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A B S T R A C T  
 

 

This paper presents a novel methodology for optimizing the location, sizing, and service area of 

distribution substations, explicitly incorporating load uncertainty. The escalating integration of 

renewable distributed generation and electric vehicles has introduced substantial uncertainties into 
distribution loads, exceeding conventional prediction errors. To mitigate this challenge, a robust 

optimization framework is employed, enabling risk modeling and ensuring secure operation under 

extreme uncertainty scenarios. Information Gap Decision Theory (IGDT) is utilized to effectively model 
load uncertainty, with a risk-averse strategy adopted to enhance robustness. The objective is to minimize 

the total cost of distribution system planning, encompassing investment, maintenance, and loss-related 

expenditures, while adhering to technical constraints. Initially, the distribution substation problem is 
solved using predicted load point values. Subsequently, a risk-averse IGDT approach is applied to 

identify robust solutions under load uncertainty. The efficacy of the proposed methodology is 
demonstrated using a test system. Results indicate that an average load increment of approximately 

42.88% can be accommodated with a corresponding 50% increase in permissible cost. In such scenarios, 

if potential load uncertainty does not materialize, the average substation load would be approximately 
55% of their nominal capacities. 

doi: 10.5829/ije.2026.39.05b.04 
 

 

Graphical Abstract1 

 
 

NOMENCLATURE 

Sets  inCap  Rated capacity of substation i (MVA) 

S  Set of selected substations  𝑢 uncertain variable 

L  Set of load points 𝑢̃ Predicted value of the uncertain variable 𝑢 

DL     Set of downstream feeders α Uncertainty horizon 
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Variables β Maximum allowable of objective function increase 

totalC  Total cost )$(  Zbase Base value of the objective function 

ICC     Investment cost  )$( Parameters 

MCC  Maintenance cost  )$( Infr   Inflation rate  

S

lossC  Substation  energy loss cost  )$( Intr   Interest rate 

LL

lossC  Downstream network energy loss cost  )$( yn   Equipment life (y) 

iCSC  Fixed cost of substation i  EK        Cost of energy loss ($/kWh) 

FLC  Cost of downstream network ($/km) LSF
 Loss factor 

i

S

MCC  Annual maintenance cost of substation i ($) R      Conductor resistance (Ω/km) 

j

LL

MCC   Annual maintenance cost of  downstream network ($) V      Nominal voltage magnitude (v)  

ijD  Distance between substation i and load point j (km) ,j yS  Predicted load of load point j at year y (VA) 

ix ,  
iy  Coordinates of node i 𝑆𝑗 , 𝑆𝑗̅ , 𝑆̃𝑗 

Load value j at horizon year /mean load/load variable at 

second level   

ij  Decision variable (0: load point has not been connected to 
Substation, 1: load point has been connected to Substation) sn  Number of existing and potential substations 

inlP
      

 Copper losses of substation i at the rated loading (kW) ln  Number of load points 

il
P

       
 Iron losses in substation i at the rated loading (kW) capZ  Maximum permissible loading percentage  

,il yCap  Total power provided by substation i at year y (MVA) maxV  Maximum allowed voltage drop  (V) 

 

 

1. INTRODUCTION 
 
The planning and operation of distribution networks face 

increasing challenges due to uncertainties associated with 

system participants. Deploying distributed generation, 

particularly with high penetration levels, and the growing 

adoption of electric vehicles introduce significant 

uncertainties into distribution networks, adversely 

impacting their efficient planning and operation (1). 

The primary objective of distribution network 

planning is to meet future demand with the most cost-

effective solution while adhering to technical constraints. 

The sub-transmission system can be divided into two 

main components: substations and primary feeders (2). 

These components require multiple variables to be 

considered during the planning stage. Various 

distribution planning models exist, which can be broadly 

categorized into subsystem and total system approaches. 

Subsystem approaches focus on planning either 

substations or feeders (2, 3), whereas total system 

techniques address both substations and feeders as a 

single, integrated problem (4, 5). 

The complexity of distribution system planning is 

further compounded by its inherently nonlinear nature 

and the uncertain environment in which it operates. 

Consequently, many existing methods do not 

simultaneously account for both subsystems during the 

planning stage. A review of relevant studies reveals that 

most focus has been on allocating of distribution 

substations, transformer placement, feeder routing, and 

conductor sizing.  

 

1. 1. Literature Review        Numerous papers have 

been published on optimal distribution substaccction 

placement, typically modeling the problem in 

deterministic settings to determine optimal substation 

siting, sizing, and timing, as well as service area 

definition. 

Given the similarities between substation allocation 

and transformer placement, significant literature on 

transformer allocation has also been examined. Relevant 

literatures have discussed the subject from different 

points of view. It is worth to categorize them dependent 

to their innovations or bold features. 

 

▪ Optimization method 

Existing researches in this field can be categorized into 

three major groups: 

1. Mathematical optimization (5-7) 

2. Evolutionary optimization (1, 8, 9) 

3. Heuristic optimization (3, 8, 10-12) 

Mathematical optimization approaches often provide 

optimal solutions but are highly complex and impractical 

for large-scale case studies. Evolutionary optimization 

algorithms are more straightforward to implement across 

various problem types. However, these methods may 

struggle with local optima and can be time-consuming. 

Heuristic methods, while simple and easy to apply, lack 

guarantees for achieving globally optimal solutions.  

Mazhari et al. (3) employed a modified fuzzy 

membership matrix and a memorable cost index vector to 

determine the substation service areas. Also, a hybrid 

heuristic and learning automata (LA)-based algorithm is 
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used for substations sizing and defining the associated 

service area, simultaneously.  

 

▪ Study environment 

The substation allocation problem is solved considering 

vertical power system structure or deregulated power 

system. Some research has been conducted in traditional 

power system environments (8, 13, 14), while others 

address market-oriented frameworks (1, 15). Both of 

these environment are applicable and can be considered 

in power system studies depending on the environment 

of the case under study.  

 

▪ Scope of study 

The studies differ in their scope and context. Some 

researches just focus on distribution substation problem 

[1-3] and in some instances, substation allocation is 

integrated with the planning of other components, such 

as distributed generation units (4, 5, 15, 16) or overall 

distribution expansion planning (13, 14).  

A dynamic bacterial foraging algorithm determines 

the optimal location, capacity, service area, and 

construction timing of substations under technical 

constraints, aiming to maximize profits from energy sales 

while minimizing associated costs (1). 

Behzadi and Bagheri (5) addressed the siting and 

sizing of substations, feeder routing,  and renewable-

based distributed generation (DG) planning to create 

resilient and sustainable distribution systems. First, all 

problem relations are convexfied. Then, a mixed-integer 

quadratically constrained programming (MIQCP) 

algorithm is employed to minimize investment, 

operational, emission, and resiliency costs while 

accounting for renewable DG uncertainty through 

scenario-based modeling. Jalai et al. (15) Shayeghi and 

Bagheri (16) focussed on the expansion planning of 

distributed generation units and substations, 

incorporating energy prices for electricity received via 

substations or produced by distributed generators. 

 

▪ Static or dynamic modelling 

Determining the time of substation installation is one of 

the remarkable features that can be considered while 

categorizing studies. Distribution substation problem can 

be solved taking the whole planning period in 

optimization process (1, 17) or can be modeled 

considering different time intervals (2, 7, 8). It is obvious 

that solving the problem in dynamic procedure adds more 

accuracy to the results, on the other hand, makes the 

problem more complicated.  

Temraz and Salama (2) used the General Interactive 

Optimizer (GINO) to solve the non-linear planning of 

problem. The model includes a continuous function that 

accurately simulates various cost components of a 

distribution substation. In this study besides size, 

location, and service area, time of substation installation 

is determined using pseudo dynamic procedure.  

The Imperialist Competitive Algorithm (ICA) was 

utilized by Najafi et al. (8) to optimize the sizing, siting, 

and timing of medium-voltage substations (distribution 

transformers). This study introduces a loss characteristic 

matrix as a novel concept for the substation placement 

problem.  

Lastly, a Mixed Integer Linear Programming (MILP) 

method is employed by El-Fouly et al. (7) to address the 

siting, sizing, and timing of distribution substations. 

 

▪ Incorporating geographical information system 

Several studies attempt to address real-world planning 

challenges, ranging from parameter uncertainty (18) to 

geographical characteristics (11, 19, 20). For instance,  

Yu et al. (11) proposed a method to determine the optimal 

location and size of substations based on GIS and semi-

supervised learning. This method highlights the 

significance of land costs in substation allocation. By 

integrating actual land cost into the objective function, 

GIS tools enable precise substation location 

determination after load clustering using the k-means 

method. 

Vahedi et al. (19), substation expansion planning is 

applied to a large-scale real network using GIS raster 

maps for analysis. To manage the complexity of large-

scale networks, the planning area is divided into irregular 

mini-regions. A "system of systems" approach is 

introduced to facilitate interactions between these mini-

regions, ensuring the overall integrity of the distribution 

network. 

 

▪ Reliability modelling 

One of the features that makes the proposed approaches 

more applicable to real distribution network is 

incorporating reliability modeling into the problem. 

Some researches consider the possibility of components 

failures in the study. A deterministic heuristic algorithm 

is used by Mazhari et al. (10) to approximate substation 

service areas, employing an expert selection strategy to 

enhance the likelihood of achieving a globally optimal 

solution. This study also examines supply interruptions 

caused by substation unreliability and feeder failures. 

A related problem, distribution transformer planning, 

was addressed by Esmaeeli et al. (21), where reliability 

costs and load growth are considered. The paper allows 

transformer loading to exceed the nameplate rating 

during parts of the duty cycle, demonstrating that this 

does not significantly impact the relative thermal aging 

rate of transformers. 

Smart substation allocation, aimed at restoring power 

to interrupted customers, was explored by Sun et al. (22). 

Interruption costs and reliability criteria are key factors 

in determining the number and location of smart 
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substations. The problem is solved using Mixed Integer 

Linear Programming (MILP). 

 

▪ Uncertainty modelling 

Accounting for system parameter uncertainties is now 

essential to ensure practical solutions for real-world 

systems. Haghifam and Shahabi (23) proposed a pseudo-

dynamic methodology for substation planning under load 

uncertainty modeled with LR fuzzy numbers. 

Esmaeelia et al. (24), a Conditional Value at Risk 

(CVaR)-based method is applied for optimal planning of 

LV distribution networks and distribution transformer 

allocation. System uncertainties are modeled using 

scenarios, and the problem is solved with Mixed Integer 

Nonlinear Programming (MINLP). 

Franco et al. (25) employed a robust model to address 

load uncertainty, using chance constraints to ensure 

substation capacity limits are not violated within a given 

robustness probability. Monte Carlo simulations validate 

constraint satisfaction under uncertain conditions. 

Abedi et al. (18) used a genetic algorithm and 

heuristic clustering method to assign uncertain load 

centers to existing or candidate substations. The approach 

focuses on uncertain load centers with variability in both 

load values and locations. Genetic algorithms generate 

different load scenarios, while clustering provides 

potential sizes and locations for new substations. Fuzzy 

membership function also was used to model load 

uncertainty in distribution transformer allocation (17). 

 

1. 2. Proposed Method       This paper addresses the 

challenges of substation siting and sizing under high 

uncertainty, considering the potential presence of electric 

vehicles and the high penetration of distributed 

renewable generation. These factors increase the 

uncertainty of electric load demand, surpassing 

traditional load forecasting errors. The random behavior 

of renewable generation and electric vehicle charging 

patterns makes it difficult to model the probability 

distribution function of loads at different load centers 

with sufficient accuracy. 

To tackle this issue, the Information-Gap Decision 

Theory (IGDT) is applied as a robust solution for 

substation siting and sizing under uncertainty. IGDT is 

particularly advantageous for decision-making in 

uncertain environments as it enables risk-based decisions 

without requiring knowledge of the probability 

distribution functions of uncertain parameters (26). 

IGDT has been successfully applied to various power 

system problems, including self-scheduling of generation 

companies (27), day-ahead achedualing of micro grids 

(28), and bidding strategy problems (29). 

The main contributions of this paper are as follows: 

▪ Incorporation of significant uncertainty in electric 

load demand, considering the potential impact of 

electric vehicles and renewable energy sources. 

▪ Application of IGDT to effectively manage and 

model uncertainties. 

▪ Development of a robust solution framework that 

accommodates load points with varying levels of 

uncertainty. 

▪ Economic analysis of the impact of prediction 

errors in uncertainty estimations on the final 

solution and overall system costs. 

In the following, after introducing the principles of 

the problem in section 2, the objective function and 

constraints are discussed in section 3. After that, section 

4 presents the IGDT-based decision-making 

methodology. Section 5 states the problem modeling 

using IGDT.  The optimization algorithm is expressed in 

section 6. Finally, the numerical studies are explained in 

Section 7, showcasing the applicability and effectiveness 

of the proposed method. 
 
 

2. SUBSTATION ALLOCATION PRINCIPLES  
 

In distribution network planning and expansion, it is 

essential to determine the optimal location, size, and 

service area of distribution substations in order to meet 

demand at the minimum cost. To achieve this, the area 

under study is divided into smaller sub-areas, and load 

prediction is performed for each sub-area for the target 

year. Each sub-area is then modeled as a load point 

located at the center of gravity of that specific area. 

During the study period, annual load values (from the 

first year to the horizon year) are calculated using the 

load growth factor. Based on the load point values and 

their locations, as well as the candidate locations of 

distribution substations, the problem is formulated to 

obtain the following decision variables: 

- The number of distribution substations   

- The optimal location of distribution substations   

- The size of distribution substations   

- The service area of distribution substations 
 

 

3. PROBLEM FORMULATION WITHOUT 
UNCERTAINTY 
 
The substation planning problem is first formulated in a 

deterministic environment with the following objective 

function and constraints.  
 

3. 1. Objective Function       As mentioned in the 

introduction, various studies have used different 

objective functions and constraints in distribution 

substation planning. These problems are often solved 

within a traditional, deterministic environment. 

Commonly, the objective functions include the 

investment cost of substations (including equipment and 

land cost) and feeders, maintenance costs, and energy 

loss costs. The problem formulation is as follows:   
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(6) 

𝐶𝑎𝑝𝑙𝑖,𝑦 = ∑ 𝛽𝑖𝑗 × 𝑆𝑗,𝑦
𝑛𝑙
𝑗=1   (7) 

The objective function is presented in Equation 1, where 

the first term represents the investment costs of the 

selected substations within the planning horizon. The 

second term accounts for the total maintenance costs of 

substations and feeders. The third term reflects the total 

cost associated with energy losses in substations, 

including both no-load losses and loading losses. The 

costs imposed by feeder losses are modeled in the fourth 

term of Equation 1. 

Considering load growth during the planning period, 

an annual load growth rate of 2% is used. Transformer 

losses, feeder losses, and substation loads are updated 

based on this growth rate. Since the load center points are 

considered hypothetical, this study uses Euclidean 

distance to calculate the distance between the load points 

and candidate substations.  

 

3. 2. Constraints         To operate the distribution 

network within its allowable component limits, several 

constraints must be imposed during system planning. The 

problem constraints are as follows: 

 

3. 2. 1. Load Supply Constraints       The primary 

purpose of a power system is to meet all electricity 

demands. In this work, each load point must be connected 

to one selected substation. 

 

3. 2. 2. Capacity Constraints       To ensure sufficient 

reserve capacity for future load growth, and to extend the 

lifetime of transformers and other components, the 

maximum load for each distribution substation should be 

limited to a predefined value. 

1

l

i

n

ij j cap n

j

S Z Cap
=

          i =1, … (8) 

3. 2. 3. Voltage Constraints         As with other planning 

problems, permissible voltage magnitudes at load points 

are considered. A fixed voltage range is applied as 

follows: 

max2

ij jD S
R V

V


                                          

(9) 

 
3. 2. 4. Radial-flow Constraints       Each load point 

should be supplied by only one substation to reflect the 

practical operation of radial distribution networks. 

 
 
4. INFORMATION GAP DECISION THEORY  
 
IGDT is a risk control method that can be used for 

decision-making in the presence of uncertainties. Unlike 

other probabilistic methods, IGDT does not require 

probability density functions for uncertain parameters. 

Instead, IGDT only uses the predicted values of uncertain 

parameters (30). This method is particularly useful when 

initial information is limited, or when changes cannot be 

predicted with certainty. 

IGDT creates a confidence interval by considering a 

prediction horizon for uncertain parameters, ensuring 

that if the uncertain parameter falls within this interval, 

the value of the objective function will not exceed the 

bounds determined by the planner (29). 

Several models within the IGDT framework can 

represent parameter uncertainty. In this study, 

uncertainty is modeled using the envelope bound model. 

Equation 10 illustrates the uncertainty modeling 

function, where 𝑢̃ is the predicted value of the uncertain 

variable 𝑢, and α is the uncertainty horizon. Both 

parameters, 𝑢 and α, are uncertain. 

 ( ) { | | }, : , 0
u

U u
u

u
u

  
−

=    (10) 

As previously mentioned, IGDT performs risk-based 

decision-making. Depending on company policies, either 

a risk-averse or risk-seeking approach can be adopted. In 

a risk-averse policy, the IGDT method seeks to maximize 

the uncertainty interval and provide a solution that 

guarantees a certain magnitude of the objective function. 

In this case, the decision maker minimizes risk by 

focusing on the most unfavorable deviations of uncertain 

parameters (such as reduced output from distributed 

generators or increased network load). By considering 

the worst-case scenario of uncertainty, the best decision 

is made. Thus, resilience against unfavorable deviations 

from the forecasted values of uncertain parameters is 

modeled using a robustness function (26). This robust 

function ensures that the objective function value never 

exceeds a predetermined critical value; thus, providing a 

safeguard against excessive risk. Equation 11 states the 

robustness function: 
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𝛼̃ =
𝑚𝑎𝑥{α: maximumCTotal which is less than a target value. }  

(11) 

 

 

5. PROBLEM MODELING USING The IGDT METHOD  
 
Distribution substations are installed at appropriate 

locations to meet customer’s demands in the distribution 

network. Today, despite the strong emphasis on installing 

distributed renewable generation sources to supply part 

of the distribution network's load, there is a possibility of 

load reduction at certain nodes. Therefore, in addition to 

the inherent uncertainty of electric load, the uncertainty 

introduced by renewable energy sources also affects 

distribution substation planning. 

Furthermore, in recent years, distribution networks 

have encountered new loads with uncertainty in location 

and magnitude. The increasing penetration of electric 

vehicles (EVs) has significantly altered the conditions 

and requirements of distribution networks. Therefore, 

special attention must be given to load uncertainty and its 

impact on the location, capacity, and service area of 

distribution substations. 

The IGDT method is applied in this study to provide 

a solution that is robust against load uncertainty. The 

objective is to determine the maximum horizon of load 

variation while ensuring that the additional cost of 

substation placement does not exceed an allowable limit. 

The base value of the objective function, denoted as 

Zbase, is first calculated in a deterministic framework 

using the forecasted values of load points. The maximum 

allowable load variations are then determined using 

Equations 12 to 17. A risk-averse policy is adopted to 

ensure that the solution remains valid despite unfavorable 

deviations in load. 

max 𝛼 

Subject to: 
(12) 

0 1   (13) 

(1 ) (1 )j j jS S S −   +  (14) 

max

{  } (1 )min total baseC Z


 + 
 

(15) 

1

l

i

n

ij j cap n

j

S Z Cap
=

    
(16) 

max2
0

ij jD S
R V

V


     (17) 

As seen in Equation 15, the objective function of the 

deterministic problem (Zbase) is incorporated as a limiting 

condition in the risk-averse strategy. Specifically, the 

highest level of load points is determined while ensuring 

that the total cost does not exceed β% more than Zbase. 

The above problem is a bi-level optimization problem 

that can be transformed into a single-level problem. Since 

the maximum risk level and the objective function value 

occur at the highest level of load uncertainty, the values 

of load points can be defined using Equation 18.  

(1 )j jS S= +   (18) 

This transformation simplifies the problem by 

considering the worst-case scenario, eliminating the 

second level, and reducing it to a single-level problem as 

formulated in Equations 19 to 23. 

max 𝛼 

Subject to: 
(19) 

0 1   (20) 

max

{  } (1 )min total baseC Z


 + 
 

(21) 

max2

((1 ) )
0

ij jD S
R V

V

 +
     (22) 

1

((1 ) )
l

i

n

ij j cap n

j

S Z Cap 
=

 +  
 

(23) 

 
 
6. OPTIMIZATION ALGORITHM  
 

Genetic algorithm is an evolutionary algorithm that has 

been used in many optimization studies (31-33). Sabattin 

et al. (31) introduced a parallel genetic algorithm to 

optimize a tree-based topology for large-scale electric 

power distribution networks. Mahmoodabadi et al. (32) 

solved AC/DC hybrid distribution system planning using 

genetic algorithm and Esmaeilzadeh et al. (33) introduced 

a new optimization algorithm based on particle swarm 

optimization,  genetic algorithm, and sliding surfaces. 

In this study, genetic algorithm has been used to solve 

the optimization problem. A two-dimensional 

chromosome structure is considered. In the base case 

study (deterministic problem), the number of columns 

corresponds to the number of candidate locations for 

distribution substations, while the number of rows 

represents the number of load points. Figure 1 illustrates 

the structure of the two-dimensional chromosome used in 

this study. Each element (gene) in the matrix can take 

values of either 0 or 1. 

If the element in the ith row and jth column is equal to 

1, it indicates that the ith load point is supplied by the jth 

substation. Given the radial structure of the system, each 

load center can only be supplied by one substation, 

ensuring that each row contains only one element with a 

value of 1. 

For the IGDT-based problem, an additional column 

has been added to the chromosome (highlighted in gray 
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in Figure 1) to represent the uncertainty horizon (α) for 

each load point. 

Using this chromosome representation, the location, 

size, and service area of distribution substations can be 

determined. Any column with at least one element equal 

to 1 indicates a selected candidate location for substation 

installation. The service area is identified by determining 

which load points are connected to the selected 

substation. The required capacity is then chosen as the 

closest standard substation capacity to accommodate the 

total connected load. The substation load is calculated as 

the sum of the loads from all connected load points. 

 

 

7. TEST SYSTEM AND SIMULATION RESULTS 

 

To evaluate the proposed model and verify its 

performance, a test system has been designed. This 

system consists of 36 load points and 14 candidate 

substation locations. The study area is assumed to be 

divided into 36 sub-areas, and load forecasting results for 

the horizon year are provided. Coordinates of the 

candidate locations for the distribution substation are 

provided in Table 1. The information regarding load 

points is available in Table 2, while the remaining 

required data can be found in Table 3. Three standard 

substation capacities of 30, 45, and 60 MVA are 

considered for all candidate locations. The construction 

costs for these substations are $2 million, $2.5 million, 

and $3 million, respectively, covering the costs of 

substation infrastructure, buildings, and other necessary 

components. 

In this study, the maintenance costs of equipment are 

assumed to be 3% of the initial investment cost. The 

 

 
Figure 1. Proposed chromosome structure 

 

 

simulations are based on a static planning approach, and 

the long-term planning period is set to 10 years.  

The accuracy of the proposed method has been 

investigated using a test system introduced by Haghifam 

and Shahabi [24]. The study of substation allocation is 

performed for the following cases: 

• Case 1: Deterministic substation allocation 

• Case 2: Probabilistic substation allocation with a 

uniform uncertainty horizon 

• Case 3: Probabilistic substation allocation with a 

variable uncertainty horizon 

 

7. 1. Deterministic Substation Allocation-Case 1       
In this case, it is assumed that there is no uncertainty in 

the load point values, and the study is conducted using 

predicted values. The loading factor of substations is set 

at 0.85. Figure 2 presents the results. The total planned 

cost is $50.7 million, and eight locations have been 

selected for substation installation. Table 4 presents the 

selected substations' locations, sizes, and estimated 

loadings for the horizon year. 

 

 

TABLE 1. Load point coordinates information 

Load 

point 

Load 

(MVA) 

Coordinates Load 

point 

Load 

(MVA) 

Coordinates Load 

point 

Load 

(MVA) 

Coordinates 

X(km) Y(km) X(km) Y(km) X(km) Y(km) 

1 10 2 2 13 10 3 13 25 10 4 24 

2 10 7 3 14 6 7 12 26 10 66 21 

3 10 12 4 15 2 13.5 12.5 27 5 14 22 

4 5 17 1 16 6 19 11 28 5 17.5 23 

5 5 21 3 17 2 22 14 29 6 22 21 

6 5 28 2 18 5 28.5 13.5 30 5 26 23 

7 10 2.5 7 19 10 2 16 31 5 2 26 

8 6 6 9 20 10 7 17 32 10 8 27 

9 6 11 8 21 1 14 17.5 33 10 12 28 

10 1 16 9 22 6 18 19 34 10 18 29 

11 5 24 6 23 5 21 16 35 5 24 26 

12 5 27 6 24 5 27 18 36 6 28 27 
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TABLE 2. Coordinates information of Candidate points 

Candidate 

point 

Coordinates Candidate 

point 

Coordinates 

X(km) Y(km) X(km) Y(km) 

1 5 6 8 28 22 

2 4 11 9 3 36 

3 11 10 10 9 20 

4 12 2 11 11 29 

5 16 5 12 21 23 

6 20 12 13 16 16 

7 25 8 14 27 19 

 

 

TABLE 3. Required parameters information (2, 34) 

Life time (Yr) 
Power Loss Cost 

($/kW) 

Energy Loss 

Cost ($/kWh) 

30 300 0.17 

Inflation Rate Interest Rate Loss Factor 

0.15 0.07 0.36 

Maximum allowed 

voltage drop (%) 

Feeder construction 

cost ($/Km) 

Resistance 

(Ω/Km) 

5 3000 0.0695 

 

 

 
Figure 2. Substation allocation results for loading factor of 

0.85 without uncertainty 
 

 
7. 2. Probabilistic Substation Allocation-Common 
Uncertainty Horizon- Case 2       In this scenario, the 

uncertainty is assumed to be the same across all load 

points. The problem is solved to determine the maximum 

uncertainty horizon (α) for three different values of the β 

coefficient: 0.2, 0.3, and 0.5. In all cases, the maximum 

allowable substation loading factor is set to 85%. 

When β=0.2, the maximum cost incurred by the 

planner to account for uncertainty is 20% higher than the 

base case value (Zbase). Numerical results indicate that a 
 

TABLE 4. Selected substation features in Case 1 

Selected 

substations 

Capacity 

(MVA) 

Loaded capacity 

(MVA) 

Loading 

percentage (%) 

1 45 36 80 

2 45 36 80 

4 30 22 73.3 

6 30 16 53.3 

7 30 25 83.3 

9 30 25 83.3 

11 30 25 83.3 

12 60 48 80 

 

 

confidence interval of 12% is formed for each load point 

value. This means that by accepting a 20% increase in 

total cost, the results remain valid for up to a 12% 

increase in load values. The selected substations and their 

service areas are shown in Figure 3. Additionally, 

substation characteristics are provided in Tables 5.  

 

 

 
Figure 3. Substation allocation results for Case 2, β=0.2 

 

 
TABLE 5. Selected substations features in Case 2, β=0.2 

Selected 

substations 

Capacity 

(MVA) 

Loaded capacity 

(MVA) 

Loading 

percentage (%) 

1 60 47.04 78.40 

2 45 33.60 74.67 

4 30 23.52 78.40 

7 45 30.24 67.20 

9 45 28.00 62.20 

11 45 33.60 74.70 

12 60 41.44 69.07 

13 30 23.52 78.40 
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In this case, 99.03% of the allowable budget covers the 

maximum possible uncertainty. When β=0.3, the 

uncertainty horizon (α) increases to 23%, utilizing 

99.99% of the allowable budget. When β=0.5, α reaches 

41%, and 98.06% of the allowable budget is used. 

Figures 4 and 5 illustrate the selected substations and 

their service areas. Tables 6 and 7 present the 

characteristics of the selected substations for the cases 

where β equals 0.3 and 0.5, respectively. Cost details of 

case2 expriments are provided in Table 8. 

 

 

 
Figure 4. Substation allocation results for Case. 2, β=0.3 

 

 

 
Figure 5. Substation allocation results for Case. 2, β=0.5 

 

 

TABLE 6. Selected substation features in Case 2, β=0.3 

Selected 

substations 

Capacity 

(MVA) 

Loaded capacity 

(MVA) 

Loading 

percentage (%) 

1 60 44.28 73.8 

2 60 44.28 73.8 

5 45 33.21 73.8 

7 30 24.60 82.0 

9 45 30.75 68.3 

11 60 43.05 71.8 

12 60 46.74 77.9 

13 30 19.68 65.6 

 

 
TABLE 7. Selected substation features in Case 2, β=0.5 

Selected 

substations 

Capacity 

(MVA) 

Loaded capacity 

(MVA) 

Loading 

percentage (%) 

1 60 44.28 84.6 

2 60 44.28 84.6 

4 45 33.21 65.8 

6 45 24.60 72.1 

7 45 30.75 78.3 

9 45 43.05 78.3 

11 60 46.74 82.3 

12 60 19.68 75.2 

 

 
TABLE 8. Planning cost details in case 2 

β 0.2 0.3 0.5 

Investment cost (M$) 20.501 21.483 22.490 

Maintenance cost (M$) 10.654 11.165 11.688 

Loss cost (M$) 29.092 33.266 40.396 

Total cost (M$) 60.247 65.914 74.575 

 
 
7. 3. Probabilistic Substation Allocation-Variable 
Uncertainty Horizon- Case 3       In this scenario, the 

substation allocation problem is solved under a risk-

averse approach. The uncertainty horizons of the load 

points vary and are determined through the optimization 

process. The aim is to determine the maximum allowable 

increase in load points, allowing the scheme's cost to be 

up to β% higher than the base case (Zbase). The study is 

conducted for β values of 0.2, 0.3, and 0.5. The maximum 

allowable substation loading factor remains at 85%. 

The characteristics of the selected substations are 

listed in Tables 9, 10, and 11, while Table 12 provides a 

detailed breakdown of the costs. The selected distribution 

substations and their service areas for case 3, β= 0.2 are 

as case 2, β= 0.5. Substation allocation results for case3, 

and β of 0.3 and 0.5 are depicted in Figures 6, and 7.  

Figure 8 illustrates the α values for different load 

points across the three cases studied in Case 3. As shown, 

the α values vary significantly, with some load points 

exhibiting a much higher allowable increase than others. 

The average α values for β= 0.2, β=0.3, and β=0.5 are 

16.42%, 27.47%, and 42.88%, respectively. The results 

indicate that uncertainty values are anticipated to rise as 

β increases. 
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TABLE 9. Selected substation features in Case 3, β=0.2 

Selected 

substations 

Capacity 

(MVA) 

Loaded capacity 

(MVA) 

Loading 

percentage (%) 

1 45 32.40 72.0 

2 60 49.74 82.9 

4 30 24.55 81.8 

6 30 18.79 62.6 

7 45 30.91 68.7 

9 45 27.80 61.8 

11 45 34.40 76.4 

12 60 50.97 84.9 

 

 
TABLE 10. Selected substation features in Case 3, β=0.3 

Selected 

substations 

Capacity 

(MVA) 

Loaded capacity 

(MVA) 

Loading 

percentage (%) 

1 60 43.60 72.6 

2 60 50.32 83.9 

4 30 21.50 71.7 

6 30 24.98 83.3 

7 30 25.20 84.0 

9 45 31.50 76.7 

11 30 24.80 82.7 

12 60 47.06 78.4 

14 30 22.90 76.3 

 

 

TABLE 11. Selected substation features in Case 3, β=0.5 

Selected 

substations 

Capacity 

(MVA) 

Loaded capacity 

(MVA) 

Loading 

percentage (%) 

1 60 46.38 77.3 

2 60 50.04 83.4 

5 30 22.60 75.3 

7 45 37.80 84.0 

9 30 23.35 77.8 

10 45 28.10 62.4 

11 60 49.25 82.1 

12 45 38.07 84.6 

13 45 35.82 79.6 

 

 

TABLE 12. Planning cost details in case 3 

β 0.2 0.3 0.5 

Investment cost (M$) 20.493 21.984 23.485 

Maintenance cost (M$) 10.650 11.425 12.205 

Loss cost (M$) 29.698 32.471 40.331 

Total cost (M$) 60.841 65.881 76.022 

 
Figure 6. Substation allocation results for Case. 3, β=0.3 

 

 

 
Figure 7. Substation allocation results for Case. 3, β=0.5 

 

 

 

Figure 8. Uncertainty horizons (α) of load points in cases 3 

 

 

To compare the proposed plans under deterministic 

and uncertain conditions, a study with β fixed at 0.5 and 

fixed α (Case 2- β=0.5) is compared with the base 

scenario (Case 1). When β is 0.5, 50% more financial 

resources are allocated to the proposed solution 

compared to the base scenario. In this case, the studies 

are conducted to cover the maximum uncertainty arising 

from load. However, if uncertainty does not materialize, 

in addition to the significant cost imposed on the system, 

many substations will operate at a low loading level. 
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Table 13 provides some suitable results in these cases. By 

considering perfect capacities for the selected substations 

of Case 2- β =0.5, 18 M$ would be saved. If the system 

encounters uncertainty, 76.65% of the substation 

capacity will be loaded in the design horizon year. But if 

uncertainty does not occur, the average transformer load 

will be 55% of their capacity, which indicates an 

unrealistic design. Therefore, before using this method to 

cover uncertainty, all influencing conditions such as 

social, economic, and political conditions must be 

considered. 
 

 

TABLE 13. Comparing final solutions of case 2-β=0.5 with and 

without uncertainty 

Selected 

substations 

* Selected 

Capacity 

(MVA) 

* Loading 

percentage 

(%) 

** Loading 

percentage 

(%) 

** Perfect 

Capacity 

(MVA) 

1 60 84.6 60 45 

2 60 84.6 60 45 

4 45 65.8 46.7 30 

6 45 72.1 51.1 30 

7 45 78.3 55.55 30 

9 45 78.3 55.55 30 

11 60 82.3 58.33 45 

12 60 75.2 53.31 45 

*: Case 2- β=0.5 

**: Not materializing of uncertainties 

***: Perfect capacity proportional to substation loading in case of not 
materializing of uncertainties 

 

 

8. CONCLUSION 
 

Results indicate that an average load increment of 

approximately 42.88% can be accommodated with a 

corresponding 50% increase in permissible cost. In such 

scenarios, if potential load uncertainty does not 

materialize, the average substation load would be 

approximately 55% of their nominal capacities. 

The findings reveal a clear correlation between 

increased permissible total cost and enhanced robustness 

against load uncertainty. Case 1 do not tolerate 

uncertainty by spending 50.7 M$ while case 3, β=0.5 can 

accommodate 42.88% uncertainty in average by 

spending M$ 76.022 for the provided solution.  

The robustness is achieved through adjustments to 

substation’s quantity, service area, and capacity, 

necessitating additional capital investment. Notably, in 

nearly all scenarios, the optimal selected substations 

capacities or service areas differ, demonstrating the 

increment substation deployment in vase of increasing 

budgetary allocation. The installed substation capacity 

reaches to 420 MVA in case 3, β=0.5 from 300 MVA in 

Case 1 without uncertainty. Also selected substation 

locations and service areas are considerably different. 

When the uncertainty horizons fluctuated during the 

optimization process in Case 3, the final uncertainty 

values at load points exhibited significant variability. 

Specifically, the maximum α value was approximately 

seven times greater than the minimum α value, 

highlighting the non-linear relationship between β and α. 

Minimum and maximum load uncertainty horizons in 

case 3, β=0.5 are 36 and 60% while minimum and 

maximum load uncertainty horizons in case 3, β=0.5 are 

5 and 37%. 

The primary limitation of employing a fixed 

uncertainty horizon lies in its inflexibility. This constraint 

is effectively mitigated by adopting a variable 

uncertainty horizon, thereby enhancing the method's 

applicability to real-world scenarios. Conversely, the 

constant uncertainty horizon offers the benefit of a 

simplified design process, resulting in reduced 

computational time. 

However, the risk-averse IGDT approach, while 

robust, suffers from a significant drawback: its 

conservative nature. By prioritizing the worst-case 

scenario, this methodology risks substantial financial 

losses if the actual uncertainty deviates from the assumed 

direction or if no uncertainty materializes. Therefore, a 

careful balance between robustness and cost-

effectiveness must be considered when implementing 

this approach. In such scenarios, if potential load 

uncertainty does not materialize, the average substation 

load would be approximately 55% of their nominal 

capacities. 

Possible directions for future research include: 

modeling uncertainties in additional parameters, such as 

the geographical coordinates of load points; performing 

simultaneous optimization of substation placement and 

medium-voltage feeder routing; and extending the 

problem formulation to incorporate considerations of a 

power market environment. 
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Persian Abstract 

 چکیده 
رو به افزایش تولیدات    حضورکند.  های توزیع، با در نظر گرفتن عدم قطعیت بار، ارائه میپست  دهیناحیه سرویسسازی مکان، اندازه و  این مقاله یک روش نوین برای بهینه 

رود. برای مرسوم فراتر می   بار  بینیتوزیع وارد کرده است که از خطاهای پیششبکه  های قابل توجهی را به بارهای  پراکنده تجدیدپذیر و خودروهای الکتریکی، عدم قطعیت

سازی ریسک را ممکن ساخته و عملکرد ایمن را در سناریوهای عدم قطعیت شدید تضمین  شود که مدلسازی مقاوم به کار گرفته می کاهش این چالش، یک چارچوب بهینه 

مقاومت در برابر  زایش  گریز برای افشود، یک استراتژی ریسکسازی موثر عدم قطعیت بار به کار گرفته می برای مدل (IGDT) گیری شکاف اطلاعات کند. نظریه تصمیممی

های مرتبط با تلفات،  و هزینه های توزیع  پست نگهداری    و  گذاریسرمایههای  هزینه ریزی سیستم توزیع، شامل  . هدف، حداقل کردن هزینه کل برنامه شودقطعیت اتخاذ می عدم

گریز برای  ریسک  IGDT شود. سپس، یک رویکردتوزیع با استفاده از مقادیر میانگین بار حل می   هایپست جایابی  های فنی است. در ابتدا، مسئله  ضمن رعایت محدودیت

دهد که با افزایش  شود. نتایج نشان می نشان داده می  ونشود. اثربخشی روش پیشنهادی با استفاده از یک سیستم آزمهای مقاوم در برابر عدم قطعیت بار اعمال میشناسایی راه حل 

درصد را مدیریت کرد. در چنین سناریوهایی، اگر عدم قطعیت بار احتمالی محقق نشود، میانگین بار   88/42توان به طور متوسط افزایش بار حدود درصدی هزینه مجاز، می 50

  .یت اسمی آنها خواهد بوددرصد از ظرف 55پست حدود 

 

 


