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Simultaneous Demand Response Program and 
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of Distribution Systems 
Tohid Khalili, Student Member, IEEE, Amirreza Jafari, Seyed Mohammad Sajjadi Kalajahi, Behnam Mohammadi-

Ivatloo, Senior Member, IEEE, Ali Bidram, Senior Member, IEEE 
 

Abstract—Electric loads’ power consumption depends on their 
terminal voltage. Therefore, one can slightly change the active and 
reactive power of loads by changing their terminal voltage. Given 
this, optimal voltage regulation in the distribution system (DS) can 
benefit the DS operator by reducing the costs of purchasing 
electric power through enforcing conservation voltage reduction 
(CVR) or even increasing its profit from the power sold to the 
customers by optimally increasing the DS voltage level. On the 
other hand, demand response programs (DRP) is an effective way 
to decrease the utility costs and increase the profit from both DS 
operator customers’ point of view. This paper investigates the 
impact of incentive-based DRP and voltage regulation on the 
operation of DS under different objective functions. The cost of 
electricity consumption, the DS operator profit obtained from the 
electricity market, and system reliability are the three objective 
functions considered in this study. The reliability of DS is assessed 
using energy not supplied (ENS) index. The optimization problem 
is solved using exchange market algorithm (EMA). The 
optimization results are verified on the IEEE standard 33-bus test 
system. 

Index Terms—Conservation voltage reduction, demand 
response program, reliability, voltage regulation. 

I. INTRODUCTION 
ISTRIBUTION systems (DSs) operation is rapidly 
evolving due to the ever-increasing communication and 

control technologies and integration of distributed energy 
resources (DERs). An advanced distribution management 
system (ADMS) has been proposed as a promising solution to 
tackle the DS challenges by integrating the conventional 
distribution management system and outage management 
system. ADMS has different tasks which among them voltage 
regulation (VR) and demand response program (DRP) are of 
particular importance [1]. ADMS can effectively improve the 
DS efficiency and reliability and act as a control and decision 
support for the DS operators (DSO) which play an important 
role in the power markets of future restructured power systems 
[2]. 

VR in the distribution systems (DSs) is of particular 
importance to ensure that the voltage profile of DS remains in 
an allowable range determined by utility regulations. VR, based 
on the conditions and demand of the network, can be performed 
in the form of (i) conservative voltage reduction (CVR) which 
is accompanied by a reduction in the voltage level of the system, 
or (ii) by increasing the voltage level of DS within a permissible 
range. CVR has gained much attention to increase the 
economical profit and decrease the costs associated with the 
operation of power systems. CVR changes the voltage profile 
of distribution systems to tune up the system demand and 
maximize the overall profit of DSO [3, 4]. In [5], a survey on 
the applications of the CVR is conducted which highlights its 
capabilities. CVR has been used as a practical approach for 
peak shaving, power loss reduction, energy saving, reducing 
operational costs, and increasing the reliability of the power 
system [5]-[8]. In [6], the pros and cons of employing CVR are 
studied and its impacts on cost reduction and energy saving of 
the power system are reviewed. In [7], CVR has been 
considered in the optimal planning of a microgrid for optimal 
placement and sizing of capacitors and DERs. In [8], the effect 
of implementing CVR and voltage optimization on the Ireland 
DS is investigated from the energy-saving perspective. In [9], 
CVR is used to reduce peak demand and energy consumption. 
CVR's ability to improve the stability and reliability of the 
power system has been evaluated in [10]. It is shown that under 
emergency conditions, when there is not enough power 
available to supply the DS load, CVR can be applied to slightly 
decrease the demand. As a result, DS stability and reliability are 
maintained [11, 12].  

VR can be combined with other techniques to achieve a 
multi-objective optimization in the DS. For instance, [13] 
proposes a novel method for simultaneous load scheduling and 
VR in the DS. VR and load sharing in microgrids are 
investigated in [14]. In [15], the optimal planning of energy 
storage systems and determining their optimal location and 
capacity by considering CVR is investigated. The objective 
function of this work is to minimize the total investment and 
operational cost by considering the energy savings resulting 
from CVR’s implementation. In [16], the implementation of 
CVR in a DS is evaluated by multistage support vector 
regression (MSVR) based on prediction and load modeling. In 
[17], CVR has been implemented to reduce the power 
consumption of the network by using the voltage-current droop 
characteristic. 
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DRP is defined as the program that facilitates peak shaving 
by shifting the power consumption from one time instant to 
another one or load curtailment that is coordinated with 
customers. DRP benefits DS by decreasing its operational cost, 
improving its reliability, and increasing the profit gained from 
the sale of energy [18, 19]. Changing the pattern of energy 
consumption alters the system voltage profile. In [20, 21], the 
impact of DRP on the DS voltage is studied. In [22], emergency 
DRP is utilized for real-time controlling of voltage in an 
automated DS. Since the implementation of DRP in DS changes 
the network voltage level, it is worthwhile to evaluate the 
impact of the simultaneous implementation of incentive-based 
DRP and VR on the optimal operation of DS. Most of the 
existing research works in the literature consider the impacts of 
either VR or DRP on the DS. Simultaneous integration of DRP 
and VR has not been well investigated yet. In [1], DRP and 
CVR are integrated into an ADMS to increase DS efficiency 
and minimize the consumption cost in the day-ahead market. 
This reference first minimizes the load consumption with DRP 
and then CVR to minimize the consumption cost. Furthermore, 
a smart voltage optimization method is proposed in [23] to 
manage the industrial DRP. Besides, CVR is also implemented 
to reduce the loss and the demanded load in [24]. Ref. [25] 
presents an approach to perform the CVR for managing the 
loads. Additionally, the voltage of the system is utilized to 
improve the energy productivity and efficiency of the power 
system in [26, 27] 

This paper further extends the proposed integrated DRP and 
CVR in [1] by considering a more comprehensive approach to 
account for the DS voltage regulation and DRP for improving 
the system efficiency and reliability while maximizing the 
profits of DS in a day-ahead power market. Our proposed 
approach for optimizing the network voltage is comprised of 
two stages, namely, the CVR implementation process and the 
controlled increase of system voltage level. Depending on the 
system condition, at each hour, one of the two mentioned stages 
is adopted. The voltage level is changed by adjusting the tap of 
load tap changer (LTC) at the distribution circuit substation 
transformer. The objectives for combined DRP and VR 
problem include the total cost of the network, the DS profit from 
the purchase and sale of power, and network reliability. The 
voltage deviation index (VDI) and CVR ’s (i.e., the percentage 
of voltage reduction caused by voltage optimization) variations 
due to the implementation of DRP are also investigated. The 
proposed methodology is implemented on the IEEE 33-bus test 
system, and the results are compared and analyzed with the base 
state of the test system. To solve the optimization problem in 
each of the scenarios, the exchange market algorithm (EMA) 
[28] is utilized. EMA is an efficient and practical algorithm in 
which its effectiveness is verified in several published papers 
[29, 30]. 

This paper makes the following contributions which to the 
best of authors’ knowledge have not been exploited yet: 
• The impact of optimizing the voltage level of DS over 24 

hours on the DS’s cost of purchased power and profit from 
energy sales and power loss is also evaluated by EMA. 

• Simultaneous implementation of incentive-based DRP and 
VR on the performance of the distribution system is 
studied.  

• The paper’s VR scheme not only includes CVR but also 
considers the impact of intentional voltage increase on the 
performance of DS. 

• ZIP model is used to model the customers' demand 
changes. 

The remainder of this paper is organized as follows. In 
Section II, the preliminaries of the load model, incentive-based 
DRP, and EMA are provided. Problem formulation including 
the objective functions and constraints are elucidated in Section 
III. In Section IV, the proposed approach for CVR and 
optimization algorithm is described. The results of simulation 
and analysis are presented in Section V. Finally, Section VI 
concludes the paper. 

II. PRELIMINARIES 

A. Voltage-Dependent Load Model 
To consider the effect of voltage changes on the DS’s load, 

the ZIP load model is utilized [31]-[33]. The ZIP model that 
accounts for the load active and reactive power changes caused 
by the voltage variations as 

2
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where 0
,i tP , 0

,i tQ , and 0
,i tV   are the active, reactive power, and 

voltage of bus i before voltage adjustments at time t , 
respectively. ,i tP , ,i tQ , and ,i tV   are the active, reactive power, and 
voltage of bus i after voltage adjustments at time t , 
respectively. 

pi
c , 

ppc , 
qzc , 

qi
c , 

pzc , and 
qpc are the constant 

coefficients of active and reactive power ZIP equations. The 
ZIP model can effectively incorporate the load dependency on 
voltage during power flow calculations. To this end, as the bus 
voltages are updated in each iteration of the power flow, the 
new values of the network loads are calculated according to (1) 
and (2) using the previous iteration voltage values. In this paper, 
the Backward-Forward power flow method is deployed [34]. 

B. Incentive-Based DRP Model 
The incentive-based DRP can improve the reliability of DS 

and reduce the cost of purchased power which in turn increases 
the profit from the trade of energy. By considering some 
incentives for the customers, the incentive-based DRP reduces 
the consumption during peak hours by shifting power demand 
from peak hours to off-peak hours. An optimal DRP tends to 
relieve the congestion on DS while maximizing the economic 
benefits of customers. The multi-period incentive-based DRP 
model for the loads connected to the DS buses at different hours 
of the day can be expressed as [35] 
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where ,i tP′  and ,i tP  describe the demand of bus i at time t before 
and after the implementation of DRP, respectively. The self-
elasticity of bus i at time t is shown by ( )iE t  and the cross 
elasticity of the bus i according to the time h is shown by

( ),iE t h . The cross elasticity represents the effects of paying 
the incentive rates at the other hours on the demand of the 
current hour. tA  and tρ  show the incentive rate and electricity 
price at time t. The incentive rate and the electricity price are 
assumed to be constant. 

C. VR 
VR in a DS can be performed through LTC, voltage 

regulators, switched capacitors, or dynamic VAr compensators.  
Without loss of generality, in this paper, it is assumed that VR 
of DS is done by adjusting the LTC connected to the primary 
bus. This adjustment is carried out in a way that the voltage of 
all buses remains in the allowable voltage range determined by 
the utility regulations. VR, based on the conditions and demand 
of the network, can be performed in the form of a CVR which 
will be accompanied by a reduction in the voltage level of the 
system, or by increasing the voltage level within the permissible 
range. 

D. EMA 
In this paper, the proposed optimization problem is solved 

using EMA. According to [28, 36], optimization speed, search 
zone selectivity, wide optimization range, and high 
performance in finding the global optimum are some of the 
salient features of EMA. The performance of EMA versus some 
other conventional algorithms is compared in [28, 36]. EMA is 
inspired by the stock market in which stockholders can make 
different decisions based on rules as well as their own 
experience [28, 36]. In EMA, the optimization is performed in 
two stages corresponding to the balanced and oscillatory 
condition of the market. In the balanced condition of the market, 
stockholders can gain the highest possible profit by predicting 
the current situation without accounting for the risk in their 
transactions. However, in the oscillatory condition, 
stockholders intelligently exchange their stocks by taking risks 
to achieve a higher rank in the market. The diverse nature of the 
market’s prevailing situations creates market complexity and 
different behaviors of stockholders. A successful stockholder 
follows other successful stockholders, utilizes experience to 
improve current performance, learns from the mistakes to 
modify the process, avoids investing in sectors that do not 
comply with stockholder’s policy, conducts the maximum 
purchase in favorable conditions, does not participate in 
unfavorable conditions, and maintains capital in all market 
conditions. In EMA, each answer to the problem resembles a 
stockholder; optimization problem parameters resemble the 
stocks; each iteration of optimization is similar to a market 
exchange stage; in each iteration, the algorithm ranks 

stockholders in terms of the total value of their shares in the 
market [28, 36]. 

III. PROBLEM FORMULATION 

A. Objective Functions 
The objective functions include cost, profit, and network 

reliability. The first objective function addresses the operational 
cost of the network and is comprised of the cost of purchasing 
power from the wholesale market and the cost of implementing 
the incentive-based DRP. The cost function of the distribution 
system is described as 

DR ECost = Cost +Cost ,                       (4) 
 

where 
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24

1
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=

= − ×∑ ,                      (5) 
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Equations (5) and (6) indicate the cost of purchasing power 
from the wholesale market and the cost of implementing DRP. 
In (5), tP  and tENS  represent the total demand and the energy 
not supplied (ENS) at time t, respectively. ENS is defined as the 
portion of the required energy of the customers which cannot 
be supplied by DS. ENS is nonzero when the DS total demand 
is larger than DS’s maximum allowable power flow. The 
maximum allowable power flow is determined based on the 
rating of DS’s substation transformer and its main branch 
supplying the DS’s customers.  tλ  specifies the cost of 
purchasing power from the upstream grid, and ,D tP  represents 
the sum of the reduced power of all customers at time t . ,D tP  
is calculated by 

, , ,
1

1
2

bN

D t DRP i t
i

P P
=

= ×∑ ,                                               (7) 

where bN  denotes the total number of buses in the system; 

, ,DRP i tP  denotes the amount of power of bus i at time t that is 
participated in DRP. It should be noted that with DRP the 
summation of the total daily amount of the reduced and 
increased power of customers should be equal to zero. 
Therefore, as shown in (7), half of the daily participated power 
in DRP is equal to the total decreased power of the customers. 

The second objective function is the profit of DS which is 
defined as the difference between the revenue of selling energy 
to the customers and daily operational costs. This objective 
function is formulated as 

24

1 1

bN

i ,t t DR E
t i

Profit P  Cost Costρ
= =

= − −∑∑ ,                                      (8) 

where tρ  shows the electricity price of energy sold to 
customers at time t; ,i tP  describes the demand of bus i at time t. 
If DRP is implemented at bus i, ,i tP  is calculated using (3). 

Reliability is one of the main factors for assessing the DS’s 
power quality and customers’ satisfaction. In this paper, the 
power flow constraints of the distribution circuit are considered 
as the factors impacting the reliability. These constraints are the 
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main root causes of ENS. The DS’s loading level can increase 
until the power flow constraints of DS’s branches for supplying 
the peak load are violated. The ENS of a day is defined as the 
third objective function as 

( )
24

, , , ,
1 1

b

t

N

t t i t DRP i t loss t
t N t i

ENS ENS P P P P
∈ = =

  
= = − + +     
∑ ∑ ∑ ,        

(9) 
where tN  is the sum of the hours in which the demand is 
greater than circuit capacity; ,loss tP  indicates the active power 
loss at time t , which is determined by the network’s power 
flow; tENS  and ENS  represent the ENS at time t  and the 
total ENS in the distribution system, respectively. 

B. Constraints 
The constraints include security, power flow, and DRP 

constraints. The network’s voltage limitation and the lines’ 
capacity are security constraints considered in the optimization 
problem which are defined as    

min , max , ,i tV V V t i≤ ≤ ∀ ,                         (10) 

( ) ( )2 2

,max ,        =1,2,...,t t
b b bQ P S b M+ < ,                               (11) 

where minV  and maxV  are the minimum and the maximum 
allowable values of the distribution system’s voltage, 
respectively. Also, t

bP and t
bQ  are the active and reactive power 

transmitted through branch b at hour t; ,maxbS  denotes the 
maximum apparent power allowed to transmit through branch 
b; M indicates the number of the branches. The other 
operational constraint is the power flow constraint of 
distribution circuit, defined as 

, ,      ,cir t cirS CAP t i≤ ∀ ,                         (12) 
where ,cir tS  and cirCAP  represent the apparent power 
transmitted through the main branch of the circuit at time t and 
the power flow constraint of the circuit, respectively. 

The execution of the incentive-based DRP in the distribution 
system should be subject to specific constraints. Constraints 
considered for the DRP implementation include maximum 
participated power and capacity, and the incremental and 
decremental power balance, which are defined as 

, , ,0.25 ,        ,DRP i t i tP P t i′< × ∀ ,                        (13) 

24
, , max

1
,  = 1 , 2 , ... , 

2
DRP i t

drp b
t

P
C i N

=

≤ ∀∑ ,                (14) 

24

, ,
1

0,DRP i t
t

P i
=

= ∀∑ .                         (15) 

Equation (13) shows that the load’s participated power per hour 
should be less than 25% of its maximum. Equation (14) also 
indicates that the sum of decremental or incremental 
participated power must be smaller than a certain limit. Finally, 
the equality of the total sum of the incremental power with the 
sum of decremental powers during a day is expressed in (15). 
Moreover, max

drpC  represents the allowable maximum 
participated capacity of each load in DRP.s 
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Fig.1. Flowchart of the proposed method for the CVR and the DRP. 

Fulfilling the active power balance in the DS is one of the 
necessary constraints for power flow calculations, which is 
considered in the proposed optimization problem in the form of 

( ), , , ,
1

,
bN

t t i t DRP i t loss t
i

P ENS P P P t
=

− = + + ∀∑ .            (16) 

According to (16), the aggregation of the total demand of the 
consumers affected by the DRP and the active power loss 
should be equal to the supplied power considering the ENS. 

IV. METHODOLOGY 
The goal of this paper is to optimize the costs, profit, and 

reliability of DS by adjusting the voltage and executing the 
DRP. The proposed optimization problem is run in a day-ahead 
manner after the day-ahead market prices for the next day are 
available from the wholesale market. Even though for VR, the 
optimization of different hours of the day is independent, 
DRP’s participated power at different hours highly depend on 
each other (see (3)). Therefore, in the proposed approach, all 
hours of the day should be considered in a single optimization 
problem. The flowchart of the proposed optimization algorithm 
using the EMA is shown in Fig. 1. The steps of the proposed 
algorithm are as follows: 
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Step 1. Initializing input data of the optimization problem: 
In this step, the initial information including next day’s 

hourly active and reactive power profiles, hourly day-ahead 
market prices, electricity price to be sold to the customers, 
customer incentive rates, self and cross elasticity of the network 
loads, circuit power flow constraint, and ZIP coefficients are 
initialized. 

Step 2. Generating the initial population: 
A population member consists of the desired optimization 

variables including the primary bus voltage and the participated 
power of each network’s load in the DRP within 24 hours. The 
initial population including a number of members is generated 
considering the problem constraints. After the initial population 
is formed, the algorithm's iteration counter is set to one. 

Step 3. Power flow and cost function calculation 
In this step, for each member of the population, the power 

flow is performed according to the power balance and the 
maximum permissible power transmitted through the circuit. 
The power flow considers the bus voltage variations and the 
load demand changes according to the ZIP model. After 
performing the power flow, based on the results obtained, the 
intended objective function is calculated for all members of the 
population. 

Step 4. Assessing the security constraints  
After power flow is conducted, based on the values obtained 

for the bus voltages and the power of the branches, the security 
constraints are examined. If the security constraints are not met, 
a penalty factor is applied to the intended objective function 
which is defined as 

,1 ,0 ,j jFC FC pen j= × ∀ ,                         (17) 
where pen represents the penalty factor for the optimization 
problem. ,0jFC  and ,1jFC are the corresponding values of the 

thj  objective function before and after applying the penalty 
factor, respectively. pen is chosen large enough such that a 
member of the population that does not comply with the 
security rules loses its rank in the market and is removed from 
the population in the subsequent iterations. 

Step 5. Sorting the population’s members 
In this step, population members are sorted in ascending 

order according to the value of their objective function, and the 
iteration counter of the algorithm increases by one unit. 

Step 6. Applying the non-oscillatory operator 
The non-oscillatory operator tackles the optimization 

problem assuming the balanced stock market condition as 
explained in Section II.D. Herein, each population member 
resembles a stockholder in the stock market. In the balanced 
stock market condition, participants exchange their stock by 
predicting the market condition while not taking any risks in 
their trades. In this case, optimization problem participants are 
classified into top, medium, and low rank categories. Members 
in top rank category seek to maintain their position in the 
population members’ list and do not change their values. 

However, members in medium and low rank categories update 
their values using  

(2) (1) (1)
1, 2,(1 ) ,

with 1,2,3, and 1,2,3,

g g g
n m m

m n

pop r pop r pop
m n n n
= × + − ×

= = 

,                                   (18) 

( )
( )

(3), (3) (1) (3)
1 ,1

(1) (3)
2 ,2

1.6

                  1.6

g new g g g
f f m f

g g
m f

pop pop r pop pop

r pop pop

= + −

+ −
,        (19) 

where (1)
1,
g

mpop  and (1)
2,
g

mpop   are the values of two population 
members selected from the top rank stockholders. (2)g

npop  and 
(3)g

fpop  are the values of the intended member of the medium 
and low rank categories, respectively. mn  and nn  are the number 
of members in the top rank and medium rank categories, 
respectively. r , 1r , and 2r are random variables between zero and 
one. As seen, the medium and low rank category members 
select their values as the average of the values of the two 
members selected from the top rank category.  

The non-oscillatory operator changes the value of the 
variables. Therefore, there might be a chance that the new 
variable values do not comply with the problem constraints. 
Therefore, it is necessary to check the constraints related to the 
variables and make the required changes if the constraints are 
not satisfied. The new variable values created by the non-
oscillatory operator should go through steps 3, 4, and 5 to 
update and sort the population’s members and prepare them for 
the oscillatory operator. 

Step 7. Applying the oscillatory operator: 

In the oscillatory operating mode, market conditions are 
unpredictable. Therefore, stockholders carry out their 
exchanges considering risks. As they reduce their rankings in 
the market, their associated risks increase accordingly. Similar 
to the non-oscillatory operator, the population members are 
divided into three categories of top, medium, and low rank 
categories. Top rank category members do not change their 
shares to maintain their ranking in the market. However, 
medium rank category members update their values as  

( )2 2 22t tn n rδ µ η∆ = − + × × × ,                        (20) 

pop

pop

t
n

µ = ,                          (21) 

2 2 2tn gη = × ,                          (22) 

2,max 2,min
2 2,max

max

k g g
g g k

iter
−

= − × .                        (23) 

In (21), 2tn∆  represents the amount of change in the value of a 
variable in a member from the medium rank category. 2tn  is the 
value of the intended member’s variable before the oscillatory 
operator takes action. δ , µ , 2η  and r  represent market 
characteristic, the rank coefficient of the intended member, risk 
level for the members of the second category, and a random 
number between zero and one, respectively. In (21), tpop and npop 
indicate the rank of the member and the total number of 
population members, respectively. 2

kg  and k are the risk level 
of the intended member from the medium rank category and the 
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value of the algorithm’s iteration counter. The low rank 
category members update their values as 

3 34t sn r µ η∆ = × × × ,   (24)

0.5sr rand= − ,                                       (25) 

3 3 3tn gη = × ,                          (26) 
where 3tn∆  is the amount of change in the value a variable in 
a member from the low rank category. 3tn is the value of the 
intended member’s variable before the oscillatory operator 
takes action. 3η  and 3g  are the risk level of the intended member 
and the risk taken in the low rank category, respectively. sr  is a 
random number from [−0.5, 0.5] range. rand denotes a 
uniformly distributed random number. The new variable values 
created by the oscillatory operator should go through steps 3, 4, 
and 5 to update and sort the population’s members. 

Step 8. Checking the algorithm termination criterion 
In this step, the algorithm’s iteration counter value is 

evaluated. If it reaches its final value, the algorithm ends, 
otherwise, the algorithm returns to step six. 

Step 9. Selecting the final optimal solution 
In the last step, the member with the best ranking in 

population, which has the optimal value of the objective 
function, is chosen as the final optimal answer to the problem. 

V. RESULTS AND DISCUSSION 

To verify the effectiveness of the proposed optimization 
problem and evaluate the impact of DRP and VR on the 
presented objective functions, first, DRP and VR are 
implemented individually, and then, they are integrated. To 
study the impact of implementing VR and the incentive-based 
DRP on the discussed objective functions, eight different 
scenarios are considered as listed in Table Ⅰ. Scenario 1 is 
considered as a baseline when the circuit power flow is not 
constrained. On the other hand, Scenario 6 denotes a baseline 
scenario assuming that the circuit has a power flow constraint. 
In these two scenarios, no optimization is performed. However, 
the objective functions are calculated to facilitate the 
comparison of results gathered form optimization scenarios 
with the baseline scenarios. In Scenarios 2 and 3, the VR is 
performed considering the cost and profit of the network as the 
objective functions, respectively. Scenarios 4 and 5 
simultaneously apply CVR and DRP considering the cost and 
profit of the network as the objective functions, respectively. As 
seen, Scenarios 1 to 5 do not consider the circuit capacity 
constraint, while this constraint is involved in the optimization 
process for Scenarios 6 to 8. 

Simulations are conducted in MATLAB using the IEEE 33-
bus distribution system [37], shown in Fig. 2. The cost of energy 
sales is considered to be at a constant rate of 3.5 ¢/kWh and the 
hourly price of electricity in the market is shown in Fig. 3 [3]. 
The incentive rate paid in the DRP is 1 ¢/kWh. The power flow 
constraint of the circuit is considered to be 4 MVA. The values 
of the self and cross elasticity used in the DRP are shown in 
Table Ⅱ [38]. In this work, a load below 2.8 MW is considered 

as an off-peak load, between 2.8 and 3.3 MW is considered as 
a partial-peak average load, and above 3.3 MW is considered as 
a peak load. Additionally, the values of minV and maxV are set to 
0.9 and 1.05, respectively. It is assumed that LTC can change 
the DS voltage using 32 consecutive taps. The coefficients of 
the ZIP model of the residential customers are presented in 
Table Ⅲ [39]. The maximum participation capacity involved in 
the DRP is 8 MW. 

A. VR and DRP Impacts in Scenarios 1 to 5 

Table Ⅳ shows the amount of energy purchased, sold, and 
lost in Scenarios 1 to 5. As mentioned, Scenario 1 is considered 
as the baseline. In Scenario 2, since the objective function is to 
minimize the cost of purchasing energy from the main grid by 
implementing VR, primary bus voltage reaches its minimum 
allowable value which in turn reduces the amount of energy 
purchased. Therefore, it is observed that the amount of energy 
purchased and, consequently, the energy sold in Scenario 2 is 
less than the baseline Scenario 1. In Scenario 4, by integrating 
incentive-based DRP to CVR, the amount of purchased and 
sold energy, and the power loss of the system are decreased 
compared to Scenario 2. The reason is that DRP smooths out 
the daily load profile. This results in a relatively higher voltage 
profile of the circuit, which in turn increases the flexibility of 
utilizing LTC tap and further voltage reduction through CVR.  

 
Fig. 2. IEEE 33-bus system single line diagram. 

TABLE I 
TEST SCENARIOS AND CORRESPONDING OBJECTIVE FUNCTIONS 

Number Scenario Objective 
Function

1 Base case - 
2 Considering VR Cost 
3 Considering VR Profit
4 Considering VR and DRP Cost 
5 Considering VR and DRP Profit 
6 Considering circuit power flow constraint - 
7 Considering circuit capacity limitation and VR ENS 

8 Considering circuit capacity limitation, VR, and 
DRP ENS 

TABLE Ⅱ 
SELF AND CROSS ELASTICITY OF THE 33-BUS NETWORK LOADS  
# Peak load Partial-peak load Off-peak load 

Peak load -0.1 0.16 0.12 
Mean load 0.16 -0.1 0.1 
Off-peak 

load 0.12 0.1 -0.1 

TABLE Ⅲ 
COEFFICIENTS OF ZIP MODEL 

Class of Customers pzc
 pi

c
 ppc

 qzc
 qi

c
 qpc

 
Residential 0.85 -1.12 1.27 10.96 -18.73 8.77 



 
7 

TABLE Ⅳ 
PURCHASED, SOLD, AND LOST ENERGY [MWH] IN SCENARIOS 1-5 

Scenario Purchased energy Sold energy Lost energy 
SC1 78.2854 75.7857 2.4997 
SC2 76.5460 73.9145 2.6315 
SC3 80.0629 77.6255 2.4374 
SC4 75.7020 73.1758 2.5262 
SC5 80.1220 77.6654 2.4566 

TABLE Ⅴ 
DEMAND COST, LOSS COST, DRP COST, TOTAL COST, REVENUE, AND PROFIT 

[$] IN SCENARIOS 1TO 5 
Scenario DC LC DRPC TC Revenue Profit 

SC1 2448.1  81.1 0 2529.3 2652.5 123.1 
SC2 2388.0 85.4 0 2473.4 2587.0 113.5 
SC3 2505.5 79.2 0 2584.7 2716.8 132.1 
SC4 2362.8 81.9 12.05 2456.7 2561.2 104.4 
SC5 2491.9 83.3 8.51 2579.2 2718.3 139.1 

It should be noted that DRP only shifts a portion of the load 
from one hour to another and does not affect the total load. 
Since the objective function of Scenario 3 is the profit from the 
sale of energy, the voltage profile is slightly increased in the 
hours with low electricity price to increase the amount of 
purchased energy. As seen in Table Ⅳ, the implementation of 
the DRP and VR in Scenario 5 increases the amount of 
purchased and sold energy. However, if one compares the 
results of Scenario 5 and 3 versus the results of Scenario 4 and 
2, Scenario 5 is less effective than Scenario 4. Therefore, one 
can conclude that the implementation of the DRP and CVR with 
cost as the objective is more effective than DRP and voltage 
increase with profit as the objective. 

In Table Ⅴ, the calculated demand cost (DC), loss cost (LC), 
DRP cost (DRPC), total cost (TC), revenue, and profit are 
listed. Table Ⅴ shows that TC decrease in Scenario 4 compared 
to Scenario 2 and profit increase in Scenario 5 compared to 
Scenario 3 due to the implementation of incentive-based DRP. 
The reason is that in Scenario 4, the DRP transfers loads from 
hours with high electricity price to low price hours to reduce the 
cost of purchasing energy throughout the day. In Scenario 5, 
DRP increases the profit of selling energy by transferring the 
load to hours that purchase price is lower than the sale price. 
Fig. 3 shows the 24-hour load profile of the network along with 
the hourly electricity price in the market for Scenarios 1 to 3. 
As seen, in Scenario 2, the CVR reduces the network's load 
profile compared to the network's base mode during all hours 
of the day. In Scenario 3, when the energy price in the market 
is lower than the cost of selling energy (3.5 ¢/kWh), the voltage 
level is slightly stepped up to increase the loading level and 
achieve a higher profit. Additionally, when the market price is 
higher than the sales price in the network, the load profile 
decreases by decreasing the network voltage within the 
allowable voltage range. 

B. VR and DRP Impacts in Scenarios 6 to 8 
Table Ⅵ shows the amount of energy purchased, sold, and 

lost in Scenarios 6 to 8. In these scenarios, the circuit power 
flow constraint is considered and ENS is the objective function. 
In Scenario 7, the amount of purchased and sold energy is 
reduced compared to Scenario 1, and since the objective 

function is minimizing the ENS, by employing VR, the amount 
of energy bought and sold increases compared to Scenario 6 to 
improve the reliability. In Scenario 8, although the 
implementation of the DRP does not directly affect the total 
energy consumption, it improves the VR performance and 
increases the energy purchased from the wholesale market and 
the energy sold to the customers as well. 

Table Ⅶ represents the TC, profit, DRPC, and ENS for 
Scenarios 6 to 8. Simulation results show that VR reduces the 
ENS. CVR decreases the voltage level of the network and, 
consequently, the overall loading of the network, which in turn 
reduces the ENS. The combined VR and DRP reduces ENS 
more than the sole implementation of VR. However, this is 
achieved at the cost of reducing profit as seen in Scenario 8.  
The DRP transmits the load from peak hours to off-peak hours 
and by solving the circuit power flow constraints, reduces the 
ENS, and improves the reliability of the network. 

C. Impacts of Optimization Algorithms on the Voltage of 
Distribution System 

To show the impact of DRP and VR optimization algorithms 
on the voltage of the distribution system, two indices are used 
as seen in Table Ⅷ. The first index is VDI, formulated as 

24 33
0 2

,
1 1

( )i t i
t i

V V
VDI

T
= =

−
=
∑∑

,                         (27) 

where ,i tV  denotes the voltage of bus i at time t; 0
iV  is bus i  

nominal voltage. T is set equal to 24. The second index is CVR  
of the network which represents the percentage of voltage 
reduction caused by voltage optimization. CVR  [40] is 
formulated as 

24 33
0 1
, ,

1 1
( )

100
i t i t

t i

b

V V
CVR

T N
= =

−
= ×

×

∑∑
,                         (28) 

where 0
,i tV  and 1

,i tV represent the per-unit voltage of the bus i at time 
t before and after VR implementation, respectively.  

TABLE Ⅵ 
PURCHASED, SOLD, AND LOST ENERGY [MWH] IN SCENARIOS 6-8 

Scenario Purchased energy Sold energy Lost energy 
SC6 76.8202 74.3722 2.4480 
SC7 77.0782 74.5856 2.4926 
SC8 77.5442 75.0362 2.5080 

TABLE Ⅶ 
TOTAL COST, PROFIT, DRP COST [$], AND ENS VALUE [MWH] IN SCENARIOS 

6 TO 8 
Scenario TC Profit DRPC ENS 

SC6 2477.98 125.04 0 1.4618 
SC7 2485.24 125.60 0 0.8808 
SC8 2516.46 109.80 16.62 0.3847 

TABLE Ⅷ 
VOLTAGE DEVIATION INDEX AND CVR VALUES 

# SC1 SC2 SC3 SC4 SC5 SC6 SC7 SC8 
VDI 0.059 0.187 0.043 0.256 0.046 0.056 0.112 0.086 
CVR - 4.70 -5.17 5.12 -3.75 - 1.21 0.94 
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Fig. 3. Network daily load profile and the electricity price in the market. 

Table Ⅷ shows that in Scenario 2 the VDI is increased by 
decreasing the network’s voltage level. In Scenario 3, the CVR 
reduces the VDI value to achieve a higher profit. In Scenario 4, 
with the integration of DRP and CVR, VDI is higher than 
Scenario 2 as a result of a further decrement in the network’s 
voltage level. In Scenario 5, the integration of DRP and CVR 
results in the further increase of the network’s voltage level and 
VDI compared to Scenario 3. In Scenario 7, by decreasing the 
network voltage level, the VDI value has increased compared 
to the baseline Scenario 6. In Scenario 8, the simultaneous 
execution of DRP and CVR reduces VDI compared to Scenario 
7. The reason is that DRP transfers load from peak hours to off-
peak hours and increases network voltage level. The positive 
and negative CVR  index denote the increase and decrease of 
network voltage level compared to the normal voltage, 
respectively. In scenarios with the cost of energy purchasing as 
the objective function, the value of this index is positive. 
However, in the scenarios where the profit from the sale of 
energy is the objective function, the value of this index is 
negative. In scenarios with ENS as the objective function, the 
value of CVR  is positive due to the reduction in the voltage 
level. 

VI. CONCLUSION 
In this paper, the impact of incentive-based DRP and VR on 

the operation of DSs is investigated. The considered objective 
functions are cost minimization, reliability improvement, and 
profit maximization. The cost of purchasing power from the 
main grid and the cost of implementing the incentive-based 
DRP are considered as network operational costs. The ENS 
index is selected to evaluate network reliability. The effective 
factor in reducing reliability is the limited capacity of the power 
transmitted through the circuit. EMA is used to solve the 
optimization problem. The ZIP coefficient model is used to 
model the load's dependence on the voltage. CVR  and VDI 
indices are utilized and calculated to highlight the impact of 
optimization algorithms on the distribution system voltage.  

The proposed approach is verified on IEEE 33 bus test 
system. Simulation results indicate that the integration of DRP 
and VR can improve the DS reliability while increasing the 
profit of DS. The implementation of the CVR in the network 
decreases the cost of the purchased energy by decreasing the 
voltage level. Moreover, increasing the voltage level when the 
price of electricity in the market is lower than the price of the 
network increases the profit from selling energy. By reducing 
the network load as a result of reducing the voltage level, the 

ENS is minimized and the network's reliability is improved. 
Although the incentive-based DRP does not directly affect the 
amount of network demand, it improves the reliability of the 
network by helping with the VR. 
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