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ABSTRACT 

This paper proposes individual and aggregated EV 

charging models for different types of controlled and 

uncontrolled charging scenarios. These models represent 

EVs either as inflexible loads, or as flexible resources 

described by sets of constraints. The output of these EV 

aggregation models can be integrated in distribution grid 

optimization problems.   

INTRODUCTION 

Planning future power distribution systems within the 

active network paradigm, involves in-depth modelling of 

the active elements. Recreating possible EV management 

scenarios is crucial for the accurate, timely and 

economically viable development of distribution systems. 

This work focuses on the development of models for EV 

charging. EVs are generally considered either as fixed or 

as controllable loads within a power system optimization 

problem, i.e. an optimal power flow (OPF) that aims at 

minimizing operational costs. Modeling EVs on an 

individual basis can be computationally prohibitive. To 

avoid this, aggregation models are proposed. These modes 

are capable of emulating the aggregator’s activity from an 

electricity retail perspective, while also improving the 

performance of the OPF. 

We consider four charging scenarios, covering a wide 

spectrum of EV charging and management scenarios: 

uncontrolled charging, time-of-use (ToU) tariff, on/off EV 

charging control, and EV bidirectional charging power 

modulation. The first two cover the more conventional 

approach to demand modelling as non-controllable 

elements, whereas the others present direct load 

management approaches.  

For each of the charging scenarios, a corresponding EV 

charging model is developed, which uses driving patterns 

and EV battery characteristics as input data. EV load 

profiles are defined in the case of the non-controllable 

methods, whereas a set of constraints describing the 

flexibility offered by EVs is derived in the other cases. 

In the following, an overview of existing models used to 

represent the charging flexibility of EV fleets is given. 

These models serve as a starting point for the presented 

work, which aims at enhancing and improving them to be 

applicable to distribution planning studies and tools. 

Models for EV aggregation can be categorized as follows:  

 virtual storage-type models, aggregating energy and 

power constraints over time [1]-[7]; 

 task-type models, where charging is modelled as a 

task with a size, arrival time and deadline [8]-[11]. 

Table 1 gives an overview of the main characteristics of 

the approaches used in the technical literature to model EV 

aggregations. It distinguishes between approaches where 

charging is either unidirectional or bidirectional (vehicle 

to grid - V2G), and charging is either on/off controlled or 

modulated. Moreover, some of the approaches are 

deterministic, while others address and model vehicle 

driving uncertainty (stochastic). While most of the models 

do not distinguish among network location (single area), 

[1] takes into account vehicles moving from one network 

node to others (multi-area). Finally, the aggregation 

models are mostly used in economic optimization models, 

such as optimal bidding problems or cost minimization 

given exogenous prices, while a few also considered 

network constraints.   

It is crucial to include network constraints at the 

distribution grid level. With the exception of [2] and [1], 

none of the models explicitly addresses network 

constraints, and only [2] focuses on the distribution 

network. In [2], possible violations of distribution network 

constraints are iteratively detected and integrated into the 

overall optimization. The model described in [1] for the 

transmission network can also be adapted to model 

aggregations of vehicles at the medium voltage (MV) 

network, as we propose here. The basic idea is to have 

location-dependent aggregations to be able to formulate all 

network constraints explicitly. Each network node of the 

MV network has its corresponding virtual battery, while 

EV flows from node to node are modelled as energy 

transfers from one virtual battery to another. 

In conclusion, existing models need to be adapted to the 

specific requirements of distribution grid planning. 

 
Reference [1] [2] [3] [4] [5] [6] [7] [8] [9] [10] [11] 

Unidirectional 
charging 

x x  x x x  x x x x 

Bidirectional 

charging 
  x    x     

On/off control        x x x x 

Modulation x x x x x x x     

Stochastic x   x    x   x 

Deterministic  x x  x x x  x x  

Single area  x x x x x x x x x x 

Multi-area x           

Economic 
optimization 

x x x x x x x x   x 

Network 

constraints 
x x          

Table 1: Main characteristics of the EV aggregation 

models. 
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MODELS 

We consider four different EV charging scenarios: (A) 

uncontrolled charging, (B) indirect control through a ToU 

tariff, (C) on/off EV charging control, and (D) 

bidirectional EV charging modulation. In each of the 

scenarios, the load is represented differently in the OPF 

problem. In cases (A)-(B), the EV load profiles enter the 

problem as fixed charging patterns. In cases (C)-(D) the 

possible charging (and discharging) patterns are described 

by a set of constraints, and the actual EV load is 

endogenously determined within the OPF. In (A)-(C) the 

charging power is assumed constant and non-negative, 

whereas in (D) the charging power is modulated and can 

take negative values (V2G). 

The inputs to the EV load models are data on EV driving 

patterns (arrival and departure times, trip energy 

consumption), the physical characteristics of EVs and their 

batteries, and the physical limits of the charging 

infrastructure.  

The index 𝑣 is used for vehicles, 𝑝 for parking locations, 

and 𝑡 for time steps. At each parking location 𝑝 a given 

vehicle 𝑣 charges at the charging power 𝑃𝑣𝑝
max (or at a lower 

value, if charging can be modulated), limited either by the 

nominal charging power of the vehicle or that of the 

charging infrastructure.  

First, we describe the individual EV models, and then we 

introduce the aggregated models. 

Individual models 

(A) Uncontrolled charging 

EVs are assumed to start charging as soon as they are 

parked and stop charging when the battery is completely 

filled, or when the EV departs for the next trip. The 

charging power 𝑃𝑣
𝑡 is therefore determined by  

𝑃𝑣
𝑡 = {

0 if 𝐸𝑣
𝑡−1 = 𝐸𝑣

max

∑ 𝑢𝑣𝑝
𝑡 𝑃𝑣𝑝

max
𝑝  if 𝐸𝑣

𝑡−1 < 𝐸𝑣
max      ∀𝑡, ∀𝑣,  (1) 

where 𝐸𝑣
𝑡 is the energy in the battery at the end of time step 

𝑡, and 𝐸𝑣
max is the maximum energy content of the battery. 

The binary parameter 𝑢𝑣𝑝
𝑡  is equal to one when EV 𝑣 is 

parked at location 𝑝 and zero otherwise.  

The evolution of the energy in the battery 𝐸𝑣
𝑡 satisfies 

𝐸𝑣
𝑡 = min{𝐸𝑣

𝑡−1 + 𝑃𝑣
𝑡𝜂𝑣Δ𝑡 − 𝐸𝑣,cons

𝑡 , 𝐸𝑣
max}, ∀𝑡, ∀𝑣,  (2) 

where 𝐸𝑣,cons
𝑡  is the energy consumption while driving,  𝜂𝑣  

the charging efficiency and Δ𝑡 the time step duration. 

(B) Time-of-use tariff (indirect control) 

The Distribution System Operator (DSO) sets incentives 

to shape the load through a ToU tariff (indirect control). 

The load profile of each EV is modelled as the result of an 

individual optimization problem, which is solved previous 

to the OPF problem: each EV determines the optimal load 

profile subject to its energy and power constraints, which 

are derived from physical battery characteristics and 

driving patterns, i.e. 

Min. ∑
𝑇𝑜𝑈𝑡𝐸𝑣,ch

𝑡

𝜂𝑣
𝑡 + 𝑓(𝐸𝑣

𝑡)  (3) 

s.t. 𝐸𝑣
𝑡 = 𝐸𝑣

𝑡−1 + 𝐸𝑣,ch
𝑡 − 𝐸𝑣,cons

𝑡 ,   ∀𝑡,  (4) 

 0 ≤ 𝐸𝑣
𝑡,ch ≤ ∑ 𝑢𝑣𝑝

𝑡 𝑃𝑣𝑝
max𝜂𝑣Δ𝑡,   ∀𝑡,𝑝   (5) 

 𝐸𝑣
min ≤ 𝐸𝑣

𝑡 ≤ 𝐸𝑣
max,   ∀𝑡,  (6) 

 𝐸𝑣
𝑡0 = 𝐸𝑣

𝑡T .  (7) 

The goal of each individual EV is to decide the charging 

energy at each time step 𝐸𝑣,ch
𝑡  that minimizes its charging 

cost given a ToU tariff 𝑇𝑜𝑈𝑡 . The term 𝑓(𝐸𝑣
𝑡) stands for 

possible additional consumer goals, e.g. a higher average 

energy content gives a higher utility to the customer. Eq. 

(4) defines the evolution of the energy in the battery, while 

(5) imposes bounds on the charging energy. Eq. (6) 

imposes bounds on the energy content of the battery based 

on its capacity, and energy content bounds designed to 

protect batteries from degrading too fast. Finally, (7) is 

required to make sure that the energy content gets back to 

its initial value. Otherwise, due to the cost minimization, 

the battery would tend to be depleted over the optimization 

horizon.  

Based on the obtained optimal charging energy (𝐸𝑣,ch
𝑡 )

∗
, 

because charging cannot be modulated in this scenario, the 

peak charging demand at a given time step is: 

𝑃𝑣
𝑡 = {

0 if (𝐸𝑣,ch
𝑡 )

∗
 = 0

∑ 𝑢𝑣𝑝
𝑡 𝑃𝑣𝑝

max
𝑝  if (𝐸𝑣,ch

𝑡 )
∗

 ≠ 0
     ∀𝑡, ∀𝑣. (8) 

(C) Direct on/off charging control 

The EV charging power is computed as part of the OPF, 

by deciding when to turn charging on (setting the binary 

variable 𝑢𝑣,C
𝑡 = 1) or off (𝑢𝑣,C

𝑡 = 0). The equations 

describing the flexibility of the fleet are (4), (6), (7) and 

0 ≤ 𝐸𝑣
𝑡,ch ≤ 𝑢𝑣,C

𝑡 ∑ 𝑢𝑣𝑝
𝑡 𝑃𝑣𝑝

max𝜂𝑣Δ𝑡 ,   ∀𝑡𝑝 ,  (9) 

𝑃𝑣
𝑡 = 𝑢𝑣,C

𝑡 ∑ 𝑢𝑣𝑝
𝑡 𝑃𝑣𝑝

max,   ∀𝑡,𝑝   (10) 

𝑢𝑣,C
𝑡 = {0,1},   ∀𝑡.  (11) 

(D) Direct modulated/bidirectional charging control 

Again, the EV charging pattern is computed as part of the 

OPF, by deciding when to charge (𝑢𝑣,C
𝑡 = 1) or discharge 

(𝑢𝑣,D
𝑡 = 1), and at which charging (discharging) power, 

𝑃𝑣,+
𝑡  (𝑃𝑣,−

𝑡 ). The corresponding charging and discharging 

efficiencies are defined as 𝜂𝑣,+ and 𝜂𝑣,−, respectively. The 

equations describing the flexibility of the fleet are (6), (7) 

and 

𝐸𝑣
𝑡 = 𝐸𝑣

𝑡−1 + 𝑃𝑣,+
𝑡 𝜂𝑣,+Δ𝑡 −

𝑃𝑣,−
𝑡 Δ𝑡

𝜂𝑣,−
− 𝐸𝑣,cons

𝑡 ,    ∀𝑡,  (12) 

0 ≤ 𝑃𝑣,−
𝑡 ≤ 𝑢𝑣,D

𝑡 ∑ 𝑢𝑣𝑝
𝑡 𝑃𝑣𝑝

max
𝑝 ,   ∀𝑡,  (13) 

0 ≤ 𝑃𝑣,+
𝑡 ≤ 𝑢𝑣,C

𝑡 ∑ 𝑢𝑣𝑝
𝑡 𝑃𝑣𝑝

max ,   ∀𝑡𝑝 ,  (14) 

𝑢𝑣,C
𝑡 = {0,1} , 𝑢𝑣,D

𝑡 = {0,1} , 𝑢𝑣,C
𝑡 +𝑢𝑣,D

𝑡 ≤ 1,   ∀𝑡.  (15) 

Eq. (12) extends (4) by accounting for both the charging 

and discharging dynamics.   

Aggregated models 

Depending on the number of EVs and the network level 

considered (high/medium/low voltage), it can be suitable 

to model EVs individually or as an aggregation. 

Aggregated representations reduce the computational 

complexity, but come at the cost of model inaccuracy. At 

the low-voltage level EVs are modelled individually, while 
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at higher voltage levels, a fleet of EVs behind a 

transformer can be aggregated.  

(A) – (B) Exogenous aggregated profiles 

For methods (A)-(B) the aggregation process is 

straightforward: since the charging power is an exogenous 

parameter, it suffices to aggregate the power values of 

different vehicles connected at the same location 

(“location” can be interpreted as a given portion of the 

network in this context), i.e.  

𝑃𝑝,PL
𝑡 = ∑ 𝑢𝑣𝑝

𝑡 𝑃𝑣
𝑡     ∀𝑡𝑣 , ∀𝑝. (16) 

(C) – (D) Virtual battery 

For methods (C)-(D) new equations are defined that 

represent the aggregated flexibility of an aggregation of 

EVs. We denote this aggregated representation “virtual 

battery” (VB). As with the individual EV models, power 

and energy bounds, and a dynamic equation for the energy 

in the battery are defined. 

Direct on/off charging control 

For scenario (C), the VB equations constraining the 

aggregated energy 𝐸𝑝,PL
𝑡  and power 𝑃𝑝,PL

𝑡  profiles are 

𝐸𝑝,PL
𝑡 = 𝐸𝑝,PL

𝑡−1 + 𝑃𝑝,PL
𝑡 𝜂𝑝

𝑡 Δ𝑡 + 𝐸𝑝,PL
𝑡, arr − 𝐸𝑝,PL

𝑡, dep
, ∀𝑡, ∀𝑝,  (17) 

𝑃𝑝,PL
𝑡,min ≤ 𝑃𝑝,PL

𝑡 ≤ 𝑃𝑝,PL
𝑡,max,    ∀𝑡, ∀𝑝,  (18) 

𝐸𝑝,PL
𝑡,min ≤ 𝐸𝑝,PL

𝑡 ≤ 𝐸𝑝,PL
𝑡,max,    ∀𝑡, ∀𝑝,  (19) 

𝐸𝑝
𝑡0 = 𝐸𝑝

𝑡T ,   ∀𝑝,      (20) 

𝑃𝑝,PL
𝑡 = 𝑁𝑝

𝑡𝑃𝑝
max,    ∀𝑡, ∀𝑝,  (21) 

0 ≤ 𝑁𝑝
𝑡 ≤ ∑ 𝑢𝑣𝑝

𝑡
𝑝 ,   ∀𝑡, ∀𝑝,   𝑁𝑝

𝑡 ∈ ℤ. (22) 

The aggregated energy dynamics in (17) are determined by 

the aggregated charging power, an efficiency 𝜂𝑝
𝑡  and by the 

positive/negative energy contributions of 

arriving/departing vehicles 𝐸𝑝,PL
𝑡, arr

/𝐸𝑝,PL

𝑡, dep
. Moreover, power 

and energy bounds are defined by (18)-(19). The 

computation of the VB bounds 𝑃𝑝,PL
𝑡,min

, 𝑃𝑝,PL
𝑡,max

, 𝐸𝑝,PL
𝑡,min

, 𝐸𝑝,PL
𝑡,max

 

is explained later. Eq. (20) is analogous to (7) at the 

individual EV level. Because in scenario (C) charging is 

only on/off controlled, the integer parameter 𝑁𝑝
𝑡 defining 

the number of vehicles charging at a given location 𝑝 is 

introduced in (22), which determines the charging power 

in (21). If the number of EVs at a parking location is large 

enough, the integrality of 𝑁𝑝
𝑡 can be relaxed (eliminating 

(21)-(22)), to reduce the computational complexity, 

without incurring a significant granularity error.  

Direct modulated/bidirectional charging control 

The aggregated power is split in charging 𝑃𝑝,PL+
𝑡  and 

discharging 𝑃𝑝,PL-
𝑡  power (bidirectional charging), which 

take continuous values (modulated charging). The VB is 

therefore defined by (19), (20) and 

𝐸𝑝,PL
𝑡 = 𝐸𝑝,PL

𝑡−1 + 𝑃𝑝,PL+
𝑡 𝜂𝑝+

𝑡 Δ𝑡 −
𝑃𝑝,PL−

𝑡 Δ𝑡

𝜂𝑝−
𝑡  +𝐸𝑝,arr

𝑡 −

𝐸𝑝,dep
𝑡 , ∀𝑡, ∀𝑝 ,  

(23) 

0 ≤ 𝑃𝑝,PL−
𝑡 ≤ −𝑢𝑝,D

𝑡 𝑃𝑝,PL
𝑡,min,   ∀𝑡, ∀𝑝 ,    (24) 

0 ≤ 𝑃𝑝,PL+
𝑡 ≤ +𝑢𝑝,C

𝑡 𝑃𝑝,PL
𝑡,max,   ∀𝑡, ∀𝑝,  (25) 

𝑢𝑝,C
𝑡 = {0,1} , 𝑢𝑝,D

𝑡 = {0,1} , 𝑢𝑝,C
𝑡 +𝑢𝑝,D

𝑡 ≤ 1,   ∀𝑡.  (26) 

Virtual battery bounds 

To derive the parameters of the VBs, a bottom-up 

approach is adopted, building up on the driving patterns 

and characteristics of individual EVs. Starting at the 

individual EV level, it is possible to define extreme upper 

and lower trajectories for the energy and power values of 

the battery of each EV.  

The upper trajectory of the energy content 𝐸𝑣
𝑡,up

 is 

calculated assuming charging starts as soon as the vehicle 

parks (which corresponds to the energy profile of 

scenario (A)). The lower energy trajectory 𝐸𝑣
𝑡,low

 is 

calculated assuming charging is deferred as much as 

possible, given that the vehicle should depart with enough 

energy in the battery for the forthcoming trip(s), and that it 

should be fully charged by the end of the longest parking 

interval. The amount of energy that needs to be in the 

battery before a trip is calculated with foresight. Since it is 

assumed that daily energy needs are charged within the 

same day, see (7), the energy content cannot drop more 

than the daily energy consumption from its highest value. 

Only when V2G is allowed can the energy content reach 

lower values, because of the additional discharging of 

energy to the grid. The corresponding lower energy 

trajectory is 𝐸𝑣
𝑡,low,V2G

. 

As a next step, the upper and lower power trajectories of 

each vehicle for each time step, 𝑃𝑣
𝑡,up

 and 𝑃𝑣
𝑡,low

, are 

computed. Instead of assuming that the vehicle charges at 

the maximum power whenever it is plugged in, the fact that 

the charging power is also constrained by the battery’s 

energy content is taken into account. For this purpose, the 

previously calculated energy bounds are taken into 

account, which in scenario (C) yields 

𝑃𝑣
𝑡,up

=  ∑ 𝑢𝑣𝑝
𝑡

𝑝 min {𝑃𝑝
max,

𝐸𝑣
𝑡,up

−𝐸𝑣
(𝑡−1),low

𝜂𝑣Δ𝑡
} ∀𝑡, ∀𝑣,  (27) 

𝑃𝑣
𝑡,low =  ∑ 𝑢𝑣𝑝

𝑡
𝑝 max {0,

𝐸𝑣
𝑡,low−𝐸𝑣

(𝑡−1),up

𝜂𝑣Δ𝑡
} ∀𝑡, ∀𝑣,  (28) 

and in scenario (D), with V2G,  yields 

𝑃𝑣
𝑡,up

=  ∑ 𝑢𝑣𝑝
𝑡

𝑝 min {𝑃𝑝
max,

𝐸𝑣
𝑡,up

−𝐸𝑣
(𝑡−1),low,V2G

𝜂𝑣Δ𝑡
} ∀𝑡, ∀𝑣,  (29) 

𝑃𝑣
𝑡,low =

 ∑ 𝑢𝑣𝑝
𝑡

𝑝 max {−𝑃𝑝
max,

𝐸𝑣
𝑡,low,V2G−𝐸𝑣

(𝑡−1),up

𝜂𝑣Δ𝑡
} ∀𝑡, ∀𝑣.  

(30) 

Given these extreme individual profiles the aggregated 

bounds can be computed, e.g. for the energy upper bound  

𝐸𝑝,PL
𝑡, max = ∑ 𝑢𝑣𝑝

𝑡 𝐸𝑣
𝑡,up

     ∀𝑡𝑣 , ∀𝑝, (31) 

and analogously for the other bounds.  

The arrival and departure energy contributions are 

computed as 

𝐸𝑝,PL
𝑡, arr =  ∑ 𝑢𝑣𝑝

𝑡 (𝑢𝑣𝑝
𝑡 − 𝑢𝑣𝑝

𝑡−1)𝑣 𝐸𝑣
𝑡,up

,   ∀𝑡, ∀𝑝,  (32) 

𝐸𝑝,PL
𝑡, dep

=  ∑ 𝑢𝑣𝑝
𝑡−1(𝑢𝑣𝑝

𝑡−1 − 𝑢𝑣𝑝
𝑡 )𝑣 𝐸𝑣

𝑡,up
,   ∀𝑡, ∀𝑝,  (33) 

where the energy in the battery is estimated to be close to 

the upper level (in practice this depends on the charging 

strategy, which is a decision variable in the OPF). 

CASE STUDY 

The test case is based on real data for the area covered by 
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a typical Portuguese MV grid. This area is predominantly 

residential, with 57 % of the load, and the rest is split 

between the different sectors of activity. There are 613 

households, 127 work locations, 76 shopping locations and 

21 locations of other client types. For demonstration, we 

consider an EV penetration of one EV per household. 

It is assumed that at the residential level there is always a 

free EV Supply Equipment (EVSE). Otherwise, we 

assume 6/4/5 EVSEs for work/shop/other locations, 

respectively. The EVSE rated power is set to 5 kW. 

Concerning EV characteristics, each EV has a maximum 

charging power of 5 kW, and a battery with capacity 20 

kWh and 90 % efficiency (grid AC to battery DC). The 

energy consumption is 20 kWh per 100 km driven. EV 

mobility patterns were drawn according to the method 

in [12], based on Markov chains.  

For the ToU charging scenario, the off-peak tariff period 

was assumed to start at 20:00 until 7:00 in the morning. 

RESULTS AND DISCUSSION 

First, general connection patterns, which are linked to the 

behaviour of EV drivers are analysed. These help to 

understand the load and flexibility profiles discussed in the 

following. Figure 1 shows the number of vehicles 

connected to the test network throughout the day, split by 

activity type. Most vehicles are connected during the night. 

Even during the day, one third of the EVs are connected at 

home. The second principal activity is work, especially 

during the morning and early afternoon.  

 

Figure 1: Number 

of EVs connected 

to the test network, 

classified by 

activity type. 

 

Figure 2 shows the number of arrivals and departures in 

the network. There is a clear peak in activity in the 

morning and evening, and a smaller one around lunchtime, 

related to commuting patterns. 

 

Figure 2: 

Number of EVs 

arriving 

/departing 

at/from the test 

network.  

(A) – (B) Exogenous aggregated profiles 

Figure 3 shows the load profiles for scenarios (A)-(B). 

In scenario (A), EVs start charging as soon as they park. 

Therefore, the corresponding load profile exhibits a similar 

peak structure to the arrival patterns in Figure 2: there is a 

peak in the morning, midday and evening.  

In scenario (B), EVs start charging as soon as the off-peak 

tariff starts. At that time, most EVs are already at home, 

which leads to high charging simultaneity. Most load can 

be shifted to the night time, with only very little charging 

during the day (peak tariff).  

 

Figure 3: EV 

load profiles 

for the test 

network in 

uncontrolled 

charging (A) 

and ToU tariff 

(B) scenarios. 

The EV load in scenario (B) has a much higher peak than 

in (A), which is flatter. Whether one or the other has a 

higher network impact depends on the actual structure of 

the network load (load other than EV load). This result 

highlights the limitation of using ToU tariffs and the 

importance of choosing an adequate ToU tariff.  

(C) – (D) Virtual battery 

Figure 4 displays the energy bounds of the VB 

representation of the EV fleet. The upper bound shows a 

structure similar to that of the number of connected 

vehicles depicted in Figure 1. With V2G (scenario (D)) the 

lower bound is much lower, because the battery is not only 

discharged for driving, but potentially also to provide DSO 

services. This lower bound goes up in the early morning to 

guarantee the full charge at the end of the longest parking 

stop, which is typically overnight. 

 

Figure 4: 

Energy bounds 

of the virtual 

battery, 

aggregating all 

nodes of the 

tested network. 

Figure 5 displays the power bounds of the VB 

representation of the EV fleet. The upper bound roughly 

follows EV availability patterns. The lower bound without 

V2G (scenario (C)) is very close to zero all the time: there 

is little inelastic charging demand, i.e. demand that cannot 

be shifted in time. The magnitude of the bounds with V2G 

(scenario (D)) is larger because the individual upper and 

lower energy profiles are further apart from each other, and 

therefore energy is less of a limiting factor for the available 
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power. This is related to the fact that we assume batteries 

to operate closer to the upper bound than to the lower 

bound, for the convenience of the customer. Therefore, the 

amount of power for charging is actually limited by the 

high energy content of the battery, whereas for discharging 

the opposite is true. Moreover, with V2G the energy level 

of the battery is potentially lower, allowing more charging. 

 

Figure 5: 

Power bounds 

of the virtual 

battery, 

aggregating all 

nodes of the 

tested network. 

CONCLUSION 

Four EV aggregation models to represent different 

charging scenarios are proposed in this paper: uncontrolled 

charging, ToU tariff, on/off EV charging control and EV 

bidirectional charging power modulation. While the first 

two methods model EVs as inflexible demands, the other 

two allow for load management. The output of these 

models can be included in distribution grid optimization 

problems. 

Given the considered theoretical framework and the results 

of the case study, the conclusions below are in order: 

1. Most EV charging can be shifted without 

violating EV trip range requirements. This 

charging flexibility could be used by the DSO for 

different purposes. 

2. Vehicles have similar driving patterns. As a 

result, the uncontrolled charging scenario results 

in increased peak loads in the morning, midday 

and evening (when EVs arrive at home/work). 

3. The ToU tariff charging scenario creates a peak 

load in off-peak tariff hours. Therefore, a careful 

reconsideration of applicable ToU tariffs is 

needed. 

4. On/off EV charging control and EV bidirectional 

charging power modulation can be modelled 

through the virtual battery approach. These two 

charging scenarios efficiently exploit the 

charging flexibility offered by EVs, especially if 

bidirectional charging is possible. 
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