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Abstract: The rapid rise in the grid integration of low-carbon technologies, e.g., renewable energy sources (RESs) and plug-in 
electric vehicles (PEVs), have led to several challenges in distribution networks (DNs). This is due to the intermittent 
generation of RESs and uncertain loads of PEVs, both of which necessitate enhancing the flexibility requirements at the 
distribution level so as to accommodate the high penetration of these clean technologies in the future. To address such issues, 
this paper proposes a mixed-integer linear programming (MILP) expansion planning model for DNs considering the impact of 
high RES and PEV penetration, the associated uncertainties, and providing flexibility requirements at the distribution level. 
In this respect, the Spherical Simplex Unscented Transformation (SSUT), an analytical uncertainty modelling method, is 
implemented in the planning model to take into account the forecasting errors of the uncertain green technologies. Also, in 
order to estimate the electric vehicle parking lot demand at each load node of the network, a new approach for PEV charging 
model is suggested. To investigate the effectiveness and efficiency of the proposed probabilistic planning model, it is 
implemented on two test DNs, and the obtained results are thoroughly discussed.   

Nomenclature 

Indices: 
 a Index for feeder sections. 
 b Index for time blocks of a day. 
 d Index for representative days of a year. 
 e Index for substation expansion alternatives. 
 h Index for hours of a day. 
 i Index for sigma points. 
 j Index for conductor types of feeder sections. 
 l, n, se, ss Indices for nodes. 
 kg Index for the types of dispatchable DG unit. 
 ng Index for the number of candidate DG units. 
 p Index for PEVs. 
 t, τ Indices for planning stages. 

 Sets: 
ΩAF, ΩFF, ΩRF   Sets of addable, fixed, and reinforceable feeder 

sections, respectively. 
ΩB Set of time blocks of a day. 
ΩD  Set of representative days of a year. 
ΩE  Set of substation expansion alternatives. 
ΩEV Set of PEVs at an EVPL. 
ΩF Set of all feeder sections (ΩAF ∪ ΩFF ∪ ΩRF). 
ΩG  Set of candidate nodes for installation of 

dispatchable DG units (ΩG ⊂ ΩL). 
ΩEVPL Set of the nodes to which EVPLs are connected. 
ΩH Set of hours of a day. 
ΩJ  Set of conductor types of feeder sections. 
ΩKG Set of dispatchable DG unit types. 
ΩL  Set of load nodes (ΩL ⊂ ΩN). 
ΩN Set of DN nodes. 

Ωl
NG Index set for the number of dispatchable DG 

units of identical type that can be connected to 

node l.  
ΩPV  Set of the nodes to which PVs are connected. 
ΩS Set of substation nodes (ΩS ⊂ ΩN). 
ΩSE  Set of candidate nodes for substation 

construction (ΩSE⊂ ΩS). 
ΩT  Set of planning stages. 
ΩWT Set of the nodes to which WTs are connected. 

Parameters: 
 α Positive coefficient for calculating the revenue 

from generated energy of DG units. 
 β

l,d,b Load shedding penalty coefficient. 

δn,t
G  Fictitious demand of DG nodes. 

ηCH,ηDCH Charging and discharging efficiencies of PEV 

batteries. 
γ Positive coefficient for determining the 

maximum allowable reverse power flow in 

substation transformers. 
χ

i
k The ith sigma point of the k-dimensional 

spherical simplex sigma point matrix. 
BCp Battery capacity of PEV p. 
cn,a Incidence matrix element for node n and feeder 

section a. 
D Duration of each planning stage in years. 

d(.)
C

, d(.)
PL

 Conventional load and EVPL demands. 

f
max,j

 F  Ampacity of conductor type j. 

FCkg,b
 G , MCkg

 G Fuel price and maintenance cost for a 

conventional dispatchable DG unit of type kg. 

Gkg
 G Generation capacity of dispatchable DG units of 

type kg. 

G(.)
 WT, G(.)

 PV WT and PV generation. 
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hp
arv

,hp
dep

  Time when PEV p plugs into/out of the grid. 

Ia,j
AF, Ia,j

RF, Ikg
 G, 

Iss,e
 S  

Investment cost of addable feeder sections, 

reinforceable feeder sections, dispatchable DG 

units, and substations, respectively.  
M Sufficiently large number. 
NX Number of uncertain parameters (RVs). 
nPL, nPV, nWT Number of random variables (RVs) associated 

with EVPLs, PVs, and WTs. 
NGl
̅̅ ̅̅ ̅

 
Maximum number of dispatchable DG units, 

which can be connected to node l. 

Oa,j
 F

 
Operating cost of conductor type j for feeder 

section a. 

 p
p
CH, p

p
DCH Maximum charging or discharging power of 

PEV batteries. 
 r Annual interest rate. 
RCd,b Ramping cost of DN net-load. 
RP(.) Electricity retail price. 
sini,ss Initial capacity of existing substations. 
SCss,e Added capacity to expansioned or constructed 

substations.  
soc, soc Limits on the SoC of PEV batteries. 
socp,ini, socp,exp Initial and desired SoC of PEV batteries. 
v, v Lower and upper bounds for nodal voltage 

magnitude. 
Wi Weight associated with sample point i of RV 

vector. 
X Input RV vector. 
Xi Sample point i of the RV vector. 
WP Wear price of PEV batteries. 
Za,j Impedance of conductors. 
Z Output vector of UT. 
Zi Transformed sigma point i. 

Binary Variables: 
φ

p,h
CH,φ

p,h
DCH Binary indicators for PEV batteries’ charge and 

discharge states, respectively. 
anl,t Binary variable indicating if load node l is in-

service in stage t. 

xa,j,t
 RF , xa,j,t

 AF

 
Investment variable for reinforcing/installing 

reinforceable/addable feeder sections. 

xl,kg,ng,t
 G

 
Investment variable for installation of 

dispatchable DG units. 
xss,e,t

 S  Investment variable for construction or 

expansion of substations. 
 y

a,j,t
 F ,  y

l,kg,ng,t
 G

 
Utilisation variable for feeder sections and 

installed dispatchable DG units. 

Continuous Variables: 

δa,t
F

 Fictitious current flow of feeder sections. 

δn,t
S

 Fictitious current supplied by substations. 

Ct
I, Ct

O Investment and operating costs in stage t. 
cdl,t,d,b,i Curtailed demand in node l. 

cur(.)
 WT,cur(.)

 PV

 
Curtailed wind and solar generation power. 

 f
a,t,d,b,i

 F
 Current flow of feeder sections. 

FLCt Flexibility-oriented cost in stage t. 
g

l,kg,t,d,b,i
 G

 
Generation of dispatchable DG units. 

lct,d,b,i Ramp rates of the DN net-load. 

lct,d,b,i
 abs  Absolute value of the DN net-load ramp. 

lct,d,b,i
 pos

, lct,d,b,i
 neg

 Positive and negative parts of net-load ramps. 

 p
p,h
CH, p

p,h
DCH Charging and discharging power of PEVs. 

 pr Profit of the EVPL owner. 
sss,t,d,b,i

 
Injected power of the substation ss. 

socp,h SoC of PEV batteries. 
TC Present value of the total cost. 
vn,t,d,b,i Voltage magnitude of the DN nodes. 

1. Introduction 

1.1. Motivation 
 

Environmental pollution and energy supply security 

are among serious issues in various countries all around the 

world [1, 2]. In this regard, during the past decade, many 

efforts have been made by governments to fasten the 

transition from fossil fuel electricity generation to low-carbon 

and renewable distributed generation (DG). Motivating 

policies and financial incentives are among the tools which 

have been employed by the governments to increase the share 

of low-carbon technologies, e.g., plug-in electric vehicles 

(PEVs) and renewable energy sources (RESs)  [2, 3]. 

Moreover, the cost of investing in these green technologies, 

e.g., PEV battery and solar photovoltaic (PV) cells costs, has 

been decreased significantly in recent years [4, 5]. As a result, 

the number of PEVs and, therefore, their demand have 

increased significantly [6, 7]. Additionally, the global market 

share for PEVs is predicted to exceed forty percent by 2030 

[6]. Thus, the penetration level of PEVs will undoubtedly 

continue to increase rapidly in the coming years. Similarly, 

the share of RESs has been also increasing, owing to their 

environmental benefits and decreasing investment costs [8]. 

Although the integration of clean technologies has 

brought about many advantages, it has led to various 

challenges in power grids, especially at the distribution level 

[9, 10]. High PEV demand during on-peak hours in the 

distribution networks (DNs) together with the intermittent 

and uncertain generation of RESs have made the balance of 

demand and supply harder to achieve [11]. To be more 

specific, the high PEV demand during on-peak hours 

alongside the high generation of RESs during off-peak hours 

in a DN can lead to steep ramps in the DN net-load. Due to 

the limited ramping capability of conventional generation 

units and transmission systems [12], such steep ramps in the 

DN net-load may result in significant RES generation 

curtailment, difficulty in balancing demand and supply, area 

balance violation, negative market prices, and price volatility 

[13, 14]. Hence, with the large-scale penetration of PEVs and 

RESs, DNs should become more flexible, i.e., have the ability 

to adapt to dynamic conditions and to provide affordable 

electricity while operating safely, reliably, and sustainably 

[15]. 

In this regard, enhancing the flexibility level (i.e., 

investing in flexibility sources) is vital at the distribution 

level. Hence, as it could take several years to provide new 

flexibility sources, providing the flexibility requirements at 

the distribution level, with the goal of being capable of 

hosting high penetration of PEVs and RESs, should be 

considered in the expansion planning of future DNs [14, 16]. 

 

1.2. Literature Review 
 

Recently, several studies have been conducted on the 

distribution network expansion planning (DNEP) while 

considering the integration of PEVs and, in some cases, RESs 
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so as to mitigate adverse effects of these low-carbon 

technologies on the DNs. In [17], with the aim of minimising 

planning costs and maximising annual traffic flow captured 

by fast-charging stations, a single-stage planning model is 

developed for integrated power DNs and PEV charging 

systems. The authors, in [18], have proposed a scenario-based 

expansion planning approach for DNs to cope with future 

uncertainties of conventional demand and PEVs charging 

load. In [19], a multistage DNEP model is presented, where 

installing renewable DG units, energy storage systems 

(ESSs), and electric vehicle charging stations (EVCSs) 

together with investing in DN assets are jointly considered as 

available expansion options. An interdisciplinary study in a 

coupled traffic-electric network has been conducted in [20] 

where a mixed-integer linear programming (MILP) planning 

model is proposed in order to determine the optimal 

expansion strategies for both traffic network and DNs. In 

[21], a bi-level DNEP model is proposed, which models the 

behaviour of electric vehicle parking lot (EVPL) owners in 

the lower level and DNO’s in the upper level, and the power 

injection capability of PEVs parked in EVPLs is leveraged to 

supply loads under faulty conditions.  

Nevertheless, neither of them has considered the need 

of modern DNs for more flexibility requirements at the 

distribution level. To be more specific, in order to make the 

networks flexible enough for hosting high wind turbine (WT) 

and PV penetration, investing in the local flexibility sources 

should be considered in modern DNEP studies. In this 

respect, obtaining the optimal siting and sizing for EVCSs in 

the DNEP problem cannot be exploited to incorporate high 

PEV and RES penetration for many reasons. First of all, the 

location and size of EVCSs are determined based on the long-

term predicted traffic flow, while the traffic flow, itself, is 

uncertain, nonlinear, and complex [22]. Thus, a more reliable 

approach should be employed to deal with the intermittent 

RES generation. Secondly, many research studies, such as 

[17, 19, 23], assumed that investing in EVCSs is carried out 

by distribution companies (DISCOs), thus, determined the 

location of EVCSs as an outcome of the DNEP studies. 

However, EVCSs are not usually owned by DISCOs, and 

their locations are often chosen by their owners. As a result, 

determining the siting and sizing of EVCSs simultaneously 

with minimising the network’s cost will bring an over-

optimistic solution for the expansion planning problem of DN 

with high integration of PEVs and RESs. In other words, there 

are many uncertain factors in the modern DNEP studies, e.g., 

the future penetration level of PEVs and RESs, future traffic 

flow, and locations of EVCS and EVPLs in the network, all 

of which can adversely affect the DN if sufficient flexibility 

is not provided. Therefore, enhancing the flexibility at the 

distribution level is vital to accommodate the high penetration 

of PEVs and RESs, which has not been considered in any of 

the studies mentioned before.  

Owing to the massive changes which have been 

undergoing in DNs during recent years, the number of 

uncertainty sources has also risen, and using a traditional 

deterministic approach for the DNEP problem would not be 

viable [24, 25]. Intermittent and variable generation of RESs 

and dependability of the PEV demand profile on the uncertain 

traffic flow have necessitated utilising a probabilistic 

approach for DNEP models. The uncertainty modelling 

techniques used in probabilistic DNEP problems can be 

divided into two different categories: analytical and 

numerical [24]. The most popular numerical method, the 

Monte Carlo simulation (MCS), has been leveraged to model 

the uncertainties associated with RES generation, PEV loads, 

and electricity tariff in many power system problems [26-28]. 

Although the MCS is a time-consuming uncertainty 

modelling technique, utilising this method in many power 

system operation problems is still an efficient method to 

model uncertainties. However, due to the high number of 

decision variables, implementing the MCS method may 

decrease intractability of the problem since it requires a huge 

computational effort for convergence. Therefore, only by 

utilising heuristic methods, as in [28], a solution can be found 

for the DNEP problem in a reasonable amount of time, yet the 

resulted solution is not guaranteed to be globally optimal.  

To overcome such issues, a new analytical method, the 

Unscented Transformation (UT) can be utilised to efficiently 

model the correlated uncertainties in the DNEP problems 

[29]. Since its development by Jeffrey Uhlmann in 1994 [30], 

it has been widely used in power system studies owing to its 

various superiorities, e.g., facility of implementation, time-

efficiency, and high level of accuracy [31]. In this respect, 

several research works have exploited the unscented Kalman 

filter method, which is based on the UT [32, 33]. The UT 

method has also been leveraged in many power system load 

flow studies to model uncertainties associated with load and 

WT generation [34-36]. Employing the UT method in these 

studies have provided the researchers with relatively accurate 

solutions in reasonable computation time. However, due to 

the high number of integer decision variables, employing the 

UT method in the mathematical programming-based DNEP 

models is not as efficient as it is in other power system 

problems.  

 

1.3. Paper Contributions and Organisation 
 

In this paper, a probabilistic flexibility-oriented DNEP 

model is proposed, where the DN planner aims to minimise 

the investment and operating costs of the network. With the 

goal of meeting the growing demand as well as 

accommodating the high penetration of RESs and PEVs, 

investing in passive DN assets, e.g., feeder sections and 

substation transformers, together with installing the 

flexibility sources at the distribution level, e.g., dispatchable 

DG units, are considered in the proposed model. In order to 

deal with the correlated uncertainties of forecasted RES 

generation and PEV demand, a more efficient type of the UT 

method, the Spherical Simplex Unscented Transformation 

(SSUT), has been leveraged, which has all the salient features 

of UT method whereas its computation time is significantly 

less than that of the UT [37]. To guarantee achieving the 

global optimal solution, the proposed DNEP problem is 

formulated in a mixed-integer linear programming (MILP) 

form. Moreover, with the goal of considering the impact of 

EVPLs on the DN net-load, several EVPLs are considered 

connected to various commercial and industrial load nodes. 

Aiming at calculating the projected demand profile of 

each EVPL during a day, a PEV charging model for EVPLs 

is developed in this paper. The EVPL demand and its impact 

on DN have been taken into consideration in a number of 
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research studies conducted in the field of MILP DNEP. 

However, their effects on the DN have been mostly 

oversimplified. For example, the authors in [19] have 

calculated the total PEV demand of all load nodes in the DN 

before conducting the planning. Afterwards, they considered 

the total PEV demand as the input in the DNEP model and 

planned the expansion of DN while determining the location 

of EVCSs; however, it is vivid that the PEV demand at each 

node may not be determined as a result of the planning study. 

The significant loading impact of PEVs on certain feeders 

will be masked if an overall load profile is adopted. In other 

words, the PEV demand at each node is an outcome of the 

traffic flow model and, in some cases, the constructed EVPLs 

and EVCSs. By conducting the DNEP model to meet only the 

total PEV demand of the network, the impact of this load on 

feeder sections will not be taken into account, which, in turn, 

can bring about over-optimistic planning solutions.  

To address such issues, in this paper, the demand 

profile of each EVPL is determined at each of the load nodes 

separately. Moreover, in the proposed PEV charging model, 

in addition to the revenues from electricity sales to PEV 

owners and parking fees, the EVPL owner can leverage the 

storage capability of PEVs to increase their income, while 

meeting the PEV owners’ need. In the literature, the vehicle-

to-grid (V2G) capability of PEVs have attracted much 

attention during recent years, and many research studies have 

been conducted for the sake of exploiting the storage 

capability of PEVs to benefit the DNs and PEV owners. 

Utilising the V2G capability of PEVs leads to extra cycling 

of the batteries, and, therefore, shortens the life duration of 

them [38]. Hence, as the battery cost constitute a significant 

portion of PEV price, the degradation cost caused by the 

utilisation of V2G capability should be considered in the 

charging costs. Nonetheless, as the degradation cost was 

disregarded in the before-mentioned DNEP studies, their load 

was not modelled sufficiently accurate. To overcome this 

deficiency and determine the predicted load profile of EVPLs 

more precisely, the degradation cost of PEV batteries is 

considered in the proposed PEV charging model, through 

which a more realistic EVPL load profile at load nodes can 

be estimated. 

The main contributions of this paper are as follows: 

• DN planners are provided with a novel DNEP 

model for the networks with a high penetration of 

PEV and RES, in which the network flexibility 

enhancement and uncertainties associated with 

RESs and PEVs are considered. 

• The correlated uncertainties related to the 

forecasted values of RES generation and EVPL 

load are efficiently modelled through utilising the 

SSUT method, and a probabilistic MILP DNEP 

model is developed, which can be readily solved by 

commercially available software. 

• Investing in dispatchable DG units is taken into 

account as local flexibility sources in the proposed 

DNEP model simultaneously with considering the 

correlated uncertainties of RESs and PEVs. 

• With the goal of accounting for the impact of 

EVPLs on the DN, a new PEV charging model for 

EVPLs is developed where the V2G feature of 

PEVs and the degradation cost of PEV batteries are 

considered. 

In summary, Table 1 demonstrates the main 

differences between the model proposed and other state-of-

the-art DNEP models which consider PEV integration.  

The remainder of the paper is as follows. In Section 2, 

the general structure of the proposed model is overviewed. 

Section 3 describes the SSUT method. The proposed 

probabilistic DNEP model is formulated in Section 4. In 

Section 5, the PEV charging model for EVPLs is represented. 

In Section 6, the case studies and simulation results are 

reported. Finally, the numerical results and achievements are 

discussed in Section 7, and Section 8 concludes the paper.  

2. Problem Overview 

As mentioned before, a probabilistic flexibility-

oriented DNEP model is developed in this paper, which 

considers the impact of high PEV and RES integration into 

the DN. To take into account the EVPLs, we consider that a 

specified number of EVPLs are located at various industrial 

or commercial load nodes. Also, it is assumed that when a 

PEV arrives at an EVPL, the EV owner submits the 

information about the initial and desired state-of-charge 

(SoC), battery capacity, and departure time. Thus, at the first 

step, the demand of each EVPL is estimated based on the 

statistical data of arrival and departure times of EVs, their 

initial and desired SoC, and their battery capacities. Using the 

Statistical EV Data Uncertain Parameters

Generating a set of sample points 

to model uncertainties by using 

the SSUT method in Section 3

Modelling the load of each EVPL 

by utilizing the approach 

represented in Section 5

EVPL demand at each node Generated sample points

Solving the MILP DNEP model 

developed in Section 4

Other Input 

Data

Global Optimal Solution for the 

flexibility-oriented planning problem
 

Fig. 1.  The flowchart of the model general structure 

Table 1 Comparison of the proposed model with state-of-the-art DNEP models considering PEV integration 

Feature [16] [17] [18] [19] [20] Proposed approach 

Mathematical programming-based model       

Binary network investment variable       

RES integration       

PEV battery degradation       

Correlated uncertainties       

Flexibility provision       
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model represented in Section 5, we obtain the estimated load 

of each EVPL in the network.  

Moreover, to account for the uncertainties related to 

forecasted RES generation and PEV demand, the SSUT 

method, described in Section 3, is utilised to determine a set 

of sample points for the uncertain parameters. Afterwards, the 

calculated sample points as well as the estimated EVPL 

demand and other data, e.g., forecasted RES and conventional 

load values, are fed into the MILP DNEP model developed in 

Section 4. The flowchart depicted in Fig. 1 demonstrates the 

general structure of the proposed model.  

3. The SSUT Method 

Originally, the UT method has been developed to be 

utilised in nonlinear problems to avoid the issues related to 

the linearisation of nonlinear terms [29]. This method has 

been used in many different problems where correlated 

uncertainty sources have been taken into account [32-36]. 

The basic idea of the UT method is that it is easier to 

approximate a probability distribution than it is to 

approximate an arbitrary nonlinear function or 

transformation [29]. The UT method works by selecting a set 

of sample points, referred to as sigma points, which have the 

same known statistics as the given estimate [37]. 

Different approaches for forming the sigma points 

have been proposed in [29]. Due to its ease of 

implementation, the most widely-used approach is the 

symmetric UT [32-36], which utilises a symmetric set of 

2NX+1 sigma points to model uncertainties in a problem with 

NX uncertain elements (random variables). On the other hand, 

in the SSUT method, NX+2 points are selected to form the 

sigma point set. This set comprises NX+1 sigma points located 

on a hypersphere in an NX-dimensional space with the same 

distance and a centre point, which is the zeroth point of the 

sigma point set [37].  

As the computational burden for solving an 

optimisation model in which the UT is incorporated is 

proportional to the number of sigma points, the computational 

cost of using the SSUT is nearly half of the symmetric UT 

[29]. Thus, there is a strong motivation in using the set of 

spherical simplex sigma points rather than the symmetric one. 

On the other hand, if a symmetric sigma point set is utilised, 

the high-order moments of the random variables (RVs) can 

be approximated more precisely [29]. However, since our 

goal is to utilise the UT method for modelling uncertainties 

in the DNEP problem, the first moment (mean) of the output 

(the network operating cost in this problem) is the only 

moment that is of importance. Therefore, the set of spherical 

simplex sigma points can accurately represent the necessary 

statistical information of the RVs so that the expected 

network operating cost is calculated sufficiently precise.  

To understand how the SSUT method is utilised in a 

probabilistic problem, consider the problem with the form 

depicted in (1). Assume X is an NX-dimensional vector of RVs 

with the mean of X̅ and the covariance of ΣX, and Z, the output 

vector, is related to the vector of RVs through Γ, a set of 

arbitrary linear/nonlinear functions.  

( )= Z X   (1) 

The mean and covariance of the output vector (Z̅ and 

ΣZ) is approximated through using NX+2 sample points of the 

RVs, according to the following steps: 

Step 1) Choose a weight for the zeroth point: 00 W 1   

Step 2) Obtain the weight sequence: 

01 W
W ; 1 , ... , 1

 1
i i N

N

−
=  = +

+
X

X

  (2) 

Step 3) Initialise the one-dimensional vector sequence: 

1 1 1

0 1 2

1 1

1 1
[0],  [ ],  [ ]

2W 2W
  = = − =  (3) 

Step 4) Expand the vector sequence (χ
i
k) for k=2,…, NX: 

1

0

1

1

1

1

; 0
0

; {1,..., }1

( 1)W

1 ; 1

( 1)W

k

k

i

k

i

k

i

i k

k k

i k

k k







−

−

−

 
 = 

 

 
    −=  + 

 
   = + 
 + 

0

  (4) 

where χ
i
k is the ith sigma point of the k-dimensional spherical 

simplex sigma point matrix, and  0k-1 is a vector of zeros with 

a dimension of k-1. 

Step 5) Calculate the ith sigma point, Xi, considering that the 

RV vector has a mean X̅ and a covariance matrix ΣX: 

 ; 0,  1,  ... ,  1= +   +N

i i i NX

X XX X Σ  (5) 

where χ
i

NX is the ith column of the NX-dimensional spherical 

simplex sigma point matrix, which is previously calculated, 

and √ΣX is the square root of the covariance matrix, which 

can be calculated using numerically efficient and stable 

methods such as the Cholesky decomposition [29].  

Step 6) Feed each sigma point into the set of functions, Γ, to 

calculate corresponding output sigma points, Zi: 

( )  ; 0, ... , 1i i i N=    +XZ X   (6) 

Step 7) Calculate the approximated mean and covariance of 

the output vector, Z, using the mean and covariance of 

transformed sigma points: 
1

0
 W

N

i ii

+

=


X

Z Z   (7) 

( )( )
1

0
 W

TN

i i ii

+

=
 − −

X

ZΣ Z Z Z Z  (8) 

 
Fig. 2.  The flowchart of the SSUT method 

Determining the weight of sigma points 

(steps 1 and 2)

Obtaining the input sigma 

points (step 5)
Mean of RVs

The set of linear/

nonlinear functions

Calculating the k-dimensional spherical 

simplex sigma point matrix (steps 3 and 4)

Coveriance 

matrix of RVs

Output sigma points (step 6)

Estimating the mean and 

covariance of output vector (step 7)
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The flowchart depicted in Fig. 2 represents the general 

structure of the SSUT method. As can be inferred from the 

above-mentioned technique, the main difference of the UT 

method with other similar uncertainty modelling approaches, 

e.g., MCS, is that the sample points are not chosen randomly. 

In other words, in the UT method, the sample points of the 

RV vector are selected in a way that the mean and covariance 

of the sample point set are exactly equal to those of the 

original RV vector, X. Therefore, as the number of sample 

points is much less when using this method, the 

computational burden of considering uncertainties can 

significantly be lessened without sacrificing the necessary 

statistical information of the RVs. For more details regarding 

the UT and SSUT methods, interested readers are referred to 

[29] and [37]. 

In the following section, the uncertainty sources in the 

DNEP problem are specified, and the approach for modelling 

them in the problem is explained. 

4. Probabilistic DNEP Model 

4.1. Uncertainty Modelling 
 

The intermittent RES generation together with load 

variability lead to operational uncertainties in the DNEP 

models [24], and the forecasted profiles of load demand and 

RES generation considered in the models certainly have 

estimation errors. As a result, in order to guarantee to find a 

sufficiently accurate optimal solution for a DNEP problem, it 

is essential to account for such forecasting errors. 

In practice, since RES generation relies on 

unpredictable and variable natural sources, it is much more 

uncertain compared to the conventional demand. Moreover, 

the standard deviation (STD) of error for conventional 

demand forecast is almost negligible compared to that of RES 

generation and PEV load [39, 40]. Thus, as done in [41, 42], 

the uncertainty of conventional demand is not considered in 

this study, and only forecasting errors of RES generation and 

EVPL load are taken into account. 

In this framework, to deal with the uncertainties 

associated with forecasted values of EVPL demand and RES 

generation, the SSUT method is utilised. Consequently, the 

probabilistic DNEP model proposed in this paper considers 

forecasted values of both EVPL demand and RES generation 

as RVs with the mean being equal to their predicted values 

and the STD being equal to their prediction errors.  

As mentioned before, the uncertainty elements 

considered in the proposed model are the forecasting errors 

of EVPL load, PV generation, and WT generation. Thus, the 

input RV vector, X, consists of three different sub-vectors 

related to: i) EVPL demand, ii) PV generation, and iii) WT 

generation, which can be expressed as: 

, ,
PL PV WT =

  
X d G G   (9) 

Considering the above-mentioned procedure, to obtain 

the input data associated with the forecasted values of RES 

generation and EVPL demand for the probabilistic DNEP 

model, a set of sigma points for the input RV vector should 

be produced using (5). Similar to the input vector, each sigma 

point can be split into three sub-points, as represented in (10). 

( ) ( ) ( )( )  (.), (.), (.),, , ; 0,..., 1
PL PV WT

PL PV WT

i i i in n n
d G G i N=   +XX  (10) 

In a symbolic definition, (A(.),i)n
 is an n-dimensional 

sub-point of Xi. It is evident that the summation of nPL, nPV, 

and nWT equals NX, which is the total number of RVs 

considered in the model.  

Finally, the calculated spherical simplex sigma points 

are utilised in the proposed DNEP model to model the 

uncertainties. In the following, the formulation of the 

probabilistic DNEP model is presented. 

 

4.2. DNEP Model Formulation 
 

Given the mentioned uncertainty modelling approach, 

the probabilistic DNEP model is developed in this section. 

The proposed model is multistage; i.e., the planning horizon 

consists of several stages. Also, to decrease the computational 

burden without sacrificing the required solution accuracy for 

planning purposes, a set of representative days for each stage 

is considered in the proposed model [43]. Moreover, with the 

goal of capturing the effect of variable RES generation and 

EVPL demand on the net-load of the network, each 

representative day is divided into several time blocks. This is 

contrary to many previous DNEP models where power flow 

equations are solved only in a few time blocks in each stage 

and lack the capability to adequately capture the adverse 

effects of the low-carbon technologies on the DN [19, 25, 43]. 

Each time block consists of a few hours, during which net-

load variation is minimal. This approach makes calculating 

the net-load ramp rates during each day possible.  

The proposed multistage DNEP model is formulated 

in an MILP form in which: i) a principal aspect of the 

flexibility at the distribution level, i.e., ramp rates of the DN 

net-load, is incorporated, ii) conventional DG units are 

considered investable flexibility sources, iii) RES generation 

curtailment and load shedding are taken into account as 

available flexibility sources for the DNO, and iv) several 

investment alternatives are considered for each DN asset. 

The main goal of the proposed probabilistic DNEP 

model is to minimise the total expected costs of DN over the 

planning horizon, while considering the flexibility 

requirements for high integration of RESs and PEVs. 

Moreover, based on the SSUT method described before, the 

uncertainties associated with RES generation and EVPL 

demand are modelled through considering a set of spherical 

simplex sigma points for the uncertain parameters. The 

formulation of the probabilistic DNEP model is as follows: 

4.2.1 Objective function: The objective function (11) 

minimises the present value of the total expected cost of the 

DN during the planning horizon. The DN costs consist of 

investment and operating costs for all the planning stages. 

Equations (12) and (13) represent the investment and 

operating costs of the DN for each stage, respectively. The 

DN investment cost includes installation and reinforcement 

costs of feeder sections and substations as well as the 

installation cost of the dispatchable DG units. The DN 

operating cost is comprised of maintenance and fuel cost of 

the conventional dispatchable DG units, operating cost of 

feeder sections, load shedding penalty, penalty cost of RES 

generation curtailment, and the flexibility-oriented cost, 

∑ ∑ RCd,blct,d,b,i
abs

b∈Ω
B

d∈Ω
D .  

It is worth mentioning that the DNO may curtail the 

RES generation only by paying the economic loss to the RES 
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investor. Moreover, based on the regulatory policies 

described in [44], the net-load variations are penalised so as 

to motivate DISCOs to invest in the flexibility sources at the 

distribution level, e.g., dispatchable DG units. This penalty 

cost imposed on the network net-load variations is defined as 

the flexibility-oriented cost. It is also worth noting that the 

produced energy of dispatchable DGs are sold at the price of 

αRPd,b, where α is a positive coefficient less than unity to 

account for the network charges. For more details on the 

planning costs of DN, interested readers can refer to [44]. 
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4.2.2 Operational constraints: In the proposed DNEP 

model, the power flow equations are formulated in (14)–(16). 

Constraint (14) represents a linear approximation of 

Kirchhoff Voltage Law, based on the method applied in [19, 

28, 43-45]. Also, constraints (15) and (16) ensure the current 

flow balance in each network node. Limits on nodal voltage 

magnitudes, feeder section currents, substation capacities, 

and dispatchable DG generation are represented in (17)–(20), 

respectively. Constraints (21) and (22) limit the allowable 

amount of RES generation curtailment. In (23), the amount of 

curtailed load at each node is restricted. 
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4.2.3 Investment and utilisation constraints: Similar to 

the assumptions utilised in [19, 28, 43-45], constraints (24)–

(27) ensure that, during the planning horizon, only one 

investment action, e.g., reinforcement or addition, is 

performed on each network asset, i.e., feeder section, 

substation, or dispatchable DG unit. Logically, each 

alternative of the distribution assets is utilised only after the 

corresponding investment has been made, which is ensured 

by imposing (28)–(30). Constraint (31) limits the maximum 

number of installed dispatchable DG units at each load node, 

owing to practical limitations such as space availability. 
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4.2.4 Flexibility measurement: In order to calculate the 

flexibility-oriented cost, (32)–(34) determine the DN net-load 

variations in each time block. 
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4.2.5 Radiality constraints: Constraints (35)–(42) 

guarantee the radial operation of the network at each planning 

stage, similar to the method applied in [44, 46]. In this regard, 

(35) determines if a node is in-service and (36) ensures that 

the total number of utilised feeder sections is limited to the 

total number of in-service nodes, which is the sufficient 

condition for the radiality of passive DNs, but not for active 
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DNs. To overcome this defect, (37)–(42) are imposed to 

prevent isolated sections supplied by DG units by assigning 

fictitious current demands to the DG nodes. As a result, these 

nodes maintain their connection to the substation nodes since 

the substation nodes should supply the fictitious current 

demands. 
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5. EVPL Load Demand Modelling 

As mentioned before, the impact of EVPL demand on 

the DNEP has been taken into consideration in this study. In 

this regard, the EVPL loads are modelled in this section, and 

their demand has been evaluated. In the proposed PEV 

charging model, EVPL owners can leverage the V2G 

capability of the PEVs to increase their profits, while 

decreasing the charging cost for the PEV owners. In other 

words, the EVPL owners use the storage capability of the 

PEVs and sell a portion of the stored energy in the PEVs 

during the on-peak hours. The gained profit from the sale of 

stored energy will be for both PEV and EVPL owners. As 

utilising the V2G capability of the PEVs would considerably 

decrease the lifetime of the batteries, the impact of more 

charging cycles on the PEV batteries’ lifetime should be 

taken into account in the model. To consider this effect, based 

on the model proposed in [38], the degradation cost of PEV 

batteries is deducted from the profit obtained through selling 

the stored energy during the on-peak hours. 

To estimate the EVPL demand, a PEV charging model 

is developed in which EVPL owners try to maximise their 

profit through utilising the storage capability of the PEVs 

while meeting the technical constraints of EVPL and the need 

of PEV owners. The model is formulated as follows: 

( ), ,

,
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The objective function (43) maximises the profit 

obtained through leveraging the storage capability of PEVs. 

Constraints (44) and (45) set the limits for the charging and 

discharging power of PEVs. Expression (46) avoids charging 

and discharging of PEVs happening simultaneously, and (47) 

is the non-schedulable time interval constraint. Charging-

discharging power balance is represented in (48), and (49) is 

the PEV batteries’ security constraint. Constraints (50) and 

(51) specify the initial SoC of each PEV battery for the 

beginning of the charging period and the expected battery 

SoC before the PEV leaves the EVPL, respectively. Finally, 

the EVPL total demand is calculated by (52). 

With the goal of calculating the demand profile of 

EVPLs, the proposed PEV charging model should be solved 

during every representative day for each EVPL, separately. 

Afterwards, the calculated demand of the EVPLs will be 

considered as the input of the DNEP model, presented in 

Section 3, so that the optimal solution for the planning 

problem is found while considering the impact of EVPL load.  

6. Numerical Results 

In this section, the proposed DNEP model is applied 

to a test DN and the results are discussed. The optimisation 

model was implemented in GAMS (version 24.7.4). Also, 

CPLEX 12.6 was leveraged to solve the resulting MILP 

models, while the optimality gap is set to 1% as the solver’s 

stopping criterion. All the simulations are implemented on a 

PC with a 3.40 GHz Intel Core i7-4770 processor and 32 GB 

of RAM. 

  
6.1. 18-bus system description and other assumptions 

 
The proposed DNEP model is tested on an 18-bus 

network consisting of 2 substations, 16 load nodes, and 24 

feeder sections [44]. Feeder sections are divided into three 

categories, fixed branches, reinforceable branches, and 

addable branches. Fixed and reinforceable branches are the 

ones which exist initially; however, only the capacity of 

reinforceable branches can be upgraded during the planning 

 
Fig. 3.  One-line diagram of 18-bus test network 
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horizon. Addable branches, which do not exist prior to the 

network expansion, are candidates for construction to serve 

new load nodes. The one-line diagram of the network is 

depicted in Fig. 3, where the rectangles represent substation 

buses, and the circles represent load nodes. The fixed, 

reinforceable, and addable feeder sections are also shown by 

single lines, double lines, and dotted lines, respectively. 

The planning horizon consists of three two-year-long 

stages, considering an annual interest rate equal to 10%. In 

each stage, four representative days are considered, a 

working-day and a non-working-day in summer and the same 

in winter. Each representative day is also divided into six time 

blocks. Three types of load nodes with different hourly load 

patterns are taken into account: residential, commercial, and 

industrial. The set of nodes connected to PV and WT units are 

ΩPV={2,3,9,14,15} and ΩWT={13,16}, respectively. The WT 

and PV generation patterns and daily load curves for the 

representative days are borrowed from [44]. Also, the set of 

nodes where the EVPLs are connected to is 

ΩEVPL={1,5,6,12,13}, among which the first three are 

commercial load nodes, and the other two are industrial ones. 

Considering these RESs in the 18-bus DN, the penetration 

rates, which are defined as the aggregated capacity of RESs 

divided by the network peak demand, are 23%, 44%, and 63% 

in the first, second, and third planning horizon stages, 

respectively. 

 The set of candidate nodes for installation of 

dispatchable DG units is ΩG={6,10}, and two investment 

alternatives are taken into account for them. Also, it is 

assumed that the DISCO can sell the DG generated energy at 

85% of the electricity retail prices (the parameter α equals 

0.85). It is worth mentioning that the electricity retail prices 

(RP(.)) during a day are  extracted from the values used in [44]. 

Also, the base ramping cost is equal to one-eighth of the 

electricity retail price (RCd,b = 0.125RPd,b). 

It is worth mentioning that various alternatives are 

considered for investing in major DN assets, e.g., 

dispatchable DG units, reinforceable feeder sections, and 

addable feeder sections. The detailed data related to the 

candidate options for each DN asset, specifications of feeder 

sections, nodal peak demands, generation capacities of RES, 

and other parameters of the test network are available in [47].  
With the goal of modelling uncertainties associated 

with PEVs’ behaviour, truncated Gaussian probability 

functions have been used for arrival and departure times and 

initial SoC of PEVs, as in many studies [48, 49]. In this 

respect, the truncated Gaussian probability distribution of 

initial SoCs has a mean value of 50% and an STD of 30% and 

with the range from 20% to 80% [49]. Also, Table 2 

represents the mean and STD values for the RVs of the arrival 

and departure times. The desired PEV SoCs are RVs with 

uniform probability distribution with the range from 80% to 

100%. Similar to [50], three different battery capacities are 

considered for PEVs in this study: 13.8 kWh, 18.4 kWh, and 

24 kWh. Among the PEVs entering the EVPLs, it is assumed 

that 50% have a battery capacity of 13.8 kWh, 30% have 18.4 

kWh batteries, and 20% have batteries with a capacity of 24 

kWh. According to [50], it is assumed that the EVPL has been 

equipped with fast-charging stations at a power rating of 4 

kW for all charging points. Also, a wear price of 0.08 $/kWh 

for PEV batteries is considered in this study, based on [38].  

According to [51, 52], it is assumed that the RVs of 

both RES generation and load follow Gaussian distributions 

with the means of their forecasted values and the STDs of 

their forecasting error. In this regard, the STDs of PV 

generation, WT generation, and EVPL load are equal to 25%, 

20%, and 10% of their forecasted values, respectively. The 

correlation coefficient of WT and PV generation forecasted 

values is -0.3, based on [53]. As a common assumption, the 

correlation coefficient between WT forecasted values is set to 

0.5. Similarly, the correlation coefficient between EVPL 

demand is considered equal to 0.5. Also, the correlation 

coefficient between RES generation and EVPL demand is 

assumed to be -0.2. It goes without saying that it is preferable 

to determine the correlation coefficients according to the 

historical data for EVPL demand and RES generation if 

sufficient data are available.  

 

6.2. Analysing the impact of considering uncertainty 
through the SSUT method 

 
After obtaining the load profiles of EVPLs by using 

the described EVPL demand modelling method, we applied 

the proposed DNEP model to the specified test network. To 

study the impact of considering flexibility provision and 

utilising the SSUT method to take into account the 

uncertainties in the proposed DNEP model, we consider four 

different cases for the DNEP problem: 

Case 0) The flexibility cost is not considered, and the input 

RVs are assumed constant and equal to their 

forecasted values (deterministic approach). 

Case 1) The flexibility cost is considered, while the 

deterministic approach is used.  

Case 2) The flexibility cost is considered, and the SSUT 

method is used to consider the uncertainties (7 

sigma points are utilised). 

Case 3) The flexibility cost is considered, and the 

uncertainties are modelled by leveraging the UT 

method (11 sigma points are utilised). 

Table 3 shows the results obtained through 

implementing the DNEP model on the test system for the four 

cases. In order to compare the flexibility level in different 

cases, two criteria, which are the average ramp rate and peak-

off-peak difference, and the flexibility cost are exploited. The 

average ramp rate represents the average rate of DN net-load 

variations during the representative days of a planning stage. 

Also, the peak-off-peak difference equals the average of the 

difference between the minimum and maximum amounts of 

the net-load during representative days of each stage. A 

reduction in the amounts of these two criteria represents an 

enhancement in the DN flexibility [44].  

As can be seen in Table 3, investing in dispatchable 

DG units has led to significantly better flexibility (i.e., lower 

flexibility criterion) in Cases 1–3, compared to Case 0 where 

Table 2 Data related the PEVs’ uncertain behaviour 

RV Load type Mean STD Min Max 

Arrival 

Time 

Commercial 9:00 3 6:00 13:00 

Industrial 8:00 3 5:00 12:00 

Departure 

Time 

Commercial 18:00 3 14:00 22:00 

Industrial 16:00 4 12:00 22:00 
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no DG is installed. Nevertheless, such investments in DG 

units would be made only when the DISCO is sufficiently 

motivated, as in Cases 1–3. Similarly, the flexibility criterion 

in Cases 2 and 3, where two dispatchable DG units are 

installed, is lower than those in Case 1, where only one DG is 

invested in. This is because more local flexibility sources are 

available for the DNO in Cases 2 and 3, so they have more 

capability to decrease the network net-load variations while 

meeting the demand and the DN operational constraints. 

Thus, the two aforementioned criteria and the flexibility-

oriented cost are decreased in Cases 2 and 3, which represents 

that the DN flexibility (i.e., the capability to deal with net-

load variations) has been enhanced more in these cases 

compared to Case 1. These results vividly show that the more 

dispatchable DG units are installed, the better the flexibility 

will be; in other words, the dispatchable DG units can 

effectively be used to enhance the flexibility of the network. 

As per Table 3, by considering the uncertainties 

associated with forecasted values of RES generation and 

EVPL demand, the total cost of the DISCO increases in Cases 

2 and 3 compared to Case 1. The incremental cost is the price 

of increasing the robustness of the DN, which, in turn, makes 

the DN more flexible. To be more specific, consideration of 

several sigma points in the probabilistic DNEP models 

accounts for the uncertainties associated with RES generation 

and PEV demand. Thus, in Cases 2 and 3, not only the DN 

flexibility is enhanced, but also the network is more robust to 

the deviations of the uncertain elements. As a result, the 

obtained solutions, which are depicted in Fig. 4, and the 

results represented in Table 3 are different when the 

uncertainties are considered. 

To be more specific, the obtained solutions for the 

deterministic and probabilistic DNEP problems are depicted 

in Fig. 4 through one-line diagrams. The sign written on the 

installed feeder sections stands for the chosen alternative. For 

example, the sign “A1” shows that the first alternative of the 

corresponding addable feeder section is chosen to be 

installed. Moreover, the blue-filled nodes show that a 

dispatchable DG unit has been installed and is being utilised 

in that load node. As can be seen, since the possible 

forecasting errors of RES generation and EVPL demand are 

considered in the probabilistic cases (Cases 2 and 3), the 

solutions obtained in these cases are different from the 

solution in the deterministic case. Specifically, in addition to 

investing in more local flexibility sources, the expansion plan 

of feeder sections is different when the possibility of errors in 

the uncertain parameters are considered in the planning 

model.  

To validate the importance of such differences in the 

planning solutions, we applied the planning solution obtained 

in Case 1 to the sample DN, while considering the 

uncertainties. The results show that the deterministic 

approach leads to a technically infeasible solution for the 

DNEP if uncertainties associated with RES and EVPL exist. 

This is because, in the deterministic approach, the possibility 

of errors in the forecasted values of RES generation and 

EVPL demand is not taken into account. As a result, the 

Table 3 Optimisation results of Cases 0-3 

Case Stage 

Capacity of 

invested 

DGs (MW) 

Location of 

invested 

DGs 

Average 

ramp ratea 

(MW/h) 

Peak-off-peak 

differencea 

(MW) 

Network 

inv. cost 

(k$) 

Network 

op. cost 

(k$) 

Flex. 

costa 

(k$) 

Total 

costb 

(k$) 

Simulation time 

0 

1 - - 0.377 4.2 173 5 - 

293 0.3 h 2 - - 0.516 4.46 113 7 - 

3 - - 0.744 7.08 0 7 - 

1 

1 2 10 0.325 3.90 1138 -89 119 

413 0.4 h 2 - - 0.259 2.70 75 -90 76 

3 - - 0.519 5.87 23 -17 154 

2 and 3 

1 4 6, 10 0.321 3.87 2138 -306 118 

478 
9.5h (Case 2)  

23.1 h (Case 3) 
2 - - 0.183 1.97 68 -315 56 

3 - - 0.439 5.26 0 -237 135 
a In Cases 2 and 3, the flexibility criteria and cost are calculated using the results for the sigma point where the RVs are equal to their forecasted values. 
b “Total cost” in the table is equal to the present worth of total expansion and operating costs of the network assets. 
 

b “Total cost” in the table is equal to total expansion and operating costs of the network assets. 

 
a 

 
b 

 
c 

Fig. 4.  The solutions for expansion of the test DN (the left 

one is for Cases 2 and 3, and the right one is for Case 1) in: 

(a) Stage 1, (b) Stage 2, (c) Stage 3 
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capacities of installed feeder sections are not sufficient to 

tolerate the uncertainties in RES generation and EVPL 

demand of the network. Therefore, since these green 

technologies are highly uncertain, not considering the 

forecasting errors associated with them can lead to the 

solutions that are practically infeasible. Hence, only by 

utilising the probabilistic model rather than the deterministic 

one, it can be guaranteed that the planned DN is robust to the 

deviation of these uncertain parameters, which is crucial due 

to the increasing penetration of intermittent energy sources. 

Finally, to assess the performance of the SSUT 

method for considering the uncertainties, we compare Cases 

2 and 3 from the perspectives of computational efficiency and 

solution accuracy. As can be seen in Table 3, the results in 

both cases are identical. Also, the DNEP solutions in both 

cases are the same, which are represented in Fig. 4. However, 

the simulation time for Case 2 is less than half of that for Case 

3 because of two main reasons. Firstly, for a same level of 

accuracy, the number of sigma points used in the SSUT 

method is about half the number of them in the UT method, 

so, in the SSUT method, the operating constraints, e.g., power 

flow equations, are solved half the times that they are solved 

by using the UT method. Secondly, adding more constraints 

to the MILP problem may unproportionally increase its 

computational burden since the branch-and-bound algorithm 

is utilised for solving this MILP problem, and more nodes 

might need to be produced and investigated in the solving 

procedure as a result of more constraints in the problem. 

Nevertheless, the better computational efficiency obtained by 

utilising the SSUT method does not deteriorate the accuracy 

of the results. Thus, without sacrificing the accuracy, the 

uncertainties can be considered much more computationally 

efficient in the model by using the SSUT rather than the UT.  

   

6.3. A sensitivity analysis of the RES penetration rate 
 

Aiming at investigating the impact of different RES 

penetration rates on the DNEP results, we compare four cases 

to Case 2 (probabilistic DNEP model using SSUT method). 

In these cases, the penetration rates in each stage vary from 

50% less to 50% more than those values in Case 2. The 

planning results for these five cases are compared in Table 4.  

According to this table, in the network with 25% lower 

penetration rate, the network investment cost is similar to the 

base case, and the decrease in the objective function 

originates from the decrease in the flexibility cost. Thus, 

although the penetration rate is decreased in this case, the 

planning solution is the same as in the base case. However, in 

the network with 50% less penetration than the base case, the 

objective function and the network investment cost are higher 

compared to the base case. This is mainly because of the more 

reinforcements made to the feeder sections in this case at 

stage one, due to the higher feeder section power flows. Also, 

in both of the cases with a higher RES penetration than the 

base case, not only the investments on the feeder sections are 

changed compared to the base case, but also the number of 

installed DG units decreases to one 2-MW dispatchable DG. 

Thus, while in some cases a change in the RES penetration 

rate may not result in changing the optimal planning solution, 

in other cases, it can.  

In the cases with higher RES penetration rates than the 

base case, although the investment cost is lower than the base 

case, the flexibility criterion and the flexibility cost are higher 

significantly, as only one investment has been made on DG 

units. The main reason of the decrease in the number of 

installed dispatchable DGs is that higher penetration rate 

causes more reverse power flow in the network. However, the 

network assets, especially the substations, have limited 

capacities for the reverse flow, so if the DISCO invests in two 

dispatchable DGs rather than one, it should also reinforce 

other distribution assets. Still, the imposed ramping cost does 

not provide enough motivation to do so. Therefore, if there is 

a need for more flexibility requirements in such DNs, stricter 

regulations should be imposed on the DISCO.  

 

6.4. A sensitivity analysis of the ramping cost 
 

In order to analyse the effect of changing the ramping 

cost on the solutions of deterministic and probabilistic DNEP 

models (using both UT and SSUT methods), we carried out a 

sensitivity analysis on the ramping cost. In this respect, 

several cases, where different values of the ramping cost are 

Table 5 Outcomes of sensitivity analysis for the 

deterministic DNEP model 

Ramping 

cost 

Capacity of 

DGs (MW) 

Peak-off-peak 

difference (MW) Total 

cost 

(k$) 
Stage Stage 

1 2 3 1 2 3 

0.5RCd,b 2 - - 3.91 3.52 7.06 334 

RCd,b 2 - - 3.90 2.70 5.87 413 

1.5RCd,b 4 - - 3.37 1.61 4.99 558 

2.25RCd,b 4 - - 3.36 1.37 4.51 633 

3.25RCd,b 4 - - 2.34 0.98 3.32 883 

4.5RCd,b 6 - - 0.33 0.47 1.52 1539 
 

Table 4 DNEP outcomes for different penetration rates 

Penetration 

difference 

with Case 2 

Capacity of 

DGs (MW) 

Network inv. 

cost (k$) Objective 

function 

(k$) 
Stage Stage 

1 2 3 1 2 3 

-50% 4 - - 2150 68 0 954 

-25% 4 - - 2138 68 0 922 

0% (Case 2) 4 - - 2138 68 0 929 

25% 2 - - 1130 125 0 964 

50% 2 - - 1138 75 38 1022 
 

Table 6 Outcomes of the sensitivity analysis for the 

probabilistic DNEP model 

Ramping 

cost 

Capacity of 

DGs (MW) 

Peak-off-peak 

difference (MW) Total 

cost 

(k$) 
Stage Stage 

1 2 3 1 2 3 

0.5RCd,b 2 - - 3.91 3.52 7.06 350 

RCd,b 4 - - 3.87 1.97 5.26 478 

1.5RCd,b 4 - - 3.37 1.61 4.99 572 

2.25RCd,b 4 - - 3.36 1.37 4.51 643 

3.25RCd,b 6 - - 1.48 0.65 2.56 1103 

4.5RCd,b 6 - - 0.33 0.47 1.52 1531 
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considered, are analysed for both the deterministic and 

probabilistic DNEP models. The implemented ramping costs 

and the obtained results are represented in Tables 5 and 6. 

Moreover, the DN net-load curves during a summer holiday 

in Stage 2 for five of these cases are depicted in Fig. 5.  

In the first step, to investigate the efficiency of the 

SSUT method for modelling the uncertainties in the 

flexibility-oriented DNEP model with different ramping 

costs, a comparison is conducted between the DNEP results 

obtained by utilising the SSUT and UT methods. It has been 

determined that similar to the cases with a ramping cost of 

RCd,b, the results and solutions obtained by using either 

methods for the cases with ramping costs of 0.5RCd,b, 1.5RCd,b, 

2.25RCd,b, 3.25RCd,b, and 4RCd,b are exactly similar. However, 

the average simulation time using the UT method is about 1.9 

times that when the SSUT method is utilised. Therefore, 

independent from the ramping cost, utilising the SSUT 

method not only results in an accurate solution but also is 

time-efficient, compared to the UT method.   

Nonetheless, as can be seen in Tables 5 and 6, by 

increasing the imposed ramping cost, the DISCO is motivated 

to invest in more dispatchable DGs in both deterministic and 

probabilistic DNEP models. However, in some cases (either 

probabilistic or deterministic) where the ramping costs are 

close to each other, the values of binary investment variables 

might be identical, such as the cases with ramping costs of 

3.25RCd,b and 4.5RCd,b in the probabilistic model. This is due 

to the fact that the feasible region of the MILP problems is 

discrete. In other words, the possible solutions of an MILP 

model include several intervals in the solution space, each of 

which corresponds to a specific combination of values for 

binary variables. Therefore, it is possible that in some cases, 

where the values of ramping cost are close to each other, the 

resulted DNEP solutions are the same. Nevertheless, when 

the ramping cost increases, the DNO is more inclined to 

leverage the dispatchable DGs for the sake of minimising the 

ramp rates rather than selling the generated electrical energy. 

In this respect, in the cases with higher ramping cost, the 

DNO changes the output generation of DG more frequently 

to decrease the net-load ramp rates. Therefore, although the 

number of invested DGs are similar in some of the cases, the 

total cost is higher in the cases with higher ramping costs 

since the DNO prefers to utilise the DG for minimising the 

ramp rates instead of selling the produced electricity.  

Through comparing the results obtained by the 

deterministic DNEP to the probabilistic model, it becomes 

evident that the number of installed dispatchable DGs in the 

cases with the ramping costs of 0.5RCd,b, 1.5RCd,b, 2.25RCd,b, 

and 4RCd,b are identical, yet different in two other cases. As 

mentioned before, the feasible region of the MILP problems 

is discrete, and, therefore, the same optimal number of 

dispatchable DGs may result from the deterministic and 

probabilistic DNEP models for an identical ramping cost. 

However, although the investment in dispatchable DGs might 

be similar in the deterministic and probabilistic cases, the 

DNEP solutions are not, since the obtained expansion plans 

for the network feeder sections are likely to be different. To 

be more specific, despite the fact that considering the 

deviation of uncertain parameters in the DNEP model may 

not result in a different number of invested DGs, the obtained 

plan for expansion of other DN assets could be different so 

that the network has the capability to tolerate the deviations 

of uncertain parameters. Thus, by utilising the probabilistic 

approach for the DNEP problem, the feeders and the network 

are planned in a way that the whole DN is robust to these 

uncertain elements. Hence, due to the rising penetration of 

intermittent sources at the distribution level, it is vital to 

consider the uncertainties in the DNEP models for the sake of 

obtaining the best possible solution which is robust to 

forecasting errors of uncertain parameters.  

 
6.5. A discussion on the importance of PEV batteries’ 

degradation cost 
 

In order to scrutinise the adverse impact of 

disregarding the degradation cost of the PEV batteries in the 

DNEP problem, we represent and discuss the results of the 

two cases in this section. In both cases, a ramping cost of RCd,b 

is considered, and the SSUT method is leveraged to model 

the uncertainties in the DNEP problem; however, in the 

Table 8 Planning results for 145-bus network 

Case 

Number of 

installed 

DGs 

Number of 

installed 

branches 

Number of 

reinforced 

branches 

Simulation 

time (h) 

Deter. 3 1 6 1.1 

Probab. 3 2 12 32.3 
 

 
a 

 
b 

Fig. 6.  The net-load of the sample DN during a summer 

holiday in Stage 2 for: 

(a) Deterministic cases, (b) Probabilistic cases 
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Fig. 5.  The load curve of the EVPL at Load node 12 

during a representative day in Stage 1  
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second case, the battery degradation cost is not taken into 

account, unlike the cases presented in the previous sections.  

At the first step, in order to show the effect of not 

modelling the EVPL load properly, its curve during a 

representative day at Load node 12 is presented for both of 

the mentioned cases in Fig. 6. As can intuitively be seen in 

this figure, the derived profile for the case without 

considering the degradation cost is neither practical nor 

realistic. Therefore, in order to model the EVPL load 

correctly, the increased battery degradation due to more 

frequent charging and discharging cycles should be taken into 

account since it has a significant effect on the predicted EVPL 

load profile. Moreover, utilising this incorrect assumption for 

the DNEP models will lead to yielding misleading results. To 

demonstrate this issue, the results obtained in the two 

mentioned cases are presented in Table 7.  It is vivid that 

considering the oversimplifying assumption (i.e., predicting 

the EVPL load profile without degradation cost of PEV 

batteries) not only has brought about a completely 

uninformative prediction for the operating cost but also has 

led to achieving an incorrect solution for the DNEP problem, 

which is reflected in the incorrect investment cost. Thus, 

since not considering the degradation cost causes significant 

errors in the DNEP solution, it is essential to take into account 

the degradation cost of PEV batteries in the DNEP models.  

 

6.6. Implementing the model on a 145-bus network 
 

To validate the scalability of the proposed model, we 

applied both deterministic and probabilistic DNEP models to 

a typical Finnish DN, which consists of 144 load nodes and a 

substation [54]. The planning horizon includes three 2-year 

stages, in each of which two representative days are 

considered. The PV and Wind generation data are determined 

based on the information from [55] and [56] for Helsinki, 

Finland. Also, seven time blocks are considered in each 

representative day, and the load profiles are borrowed from 

[57]. Other data used for this network are similar to the data 

used for the 18-bus network.  

Table 8 demonstrates the planning results for both of 

these approaches. As per this table, the simulation time 

slightly increases for this network in both deterministic and 

probabilistic cases, compared to the cases of the 18-bus 

network, yet the problem is tractable and is solved in an 

acceptable amount of time.  

Still, similar to the 18-bus network, the obtained 

planning solution and, in turn, the number of investments are 

different when the uncertainties are considered. Specifically, 

the numbers of investments in reinforcing and adding feeder 

sections are doubled in the probabilistic case, compared to the 

deterministic counterpart. Consequently, as mentioned 

before, the solution obtained by the deterministic approach 

may not be technically feasible when the uncertainties are 

considered. Thus, it is necessary to use the probabilistic 

approach for planning studies of networks with high 

penetration of RESs and PEVs to ensure that the network is 

robust to errors of the forecasted data. 

7. Discussion 

In today’s world, owing to the high penetration of 

RESs and PEVs, several challenges are appeared in power 

systems, namely significant RES generation curtailment, 

difficulty in balancing demand and supply, negative market 

prices, and price volatility, to name but a few. Therefore, for 

the safe and efficient operation of power systems, more 

flexible power grids are a must. Since such issues are 

originated from the uncertain loads and intermittent energy 

sources in DNs, they can be effectively addressed by 

investing in flexibility sources at the distribution level. While 

several research studies [17–21] addressed the problem of 

DNEP considering integration of PEVs, they did not address 

the mentioned challenges in the DNs and did not provide any 

approach to provide flexibility and to consider uncertainties 

of RES generation and PEV demand.  

 However, considering flexibility provision in the DNs 

with high integration of PEVs and RESs requires 

comprehensive practical studies. In this regard, due to the 

monopoly nature of the electricity distribution business, 

effective regulations should be implemented to motivate them 

toward providing more flexibility. Although authors in [44] 

proposed several regulations for this purpose, they did not 

consider the impact of PEVs and, more importantly, 

uncertainties associated with them as well as RESs.  

To deal with such issues, we have developed an 

efficient MILP model to consider both flexibility provision 

and uncertainties in the DNEP studies, while guaranteeing the 

convergence to the global optimum. As mentioned in the 

numerical results, by considering the flexibility provision in 

the deterministic DNEP model, the peak-off-peak difference 

of the network net-load decreased by 21%, which means that 

the planned networks would be more flexible to RES 

generation and EVPL demand. This higher flexibility was 

achieved by investing in only one dispatchable DG. Also, in 

case higher level of flexibility is required, imposing stricter 

regulations can motivate DISCOs to invest in more 

dispatchable DG units. This was done in our numerical 

studies, and it could decrease the peak-off-peak difference up 

to 86%, compared to the conventional DNEP model.  

Nevertheless, based on our obtained results, as both 

RES generation and EVPL demand are highly uncertain, 

solving such DNEP problems by the deterministic 

approaches, which is done in many previous studies, can lead 

to technically infeasible expansion planning solutions for 

DNs. This is due to the fact that while these green 

technologies bring numerous benefits, their generation and 

demand are highly uncertain, and the forecasting values of 

them might have significant errors. Therefore, it is vital to 

consider the uncertainties associated with them in the 

planning studies of networks with high integration of RESs 

and PEVs. 

Although considering uncertainties brings about high 

computational burden for a DNEP problem which considers 

flexibility provision, the proposed model is formulated such 

efficient that while the obtained solution is sufficiently 

precise, the global optimal solution is tractable in a definite 

amount of time, as shown in the numerical studies. The 

Table 7 Results of the cases with and without wear price 

Case 
Capacity of 

DGs (MW) 

Investment 

cost (k$) 

Flexibility 

cost (k$) 

Operating 

cost (k$) 

1 4 2194 315 -1264 

2 2 1268 1113 319 
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tractability and scalability of our model were demonstrated 

by implementing the model on two 18-bus and 145-bus test 

networks. Also, we showed that the proposed model is 

effective for different RES penetration rates. 

Moreover, to demonstrate the efficiency of the method 

used for considering the uncertainties, the derived results of 

the probabilistic DNEP model where the SSUT method is 

used were compared to those where the UT method, a widely-

used uncertainty modelling method, is utilised. A comparison 

between the methods showed us that leveraging the SSUT 

method rather than the UT decreased the simulation time by 

47% on average. Finally, the impact of considering 

degradation cost of PEV batteries on the DNEP problem was 

discussed, and it was observed that disregarding this critical 

aspect of batteries, which is done in many previous studies, 

may lead to incorrect DNEP solutions. 

Nevertheless, in this study, we have only taken into 

consideration the PEV demand originated from EVPLs. 

Future work can also consider the impact of various types of 

PEV charging on the DN, and leveraging the EVPLs and 

EVCSs to enhance the flexibility at the distribution level. 

8. Conclusion  

In this paper, we have presented an MILP model for 

the DNEP problem, considering the impact of high 

penetration of RESs and PEVs, the uncertainties associated 

with them, and flexibility requirements of a DN. In order to 

achieve the probabilistic DNEP model, we have suggested a 

new approach for considering the forecasting errors in the 

DNEP models. In this respect, the SSUT method, an 

analytical uncertainty modelling method, is leveraged to take 

into account the deviations of uncertain parameters in the 

flexibility-oriented DNEP problem. To enhance the 

flexibility, the DN planner is able to invest in dispatchable 

DG units. Also, it has been assumed that the DNO could 

leverage RES generation curtailment and load shedding as 

other flexibility sources.  

In order to investigate the effectiveness and scalability 

of the proposed approach, the new probabilistic DNEP model 

was implemented on an 18-bus and 145-bus DN. The results 

showed that not considering the deviation of uncertain 

parameters can lead to technically infeasible solutions. As a 

result, it is vital to account for these uncertainties in the DNEP 

problem. While considering uncertainties in the flexibility-

oriented DNEP problem could have led to the intractability of 

the problem, using the SSUT method brought about a global 

optimal solution in an acceptable amount of time. Hence, the 

proposed DNEP model not only can deal with the impact of 

intermittent energy sources by flexibility provision but also 

can efficiently obtain the expansion plans for the DNs with 

high penetration of RESs and PEVs, in a way that is robust to 

the data forecasting errors.  
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