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Abstract: Electric vehicles (EVs) have a number of environmental benefits in an era where 

fossil fuels have dominated. As such, the upgrade of electricity distribution grids to suit the 

needs of the modern world where the use of EVs can be accommodated is essential. 

Management of EV penetration is necessary, since uncoordinated charging can produce 

load imbalances and sharp variations in current, voltages and power. In order to assess the 

needs of such a system, estimates of random variables reflecting charging behaviour are 

necessary, particularly in cases where real data is insufficient.  An attempt is made to assess 

some probabilistic models based on weekday load curves derived from the charging 

process. Level 1 EV charging profiles for uncoordinated charging schemes over one year 

for a data set consisting of 348 vehicles corresponding to 200 households are analysed and 

compared. Charging characteristics are reviewed and probability models are validated by 

goodness of fit statistics. Probability distribution functions (PDFs) which provide the best 

fit for these weekday load profiles are identified among the Johnson SB, Generalised 

Gamma and Dagum functions. This can provide an insight into estimation of PDFs based 

on EV charging behaviours, in order to build and assess models associated with 

transportation mobility data in other regions. 

Keywords: Electric Vehicles, Probability distribution function, Goodness of fit test,    
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1. Introduction 

Globally, the impact of fossil fuel consumption on climate change has been an important topic of discussion 

within recent times. According to the Intergovernmental Panel on Climate Change (IPCC) [1], the 

transportation sector accounted for 14% of the global greenhouse emissions in 2014. In 2018, the Energy 

Information Administration (EIA) reported that 28% of the United States energy consumption was used for 

transportation, with 92% of that being supplied by petroleum [2]. As a result, the use of electric vehicles 

(EVs) in communities is seen as a viable alternative.  

There are different types of EVs, classified by the amount of electricity used as the energy source. Battery 

Electric Vehicles (BEVs or most commonly EVs) and Plug-in Hybrid Electric Vehicles (PHEVs) are two 

main classifications of plug-in electric vehicles (PEVs). In general, PEVs have been identified as the main 

future alternative to conventional automobiles powered by Internal Combustion Engines (ICEs) [3]. This 
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is due to the fact that they are environmentally friendly and economically efficient, since they facilitate the 

use of Renewable Energy (RE).  

Despite these advantages, electrical power systems constitute a significant area that could be directly 

impacted by the integration of such vehicles on the grid [4]. Power drawn by these vehicles is variable and 

depends on certain characteristics associated with driving behaviour. In order to analyse the impact of the 

EVs into the grid, models of charging curves are integral to the process. It is important to consider the 

aggregate effects of charging electric vehicles on electric power system infrastructure [5]. As such, 

integration of EVs within the smart grid framework requires careful consideration.  

Use of probabilistic models of charging station load can assist greatly in this process and subsequently 

impact the longevity of the grids and overall success of the system. According to [6], factors such as driving 

patterns, charging characteristics (vehicle demand profiles), charging timing (the magnitude and duration 

of charging cycle) and vehicle penetration, impact the electric network. Further to this, [3] expressed that 

there exists a need to conduct a statistical evaluation among a wide range of available theoretical probability 

density functions (PDFs) in order to find the best model, to reflect the random characteristics of each driver 

behaviour variable.  

Uncoordinated charging refers to the scenario where there is no control over when EV loads charge. This 

scenario significantly increases the peak demand and will require upgrades to the distribution grid. It can 

also lead to an increase in load imbalances, possible outages, as well as current and voltage variations. The 

research in [7] highlights how uncontrolled distribution of single-phase charging could be responsible for 

local voltage disturbances. These negative effects will increase if there are no Demand Side Management 

(DSM) schemes [8] to reduce or shift energy consumption from peak hours to leaner demand periods. 

On the other hand, a properly designed and well-coordinated charging scheme can provide better flexibility 

and reliability to the entire electrical system [9]. To demonstrate the capabilities of a coordination scheme, 

real data and driver behaviours need to be available to perform simulations. However, the scarcity of 

available real data regarding EVs and charging stations has forced researchers to first develop probability 

distributions for a number of variables [9]. As such, [5] and [9] use real transaction data, with probabilistic 

and statistical ideas, in order to assess the impact on the grids. 

According to [10], addition of EVs would affect the overall load pattern of distribution networks, leading 

to power quality concerns such as voltage imbalances, depending on EV charging pattern over a day. The 

research in [10] discusses the complications in attempting to provide a deterministic quantification of the 

number of EV charging events per day and the associated load on the grid. The complete mobility pattern 

of the EV driver is an important factor which is not always known. Hence, [11] expresses that there is a 

need to develop a probabilistic model of EV charging to estimate an expected load in the system, leading 

to a power index through which utilities can upgrade their infrastructure to support large penetration of 

EVs.  

However, estimates of random variables related to driver behaviour (arrival, departure times, daily mileage 

etc.) to characterise the PEV charging process is a challenge. Currently, there is a lack of sufficient real 

data for this purpose. Therefore, samples from transportation mobility data are used to estimate a PDF. The 

research in [3] explains that the purpose is to not only preserve the characteristics of each variable but to 

generate simulated data for further comparison. Hence, the use of PDFs is a useful way to reflect driver 

behaviour.  

In addition, [10] develops a probabilistic model of the charging pattern for EVs associated with residential 

load profiles. The probabilistic model provides the activity for the residential load profiles and EV charging 
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patterns over a period of twenty-four (24) hours. Other studies ([12], [13]) use a theoretical PDF to provide 

a fit for the sample data. This gives a snapshot of the intrinsic randomness of driver behaviour variables, 

which is then used to generate synthetic data from the fitted PDFs. Thus, [12] assumes Normal and 

Lognormal PDFs for the variables arrival time and daily travel mileage respectively. Alternatively, [13] 

assumes Chi-square and Power law PDF for the aforementioned variables.  

While many papers have fit PDFs for individual driver behaviour variables, most have not considered 

weekday load profiles. This work attempts to assess which theoretical PDFs provide the best fit for weekday 

load curves based on aggregate residential and EV charging profiles. Following this overview of the current 

research, section 2 describes a brief methodology for such a scheme. Next, section 3 outlines suitable 

goodness of fit (GoF) statistics and PDFs based on each of the load curves by day of the week. Section 4 

discusses the importance of such analysis for charging behaviour, followed by preliminary conclusions in 

section 5. Overall, this research serves as a benchmark for future models which can use these PDFS to assist 

in implementation of control strategies for different regions.  

2. Methodology 

This paper is a PDF fitting case study using in-home plug-in electric vehicle recharging profiles for 348 

vehicles. These are associated with 200 households randomly selected among the ones available in the 2009 

Residential Consumption Survey (RECS) [14] data for the Midwest region of the United States. This 

probability sample survey enables statistical selection of households to collect energy-related data. The 

publicly available data set accounts for user activity and appliance usage statistics from more than 12000 

households across the United States. These are statistically chosen to represent over 110 million household 

units, where physical properties of each residence are included.  

Power profiles which depict energy consumption patterns can fluctuate and due to this randomness the 

prediction of energy demand can be difficult. For these reasons, according to the work of Muratori ([15], 

[16]), residential demand profiles are variable since individual household behaviour is stochastic in nature. 

Each PEV is charged as soon as connected to the grid, until the battery is fully charged. Therefore, there is 

no coordination scheme applied to the data set. Simulation of the amount of electricity required to fully 

charge the battery depends on the previous trips and charging events, which are simulated using a personal 

energy consumption model constructed by Muratori [16].  

The profiles proposed by Muratori et al. ([15], [16]) create realistic patterns of residential power 

consumption. These are validated using metered data, with a resolution of 10 minutes. Muratori [15] also 

simulates various scenarios considering different PEV market shares. In this data set, vehicles are assumed 

to be 60% BEVs with 200-mile range and 40% plug-in hybrid electric vehicles PHEVs with 40-mile all-

electric range based on market trends. Both Level 1 charging (1920 W) and Level 2 charging (6600W) are 

assumed in the aforementioned dataset and the profiles represent total plug-in electric vehicle (PEV) 

charging demand. 

 In this paper, the Level I charging data set (PEV-L1) [15] is used, since it is expected most that most 

households would charge at this level. This data represents an uncoordinated charging scheme where no 

control strategy is applied to deal with daily demand. The electricity demand profiles for the 200 households 

(without EV charging) are mapped to the total EV demand within the corresponding households (since 

some residences have more than one EV). Then, the aggregate household load is computed using the sum 

of the base load and the total EV load per household.  The equation for this computation is expressed as: 
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                                               𝑃𝑊𝑇𝑜𝑡𝑎𝑙 𝐿𝑜𝑎𝑑,𝑖 = 𝑃𝑊𝑅𝑒𝑠𝑖𝑑,𝑖  +  𝑃𝑊𝑃𝐸𝑉,𝑖                                                             (1) 

where 𝑃𝑊𝑇𝑜𝑡𝑎𝑙 𝐿𝑜𝑎𝑑,𝑖 represents the total power demand for residential load, 𝑖, and 𝑃𝑊𝑅𝑒𝑠𝑖𝑑,𝑖  represents 

the power demand associated with the residential load, 𝑖 and 𝑃𝑊𝑃𝐸𝑉,𝑖 is the corresponding total PEV-L1 

load, for that household (𝑖 = 1,2, … . ,200). The models in this paper ignore seasonal variations, considering 

only weekday and weekend profiles. 

These load profiles are used to construct weekday demand curves by time of day. Then, daily load curves 

are fitted using polynomial curves for each day of the week. In each case, a non-linear equation is obtained. 

The form of this equation is: 

                                                 𝑓(𝑥)𝑓𝑖𝑡𝑡𝑒𝑑 = 𝑎𝑛𝑥𝑛 + ⋯ + 𝑎2𝑥2 + 𝑎1𝑥 + 𝑎0                                                (2) 

where 𝑎𝑘 represents the fitted model co-efficient of 𝑥𝑘, the variable ‘time of day (hrs.)’, for 𝑘 = 0,1, … , 𝑛. 

In this work, a 5th order polynomial is used (𝑘 = 5) for the best fit.  

For each day of the week, GoF statistics are generated to describe the overall fit of the model to the original 

data based on differences between observed and predicted values. The coefficient of determination, 

𝑅2, provides a measure of how well the fit explains the variation in the data. RMSE provides a relative 

measure of the fit, that is, how concentrated the data is around the line or curve of best fit. Let 𝑦𝑖 be the true 

response for the 𝑖𝑡ℎ observation and �̂�𝑖 be the corresponding predicted response. The RMSE is defined as: 

                                                           𝑅𝑀𝑆𝐸 = √
1

𝑛
∑ (𝑦𝑖 − �̂�𝑖)2𝑛

𝑖=1                                                                  (3) 

Lower values of the RMSE closer to 0 indicate a better fit.  

Then, aggregate load curves categorised by weekday and weekend are examined in a probabilistic sense. 

Polynomial curve fitting is used to generate an estimated PDFs for each load curve. XLSTAT 2019, the 

add-in package for Microsoft Excel, which uses maximum likelihood estimation (MLE) to derive the 

parameters of the probability distribution, provides the best fitting theoretical PDF for each scenario. It 

should be noted that these distributions are the chosen from a pre-set database of PDFs, but there may be 

others which can provide a better fit.  

It is necessary to conduct a GoF test to check whether the observed data follow the specified distribution. 

The Kolmogorov-Smirnov (K-S) test is a nonparametric test which compares the empirical (actual) 

cumulative distribution function (CDF), say 𝐺(𝑥) to the theoretical CDF, say 𝐹(𝑥). The K-S Statistic (D) 

computes the largest difference between the two functions for all sample values 𝑥𝑖 , 𝑖 = 1,2, … , 𝑛. using the 

equation: 

                                                                𝐷 = 𝑚𝑎𝑥[𝐺(𝑥) − 𝐹(𝑥)]                                                                   (4)  

This statistic is used to determine if the hypothesis of interest “the observed data follow a specified 

distribution” is true when compared to a critical value. The significance level or p-value of this test is set 

to 0.05 or 5% and the original assertion is rejected if p < 0.05.  
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3. Results and Analysis 

R Statistical Software [17] is used to match EVs to households to obtain the total load. Descriptive statistics, 

goodness of fit and probability plots are generated to reflect the load profiles by day of the week. These 

provide developers with tools to provide aggregate comparisons and to visualise the differences between 

datasets respectively. Figure 1 shows the residential load without EV charging, classified by time of day 

and day of the week. Ignoring seasonal variations, the general trends for the days of the week are similar. 

Subsequently, load curves are generated to include EV charging and the goodness of fit of these curves are 

analysed.  

 

Figure 1: Residential Load Curves by time of day and day of the week (no EV charging) 

 

3.1 Hourly Load Curves by Day of the Week 

Load curves are generated for the original uncoordinated charging scheme by day of the week, in contrast 

to seasonal load variations, which are most commonly examined in the literature. In order to determine the 

charging behaviour on a weekly basis, total load curves based on the residential consumption and additional 

load from daily EV charging are constructed graphically.  

These are shown in Fig. 2 where, upon initial inspection, the peak demand occurred mainly between the 

hours of 4 p.m. (16:00 hrs) and 10 p.m. (21:00 hrs) daily. Descriptive statistics are generated as shown in 

Table 2. The mean (average) and standard deviation (spread of data points about the mean) can later be 

used as estimates of shape and scale parameters in certain probability density functions (PDFs). Tuesdays 

experienced the highest average load (19.47 MW) while Thursdays experienced the lowest (18.35 MW).  

The standard deviations are similar for each day, ranging from 5.32 MW to 6.07 MW.  

Each load curve is best fit to a polynomial to the 5th degree. The overall fit for each curve is quite good 

based on the 𝑅2 values (all close to 1) while the RMSE value is lowest for Thursday (0.65), indicating this 

particular day had the best relative fit. Since the demand by day of the week is fairly similar, aggregate 
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weekday and weekend load curves are generated and validated. The mean weekday load is 19.04 MW, 

slightly less than that of the weekend (19.12 MW). These load curves are examined further in Section 3.2 

to find suitable theoretical PDFs to represent them.  

 

Figure 2: Total Load Curves by time of day and day of the week (EV charging included) 

 

Table 2: Descriptive and Goodness of Fit Statistics for Total Load Curves (MW.) by day of the Week 

 Mon Tues Wed Thurs Fri Sat Sun Weekday Weekend 

Mean 19.38 19.47 19.33 18.35 18.59 18.82 19.4 19.04 19.12 

Standard 

Deviation 
6.03 6.07 5.84 5.32 5.67 5.94 5.83 5.76 5.87 

Minimum 10.01 10.2 10.17 9.78 9.94 9.63 10.23 10.03 9.93 

Maximum 28.5 28.86 28.37 26.44 27 26.7 26.8 27.75 26.62 

R² 0.98 0.98 0.98 0.99 0.99 0.99 0.98 0.98 0.98 

RMSE 0.83 0.76 0.86 0.65 0.69 0.72 0.75 0.74 0.74 

 

In addition, Fig. 3 shows a stacked bar chart of the total load by day of the week. This particular artefact is 

useful for charging schemes that use Time of Use (TOU) tariffs to coordinate. Peak demand times are 

between 6 p.m. and 8 p.m. where the total weekly load is just under 1200 MW. The off-peak demand times 

occur between 4 a.m. and 6 a.m., where the total weekly load is at its minimum at 5 a.m. (just over 400 

MW).  These times are most crucial for coordination schemes to address. Examination of these attributes 

can assist in the determination of the most appropriate charging schemes for a particular region. 

 

0.00

5.00

10.00

15.00

20.00

25.00

30.00

35.00
0

:0
0

1
:0

0

2
:0

0

3
:0

0

4
:0

0

5
:0

0

6
:0

0

7
:0

0

8
:0

0

9
:0

0

1
0

:0
0

1
1

:0
0

1
2

:0
0

1
3

:0
0

1
4

:0
0

1
5

:0
0

1
6

:0
0

1
7

:0
0

1
8

:0
0

1
9

:0
0

2
0

:0
0

2
1

:0
0

2
2

:0
0

2
3

:0
0

T
o

ta
l 
L

o
ad

 (
M

W
)

Time of day (hr:mm)

Total Load (MW) by time of day classified by day of the week 

Friday Saturday Sunday Monday

Tuesday Wednesday Thursday



             The International Conference on Emerging Trends in Engineering and Technology (IConETech-2020) 

Faculty of Engineering, The UWI, St. Augustine | June 1st – 5th, 2020 

 

482  

Figure 3: Stacked Bar Chart of Total Weekly Load with EV charging by time of day 

 

3.2 Goodness of Fit to Polynomial Functions and Known PDFs 

Non-linear polynomial equations are used to fit aggregate weekday and weekend load curves for this data 

set. These can be used to estimate the probability of daily demand at a particular time of day. The weekend 

and weekday scenarios are both displayed on Fig. 4. The PDFs of the load curves are best fit to polynomials 

to the 5th degree. The coefficients of the two equations are close, which indicates that the demand for 

weekday and weekend, even with inclusion of the use of EVs on the grid, is quite similar for this particular 

region. The differences in demand is reflective of their daily residential and EV charging behaviours.  

Subsequently, standard PDFs are also used to determine the distributions with the best fit. EasyFit 5.6 

Professional, an add-in package in Microsoft Excel, performs GoF tests evaluate the most appropriate 

distribution based on the smallest K-S value compared to the critical value, which is the best fit for the data. 

Figure 5 shows the best three PDFs for the weekday load curves. The histogram represents the spread of 

daily load over 24 hours. The PDF known as Johnson SB distribution is found to be the best fit (K-S = 

0.0162, p > 0.05), followed by the Generalised Gamma (K-S =0.0277, p > 0.05) and then the Dagum 

distribution (K-S = 0.0282, p > 0.05), as shown in Table 3.  

In Fig. 5, the values of the parameters are 𝛾 = −0.441, 𝛿 = 0.758 , 𝜆 = 26.639 and 𝜉 = −2.564 for the 

Johnson SB distribution. The corresponding parameters for the Generalised Gamma are 𝑘 = 146.71, 𝛼 =

0.00917 and 𝛽 = 23.824, while those for the Dagum distribution are 𝑘 = 0.0068, 𝛼 = 198.62 and 𝛽 =

23.766. The shape parameters in the aforementioned distributions allow for flexibility which allows them 

to fit various real-life scenarios. This enables the realistic stochastic dynamics of EV charging profiles to 

be showcased.  

0

200

400

600

800

1000

1200

1400

0
1

:0
0

:0
0

 A
M

0
2

:0
0

:0
0

 A
M

0
3

:0
0

:0
0

 A
M

0
4

:0
0

:0
0

 A
M

0
5

:0
0

:0
0

 A
M

0
6

:0
0

:0
0

 A
M

0
7

:0
0

:0
0

 A
M

0
8

:0
0

:0
0

 A
M

0
9

:0
0

:0
0

 A
M

1
0

:0
0

:0
0

 A
M

1
1

:0
0

:0
0

 A
M

1
2

:0
0

:0
0

 P
M

0
1

:0
0

:0
0

 P
M

0
2

:0
0

:0
0

 P
M

0
3
:0

0
:0

0
 P

M

0
4

:0
0

:0
0

 P
M

0
5

:0
0

:0
0

 P
M

0
6

:0
0

:0
0

 P
M

0
7

:0
0

:0
0

 P
M

0
8

:0
0

:0
0

 P
M

0
9

:0
0

:0
0

 P
M

1
0

:0
0

:0
0

 P
M

1
1

:0
0

:0
0

 P
M

1
2

:0
0

:0
0

 A
M

T
o

ta
l 
 L

o
ad

 (
M

W
)

Time of Day (hrs:mm:ss)

Total Weekly Load (MW) classified by time of day 

Friday Saturday Sunday Monday Tuesday Wednesday Thursday



             The International Conference on Emerging Trends in Engineering and Technology (IConETech-2020) 

Faculty of Engineering, The UWI, St. Augustine | June 1st – 5th, 2020 

 

483  

 

Figure 4: Probability Density Functions for power demand curves by weekday and weekend. 

Table 3: Top three best fitting PDFs for weekday load curve 

Distribution PDF K-S Statistic p-value 

1. Johnson SB  
𝑓(𝑥) =

𝛿

𝜆√2𝜋𝑧(1 − 𝑧)
exp (−

1

2
(𝛾 + 𝛿 𝑙𝑛 (

𝑧

1 − 𝑧
))

2

),  

𝜉 < 𝑥 < 𝜉 + 𝜆;         −∞ < 𝛾, 𝜉 < ∞;           𝛿 > 0, 𝜆 > 0     
       

0.0162 1.0 

2. Generalised       

    Gamma 𝑓(𝑥) =
𝑘𝑥𝑘𝛼−1

𝛽𝑘𝛼Γ(𝛼)
exp (− (

𝑥

𝛽
)

𝑘

), 

𝑥 > 0, 𝑘 > 0, 𝛼 > 0, 𝛽 > 0, Γ(𝛼) is the Gamma function 

 

0.0277 0.99 

3. Dagum 

𝑓(𝑥) =
𝛼𝑘 (

𝑥
𝛽

)
𝑘𝛼−1

𝛽 (1 + (
𝑥
𝛽

)
𝛼

)
𝑘+1

, 

𝑥 > 0, 𝑘 > 0, 𝛼 > 0, 𝛽 > 0 

0.02821 0.99 

 

These PDFs can be used to generate the uncoordinated charging power demand, 𝑓(𝑥), at a certain charging 

time, 𝑥. The advantage of these ‘best’ fitting PDFs is the additional shape parameters which provide a more 

realistic fit than popular PDFs such as the Normal and Weibull. This can be repeated for the weekend 

scenario also. In this way, random characteristics of the data can be preserved and EV charging load profiles 

can be easily estimated using these equations. Although known PDFs can be fitted as shown, polynomial 

curve fitting also provides a feasible technique to provide a close fit for such analysis. This flexibility is 

essential for further predictive analysis in terms of demand in different regions.   
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Figure 5: Probability Density Functions for the Weekday Load Curve 

4. Discussion 

Descriptive statistics and goodness of fit metrics are shown to be useful tools for compressing large datasets 

without requiring significant amount of time to process. In particular, maximum daily peak values are of 

significance to distribution grid protection schemes to predict system disturbances. The mean values can be 

used to demonstrate the percentage increase of daily demand compared to lower EV penetration scenarios, 

thereby enabling better scheduling.  

However, there is room for further work to generate more accurate PDFs for corresponding load curves in 

order to subsequently predict EV demand, as well as feed into more complexed schemes. A limitation of 

the theoretical PDFs is the inability to accurately describe the weekday demand at particular hours in the 

day. This may affect the accuracy of performance indicators and estimates at certain times.  

Development of realistic PEV load profiles is an essential for accurate determination of impacts on power 

system planning and operation applications [3]. The aim is for system operators to have tools to evaluate 

uncoordinated systems properly in order to build coordination charging schemes based on EV demand. The 

outputs of this assessment can also be fed into Demand Side Management (DSM) programs to improve 

power consumption efficiencies. DSM plays an important role in the development of smart grids.  

5. Conclusion 

This paper has presented an assessment of EV charging using goodness of fit of PDFs. Such evaluations 

need to be adopted as EV penetration increases and coordination schemes are being developed more 

intensely. These can then be utilised to build suitable PDFs to estimate country specific metrics and enable 

forecasting models to be created for EV charging, using data-driven approaches. 
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