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Abstract— The recent development of electric vehicles (EVs) has 

brought a new set of problems regarding their integration in 

power networks, particularly in terms of the potential growth of 

peak load. The peak growth leads to the increase of losses and 

braches charging and to voltage drops.  Conversely, optimizing 

EV charging policy creates new opportunities for both network 

safety and energy trading through the markets.  This paper 

presents a multi-level framework combining two representations 

of a medium voltage (MV) network in order to optimize the EV 

charging policy.  A minimizing cost approach is set, modeling 

day-ahead markets, and taking into account losses. The 

proposed methodology is tested on a typical MV network. 

Index Terms — Electric vehicles (EV) integration, Optimal 

Power Flow, EV charging cost, EV charging schedule, Multi-

scale approach 

NOMENCLATURE 

EV Electric Vehicle. 

V2G  Vehicle-to-Grid. 

MV  Medium Voltage. 

DSO  Distribution System Operator. 

LV  Low Voltage. 

TSO  Transmission System Operator. 

 

INTRODUCTION  

 Electric vehicles appear to be a promising solution to face 

the climate stakes and the increase of oil prices. Being a 

relatively new technology, a lot of questions concerning their 

integration have risen. Indeed, a large deployment of electric 

vehicles will come with an increase of consumption bringing 

complexity to system operations likely to endanger the safety 

of the network. Hence, a smart charging policy is required in 

order to ensure the network stability and also to optimize the 

charging cost of the EVs.   

 

The impacts resulting of the integration of EVs into 

electrical distribution networks is a subject widely discussed 

due to the increasingly interest in a sustainable mobility 

paradigm. Several works have been studying the alternatives 

to accommodate the additional load caused by the EVs. The 

underlying idea in these works is to use charging coordinated 

methods (smart charging strategies) in order to mitigate the 

effects aroused by the EVs. These researches have presented 

methods which are mainly focused in diminishing the 

technical impacts: losses minimization [1-2], optimizing 

power systems demand [3] and voltage decrease [4]. 

Nevertheless, some of them have, as a main purpose, to 

develop approaches to minimize the cost of charging using 

optimal charging/discharging schemes [5],[6]. These 

techniques can be applied over each EV or fleet of EVs and 

presuppose the use of the Vehicle-to-Grid (V2G) concept, 

which involves high communications requirements. 

 

 In this article, a multi-level optimization model is 

proposed to assess the cost savings thanks to a smart charging 

policy for EVs in a given network, using the market 

opportunities to charge EVs at the lowest cost. In order to 

take into account losses and network constraints at a mid-

term outlook (typically one year), we have put into 

interaction two different models of the network. A detailed 

non-linear power flow model, using a MATLAB tool driven 

from previous work, gives us an overview of the losses and 

technical issues of the distribution network. An aggregated 

model uses a simplified representation of the network and 

markets. The goal of this reduced model is to enable the use 

of optimization tools to minimize both charging costs and 

losses. The process of simplifying the network uses spatial 

aggregation and disaggregation functions for the consumers 

in the grid, to pass from a precise model where every MV 

network node is represented, to a simpler global model where 

consumers and EVs are grouped in clusters, having different 

constraints regarding the charging of their EVs. 

Enhancements of the model are also proposed, regarding the 

integration of uncertainty (for instance the fluctuations 



between forecast and real EV arrival or market time price 

since at the moment, the model is totally anticipative).  

Both aggregated and detailed models are integrated in the 

Artelys Crystal City software platform developed within 

European FP7 project CitInES [11]. Artelys Crystal City is a 

multi-energy modelling environment used to simulate and 

optimize urban energy strategies. This decision-support 

software is designed to help local authorities have a holistic 

look at urban energy systems (thanks to the multi-energy 

view) to define sustainable, reliable and cost-effective urban 

energy strategies (for more details, please refer to [12]). As 

EV integration is one of the major stakes that local authorities 

face, specific work has been implemented on this topic, but 

the presented methodology is generic and has been applied to 

other energy technologies. Optimizing EV charging strategies 

requires a sharp level of detail, which, if it is combined with a 

one-year period decomposed in hourly time steps, is 

responsible for a significant increase in the number of 

variables. Hence, the problem we consider becomes too large 

to be directly solved by current available tools. A temporal 

decomposition-aggregation approach is therefore to be 

excluded because of the dynamic link between time steps due 

especially to the EV charging governed by dynamic 

equations. The underlying idea of the proposed approach is to 

build a less detailed circuit model – denoted “aggregated 

problem” – calibrated with detailed simulations. 

 

PRESENTATION OF THE MODELS 

A. Global Objective 

In order to assess the benefits of electric vehicles in the 

network, their charging is optimized facing the SPOT market, 

for day-ahead trades of energy, to ensure the short-term 

supply-demand equilibrium, and face to losses. In particular, 

the charging of electrical vehicles could be paused when the 

price of energy is high, or when an increase of consumption 

will result on too much loss.  Therefore, the optimization 

objective is to minimize charging prices and losses, while 

accounting also network constraints. In order to be 

representative, the aggregated model will be applied on one 

typical year using market data. 

 

B. Detailed representation of the network 

 

The detailed representation of the network used as a basis 

in this study is a detailed non-linear power flow model, 

already used in previous work [7]. 

The simulations performed were based on PFST (Power 

Flow Simulation Tool), a simulation platform implemented 

apropos for this project CitInES. This software tool, 

developed in MATLAB [10], is able to model arbitrary power 

systems, to perform power flows and to simulate the impact 

of modern Smart Grid features, like demand-side 

management, integration of electric vehicles and optimized 

control of storage units. 

The proposed methodology is tested on a typical MV 

network presented in figure 1. Each of the 35 MV/LV 

substations on this network represents the aggregated load of 

a set of LV consumers, some of which can own EVs. 

 

 

 

  

 

 

 

 

 

 

 

 

 

 

 

 

 

 
Figure 1 - MV/LV Network 

 

Given the topology of the network, the physical 

characteristics of all the branches and buses of the network 

and the consumption and production at each node along the 

time, this tool allows us to compute the usual active and 

reactive power flow as well as other figures like losses and 

eventual network irregularities (branch congestion, voltage 

drops) using the Newton-Raphson Method.  

 

 From this framework, our objective is to set up a 

simplified representation of the network, in order to integrate 

the model within a larger system optimization. We have 

therefore built an aggregated model of the network by 

gathering nodes into N zones and by linking them according 

to the topology of the network.  

 

C. Aggregated representation of the network 

Although the detailed model is indispensable for an 

extensive calculus of losses in the network, it is not 

compatible with calculations on a long or mid-term outlook. 

The typical model generally used to solve this kind of 

problem is a supply-demand equilibrium model in the 

approximation of direct current. The outlook of our study will 

be one year, at an hourly time step.V2G technology is not 

taken into consideration in this study. 

 

Each node     (of the aggregated model) represents 

an aggregation of nodes of the detailed network represented 

with the following variables:  

   
  : the demand at time t for node n, divided in a 

fixed part (usual domestic, industrial and public 

consumptions) and  a controllable part used for the 

EV charging only   

   
  : the production at time t and node n 



    : the cost of the energy produced modeling the 

connection to the SPOT market (independent of n). 

The french 2010 SPOT prices are used 

   
      

     
   : the losses in the cluster of node 

due to the level of consumption.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
Figure 2 - Detailed MV network and aggregated clusters 

displayed in Artelys Crystal City 

Nodes are linked to each other by lines l in the set   , 

characterized by: 

   
  : the energy flow in line l at time t 

   
       

   : the losses of energy due to the flow in 

line l at time t 

       : the node at the origin of the line 
          the node at the destination of the line 

 

  
  can be positive or negative. Hence, the notation       

and         is a convention so that   
    if the flow of 

energy goes from the origin to the destination.  

 

D. Modelization of electric vehicles in the aggregated 
network 

 In addition to a fixed consumption of the network users 

for which the network is originally dimensioned, a cluster of 

electrical vehicles is added at each zone. EV owners charge 

their vehicle at home during the time between their arrival 

and their departure. The arrivals and departures of the EV at 

home are considered known a priori, and are calibrated using 

historical data from France presented in figure 3. 

 

In order to model properly the electrical vehicles behavior 

in each zone of the aggregated model, several hypothesis are 

made: 

 

 Vehicles arriving at the station are considered fully 

discharged. 

 Every vehicle must be fully charged when it leaves 

the station. 

 Arrivals   
  and departures   

  of vehicles at time t 

and at node n are known a priori.  

 

This modelization overestimates the energy supply as all 

vehicles arrive uncharged and have to be fully charged when 

they leave the station but a more detailed model of energy 

charge at arrival could be implemented in our methodology.  

 

As this is an aggregated model, we don’t take into 

account each EV separately but as clusters, considered as a 

big storage which needs to be filled before the vehicle’s 

departures. According to that, at each node the following 

additional variables are added:  

 

   
  : the number of electrical vehicles at time t for 

node n 

   
  : the capacity that still needs to be charged at the 

end of time step t at node n 

   
  : The energy received from the network for the 

EV charging at node n and time t. 
 

Thus, new constraints are needed, noting   the capacity of 

one electrical vehicle: 

 

  
      

    
    

  
 

  
      

      
    

  

 

 

We also have that      
      

 , and the constraint 

for the energy input :     
  

 

 
  

 , where K is the 

minimum number of hour needed to charge a vehicle. Finally, 

to ensure that vehicles are charged when they leave:  

 

  
      

    
  

 

In our study, we use the value of 12 kWh for M and 4h for K, 

corresponding to a medium kind of EV.  

 

 
Figure 3 - Arrivals and departures of EVs at their charging 

station 

 



The number of 1.5 vehicles by household is used, and the 

hypothesis of 20% of electrical vehicle is made. The “dumb” 

charging policy where every vehicle is charged as soon as it 

is plugged to the station gives the load profile shown in 

Figure 4 Figure 4 - "Dumb" charging policypresents the huge 

drawback of having a peak at 19-20h, where the fixed 

consumption and SPOT price are also at their peak. Hence, 

the idea is to use the flexibility of EV charging to avoid 

important costs and losses on the network. 

 

 
Figure 4 - "Dumb" charging policy 

 

E. Objective  value  

Since we impose a fixed consumption, the variable of our 

model is only the way we charge electrical vehicles. 

However, several criteria can be used to choose the best 

charging policy: 

 

 Lowest charging cost policy : minimize the energy 

cost due to EV charging (energy generation surplus 

for losses not taken into account in the cost)  

 Safety policy : minimize the total losses (in volume) 

 Lowest total cost policy : minimize the total energy 

cost (costs of energy used for charging, for fixed 

consumptions and for network losses)  
The three approaches will be computed and compared. 

 

 

AGGREGATION METHODOLOGY 

A. General approach 

The general approach is, for a set of representative hours, 

to cycle between the two models to calibrate loss functions in 

each cluster. The number of cluster could vary along the 

process, in order to take into account more precisely the 

congestions occurring in the network. 

 

In the detailed model, losses and constraints are calculated 

with the active/reactive power flow computation. In the 

aggregated model, this level of detail cannot be attained 

because each node is not explicitly represented. Hence, losses 

in each cluster and in each line of the aggregated model are 

modeled by suitable functions that will be iteratively 

specified by the use of the detailed model as it is described in 

the next paragraph.  

 

B. Algorithm 

Here is presented the algorithm used for the interaction: 

 

Step 1: Initialization: Considering there is no EV on the 

network, (using only the fixed consumption), choose 

representative time steps and compute the power flow on the 

detailed network. 

Step 2: Construction of the aggregated network: Using 

the results of the detailed simulation, pick the links that are 

the most congested and keep them in the aggregated model. 

The other links disappear into clusters. Demands are 

aggregated by summing on the nodes belonging to the cluster 

Step 3: Calibration of the loss models: Using the 

computed losses from the detailed simulation, calibrate loss 

models for both congested lines and clusters. 

Step 4: Aggregated optimization and disaggregation: 
optimize the criterion chosen and obtain EV charging policies 

for the different clusters. Divide the consumption equally 

between nodes belonging to the cluster, and go to step 5. 

 Step 5: Power flow simulation: Using the resulting 

consumption profiles, pick representative time steps, and 

compute the power flow on the detailed network. If the 

difference between losses computed in the aggregated model 

and losses computed with the power flow is under a certain 

margin, stop. Else, go to Step 2. 

 

 
Figure 5 - Interaction and management of the data between 

aggregated and detailed model 

 

C. Loss Models 

The quadratic loss model used for the clusters is the 

following:   

  
      

        
     

  
 

 

Given the losses computed on each detailed power flow, we 

can get several values of demand and losses. At each iteration 



of the algorithm, if we suppose that the congested lines stay 

the same ones, we get M more couple of values, where M is 

the number of time step we select at each iteration. 

 

The loss model used for the congested lines is also quadratic:  

     

  
       

       
   

 

In order to calibrate the two loss models, the representative 

time steps for the detailed power flow simulations are chosen 

where the consumption is high or where the consumption is 

low. It allows us to have different points on the graph 

                        to have better results with our 

polynomial fitter. 

RESULTS 

A. Computation 

The resolution of the aggregated model is done with 

KNITRO-AMPL which is a powerful solver for non-linear 

optimization with a large number of variables [9]. The model 

includes four zones and 8760 tome steps (one year simulation 

with an hour time step). The number of variables is therefore 

more than a hundred thousand. The algorithm used is an 

interior point algorithm converging in less than ten seconds.  

The optimal power flows are computed with MATLAB [10] 

in less than one second. 

 

B. Optimal Charging Policy 

Using the three criteria shown in part I.I.EE (Lowest charging 

cost policy, Safety Policy, Lowest total cost policy), the 

algorithm is used three times. The charging profile results are 

shown in Figure 6 and Figure 7 for a winter day and a 

summer day. 

 

 
Figure 6 - Optimal Charging Profile (winter day) 

The safety policy results in the smoothest charging of EV. 

The charge is dispatched throughout the day to compensate 

the fixed consumption. For the lowest charging cost profile, 

most of the EVs are charged during the four hours where the 

market price is the lowest. It results in an abrupt 

consumption. The Lowest Total Costs policy, which is 

economically the smartest, is between the other two profiles.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 
Figure 7 - Optimal charging profile (summer day) 

Even if it will try to prevent big losses, this policy will 

benefit from market opportunities which results in a 

considerable decrease of costs (-31%) compared to the safety 

policy. 

Looking at the results in Figure 8, we can see that the 

difference of total costs between the two cost policies is 

really close to zero, meaning that the increase of losses in the 

network in the lowest charging costs policy is not penalizing. 

It seems to come from the state of the network, which 

operating far from its maximum for this level of 

consumption.  

However, it seems wise to think that in more congested 

networks the lowest charging costs policy will not be suited 

to the network which will result in huge costs.  

 

Figure 8 - Costs and losses of the different charging policies 

In this kind of network, the total costs of the optimal policy 

will tend to come closer to the total costs of the safety policy, 

because the market opportunities will be lessened by the 

network constraints. Yet, coming from a benefit of 30%, the 

gain of a smart charging policy is not likely to be nil. 

CONCLUSION AND EXTENSIONS 

The results obtained let us think that there is a real interest 

in controlling the charging of EV. With the massive 

development of intermittent renewable energy sources, it is 

likely to become more and more important to use their 

flexibility. The question of the control still needs to be 

worked on. Is a price signal enough to make the consumer 

charge cleverly his vehicle or does it need a remote control 

from the DSO? 

The results also show the interest of coupling local 

network constraints with economic optimization. The multi-

Lowest Total 

Costs Policy
Safety Policy

Lowest Charging 

Costs Policy

Fixed 

Consumptions Costs 

(€)

6,59E+06 6,59E+06 6,59E+06

Total Losses Costs 

(€)
5,96E+05 5,99E+05   (+1%) 6,16E+05   (+3%) 

EV Charging Costs 

(€)
8,69E+05 1,14E+06   (+31%) 8,61E+05   (-1%)

Total Costs (€) 8,05E+06 8,33E+06 (+3%) 8,06E+06  (0%)

Losses (MWh) 1,20E+04 1,1E+04    (-9%) 1,25E+04   (+4%)



level methodology described in this paper not only allows one 

to take into account these constraints in an efficient way but 

also to extend the results to more complex situations (for 

instance with local generation capacities). 

 

Several enhancements of the approach presented in this 

article could be developed, regarding in particular loss 

models, V2G technologies or modeling of the intraday 

market. Integrating the intraday market on the model would 

allow us to use the flexibility of EV charging on both day-

ahead and intraday markets compensating the error of 

forecast in the arrivals and departures data.  

It is also interesting to point out that the approach is also 

useful without detailed data, for instance if local authorities 

do not have access to data from DSO. The calibration 

methodology is then replaced by a statistical approach. 

Aggregated model clusters and loss models are built based on 

urban characteristics (e.g. density, type of buildings). The 

link between the urban characteristics and the parameters of 

the model would be computed by using data-mining 

techniques on similar urban examples, for which detailed 

distribution network data is available and previous 

aggregation methodology has been performed.  
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