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ABSTRACT 

The paper proposes a hybrid methodology based on a 

Gaussian local search and a genetic algorithm to address 

a multi-stage optimal distribution expansion planning 

problem. The methodology is applied to solve the 

problem of optimal network investment under the new 

possibilities enabled by the smart grid: new technologies 

to improve observability and controllability that will 

enable the management of electric vehicle charging in the 

future. The optimization problem is solved for a low-

voltage network with a high electric vehicle penetration. 

Optimization results are illustrated in terms of investment 

amount, investment type and corresponding timings. The 

impact of charging control investments on network asset 

investment strategies is analysed. 

INTRODUCTION 

Distributed Generation (DG) and Electric Vehicles (EV) 
bring new challenges to the operation of distribution 
networks. New challenges involve dealing not only with 
peak load conditions but also with potential reverse flows 
due to DG and with the new active management 
possibilities enabled by the Information and 
Communications Technologies (ICT) to control the 
charging of EVs.  
Traditionally, distribution planning does not consider the 
investment costs and operational benefits of control as 
enabled by ICT. The benefits of additional controllability 
are currently not clearly identified and the impacts of ICT 
investments are not well understood. 
Let us represent a distribution network by a graph G, 
where the vertices represent the network loads, while the 
edges represent the existing lines and transformers. ICT 
(vertex) investments can be considered in order to reduce 
demand impact through demand/DER control, whereas 
line/transformer (edge) reinforcement investments can be 
considered in order to relieve overloads and avoid voltage 
drop/rise beyond acceptable levels. Under such a solution 
space, the planning solution is a schedule of projects, 
both vertex and edge type projects that aim to minimize 
investment and operational costs while respecting key 
planning criteria like adequate voltage levels under 
normal and contingency situations and loading limits for 
lines and transformers.  
 

 
An overview of the existing literature shows that 
distribution planning typically relies on a set of methods 
to decide the location and the type of reinforcements 
needed in order to cope with the traditional sources of 
uncertainty, such as expected load forecast, at minimum 
cost.  
Several approaches have been taken to tackle the 
planning problem [1-8]. Some approaches deal with a 
fixed horizon and a single network topology solution [9-
16] and are thus known as single stage models. Other 
approaches deal with the dynamic nature of demand 
through time as well as with a sequence of network 
solution topologies and are hence known as multi-stage 
models [2,3,5,8,15]. 
In either single or multi-stage models, optimization 
techniques are used, namely genetic algorithms [16], 
Benders’ decomposition [17], simulated annealing [18], 
tabu search [19], GRASP [20] and game theory [21]. The 
common outcome of all the former approaches is the 
conception of a plan, i.e., a set of projects where the 
system reinforcements and equipment additions are 
scheduled. 
In this article, an optimization method developed in the 
context of the FP7 PlanGridEV project is presented and is 
used to illustrate the value of possible ICT investments 
that enable EV charging control. These ICT investments 
may allow postponing traditional reinforcements in 
distribution grids. 
A hybrid optimization strategy is proposed, combining a 
local search algorithm with moderate search effort with a 
metaheuristic method to broaden the search space and to 
guide the search towards a close-to-optimum solution. 
Finally, a realistic case study, where ICT reinforcements 
are traded off with conventional grid reinforcements, is 
analysed through the application of the developed 
strategy. 

PROBLEM FORMULATION 

The investment planning problem is formulated as a 
multi-stage optimization problem. Envisioned solutions 
to such problem are investment project schedules, 
including both ICT nodal investments in control and 
traditional investments in lines and transformers. The 
optimal solution to such problem represents the best 
possible trade-off between investment costs and 
operational costs.  
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A simplified single-objective formulation for the 
planning problem may be the following: 

 
     

,

  , , ,
p k

min f p k g p k h p k   

 

Where  ,p k represents a schedule of projects composed 

of two indexed arrays, p of projects and k  of timings for 

such projects, f represents the present value associated 

with the project investment schedule (CAPEX), g 

represents the present value of the system operational 

costs (OPEX) and h represents the present value of other 

considered costs (reliability, emissions, communications, 

etc.) along the planning period. The system operational 

costs incorporate different performance measures like the 

number and severity of expected overloads and system 

losses. The problem is addressed by combining a 

classical local optimization technique, such as the 

Gaussian Search (GS), to search for the optimum project 

timings, 
*

k , given a project analysis sequence p , with a 

global optimization technique, a specific Genetic 

Algorithm (GA), to search for the best project analysis 

sequence. This hybrid approach has proven to yield 

robust solutions in other planning contexts [22] and will 

be described along with the implementation details in the 

upcoming section. 

PROPOSED APPROACH 

With decisions being multi-stage, the decision space 

being large-scale and the decision schedules being 

computationally expensive to evaluate, the possible 

effective solution approaches are very limited. Note that 

the scheduling problem is alone a NP-hard problem [23] 

and therefore the search cannot guarantee the global 

optimum to be found. The solution approach must 

therefore be able to provide close-to-optimal plans 

involving short-term and longer-term investment 

decisions that need to be evaluated thoroughly. 

Project schedules can be found by a classical local search 

using GS with moderate search effort. However, such GS 

is a local optimization approach and being the stated 

problem a nonconvex one [24], it does not guarantee 

globally optimal solutions [25]: solutions typically get 

trapped in local optima. GS is sensitive w.r.t. the order by 

which the different system reinforcements are 

analysed [22]. Therefore, to find close-to-optimum 

schedules, we propose to find the best order, to be 

assessed by GS procedures, with a specific GA. The 

overall solution approach is then a hybrid one. 

Within the GS evaluation, the objective function values 

are obtained through evaluation by means of an Optimal 

Power Flow (OPF) problem, whose implementation and 

formulation is considered out of the scope of this work. 

The global architecture of the presented algorithm is 

depicted in Figure 1. 

 

 
Figure 1: Overview of the hybrid optimization method 

(GA+GS). 

 

 

 

Within the application of this hybrid solution, if multiple 

objectives are to be addressed explicitly, one may define 

GS and GA selection criteria to address search as multi-

objective and return a set of Pareto-optimal schedules.  If 

not, one may define weight factors for the considered 

objectives and solve a single-objective problem for a set 

of objective weights. The latter approach, i.e. the 

weighted sum method, is used in the proposed hybrid 

algorithm. 

CASE STUDY 

Case study description 

For test purposes, a single LV feeder of a 250 kVA 

secondary substation was considered. The feeder is 

comprised of thirteen nodes and twelve lines (overhead), 

and has a radial topology. 

The optimization is performed for a ten-year planning 

horizon and each year of the planning horizon 

corresponds to one optimization stage.  

The five objectives considered are: line rating and node 

voltage violations, ICT investment, network 

reinforcement investment and energy not charged into 

EVs. The function values are weighted into one objective 

to be minimized, with an additional constraint that the 

weights for the violation objectives (for line rating and 

node voltage limits) are sufficiently high for violations 

not to occur in normal operation. 

EV charging is optimized under loading condition 

simulated with power flow analysis for 16 consecutive 

time periods (hourly between 18 h and 9 h of the next 

day) in each planning stage. Each set of simulated time 

periods is assumed to be representative for all the days of 

the corresponding year (stage). 

The number of EVs evolves according to a Fisher-Pry 

curve (Figure 2). EVs are uniformly distributed, i.e., all 

nodes and all node phases have the same number of EVs 

in a given stage (year). At the end of the planning 

horizon, the targeted EV penetration rate is reached. 
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Figure 2: Fisher-Pry curve for the evolution of the EV 

penetration rate in the considered network. 

 

 

 

 

For every EV, battery capacity is chosen at 24 kWh, the 

rated charging power at 3.3 kW and the battery charging 

efficiency at 90 %. The battery state of charge (SoC) is 

equal for all EVs, chosen at 60 % at the beginning of 

each charging simulation. Charging occurs at rated power 

(when charging is unconstrained) and at constant 

charging efficiency. 

Two charging modes are considered: 

1. Whenever there is nodal control, charging power 

of EVs at control-enabled nodes is reduced to 

one-third of its rated value (i.e. 1.1 kW), 

otherwise EVs will charge at rated power (3.3 

kW). 

2. Whenever there is nodal control, charging power 

of all EVs at control-enabled nodes is modulated 

(decreased) in steps of 0.1 kW, as much as 

needed, to eliminate or minimize both line rating 

violations and node voltage violations. 

Two values for the installation cost of ICT infrastructure 

at one network node (nodal control investment) are 

considered: 500 € and 1000 € per ICT unit (present 

values as of year 0). 

 

Results 

Optimal solution results on investment in network 

reinforcement and investment in ICT equipment, as well 

as the total investment and the optimum implementation 

stage of each project, are illustrated in Figures 3 to 6. In 

these figures, the optimum implementation stage for each 

possible investment is represented with large dots. It is 

noted that projects at the 11th stage represent investments 

not performed during the planning horizon. The values of 

investment and operational costs corresponding to the 

four figures are summarized in Table 1. 

 

Figure 3: Results for the investment in network reinforcement 

and in nodal control (ICT) for the first charging method 

considered and an ICT unity cost of 500 €. 

 

Figure 4: Results for the investment in network reinforcement 

and in nodal control (ICT) for the second charging method 

considered and an ICT unity cost of 500 €. 

 

Figure 5: Results for the investment in network reinforcement 

and in nodal control (ICT) for the first charging method 

considered and an ICT unity cost of 1000 €. 
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Figure 6: Results for the investment in network reinforcement 

and in nodal control (ICT) for the second charging method 

considered and an ICT unity cost of 1000 €. 

 
Table 1: Summary of investment and operational costs for the 

two charging modes and the two ICT unity costs considered. 

ICT unity 

cost (€) 

Investment and operational costs (€) 

Charging mode #1 Charging mode #2 

500 

ICT: 2 907 (8 nodes) 

Reinf.: 0 

Operation: 4 798 

ICT: 886 (3 nodes) 

Reinf.: 851 

Operation: 9 609 

Total: 7 705 Total: 11 346 

1000 

ICT: 3 553 (5 nodes) 

Reinf.: 728 

Operation: 5 617 

ICT: 0 (0 nodes) 

Reinf.: 2 215 

Operation: 10 054 

Total: 9 898 Total: 12 269 

 

 

The results indicate that different active management 

approaches have very different impacts in the overall 

solution cost. Charging modulation (mode #2) leads to 

higher operational costs than reduced power charging 

(mode #1). This is mainly because operational costs are 

much lower for reduced power charging, as network 

losses are very sensitive to network load (quadratic w.r.t. 

load) and total grid load is significantly reduced by flat 

reductions in EV charging power. However, this result 

ignores the inconvenience as perceived by EV customers 

of systematic reduced power charging.  

Furthermore, results indicate that network reinforcement 

can be postponed if active management of EV charging 

can be implemented at reasonable cost. For the case 

study, reasonable costs for ICT investment in EV load 

management seem to be in the range of 500 to 1000 € per 

charging installation. If ICT costs are within a reasonable 

range, one should expect traditional reinforcements to be 

postponed significantly or even completely avoided in the 

near future. If not, then the expected benefits of load 

management will be negligible as to what concerns 

avoided total investment. 

 

Finally, results illustrate that the best stages for 

investment in ICT infrastructure and network 

reinforcement correspond to a period when the EV 

penetration rate is expected to grow most quickly (years 3 

to 6).   

CONCLUSIONS 

The paper proposed a hybrid optimization methodology 

to address the multi-stage optimal distribution expansion 

planning problem including ICT investment decisions to 

manage EV charging. The implementation of the 

proposed approach leads to an optimization of the costs 

of network expansion (ICT infrastructure and 

reinforcement) through suitable allocation in time of the 

possible investment choices. 

A case study is developed to show the application of the 

method and illustrate outcomes. Preliminary results 

illustrate the sensitivity of the optimal planning solution 

w.r.t. both ICT costs and type of EV charging method 

used.  

 
 

ACKNOWLEDGEMENT 

 

 
 

 

 

 

REFERENCES 

[1] Pereira, M.V.F., Pinto, L.M.V.G., Cunha, S.H, 

Oliveira, G. C., “A Decomposition Approach to 

Automated Generation/Transmission Expansion 

Planning”, IEEE Trans. Power Syst., vol. PAS-104, 

no. 11, pp. 3074-3083, Nov. 1985. 

[2] R. Romero, A. Monticelli, “A hierarchical 

decomposition approach for transmission network 

expansion planning”, IEEE Trans. Power Syst., vol. 

9, no. 1, pp. 373--380, Feb. 1994. 

[3] R. Romero, A. Monticelli, “A zero-one implicit 

enumeration method for optimizing investments in 

transmission expansion planning”, IEEE Trans. 

Power Syst., vol. 9, no. 3, pp. 1385--1391, Aug. 

1994. 

[4] G. C. Oliveira, A. P. C. Costa, S. Binato, “Large 

scale transmission network planning using 

optimization and heuristic techniques”, IEEE Trans. 

Power Syst., vol. 10, no. 4, pp. 1828--1833, Nov. 

1995. 

The research leading to these results has

received funding from the European Union 

Seventh Framework Programme (FP7/2007-

2013) under grant agreement No. 608957.



 23rd International Conference on Electricity Distribution Lyon, 15-18 June 2015 
 

Paper 0312 

 
 

CIRED 2015  5/5 

[5] Romero R., Gallego, R.A., Monticelli A., 

“Transmission expansion planning by simulated 

annealing”, IEEE Trans. Power Syst.,  

vol. 11, no. 1, pp. 364-369, Feb. 1996. 

[6] H. Rudnick, R. Palma, E. Cura, C. Silva, 

“Economically adapted transmission systems in 

open access schemes — application of genetic 

algorithms”, IEEE Trans. Power Syst.,  

vol. 11, no. 3, pp. 1427-1440, Aug. 1996. 

[7] Gallego, R.A., Monticelli A., Romero R., 

“Comparative studies on non-convex optimization 

methods for transmission network expansion 

planning”, IEEE Trans. Power Syst., vol. 13, no. 3, 

pp. 822-828, Aug. 1998. 

[8] Wang, X., Mao, Yubin, “Improved genetic 

algorithm for optimal multistage transmission 

system planning”, IEEE2001. 

[9] L. L. Garver, “Transmission network estimation 

using linear programming”, IEEE Trans. Power 

Syst., vol. PAS-89, no. 1, pp. 1688–1697, Sep.-Oct. 

1970. 

[10] A. Monticelli, A. Santos, M. V. F. Pereira, S. H. 

Cunha, B. J. Parker, and J. C. G. Praça, “Interactive 

transmission network planning using a least-effort 

criterion”, IEEE Trans. Power App. Syst.,  

vol. PAS-101, no. 10, pp. 3919–3925, Oct. 1982. 

[11] M. V. F. Pereira, L. M. V. G. Pinto, S. H. Cunha, 

and G. C. Oliveira, “A decomposition approach to 

automated generation/transmission expansion 

planning”, IEEE Trans. Power Syst., vol. PAS-104, 

no. 11, pp. 3074–3083, Nov. 1985. 

[12] R. Romero and A. Monticelli, “A hierarchical 

decomposition approach for transmission network 

expansion planning”, IEEE Trans. Power Syst.,  

vol. 9, no. 1, pp. 373–380, Feb. 1994. 

[13] R. Romero and A. Monticelli, “A zero-one implicit 

enumeration method for optimizing investments in 

transmission expansion planning”, IEEE Trans. 

Power Syst.,vol. 9, no. 3, pp. 1385–1391, Aug. 

1994. 

[14] G. C. Oliveira, A. P. C. Costa, and S. Binato, “Large 

scale transmission network planning using 

optimization and heuristic techniques”, IEEE Trans. 

Power Syst., vol. 10, no. 4, pp. 1828–1833, Nov. 

1995. 

[15] A. Escobar, R. A. Gallego,

 and R. Romero, “Multistage and coordinated 

planning of the expansion of transmission systems”, 

IEEE Trans. Power Syst., vol. 19, no. 2, pp. 735–

744, May 2004. 

[16] H. Rudnick, R. Palma, E. Cura, and C. Silva, 

“Economically adapted transmission systems in 

open access schemes—application of genetic 

algorithms”, IEEE Trans. Power Syst., vol. 11,  

no. 3, pp. 1427–1440, Aug. 1996. 

[17] S. Binato, M. V. Pereira, and S. Granville, “A new 

benders decomposition approach to solve power 

transmission design problems”, IEEE Trans. Power 

Syst., vol. 16, no. 2, pp. 235–240, May 2001. 

[18] R. Romero, R. A. Gallego, and A. Monticelli, 

“Transmission expansion planning by simulated 

annealing”, IEEE Trans. Power Syst., vol. 11, no. 1, 

pp. 364–369, Feb. 1996. 

[19] E. L. Silva, J. M. A. Ortiz, G. C. Oliveira, and S. 

Binato, “Transmission network expansion planning 

under a tabu search approach”, IEEE Trans. Power 

Syst., vol. 16, no. 1, pp. 62–1440, Feb. 2001. 

[20] S. Binato, G. C. Oliveira, and J. L. Araújo, “A 

greedy randomized adaptive search procedure for 

transmission expansion planning”, IEEE Trans. 

Power Syst., vol. 16, no. 2, pp. 247–253, May 2001. 

[21] J. Contreras and F. F. Wu, “A kernel-oriented 

algorithm for transmission expansion planning”, 

IEEE Trans. Power Syst., vol. 15, no. 4, pp. 1434–

1440, Nov. 2000. 

[22] F. S. Reis, P. M. S. Carvalho, and L. A. F. M. 

Ferreira, “Reinforcement Scheduling Convergence 

in Power Systems Transmission Planning”, IEEE 

Trans. Power Syst., vol. 20, no. 2, pp. 1151–1157, 

May 2005. 

[23] Pinedo, M., “Scheduling – Theory, Algorithms, and 

Systems”, Prentice Hall, ISBN 0-13-706757-7, 

1995. 

[24] Reis, F.S., Pinto, M., Carvalho, P.M.S., Ferreira, 

L.A.F.M, “Short-Term Investment Scheduling in 

Transmission Power Systems by Evolutionary 

Computation” – DRPT2000, London, April 2000. 

[25] F. S. Reis, P. M. S. Carvalho, and L. A. F. M. 

Ferreira, “Combining Gauss and Genetic 

Algorithms for Multi-Objective Transmission 

Expansion Planning”, WSEAS Trans. Syst., vol. 3, 

no. 1, pp. 206–209, Jan. 2004. 


