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Executive Summary 

    This report first introduces the importance of studying the behaviors of Plug-in Hybrid 

Electric Vehicles / Battery Electric Vehicles (PHEV/BEV), potential benefits of PHEV/BEV 

behaviors study for various stakeholders, and addresses the advantages and difficulties of 

analyzing PHEV/BEV's behaviors using data driven science. A new statistical method - Maximal 

Information Coefficient (MIC)  is introduced in this report to analyze the PHEV/BEV related 

multidisciplinary datasets. 

    Maximal Information Coefficient method is compared with other statistical method in this 

report. MIC has two important properties which make it suitable for analyzing multidisciplinary 

datasets: generality and equitability. 

    Two data-pairs related to PHEV/BEV are analyzed mathematically using MIC in this report. 

The first data pair is Charging Behavior of PHEV/BEVs VS. Charging incentives. Logically, it is 

understandable that providing a special charging incentive could affect how people charge their 

PHEV/BEVs, and MIC mathematically proves that special charging incentive would decrease 

the dependencies between charging behavior and people's daily routine. The second data-pair is 

Location VS Charging Behaviors. In this case, several parameters related to charging behavior 

are analyzed. By using MIC, it is clear to see that location has strong effects on when most 

people will charge their PHEV/BEVs, but it has very little impact on when most people will plug 

their PHEV/BEVs into the charging station. 

    Then, this report analyzes data-sets from multiple resources, in order to find which parameters 

would affect the behaviors of PHEV/BEVs and how are these parameters' effects in quantitative 

levels. The data of driving behaviors for PHEV/BEVs are compared with the data for 

conventional vehicles, and MIC shows that PHEV/BEVs' driving behaviors are more  time 

related than conventional vehicles. With available data-sets, MIC draws some interesting 

conclusion about how PHEV/BEVs' charging behaviors are affected, however, more data are still 

needed to validate the results. 
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I. INTRODUCTION 

Under today’s high gasoline price and environmental concerns, Plug-in Hybrid Vehicle/Battery 

Electrical Vehicle (PHEV/BEV) is of more interest to the public. Most PHEV/BEVs now in the 

market can travel at least 30 miles on a single charge. According to [1], the cost of electricity of 

charging a PHEV/BEV to drive 25-30 miles is less than $1, which could cost less than 

conventional vehicles under high gasoline cost scenarios even considering current restrictions and 

expenses of lithium-ion battery technologies. A survey done in 2003 by U.S. Department of 

Transportation shows that 78% of people in United States drive less than 40 miles per day, which 

means there is a huge potential for PHEV/BEV to replace the role of most conventional light duty 

vehicles. However, the increased number of PHEV/BEV also has posted challenges to both 

electricity grid and transportation network. Though many researchers agree on that charging of 

PHEV/BEVs mostly happen off-peak, the additional load of PHEV/BEVs still may affect the 

stability and reliability for operating electricity grid. Currently, most commercial charging stations 

are built in business areas which has already consumed a large amount of electricity. Hence, as 

more PHEV/BEVs are purchased and more commercial charging stations are built, the power 

system operators need to supply more energy to the already heavily loaded business areas, which 

will cause serious congestions. In addition, un-regulated PHEV/BEVs charging could happen 

after people arrive their homes from work when the peak power consumption always happens, in 

this case power system operators need to have more generation reserves to balance the power grid, 

and the power system's efficiency would decrease. Considering all the possible threatens the un-

regulated PHEV/BEVs may cause to the power grid, accurate modeling of PHEV/BEVs' 

behaviors is critical for optimizing the regulation of PHEV/BEVs, in order to maintain a reliable 

electricity grid. To study the characteristics of PHEV/BEV, several research groups has 

implemented data acquisition systems by putting sensors on PHEV/BEVs and their charging 

stations, in order to get data for driving and charging behaviors of PHEV/BEV. Nevertheless, in 

current stage there is still no existing automation system of data analysis for PHEV/BEV, which 

means people need to first require for data from various organizations, screen the data which are 

related to PHEV/BEVs' studies, and then take a lot of efforts to study these data from different 

areas. Researchers need to review a large amount data come from different resources such as 

charging stations, Global Positioning System (GPS), surveys, etc., and guess which parameter 

would affect PHEV/BEV’s charging and driving behaviors based on professional expertise and 
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personal assumptions from the observations of deviations on PHEV/BEV’s charging and driving 

behaviors, then use available data-sets to validate their assumptions.  During the data analysis, one 

may easily discard or overlook data pairs those from multi-disciplinary areas and seem not to have 

relationships logically. Therefore, a data analysis tool is needed to analyze these multidisciplinary 

data and statically find the related data-pairs. 

As data driven science becomes more and more important in this information dominated era, 

PHEV/BEV as a new area, is still under developing, while most times it is hard to decide from 

available data-sets or personal experiences which parameters do PHEV/BEV’s charging and 

driving behaviors highly depend on and can be modeled as inputs to control the driving and 

charging behaviors of PHEV/BEV, especially when the data-sets being studied are large-scale 

therefore more computations are needed. 

Therefore, a statistical method is needed to automatically process the data of PHEV/BEV to 

reduce redundancies, and find parameters which have high dependencies with PHEV/BEV’s 

driving and charging behaviors. 

The main purpose for this PHEV/BEV study in this report is to benefit stakeholders such as 

fleet managers, utilities, public charging infrastructure owners, aggregators, etc. Currently, 

Ecotality, the main PHEV/BEV data collector in the US collects PHEV/BEVs' charging and plug-

in activities data every 15 minutes, which means for 3000 PHEV/BEVs at least 57,600 entries of 

data are collected per day. As more PHEV/BEVs are purchased and participate in the data 

collecting program, more data are collected and it is difficult for stakeholders to study the 

overwhelming amount of data. 

 There are several statistical methods to measure the dependencies of two variables, such as 

Pearson correlation and Mutual information. This kind of dependencies measurement tools can be 

used to analyze PHEV/BEV’s data-sets, therefore find parameters that have high dependencies to 

driving and charging behaviors of PHEV/BEV. In this report, a new method is used to measure 

the dependencies of two variables from data-sets of PHEV/BEV - Maximal Information 

Coefficient (MIC). MIC has two significant properties: generality and equitability [2]. By 

generality, it means that with sufficient data size, MIC should give score to two variables only 

according to the strength of relationships between the two variables, while the type of associations 

between the two variables would not affect the score. By equitability, it means MIC would give 
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similar scores to equally noisy relationships of different types. Available data-sets of PHEV/BEV 

are analyzed using MIC in several case studies, possible existences of associations and significant 

parameters can be found, and used for future modeling. 

II. MAIXIMAL INFORMATION COEFFICIENT 

Maximal Information Coefficient (MIC) is a statistical method to measure the dependencies 

between two variables. It can capture a wide range of associations between two variables, and 

generate a score from 0 to 1 based on the strengths of associations.  

The basic idea of MIC is that if two variables have some kind of associations, a grid can be 

drawn on the scatter plot of the two variables to partition the data points. If the two variables are 

independent to each other, the data points should be random and almost equally distributed. If the 

two variables are related, MIC would evaluate the weight of each grid (number of data points fall 

in that grid), and determine the strength of relationship between the two variables. 

i. Characteristics of MIC 

MIC has two unique properties: 

a) Generality 

As shown in the following table 1, the MIC scores are not affected by the types of 

relationship between two variables. [X1, Y1] pair and [X2, Y2] pair both have a score of 1, 

though these two pairs hold different associations. 

b) Equitability 

The table 1 also shows the equitability of MIC. MIC would give similar score to various 

types of relationships with same level of noises. In this case, [X1, Y1b] and [X2, Y2b] have the 

same noise level; [X1, Y1a] and [X2, Y2a] have the same noise level. 
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Figure 1.  X1 - Y1 Association with various noise levels (top) 

         X2 - Y2 Association with various noise levels (bottom) 

 

TABLE I.  Generality and equitability of MIC 

 

 

ii. Benefits of MIC 

Compared to other statistical methods of dependencies measurement, MIC would not be 

affected by the types of associations. For example, MIC scores 1 for both noiseless sinusoidal 

association and linear association, while Spearman correlation and principle curve-based CorGC 

give higher score for linear association than sinusoidal association.  MIC score would be affected 

by noise level, which reflects associations' strengths. Also, MIC score would not be affected by 

the complexity of associations (e.g. composition, super position). 
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The normalized scores MIC provide also make it easy to set up a threshold to filter out 

unwanted associations. Since MIC would always provide a score from 0 to 1, a threshold (e.g. 0.6) 

can be set to filter out noisy associations whose scores are less than the threshold. 

MIC also can be used to analyze large-scale data-sets.  In the following section, MIC is used to 

analyze the driving behaviors of PHEV/BEV and conventional vehicle using data-sets with 

thousands of entries, while the correlation program in Excel return an error because the standard 

deviation of data is negligible. 

To generate a score measuring dependencies using MIC, first the data-pair points are drawn on 

the scatter plot. Then, a x-by-y grid are drawn where x and y are positive integers, the grid divides 

the scatter plot into x*y bins, and the data points are partitioned into these bins. The lengths and 

heights of these bins are changing until the highest induced mutual information is reached. Hence, 

for a fixed value of x and a fixed value of y, there is one value of largest possible mutual 

information. This value is divided by log min{x, y}, in order to be normalized and compared in 

the next step.  

For all the possible values of x and y, a list of normalized mutual information values are 

recorded. However, as positive integers, x and y cannot be infinity. There is a constrain that the 

product of x and y should be less than n0.6, where n is the sample size of the data. 

Among the list of normalized mutual information value, the largest one is picked and used to 

represent the strength of dependencies of the data pairs, which is also called MIC score in this 

report. 

The main benefit of this MIC approach is that it can analyze large amount of data and generate 

one score based on data dependencies. From the collected data, there are some parameters 

stakeholders have no control or very less control of, such as time of the day (from hour 1 to hour 

24), locations, local gasoline prices and greenhouse gas emissions; also there are some parameters 

stakeholders have control of, such as local emission policies, incentives for PHEV/BEV charging, 

public charging infrastructure, etc. In addition, there are parameters that are of interest of 

stakeholders to study and have control of, and stakeholders can benefit from gaining control of, 

such as the charging behaviors and driving behaviors of PHEV/BEVs. 
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III. APPLICATION OF MIC IN PHEV/BEV DATA-SETS 

PHEV/BEV is a new area which is still under studying by several research institutes now. The 

increased number of PHEV/BEVs has posted a challenge for both electricity grid and 

transportation network. Independent system operators, government departments, and many other 

research groups from universities have conducted researches to assess PHEV/BEV's charging and 

driving behaviors, in order to understand the characteristics of PHEV/BEV and fulfill the 

increased power demand from PHEV/BEV. However, the data-sets of PHEV/BEV are from 

various domains such as policies, engineering, economics etc., there still needs a statistical 

method to synergize and automatically analyze these data-sets, in order to assess the impact of 

PHEV/BEVs on electrical system and transportation system. As a state of art statistical method to 

measure dependencies between two variables, MIC would help to discover important parameters 

which would affect the charging and driving behavior of PHEV/BEV using available 

multidisciplinary data-sets. Based on the results, future electricity grid and policies can be better 

designed to meet the challenge of high PHEV/BEVs penetration level.  

i. Examples 

With the knowledge of parameters those would affect driving and charging behaviors of 

PHEV/BEV, some methods such as optimization of charging infrastructure locations can be used 

to help maintain a stable transportation network. The following examples show some parameters 

which would affect PHEV/BEV based on analysis of data collected. 

a) Electricity rates schemes 

The following two figures from [3] show the charging demand of PHEV/BEV in two 

regions. The figure 2 reflects the charging demand of PHEV/BEV in San Diego, CA, where 

owners of PHEV/BEV enjoy a special electricity rate for charging PHEV/BEV. It is clearly 

that after midnight, the charging demand increases fast as a spike. The figure 3 reflects the 

charging demand of PHEV/BEV in Washington State, which does not have a specialized 

PHEV/BEV charging rate.  
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Figure 2: Charging demand for PHEV/BEV in San Diego, CA     [3] 

 

 

Figure 3: Charging demand for PHEV/BEV in Washington State        [3] 

As the load demand in United States keeps increasing every year while new generations 

and transmissions facilities need time to be built, there is even possibility that PHEV/BEVs 

participate in energy market as load resources.  

The charging demand VS time pairs are studied for the above two electricity rate scheme 

using MIC.  

MIC (P(t), t) | with charging rate incentive = 0.8249        (1) 

MIC (P(t), t) | without charging rate incentive = 0.9988      (2) 

P(t): Hourly charging demand at time t 

As showing above, the dependencies between charging demand versus time decreased 

because of the charging rate incentives. Without the charging rates incentives, people tend to 

charge their PHEV/BEVs based on their daily routine. After 5pm, the charging demand 

increases significantly, because most people arrive home after work, it keeps increasing until 

reaches its maximum around 8pm. As shown in the figure, the charging demand of 

PHEV/BEVs may cause significant stability problem to the power grid, because in most 
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regions the peak electricity demand also happens between 5pm and 8pm, people tend to cook, 

use air conditioners, do laundries, watch TV when they arrive home after work therefore 

consume a large amount of electricity. 

However, under the charging rate incentive scheme, the charging demand from 8am to 

8pm is quite constant, and increases sharply after midnight. People tend to charge their 

PHEV/BEVs at a lower cost, and current technologies on smart meter or smart charging 

infrastructure can make it easy to automatically begin charging PHEV/BEVs from a specific 

time. 

The charging behaviors of PHEV/BEVs naturally dependent on people's daily routine which is 

reflected by time, however, as shown above, by introducing a new parameter such as electricity 

rate incentive, the charging behaviors of PHEV/BEVs can be changed to better fulfill the needs of 

stakeholders. 

b) Location 

The following two figures from [3] show the percentages of charging stations connected to 

grid in two regions. The figure 4 is for San Francisco, CA, and figure 5 is for Oregon. The 

two figures have similar patterns. However, there are still differences between these two 

figures, such as the highest charging station connected rate and lowest charging station 

connected rate. In conclusion, the location also has impacts on PHEV/BEV. 

 

Figure 4: Percentage of Charging Stations connected to grid in San Francisco, CA  [3] 
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Figure 5: Percentage of Charging Stations connected to grid in Oregon     [3] 

    There are three data-pairs which have been studied for this case: the pair of location and 

time of peak charging demand, the pair of location and time of peak connecting demand, and 

the pair of location and peak connecting rate. The results are shown below: 

MIC (CT_peak(L), L) = 0.1201             (3) 

MIC (Charg_peak(L), L) = 0.69      (4) 

MIC (CR_peak(L), L) = 0.37      (5) 

CT_peak(L): The time that most charging units are connected at location L 

CR_peak(L): The peak charging units connecting rate at location L 

Charg_peak(L): The time that the PHEV/BEVs consume most electricity at location L 

    The location and the time that most charging units are connected to grid (CT_peak(L), L) 

are nearly irrelevant to each other. It is understandable that people tend to leave their 

PHEV/BEVs connected when they are asleep. In most locations, the time most charging units 

are connected to grid happens around midnight, and this connecting rates keep constant or 

with very small changes until 5am. Because of this characteristic, PHEV/BEVs have huge 

potential on peak shaving and deploying intermittent renewable energy. 

    The time when peak demands happen has somehow been related to the location 

(Charg_peak(L), L). In all locations, the peak demands of PHEV/BEVs happen between 6pm 

and midnight. In some regions where PHEV/BEVs have special off-peak charging rates, the 

peak demand happens at midnight, otherwise, the peak demands mostly happen between 7pm 

and 10pm when people are still up. 
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    The peak charging units being connected rates show some relation with location (CR_peak(L), 

L) , but not very strong. The status of charging infrastructure varies in different locations. In some 

cities, there are already lots of public charging infrastructures have been built, therefore the peak 

charging units connecting rates for the whole charging facilities are smaller, because these public 

charging units are spare when the peak charging units connecting rates happen at night. In some 

locations those only have few public charging infrastructures, the peak charging units connecting 

rates are higher.  

ii. Discussion 

• Even without data analysis, it is easy to find the charging patterns of PHEV/BEVs. 

However, data analysis would consider important parameters those affect PHEV/BEV's 

charging behavior, and then predict a more accurate charging demand by weighing these 

parameters based on dependencies scores, which would help electricity system operators to 

balance the electricity grid. 

• Finding parameters which would significantly affect PHEV/BEV and how they would 

affect PHEV/BEV are important. As shown in figure 2 and figure 3, when the electricity 

rate scheme changes, the charging demand of PHEV/BEVs also changes. With the 

knowledge of important factors as the electricity rate scheme, people can respond quickly 

to circumstances such as sharply increase or decrease of PHEV/BEV charging demand 

caused by these factors. 

• Data analysis can provide the ability to predict and accustomed to the driving behavior and 

charging behavior of PHEV/BEVs. It provides good forecast based on historical data. 

MIC is used to discover some important parameters which cannot be easily found out through 

the data-sets. First, parameters related to driving and charging behaviors of PHEV/BEV are 

defined, such as hourly charging demand, hourly driving speed, daily driving distance, etc. Then, 

MIC measures dependencies between these parameters and other parameters that are not directly 

related to the driving and charging behaviors of PHEV/BEV, such as local gasoline price, time, 

location, etc. MIC will generate a spreadsheet with scores reflect dependencies between pairs of 

any two parameters, and rank the pairs from high dependency to low. Based on the scores MIC 

generate, it is easy to find parameters which have high dependencies to PHEV/BEV's driving and 
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charging behaviors. The following section will give examples for data analysis for PHEV/BEV 

using MIC. 

IV. CASE STUDIES OF MIC IN PHEV/BEV DATA-SETS 

A. Hourly Driving Speed VS Time 

National Renewable Energy Laboratory (NREL) has conducted a Security Transportation Data 

Project to collect transportation data. The data from [4] so far are collected from Texas and 

southern California area. In order to protect privacies of participants, all data available to third 

parties are cleansed, but information such as miles per gallon (MPG) of vehicles, vehicles’ makers 

and year of making are still available. From these information, a data-set of a PHEV/BEV and a 

data-set of a conventional vehicle are chose to be analyzed using MIC. The two data-sets record 

the monitored vehicles' hourly driving speed and the time of the day (from hour 1 to hour 24) for 

500 days. Both two data-sets have thousands of entries.  

The results are showing below: 

MIC (V(t), t) |PHEV/BEV = 0.33229      (6) 

MIC (V(t), t) |Conventional Vehicle = 0.07371     (7) 

V(t): Hourly speed at time t 

t:  time of the day, ranges from 1 to 24 

As shown above, the dependency of hourly driving speed and time for conventional vehicle is 

very close to 0, which means these two parameters are almost independent to each other. The 

dependency of hourly driving speed and time for PHEV/BEV is much higher than for 

conventional vehicle, which means the hourly driving speed of PHEV/BEV is more time-

dependant than conventional vehicle.  

A possible explanation can be the current restrictions on battery technologies, PHEV/BEVs are 

only expected to replace light duty vehicles. According to [5], Chevrolet designs their PHEV to 

travel up to 40 miles. The average daily driving distance of a PHEV/BEV is 30-40 miles, which is 

lower than the average daily driving distance of all vehicles in North America. A survey from 

University of California – Davis and BMW in [6] shows that driving patterns of PHEV/BEV 
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owners have significant daily, weekly, or monthly routine travel activities, which could explain 

that the hourly driving speed of PHEV/BEV is more time-relevant. 

The results can statistically prove that for future modeling of PHEV/BEV’s driving behavior, 

routine activities are significant factor to be considered and deployed, since routine activities are 

more unique for PHEV/BEV compared to conventional vehicles. 

B. Hourly Charging Demand VS Time 

The EV project conducted by ECOtality began to collect PHEV/BEV data from qualified 

Nissan Leaf and Chevrolet Volt owners since 2010. The project monitors thousands of 

PHEV/BEVs in 14 regions, and collects data from charging infrastructure and vehicles, driving 

behaviors and charging information of these vehicles are monitored. In this case, MIC analyzes 

the hourly charging demand of PHEV/BEV and time using the data from ECOtality. Around 2600 

PHEV/BEVs are monitored for three months, and the averages of their hourly charging demands 

were recorded with time of the day. The data-set being analyzed contains 26 entries which have 

average hourly demand of all regions from midnight to next day’s midnight. 

The result from MIC is: 

MIC (P(t), t) = 0.67713          (7) 

P(t): Hourly charging demand at time t 

t:  time of the day, ranges from 0 to 24 

As discussed in previous case, most PHEV/BEVs are used for daily commuting and have 

routine activities, therefore the lowest charging demand always happens during the day-time, and 

the highest charging demand happens at night.  

The MIC reflects the high dependency between PHEV/BEV's charging demand and time. 

However, the result is not 1, which means there existed "noise" that would affect hourly charging 

demand. As the data shows, most PHEV/BEVs are connected to charging stations from 9pm to 

6am, but the charging demands have a decline trend from 3am to 6am. The ECOtality project is 

using level 2 charging stations, which may require three to four hours charging. An explanation is 

that a large percentage of PHEV/BEVs would be fully charged by 3am, therefore even they are 
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still connected to charging stations, these fully charged PHEV/BEVs would no longer consume 

electricity. 

Another “noise” need to be considered is the electricity rate scheme discussed in previous 

section. The hourly charging demand is not solely decided by time or the battery capacities, the 

electricity rate would significantly shift or modify the hourly electricity consumption of 

PHEV/BEVs. 

C. Daily Driving Distance VS Local Gasoline Price 

The EV project conducted by ECOtality also monitored the daily driving distance of 

PHEV/BEVs in 14 regions for every quarter since the beginning of year 2011. The number of 

monitored PHEV/BEVs increases with time because more participants are willing to join this 

project. In this case, MIC analyzes the association between average daily driving distance and 

local gasoline price in 14 regions for 4 quarters of year 2011, which make four data-sets with 28 

entries each.  

The results computed by MIC are: 

MIC (D(t1, L), G(t1, L)) |PHEV/BEV = 0.55525                    (8) 

MIC (D(t2, L), G(t2, L)) |PHEV/BEV = 0.55772                     (9) 

MIC (D(t3, L), G(t3, L)) |PHEV/BEV = 0.60998        (10) 

MIC (D(t4, L), G(t4, L)) |PHEV/BEV = 0.61751        (11) 

D(t, L): Daily driving distance (in miles) at time t at location L 

G(t, L): Gasoline price at time t at location L 

t1,2,3,4: Quarter 1, 2, 3, and 4 of year 2011 

L: location, 14 regions include Houston, San Diego, etc. 

According to the results above, there existed some associations between local gasoline price 

and daily driving distance. One hypothesis is that when the gasoline price is high, people tend to 

drive their PHEV/BEVs more to save money on gasoline.  

However, after studying the data, it is found that in areas with low gasoline price such as 

Memphis, the daily average driving distance of PHEV/BEV is higher than areas with high 
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gasoline price such as San Francisco.  A possible explanation is that local gasoline price and daily 

driving distance of PHEV/BEV are both related to location. In areas with high population density 

and more developed economic environment, the emission policies are strict and the gasoline price 

is high, and  people tend to live in more convenient places in order not to waste too much time on 

traffic. 

D. Number of Public Charging Stations to PHEV/BEV ratio VS Daily Driving Distance 

In the newest published data from ECOtality for first quarter of year 2012 [3], an interesting 

phenomenon shows that driving distance for PHEV/BEV increases in most regions. To explore 

the reasons behind the incremental of daily driving distance, MIC runs to measure dependencies 

between more than 20 parameters such as the incremental of PHEV/BEV’s daily driving distance, 

the energy consumption of PHEV/BEVs, the number of public charging infrastructures, and the 

number of public charging infrastructure to number of vehicle ratio, daily driving distance, etc. A 

data-set with 360 entries was made and analyzed by MIC. 

The results of MIC show dependencies between two parameters, and among the results, one 

dependency is noticed: 

MIC (D(L), P2R(L)) = 0.50872        (12) 

D(L): Daily driving distance (in miles) at location L for the first quarter of 2012 

P2R(L): The ratio of public charging infrastructure number to PHEV/BEV’s number at 

location L for the first quarter of 2012. 

L: location, 14 regions include Houston, San Diego, etc. 

This is the first time that the daily driving distance shows high dependencies to public charging 

infrastructure, and it is likely because at the beginning of year 2012, ECOtality installed a large 

amount of public charging stations all over the 14 monitored regions, therefore the impact of 

public charging infrastructure on PHEV/BEV begins to reveal. 

In addition, the ratio of number of public charging infrastructures to number of vehicle holds 

stronger dependency with daily driving distance than the total number of public charging 

infrastructures. It may be critical for future modeling. 
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The “noises” in this case may be because people get more familiar with their PHEV/BEVs, 

therefore tend to drive more. Another possible reason is more Chevrolet Volts are joining in the 

project, and Volts have higher average daily driving distance than Nissan Leaf from previous data. 

V. BENIFITS AND UNIQUENESS 

Various stakeholders may have different goals, aggregators and public charging infrastructure 

owners may want more PHEV/BEVs to charge in their facilities, therefore they can make more 

profit or even participate in ancillary service market; utilities may want PHEV/BEVs to charge 

during off-peak hours when electricity rate is low and there are less contingencies in the grid; fleet 

managers may want to reduce greenhouse gas emissions and more efficient PHEV/BEVs on the 

road while city planners may also want to reduce greenhouse gas emissions as well as have a 

healthy and non-congested transportation network.  

i. Benefits to Utilities 

The examples in the report have already give some insights. The plug-in to charging stations 

rate of PHEV/BEVs is less time relevant than actual charging demand of PHEV/BEVs, and this 

result shows stakeholders a great potential to reduce the time-dependencies of charging demand, 

in another word, to encourage PHEV/BEVs to charge not simply in a pattern of time, but to 

charge in a pattern to optimize social welfares. Another example in this report shows that by using 

charging rate incentives, stakeholders can reduce the time-dependencies of PHEV/BEVs' charging 

demand, and encourage PHEV/BEVs to charge during off-peak hour. In real situation, the 

question remains that how the incentives should be designed in order to effectively change the 

charging demand pattern and maximize stakeholders' benefits. MIC can simply compute time 

dependencies of charging demand under different incentive schemes, and the incentive should be 

chosen when the time-dependencies are small enough and stakeholders' benefits are well 

represented. 

ii. Benefits to Fleet Managers and City Planners 

a) Benefits to fleet managers 

Another example would be the hourly speed of vehicle. From the results showing in the 

report, the hourly speed of PHEV/BEVs is more time relevant than the hourly speed of 

conventional vehicles, which means PHEV/BEVs' owners drive their vehicles in a pattern that 
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related to time. In such cases, fleet managers can plan routes for PHEV/BEVs based on 

different time in order to effectively reduce fuel costs and emissions. 

b) Benefits to city planners 

Most traffic congested hours in big cities are around 8am in the morning and 5pm in the 

afternoon when people drive their vehicles to work and when people drive back to home from 

work. Considering congested high-ways around Central Business District, some 

PHEV/BEVs' owners may want to take the local road given the fact that regenerative 

breaking makes PHEV/BEVs more cost-effective on fuels than conventional vehicles. By 

studying driving behaviors of PHEV/BEVs, city planners can study if the increased number 

of PHEV/BEVs, driving distances of PHEV/BEVs, trip lengths and trip time during peak 

hour have any correlation with traffic congestion, therefore can design the city using 

PHEV/BEVs to ease congestion. 

iii. Benefits to Aggregators and Public Charging Infrastructure Owners 

From surveys participated by PHEV/BEVs' owners, most people worry about the driving range 

capability of PHEV/BEV and the availability of charging stations. As shown in the report, there 

are correlations between the number of public charging stations and the average daily driving 

distance (which can also represent total energy demand of PHEV/BEVs), public charging 

infrastructure owners and aggregators may want to install charging stations at places where the 

correlations can be maximized. In addition, aggregators may want the plug in rate of PHEV/BEVs 

to has less time dependencies, therefore aggregators can have more control of PHEV/BEVs and 

bid in the energy market. 

As more and more countries begin to put efforts on having cleaner environment, there are lots 

of researches towards smart grid and electric vehicles. The MIC approach presented in this report 

has its own uniqueness.  

i. State-of-art PHEV/BEV Data Hub 

In current stage, the size of multi-area datasets is still limited. However, various stakeholders 

start to cooperate with each other to build a data-hub for PHEV/BEVs. By using MIC, multi-

disciplinary data-sets can be analyzed in a simple way. First these data will be categorized into 

different areas such as behavior, engineering, economics, policy, etc. Then, to analyze the 
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charging behavior in behavior area, one can compute the dependencies between charging 

behavior and other parameters. These parameters can be chose from behavior section such as 

driving behavior, and also can be chose from other areas such as charging incentives from 

economics area. By observing the direct dependencies (eg: number of public charging stations VS 

daily driving distance) or the change of dependencies (eg: charging behavior VS time under 

different charging incentive schemes), stakeholders can effectively make their strategies to fulfill 

their goals. 

ii. Uniqueness of MIC Data Analysis Approach 

There are many researches towards PHEV/BEVs. Some of them have assumptions about the 

integration level of PHEV/BEVs in 2030, and some of them use worst case study to evaluate the 

impact of PHEV/BEVs to electric grid reliability. Some analyze PHEV/BEVs based on similar 

models such as renewable energy. Very few of them consider using historical data to analyze 

PHEV/BEVs, and this mainly because the size of data related to PHEV/BEVs is small and people 

have limited access to these data. However, as the number of PHEV/BEVs keep increasing, more 

stakeholders begin to realize the significance and potential benefits of PHEV/BEVs, and more 

data are collected and open to research uses. With these historical data, PHEV/BEVs can be 

modeled and controlled not to cause reliability issues, and also help maintaining electric grid and 

better environment. 

VI. CONCLUSION 

As a statistical method, MIC provides researchers an easy way to find important parameters 

from a large data-set and significantly reduces redundancies of analyzing and modeling all the 

parameters together. In addition, MIC is statistically supportive for future mathematical modeling.  

However, MIC still has its drawbacks that it would not find specific associations for the 

dependencies it measures. Researchers still need to do the modeling work for parameters with 

high dependencies measured by MIC, in order to assess the impacts of these parameters. 

 MIC is suitable for analyzing PHEV/BEV, because the data for PHEV/BEV come from 

multiple domains, such as policies, engineering, economics, etc., and the relationships between 

these different domains cannot be simply described as simple linear or exponential associations. 
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Compared to other statistical method, MIC works better for sophisticated relationship and large 

scale data-sets. 

Though there are several on-going projects aim at collecting data for PHEV/BEV now, 

available data-sets are still limited. Also, some impacts just begin to show recently as the number 

of PHEV/BEV increases above a certain level. This research will continue collecting data-sets 

from multiple areas for future analysis. 
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