀𝐴𝐼𝑁𝑇 = 𝐶 

𝑀𝐴𝐼𝑁𝑇 × 𝑁𝑀𝑜𝑑𝑒𝑙
𝑃𝐸𝑉𝑠 × 𝐹 

𝑃𝑊𝑉 𝑦

𝑁𝑦

𝑦=1

, 𝐹 
𝑃𝑊𝑉 =
1 + 𝐼𝐹𝑅 100 

1 + 𝐼𝑇𝑅 100 
 (7) 

 Incentive cost 

𝐶𝑜𝑠𝑡𝑁𝑦
𝐼𝑁𝐶 =   𝐷𝑡,𝑑,𝑦

𝑃𝐿 ×
𝛾

100

24

𝑡=1

365

𝑑=1

× 𝜋 
𝐸 × 10 × 𝐹 

𝑃𝑊𝑉 𝑦

𝑁𝑦

𝑦=1

     (8) 

 Energy loss cost 

𝐶𝑜𝑠𝑡𝑁𝑦
𝐸𝐿 =    𝑅𝑏𝑟

 × 𝐼𝑦,𝑑,𝑡,𝑏𝑟
 2
×𝑀𝑉𝐴 

𝐵𝐴𝑆𝐸 × 𝜋 
𝐸 × 10

𝑁𝑏𝑟

𝑏𝑟=1

24

𝑡=1

365

𝑑=1

× 𝐹 
𝑃𝑊𝑉 𝑦

𝑁𝑦

𝑦=1

 (10) 

 Expected Energy Not Supplied (EENS) cost 

 𝐶𝑜𝑠𝑡𝑁𝑦
𝐸𝐸𝑁𝑆 =  𝜆𝑏𝑟

 × 𝜏 
𝐹𝐿 𝐿𝑁𝑆𝑦,𝑏

𝐹𝐿𝑁𝑏
𝑏=1 + 𝜏 

𝐹𝑅  𝐿𝑁𝑆𝑦,𝑏
𝐹𝑅𝑁𝑏

𝑏=1
𝑁𝑏𝑟
𝑏𝑟=1 × 𝜋 

𝐸𝑁𝑆 × 𝐹 
𝑃𝑊𝑉 𝑦𝑁𝑦

𝑦=1  (12) 
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  Security Constraints  

 Loading limit of the branches: magnitude of the apparent power flowing through the branch must be 
less than the allowable magnitude of the apparent power of the branch.  

 
𝑀𝑉𝐴𝑏𝑟 ≤ 𝑀𝑉𝐴𝑏𝑟 , ∀𝑏𝑟 ∈ 1,… ,𝑁𝑏𝑟                  (13) 

 

 Voltage magnitude limits of the buses: Magnitude of voltage of each bus must be within the allowable 
minimum and maximum limits.  

 
1 − 𝜎 
𝑉 100 × 𝑉 𝑏 ≤ 𝑉𝑏 ≤ 1 + 𝜎 

𝑉 100 × 𝑉 𝑏 , ∀𝑏 ∈ 1,… ,𝑁𝑏  (14) 
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Problem Simulation 

EENS: expected energy not supplied  
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Problem Simulation 
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 It was noticed that the drivers’ behavioral model and drivers’ driving patterns can remarkably affect the 
outcomes of the planning problem including the optimal size and location of the PLs, optimal value of 
incentive, and maximum profit of the local DISCO.  

 However, previous works for this problem fail to consider these factors.  

 In this work, we considered these factors in solving the problem.  

 Our numerical study confirmed the influence of these factors and the effectiveness of our approach.  

 

Conclusion 
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