
 

 

 

Abstract—Integration of electric vehicles (EVs) to grid may 

encounter several challenges such as high power consumption and 

uncertain charging time which impose significant impact on the 

operation of power systems. In this paper, two charging modes of EVs 

are incorporated into the power load demand of the power system. 

Then, a model of unit commitment (UC) with charging EVs (UCEV) is 

established, and two different genetic algorithms (GAs) are employed 

for solving this problem. The first GA method uses hybrid coding 

methods with the binary (0/1) variables and continuous real variables 

(GAH). The second GA only applies the decimals from 0 to 1 for 

representing the UCEV problem solutions (GAD). The results are 

analyzed in detail to assess the impact of charging EVs on UC and 

demonstrate that GAD is practicable for UCEV problem when 

compared with GAH. 

Keywords—Electric vehicle, Unit commitment, Genetic algorithm  

I. INTRODUCTION 

HE development of electric vehicles (EVs) is encouraged 

by both governments and business sectors all over the world,  

due to their potential impacts in reducing the greenhouse gas 

emission and relieving the energy shortage. In China, according 

to the Twelfth Five Year Plan, by 2015 the number of EVs all 

over China will increase to 150,000,000 and in Beijing area 

there should be more than 100,000 EVs [1]. In 2011, the number 

of charging stations located in America and Canada is only over 

2000, but by the end of 2014, this number reaches  nearly 26000, 

having grown more than 10 times in 3 years [2]. However, 

charging a large number of plug-in electric vehicles (PEVs) can 

import undesirable peak loads to the power grid, and it is 

essential to require new investment to supply the power demand. 

Moreover, questions like how the integration of charging EVs 

can save the operation cost and what happens if EV owners 

decide to charge at the peak periods should be addressed.   

   The charging of EVs can be formulated as an unpredictable 

power load demand throughout a day to the power system. This 

extra power load demand needs to be addressed for power 

system secure operation with lowest cost. Unit commitment 

problem (UC), as a large-scale, mixed-integer and non-linear 
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optimization problem subject to various constraints including 

unit characteristics and power grid demands, is a key issue in the 

operation and control of conventional power systems [3]. One 

option to include charging EVs as a load unit of electric energy 

in the UC model is to mathematically accumulate the battery 

state of charge (SOC) of every single EV.  In [4], Foley et al 

presented two charging loads, which are off-peak and peak 

charging modes by assuming a flat load cure to represent a 

transport fleet in Ireland with 10% EVs by 2020. In [5], Yang et 

al further proposed that the off-peak time charging was 

advantageous in reducing the economic cost and environmental 

pollutant emission. However, off-peak mode is an ideal 

condition, and EV owners may choose any time for charging 

stochastically according to their decision. In this paper, off-peak 

and multiple stochastic charging modes are considered to study 

the impact of EVs charging to the UC problem. The 

probabilities of charging EVs in 24 hours are estimated, and 

these power loads are transferred to UC spinning reserve and 

power balance constraints.  

 Genetic algorithm (GA) is first proposed by Holland in 1975 

[6], and widely utilized to solve the UC problem [7]. For the 

mix-integer variables, there are many representations in GAs. 

Ref. [8] and [9] used binary variables for up/down states of units, 

and solved the economic dispatch (ELD) sub-problem by 

iteration methods. In [10] and [11], the minimum up/down 

constraint was also coded into the binary variables, and utilized 

the penalty function for other constraints. However, the GAs 

with only binary variables for unit states may be affected by the 

local searching ability of other methods for ELD problem. Ma et 

al. [12] applied the binary coding for both units states and 

generation powers, and used GA for optimization procedure, 

Ref. [13] proposed only real-code chromosomes GA combined 

with fuzzy logic optimization to solve the UC problem. But both 

[12] and [13] need the decoding functions which may introduce 

additional nonlinearities and mathematical tasks. In [14] and 

[15], the hybrid coding strategies are introduced to GAs with 

binary variables for thermal unit states and real variables for 

generation outputs. To the best of our knowledge, the hybrid 

coding approach outperforms than others in terms of searching 

ability and computational cost. 

    In this paper, a unit commitment model with integration of 

charging EVs (UCEV) is proposed which takes into account the 

charging power loads of EVs to the spinning reserve constraint 

of UC. Two probability modes as off-peak charging and 

stochastic charging are introduced to generate the each hour 
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power load. To solve UCEV problem, a mixed-integer GA with 

only decimal variables (GAD) is employed which is first 

proposed by Haupt in [16] for antenna design. This paper 

expands the application of GAD, and also uses a GA with 

hybrid coding variable (GAH) to solve the UCEV. The 

simulation results show that the off-peak charging is beneficial 

in reducing the operation cost. In stochastic charging mode, the 

behaviors of EV owners charging in peak time will increase the 

thermal operation cost, and the government should make the 

provisions to encourage the owners to charge the EVs during 

off-peak time. Comparing GAH and GAD methods, GAD offers 

a competitive alternative for UCEV optimization problems. 

II. UCEV PROBLEM 

The unit commitment (UC) with charging EVs (UCEV) 

problem aims to schedule the optimal generation levels of all 

on-line units during a specified period so as to minimize the 

total fuel cost and emission subject to some quality and 

inequality constraints, when large numbers of EVs are 

connected to the power grid for charging. Considering the 

impact on the UC system, the UCEV problem can be divided 

into two subparts, which are the determined charging modes of 

EVs and the scheduling of power generation units. The detailed 

descriptions are shown below. 

A. EV charging modes 

The charging loads are determined by energy policy, 

electricity price and preference of the EV owners. In [4], Foley 

at al presented two charging loads, which are off-peak and peak 

charging by assuming a flat load cure to represent a transport 

fleet in Ireland with 10% EVs by 2020. In [5], Yang et al, 

further proposed that the off-peak time charging was 

advantageous in reducing the economic cost and environmental 

pollutant emissions. However, it is necessity for EV owners to 

stochastically choose the charging time according to their 

decision. Thus, this paper investigates two charging loads, 

namely off-peak and stochastic charging cases for comparative 

study. 

1. Off-peak charging case 
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Fig. 1 The probability of charging EVs in off-peak time 

The off-peak charging mode is an ideal case that all the EVs 

charge the electric batteries from the power grid in the off-peak 

power load demand. In [4] and [5], the off-peak charging time 

starts from 23:00 in the night and ends at 06:00 in the morning 

which is shown in Fig. 1. The maximum charging probability 

occurs during 23:00-02:00 as 18.5% of all the registered EVs in 

local area. At 03:00 and 04:00, the charging probability is 9%, 

and among 05:00-06:00, it decreases to 4%. 

2. Stochastic charging case 

With the different decision of EV owners, the charging 

probability is not fixed. In order to simulate the stochastic 

charging load, a normal distribution with the mean value 4.16% 

(1/24) is proposed to generate the charging probability for 24h 

period. 
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Fig. 2 The probability of charging EVs in stochastic mode 

Fig. 2 illustrates the five scenarios of charging EV probability 

in stochastic mode. The probability charging load for each hour 

ranges from 0.77% to 9.89% regardless of the off-peak or peak 

load time. For examples, at 12:00 in scenario 1, 15:00 in 

scenario 5 and 21:00 in scenario 3, the probability of charging 

EVs is high in peak power load demand. These uncertainties 

EVs’ charging behaviors may cause load fluctuation and exert 

huge pressures on power system 

B. UCEV problem 

Considering the EV charging load, the UCEV problem is to 

determine the unit states and power outputs to minimize the 

operation cost for the day-ahead scheduling. Thus, the objective 

function of UCEV can be expressed below. 

              , ,

1 1

1 1
T N

fc n sc n n n

t n

Min F f f u t u t
 

              (1) 

where T is the total number of scheduling periods, N is the 

number of units and ( )nu t  is ON/OFF (1/0) status of unit n. 

,fc nf  and ,fc nf  are the fuel cost and start-up cost which are 

expressed as (2) and (3), respectively. 
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where ( )nP t  means the output power of unit n at time t. 
na , 

nb  

and 
nc  are the fuel cost coefficients of unit n. hot

nC  and cold

nC  

are the hot/cold start-up cost of unit n, respectively. off

nT  is the 

duration for which unit n is OFF. down

nM  is the minimum down 

time of unit n, and nCH  means the cold start time of unit n. 
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Further, some constraints which should be met are given as 

follows. 

1. Power balance:  

EV charging load is included in the overall load demand, and 

the total power outputs from the thermal units must satisfy the 

load demand and the uncertain EV charging power, which is 

formulated as (4). 

                                
1

N

n n car

n

P t u t P t Pd t


                   (4) 

where ( )carP t  is the charging power of EVs at time t, and ( )Pd t  

is the power load demand at time t. 

2. Spinning reserve: 

The spinning reserve contributes to incidental sudden 

increase in charging loads and unpredictable generator outrages 

and forecast error in load demands. To guarantee a reliable 

system, the spinning reserve in this paper is shown as (5). 

                          max max

1

1
N

n n car

n

P u t P t Pd t SR


               (5) 

where  max

carP t  is the maximum charging power at time t, and 

SR is the requirement of spinning reserve. 

3. Generation range: 

The output of thermal unit must satisfy the limit range, which 

is represented as (6). 

                                      min max

n n nP P t P                             （6） 

where min

nP  and max

nP  are the minimum/maximum power limits 

of unit n. 

4. Minimum up/down time: 

When a unit is ON/OFF, there is a limited minimum time after 

it can be set to OFF/ON respectively. 
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                               (7) 

where on

nT  is the duration for which unit n is switched ON, and 

up

nM  is the minimum up time of unit n. 

III. GENETIC ALGORITHMS FOR UCEV 

Genetic algorithm (GA) is a search algorithm premised on the 

evolutionary ideas of natural selection and genetic [17], 

specifically those that follow the principles first laid down by 

Charles Darwin of survival of the fittest. GA usually has three 

evolutionary mechanisms which are selection, recombination 

and mutation operators. The conventional GA utilizes the 

binary coding for denoting the solutions, and needs the 

decoding function to transform the binary searching space into 

real space. This decoding method always has a precision to be 

satisfied and may not contain all the real searching space. 

UCEV problem can be regarded as a non-linear, mixed-integer, 

large-scale combination optimization problem. It has two 

different kinds of variables which are binary unit states and 

continuous generation outputs. In order to overcome the 

disadvantage of the decoding approach, this paper presents two 

representation strategies of UCEV solutions, and proposes two 

structures of GA for solving UCEV problem. The first GA uses 

hybrid coding methods with the binary (0/1) variables and 

continuous real variables. The second GA only applies the 

decimals from 0 to 1 for representing the UCEV problem 

solution. The detailed evolutionary processes are expressed 

below.  

A. GA with hybrid coding 

GA with hybrid coding (GAH) consists of three basic 

operators, namely selection, crossover and mutation.  Selection 

is an operation by which individuals within the population are 

picked out to generate offspring through the next crossover and 

mutation operations. The criterion to choose the individuals is 

based on their objective value. In this paper, tournament 

selection strategy is introduced which is shown as (8).  

         
   

 1

1

1,
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i
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X if f X f X
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         (8) 

where 
iX  is the ith individual of genetic population, and 

 if X  means the objective value of ith individual. N is the 

population size. 

   Crossover is the primary genetic operator which promotes the 

exploration of new regions in the search space. With a pair of 

parents selected from the population, this paper utilizes the 

single-point crossover operation to exchange with information 

each other. The detailed crossover process is given below. 

If rand pc   

If 
,i jx  and 

1,i jx 
are the binary variables 

, 1,

new

i j i jx x                                                    (9) 

1, ,

new

i j i jx x                                                        (10) 

If j

ix  and 
1

j

ix 
are the real variables 

, , 1,(1 )new

i j i j i jx x x                                 (11) 

1, 1, ,(1 )new

i j i j i jx a x x                             (12) 

where ,i jx  is the jth dimension of ith individual, and 
,i j

newx is the 

jth dimension of ith individual after the crossover.  pc is the 

crossover probability which is determined by user, and   is the 

crossover coefficient. rand means a value which is generated 

randomly between 0 and 1. 

Mutation is a secondary operator and prevents the premature 

convergence of the algorithm in a local solution point. In GA 

with hybrid coding, mutation is the occasional random 

alteration of the value of a string position, which is shown as 

follows. 

If rand pm   

If 
,i j

newx  is the binary variables 

, ,1new new

i j i jx x                                                  (13) 

If 
,i j

newx is the real variables 

, ( )new j j j

i j down up downx L rand L L    ;                 (14) 
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where pm is the mutation probability. j

upL  and j

downL   are the up 

and down boundary of the jth variable. 

B. GA with decimal coding 

GA with decimal coding (GAD) is first proposed by Haupt in 

2007 [16], which is applied to mix-integer antenna design 

problem. Compared with GAH, GAD is simpler and better 

understanding. GAD also has three evolutionary mechanisms, 

but it removes the crossover and mutation probabilities. Like the 

GAH, the selection process of GAD still utilizes the tournament 

selection strategy. However, in crossover operation, GAD 

implements the uniform crossover, which can provide a larger 

exploration of the cost surface than other crossover approaches 

[18]. The crossover process can be described as follows. 

If rand < 0.5 

, ,

new

i j i jx x                                         (15) 

else 

, 1,

new

i j i jx x                                       (16) 

One approach to mutation is to randomly select variables in 

the population and replace them with uniform random values 

such as GAH. Another approach is to add a random correction 

factor. Thus, the mutation process of GAD uses the correction 

factor generated by entire chromosome by a mutation factor, 

which is shown as (17). 

                           (2 1)new

i i iX X rand ar X                      (17) 

where the new

iX is the new ith individual after mutation operator, 

and ar is the mutation factor which ranges from 0 to 1. This type 

of mutation modifies the entire individual rather than a single 

variable. Then, the decimal variables are converted to the real 

variable 
rx  and binary digit 

bx  as (18) and (19). 

                          ( )new

r down i up downx L X L L                      (18) 

                                   { }new

b ix round X                            (19) 

C. Implementation of GAs 

This paper introduces two kinds of GAs, and utilizes the 

application of them to UCEV problem. The implementation of 

two types of GAs to UCEV is given as follows. 

Step 1: Preparation. Three steps will be taken in this step. 

First, collect the power data of charging EVs. Second, the 

priority order of units for scheduling is listed based on the 

maximum limits of unit max

nP . A unit with higher max

nP will be 

given a higher priority to be committed. Finally, determine the 

parameters in GA and the UCEV model. 

Step 2: Initialize. Initialize a population of unit states and 

unit power output randomly as follows. 

For GAH, 

                   
1 0.5

, ,
0 0.5

n

rand
u t n N t T

rand


  


            (18) 

                 
      min max min ,

,

n n n n nP t P rand P P u t

n N t T

    

 
    (19) 

For GAD, 

                                   n nu t P t rand                           (20) 

Step 3: Repair constraints. In this process, the population of 

unit states must satisfy the spinning reserve (5) and minimum 

up/down time constraints (7). If the committed units do not 

conform to the constraints, adjust the units one by one according 

to the priority order given in Step 1. Then, with the states of 

units, adjust the power outputs of thermal units, and make them 

satisfied the power balance (4) and generation range (6). 

Step 4: Calculate the fitness. Based on the unit states and 

power output, calculate the objective function according to (1). 

    Step 5: Update. Use the two kinds of GAs to update the 

solution of UCEV system. 

Step 6:  Select. Repair constraints and calculate the fitness of 

new individual. If the new fitness is better than current best 

fitness, choose the new solution to take place the worst in the 

population. 

Step 7: Repeat. Step 5 - Step 6 until the limited iteration is 

reached. 

IV. SIMULATION AND RESULTS 

An IEEE 10-unit system is used to evaluate the different 

impact of charging EVs on unit commitment, and the 

parameters of the 10-unit system are taken from [19]. The 

spinning reserve for this system is 10%. The original load 

demand without charging EVs is give in Fig. 3, and the 

characteristic of EVs are collected in [20] which is presented 

in Table I. 
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Fig. 3 The power load demand of 24 hours 

TABLE I 

CHARACTERISTICS OF ELECTRICAL VEHICLE 

Item Value 

Average battery capacity of a EV PVav  (MW) 0.015 

Maximum battery capacity of a EV PVmax (MW) 0.025 

Minimum battery capacity of a EV PVmin (MW) 0.010 

Departure state of charge    50% 

Total efficiency    85% 

 

It is assumed that there are 30000 registered EVs in local area 

are connected to the power grid for charging. As the departure 

state of each EV may be not the same, the departure state of 

charge is set to 50% of the total battery capacity. With the 
influence of temperature factor, the charging efficiency of 
EV battery may be different, and this paper supposes that 
the total charging efficiency of EV is set to 85%. Therefore, 
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the total charging EV load 
,

total

car avP  is 191.25 MW, which can 
be calculated as 30000 0.015 0.5 0.85 191.25    . The 
total maximum charging power 

,max

total

carP is 318.75 MW, so the 

( )carP t  and  max

carP t  in each hour is determined by the 

probability of charging EVs as 
,( ) tatal

car car av tP t P Pro  and 

 max

,max

total

car car tP t P Pro  . 
To investigate the effect of EV charging on the power system 

UC problem, the two GAs are applied to two problem cases. For 

the first case, the EVs are all in off-peak charging mode. Then, 

stochastic mode of EV charging is considered as a UCEV 

problem. GAs are programmed in Matlab 7.10 and run on 

Intel(R) core(TM) i5-3470 CPU and 8 GB memory PC. The 

control parameters of GAs are same with [11] and [16] in Table 

II. 
TABLE II 

CONTROL PARAMETERS 

Type Item Value 

GAH 

Population size ps 30 

Maximum fitness evaluations 
FES 

9000 

Independent runs Max_run 30 

Crossover probability pc 0.8 

Mutation probability pm 0.03 

GAD 

Population size ps 40 

Maximum fitness evaluations 
FES 9000 

Independent runs Max_run 30 

Mutation factor ar 0.05 

 

The results of 10-unit system with 30000 EVs by two GAs are 

presented in Table III. It can be seen that the operation cost of 

off-peak charging is smaller than that of stochastic mode. For 

example, the minimum cost of off-peak mode by GAD is 

$571085.8, and the highest cost of stochastic mode is 

$574663.7, which cost $35577.9 per day (0.6%) more than 

off-peak one. From the table III, the cost of stochastic mode is 

0.1% - 0.6% more than the off-peak mode. Thus, it is evident 

that off-peak charging is beneficial in reducing the operation 

cost. 
TABLE III 

RESULTS WITH 30000 EVS 

Type 
Off-peak mode Stochastic mode 

Min ($) Mean ($) Time (s) Min ($) Mean ($) Time (s) 

GAH 577405.1 579632.3 35.7 

578884.6 580254.5 35.9 

577932.9 580082.4 36.2 

578564.0 581332.1 35.8 

580087.4 582258.0 35.8 

580028.3 583821.7 35.8 

GAD 571085.8 572577.9 15.0 

572403.8 573400.3 14.9 

572435.4 573184.1 15.0 

573364.2 574439.0 15.5 

573543.0 574738.5 15.0 

574663.7 576152.6 14.9 

 

The off-peak charging mode is an ideal condition, and it 

clearly subject to the policy provisions. So, the stochastic 

charging mode may be more realistic. For the stochastic mode, 5 

scenarios give different operation costs. It is obvious that the 

costs of scenarios 3, 4 and 5 are higher than first and second 

ones. As shown in Fig. 3, the peak of power load demand is 

during the periods 09:00 - 14:00 and 19:00 - 22:00. The 

probability sum for the five scenarios stochastic modes in peak 

periods is given in Table IV. From the results, the probability 

sum of peak periods in scenario 3 - 5 is larger than those in 

scenarios 1 and 2. Comparing with Table III, it can be 

concluded that EV charging in the peak time will increase the 

thermal operation cost, and the policy makers should encourage 

the owners to charge the EVs in off-peak time. 
TABLE IV 

PROBABILITY IN PEAK PERIODS 

Item  09:00 - 14:00 19:00 - 22:00 Sum 

Scenario 1 18.10% 13.00% 31.10% 

Scenario 2 17.77% 16.27% 34.04% 

Scenario 3 21.89% 20.78% 42.67% 

Scenario 4 22.92% 17.92% 40.84% 

Scenario 5 26.42% 15.22% 41.64% 

 

With the charging EVs, the spinning reserve of power system 

will be raised to prevent the incidental increase in charging 

power. Table V illustrates the incremental rates of spinning 

reserve in scenarios 1 and 5 referring to the 10% of power load 

demand. From the table, the rates at time 4, 8, 10, 11, 15, 19 and 

22 are different, due to the fact that the various probabilities of 

charging EVs increase the spinning reserve of UCEV system, 

making some thermal units being adjusted to satisfy the 

spinning reserve constraint. Thus, it can be summarized that the 

stochastic charging mode of EVs may affect the operation of 

conventional thermal generation units, and the units will adjust 

themselves for adapting the variations. 
TABLE V 

INCREMENT RATES OF SPINNING RESERVE 

Time 1 2 3 4 5 6 

Scenario 1 22.6% 
13.4

% 

17.9

% 
3.6% 

11.0

% 

13.9

% 

Scenario 5 22.6% 
13.4

% 

17.9

% 

17.3

% 

11.0

% 

13.9

% 

Time 7 8 9 10 11 12 

Scenario 1 8.2% 9.3% 5.4% 1.5% 1.2% 2.0% 

Scenario 5 8.2% 
22.7

% 
5.4% 5.5% 5.0% 2.0% 

Time 13 14 15 16 17 18 

Scenario 1 5.6% 5.6% 1.5% 
18.7

% 

24.2

% 

11.7

% 

Scenario 5 5.6% 5.6% 8.6% 
18.7

% 

24.2

% 

11.7

% 

Time 19 20 21 22 23 24 

Scenario 1 1.7% 1.3% 6.5% 3.1% 
10.3

% 
7.0% 

Scenario 5 8.8% 1.3% 6.5% 7.2% 
10.3

% 
7.0% 

 

    The 10-unit system has its maximum capacity for EV 
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charging. For instance, at time 12:00, the maximum charging 

power        max max

1

12 12 12 1 0.1
N

car n n

n

P P u Pd


     is 12 MW 

to charge nearly 1129 EVs. If the number of EVs is more than 

1129, the system will not guarantee a security operation. 

Therefore, a reasonable distribution of EV charging load will 

benefit the power system operation. 

As shown in Table III, it gives a comparison between results 

of off-peak and stochastic modes with methods GAH and GAD. 

The GAD produces better results than GAH with less 

computation time. Fig.4 describes the convergence speed of 

GAH and GAD in off-peak charging mode. It is obvious that the 

GAD has faster convergence speed than GAH. Thus, GAD is a 

potential mixed integer algorithm for UCEV problem. 
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Fig. 4 The convergence speeds of GAH and GAD 

V. CONCLUSION 

This paper has evaluated the impact of EV charging on unit 

commitment by introducing a UCEV model. Two charging 

modes of EVs are investigated, namely off-peak and stochastic 

modes, and they are regarded as the power loads to an IEEE 

10-unit system. For this problem, two GAs with different 

representations for solutions (GAH and GAD) are proposed to 

investigate the integration of charging EVs in unit commitment. 

The results show that the off-peak charging mode is beneficial 

in reducing the operation cost than the stochastic mode. 

However, stochastic mode is a more realistic one. In the 

stochastic mode, the charging probabilities in peak time can 

affect the operation of conventional thermal generation units, 

and proper scheduling of charging EVs is beneficial to the 

power system operation. Comparing GAH and GAD methods, 

GAD shows its potential effectiveness and searching ability for 

UCEV optimization problems. 
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