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Abstract: Demand Side Management (DSM) provides a better solution in order to manage increased electricity
demand in the power system network. The DSM program relieves the stress on the electrical network for
maintaining power system reliability during peak hours. This work proposes a new scheduling approach based on an
Adaptive Differential Evolution algorithm (ADEA) by considering a new recombination probability factor (CP) and
real mutation factor (F) for analysis. This proposed method is analyzed for industrial, commercial and residential
network loads. The main aim of this demand control technique is to reduce the difference between the target curve
and total load consumption curve. This paper provides a better solution compared to other algorithms like
Evolutionary Approach (EA) and Symbiotic Organism Search (SOS) to reduce the peak load and electricity cost in
industrial, commercial and residential distribution networks. The proposed method gives 8.2 % peak load reduction
compared to EA for residential area and 2.28% reduction in peak load when compared to SOS for commercial sector.
Also it reduces the electricity cost at 17.25%, 20.76% and 21.15 % for residential, commercial and industrial sectors
when compared to without DSM. The participation factor of a consumer may be increased by price factor and the
less violation in their scheduled demand. The described concept provides a relatively accurate fit to the target curve
after load shifting. This concept will increase consumer participation in the DR Program.
Keywords: Smart grid, DSM, Demand response, ADEA.

1. Introduction
From its beginnings until recent times, the
electric sector has remained unchanged in terms of
the form and sources of generation, topology of its
transmission and distribution network and the
marketing of the service to a user with passive
characteristics. Electric operators, usually vertically
constituted state companies, generated the necessary
energy and enough energy to supply consumers at
all times. In this structure, the generation through
traditional sources of energy (e.g., hydroelectric, oil,
coal, etc.) was concentrated in a few large facilities
and far from the consumption centers, where all the
value chain of the sector was a monopoly of these
companies.
The appearance and promotion of new
technologies focused on residential users and small
industries, such as electric transport or distributed

energy resources (DER) grant them a more active
role within the sector. Automation of certain charges
allows a dynamic and intelligent adjustment of its
power as in [1]. This change of role in residential
users will allow them to eventually consume more
energy but in a solidary and intelligent way with the
system and at a lower cost. In order to incorporate
these changes, the vertical structure of the electricity
sector has been divided, encouraging restructuring
in some of the stages of its value chain. The
restructuring of the electricity markets has allowed
the opening to new participants. In this model, the
different generators compete to sell their energy
production in the market of the distributors and the
big consumers, using the rules of the competitive
markets and under the supervision of an independent
regulator of the controller. In the case of Uruguay,
the Regulatory Framework Law and its regulations
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Figure. 1 Smart grid paradigm

establish the entry conditions for the agents
interested in the generation of electric energy, its
commercialization in the wholesale market [2] and
the technical restrictions for its installation. The
entry model in the wholesale market was through
the creation of contracts with the only merchantenabled and some isolated cases forming contracts
with large consumers, with marginal participation in
the spot market.
These are some of the concepts that have
motivated the appearance of intelligent electrical
networks or better known as smart grids [SG] in the
academic and industrial areas. The objective is to
transform the current network into an intelligent,
resilient and self-managing network, maintaining a
service and quality of supply that meets the new
needs. Fig. 1 shows the infrastructure of SG, for
which the incorporation of new unattended functions
and monitoring in real time is necessary. The use of
the new communication technologies available
facilitates the exchange of information between the
different participants and promotes the development
of control algorithms that maintain the stability of
the network, adapting quickly and efficiently to
changes.
The penetration of mini and micro-generation in
the distribution network or the appearance of
consumers in the system begins to position
themselves and take relevance as one of the
technological challenges to be faced. Energy
transactions between geographically close customers
(e.g. Clients from the same neighborhood), local
networks or micro grids operating in isolation or
switching between different sources of generation,
virtual plants of generation acting on the distribution
network, are some of the new emerging
opportunities that start to position itself as the
electrical network of the future. For retailers in the
retail market, developing the ability to coordinate
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aggregate demand for their customers allows them
to participate actively in wholesale markets. These
possibilities allow offering different services to the
electric system such as regulation, demand response
or optimization of the physical resources of the
network. This horizon of possibilities will point the
way towards an optimized, decentralized and
dynamic network, maximizing the efficiency of its
markets and system resources, promoting new
business models and mainly decreasing the cost of
energy service.
In short, in this process of evolution of the
electric sector, the operation of the network must
adapt to the new sources of renewable generation,
the penetration of DER technologies to the system
and to the new more active and flexible role of the
local users. In addition, service provider companies
should be coupled to new decentralized business
models, with the particular feature that the links of
the value chain of the sector will be moving towards
the borders of the same, even penetrating within the
limits of the users.
The traditional grids are unable to meet the
electricity demand because of day to day
uncontrollable increasing loads. SG is a new
paradigm of the traditional power grid and provides
more advanced, reliable, efficient and dependable
electrical services. The SG is an important platform
for implementing new energy strategies, which is of
great significant for adjusting energy structure,
energy conservation, emission reduction, and coping
with climate change.
SG has the features of automation, digitalization,
and customer interaction in a smart and efficient
way. It follows the duplex based communication
protocol between the utility provider and the
electricity consumer. Solving the gap between
Supply and demand for electricity is the main issue
in the smart grid. DSM program includes
approaches of valley filling; peak clipping, peak
load shifting, energy conservation, and energy
growth to achieve the modification in the load shape
of the consumers. Load shifting with smart pricing
is a more efficient method in the DSM program to
manage loads. Demand response (DR) in SG has the
ability to reduce the peak demand [3] by modifying
the load shape and thereby reducing the consumer’s
electricity bill. Modification of energy demand has
been done through financial incentives and
behavioral change. Home Energy Management
Systems (HEMS) is used to achieve residential load
management; without focusing on electricity pricing
is discussed [4] but consumer satisfaction is not
considered. Smart pricing tariffs are used in energy
consumption scheduling. In [5, 6] Time of use
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(ToU) pricing is used to reduce and optimize the
electricity demand and cost.
There are two load management approaches
Direct Load Control and Smart Pricing in DR
programs. By the first approach, the utility can
remotely shift the usage of appliances from on-peak
time to off-peak times [7]. Uncontrolled appliances
may create a high peak to average ratio (PAR). With
the second approach, incentives provided for active
consumers participated in DR programs to manage
their power usage. The main category of smart
pricing are ToU, critical peak pricing, Real-time
pricing and Day Ahead Pricing.
During period of peak energy demand (during
hot summer days) the electric system may require
more power. In CPP, the price for most of the time
period in a day is fixed and high for a few period of
time. In RTP, the price varies at different hours of
the day. The varying prices may create
uncomfortable for the users to respond. The tariff
for each period is constant and predetermined in
ToU pricing.
This paper is summarized as follows. Section 2
deals literature review of related work. Section 3
describes about the proposed Methodology. Section
4 details about the mathematical formulation related
to proposed algorithms. Section 5 discuss about the
simulation setup for the verification of the proposed
algorithm. Section 6 details about the result and
their analysis. Finally, section 7 concludes this work.

2. Related works
Most of the researches are based on algorithms,
strategies, techniques and hybrid algorithms for the
DSM in smart grid [8, 9]. The behaviour of pricing
signals such as RTP, TOU, and CPP are analyzed
for optimized consumption scheduling of HEMS [10,
11], and [12]. Fuzzy based peak load reduction a
smart grid environment is proposed in [13, 14].
Furthermore, hybrid grey wolf differential evolution
(HGWDE) is implemented and is considered more
number of appliances on a single home. The
optimization problem is done for different smart
pricing schemes.
In paper [15] cost efficiency based appliance
scheduling is proposed. Based on different
consumption patterns the cost efficiency can vary
and is sensitive to behaviors of load shifting. In [16],
a logarithmic pricing model was used to model the
DSM problem. An effective incentive-based DR
program is implemented [17, 18] based on customer
reward scheme thereby the involvement of
residential user participation is increased. In any
DSM programs, customer’s response/degree of
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participation is the main and strong impacts on the
optimization process. Flexible load-shape shifting in
DSM is achieved by cost characterization and
customer acceptance and response. In [3], linear and
restricted response of various customers is compared
and the optimum incentive is determined. Demand
response can increase short-term system capacity
through price-based response schemes, avoiding or
delaying peak capacity costs to meet peak loads.
Although demand response technology can increase
the price elasticity of user demand, the rising rate of
renewable energy [19, 20] penetration increases the
uncertainty of price-based demand response
behaviour. At the same time, load participation
demand should also be generated. Counter-effects,
such as increasing the uncertainty of load
forecasting and the actual negative volatility
appropriately increasing the robustness of the unit
combination can well suppress the effects of various
uncertainties.
In a Collaborative scheduling operation
management technology support platform, through
the sharing of business data and the interaction of
processes, realize unified management of plantrelated scheduling operations, which simplifies user
access complexity and has good compatibility and
scalability.
The scheduling problem was formulated by the
game theory in [21-23]. A non-cooperative based
continuous game is proposed to make the interactive
model of the different consumer and a Stackelbergs
game was used to represent their interaction with the
service provider. In [24] proposed a game theory for
scheduling the residential load. The pricing
mechanism is considered on the basis of convex
function for the analysis. Some incentive based
approaches are proposed in [25, 27] by encouraging
the consumers by reducing their usage during peak
hours for efficient scheduling. A heuristic based
energy consumption scheduling is proposed in [26].
This Evolutionary approach (EA) considered all
types of end user in their analysis. The goal is to
improvise the efficiency. This approach supports the
shifting of peak load to some other off peak hour in
a day. In [9] Symbiotic organisms search (SOS)
algorithm is presented and also considered
residential, industrial and commercial end users. It
gives the better peak load reduction only for
industrial area compared to logarithmic approach. It
leads to the proposal of a new Meta heuristic
approach so called an Adaptive differential
evolution algorithm (ADEA) in this paper.
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𝑔+1

3. Proposed methodology

𝑔+1

The proposed algorithm can be summarized as
follows. Our proposed algorithm is based on
Adaptive differential evolution algorithm (ADEA).
In differential evolution algorithm (DE) [28],
feasibility oriented global search techniques are used.
This process is used to solve the optimization
problem in the direction of the feasible region. It is
an Optimization algorithm for non-differentiable,
non-continuous objectives. The major advantage of
DE over G A is that DE use mutation as the primary
search process and selection process to guide the
search in the direction of feasible regions which can
be explained below the Eq. [1-4]. A more suitable F
and CP parameter settings can be determined
adaptively to match different stages of the search
process. The setting of adaptive parameters F
(Mutation factor) and CP (a recombination
probability factor) can be calculated by Eq. (5) and
(6).
A set of individual I is called a population.
Individual I is a parameter which is used for
optimization. Consider a population size of N and g
is the generation.
The population matrix can be represented as
𝑔

𝑔

𝑔

𝑔

𝑔

𝑋𝑛,𝑖 = [𝑋𝑛,1 , 𝑋𝑛,2 , 𝑋𝑛,3 … … … . . 𝑋𝑛,𝐼 ]
𝑖 = 1,2,3 … . . 𝐼
𝑛 = 1,2,3 … . . 𝑁

(1)

𝑈𝑛,𝑖 = {

𝑉𝑛
𝑔
𝑋𝑛,𝑖

𝑖𝑓 𝑟𝑎𝑛𝑑(𝑖) ≤ 𝐶𝑃 (𝑜𝑟)𝑖 = 𝐼𝑟𝑎𝑛𝑑
𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
(3)

𝐼𝑟𝑎𝑛𝑑 is an integer random number between [0, 1].
CP is the recombination probability factor and it
increases the diversity factor in a population.
Selection:
𝑔

Comparison between the population vector 𝑋𝑛,𝑖
𝑔+1

and the trial vector 𝑈𝑛,𝑖 gives the better fitness to
the next generation using Eq. (4).
𝑔+1

𝑔

𝑋𝑛,𝑖 = {

𝑈𝑛,𝑖

𝑔+1

,

𝑖𝑓 𝑓(𝑈𝑛

𝑔

< 𝑓(𝑋𝑛 )

𝑔

𝑋𝑛 , 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
(4)

In ADEA [23], the value of and CP are relatively
small at early and late stage, relatively fast increase
in the middle, just to meet the global search and can
be calculated by using Eq. (5).
𝜋𝑐
𝜋
− )
𝐼𝑡𝑒𝑟𝑚𝑎𝑥
2
𝐼𝑡𝑒𝑟𝑚𝑎𝑥
, 𝑖𝑓 (𝑐 ≤ 2 )
𝜋
𝜋𝑐
(1 − 𝛼) × 𝑐𝑜𝑠 ( −
)
2
𝐼𝑡𝑒𝑟𝑚𝑎𝑥

𝛼 + (1 − 𝛼) × 𝑠𝑖𝑛 (
𝐹=
𝛼−
{

(5)

, 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

The following steps are involved in EDEA.
𝐶𝑃 =

Mutation:

𝜋𝑐

Select three random vectors from each given
vector. The differential value of two vectors is
compared with the third vector and which is used to
𝑔+1
find mutated vector𝑉𝑛 .
This can be represented as
𝑔+1

𝑉𝑛

𝑔

𝑔

𝑔

= 𝑋𝑟1,𝑛 + 𝐹(𝑋𝑟2,𝑛 − 𝑋𝑟3,𝑛 )
𝑟1 ≠ 𝑟2 ≠ 𝑟3 ≠ 𝑛
𝑛 = 1,2,3 … … . 𝑁

(2)

Where, F is the real mutation factor which
controls the amplification/scaling value between the
two vectors.
Crossover:
𝑔+1

A trial vector 𝑈𝑛,𝑖 is developed from population
vector

𝑔
𝑋𝑛,𝑖

and is defined by Eq. (3):

𝛽 + (1 − 𝛽) × 𝑠𝑖𝑛 (𝐼𝑡𝑒𝑟

𝑚𝑎𝑥

𝐼𝑡𝑒𝑟𝑚𝑎𝑥
)
2
𝜋
𝜋𝑐
𝑐𝑜𝑠 ( 2 − 𝐼𝑡𝑒𝑟 )
𝑚𝑎𝑥

, 𝑖𝑓 (𝑐 ≤
𝛽 − (1 − 𝛽) ×
{

𝜋

− 2)
(6)

, 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

Let the values of 𝛼 and 𝛽 are constants. Assume 𝛼
=0.8, and 𝛽= 0.75 in the analysis. 𝐼𝑡𝑒𝑟𝑚𝑎𝑥 is the
maximum limit of iterations, and ‘c’ is the current
iterations.
Parameter settings play the major role in the
performance of the DE algorithm. But the problem
characteristics significantly affect the choice of
parameters. A more suitable F and CP parameter
settings can be determined adaptively to match
various stages of the search process.

4. Mathematical formulation
In this paper, the ADEA algorithm has been
proposed to optimize the DSM load scheduling
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analysis. A large number of appliances and multiobjective functions can be handled by this proposed
approach. In this mathematical model, the objective
of DSM is to minimize consumer bill has been done
through the reduction of the deviation between the
target curve and total load consumption curve.
Customer comfort is also considered for building an
effective load shifting based DR program. The
problem of load scheduling optimization that
minimizes the total electricity cost of residential,
industrial and commercial consumers.
Appliances classification: By considering energy
and user comfort, the loads are classified as nonshiftable
(Uncontrollable)
and
shiftable
(controllable) type.
Non-shiftable appliances: They have a fixed
operation period and power requirement. Examples:
TV, Electric stove, Refrigerator, and Lighting.
Shiftable appliances: For shiftable appliances,
Scheduling is done to operate the appliances
according to their power consumption and time.
Example: PHEV, dishwasher, washing machine, and
cloth dryer.
This paper is mainly focused on reducing peak
load, cost and discomfort level. Our aim is to reduce
the deviation between the load consumption curve
and the objective load curve. The minimization of
cost and load during peak can be calculated by the
following Eqs. (7) and (8).
The minimization problem is expressed as,
(i) Minimize
2
𝐶𝑢𝑟𝑣𝑒 𝑑𝑒𝑣𝑖𝑎𝑡𝑖𝑜𝑛 = ∑24
𝑡=1(𝑃(𝑡) − 𝑂(𝑡))

(7)

(ii) Minimize
𝐶𝑜𝑠𝑡 = ∑24
𝑡=1 𝑃 (𝑡). 𝐶 (𝑡)

(8)

Consider the objective load curve is inversely
proportional to hourly based electricity price to this
analysis.
The objective curve is formulated as in Eq. (9):
𝐶𝑎𝑣𝑔

1

𝑂 (𝑡) = (𝐶𝑚𝑎𝑥) × 𝐶(𝑡) × ∑24
𝑡=1 𝑃 (𝑡)

(9)

Where P (t) = actual consumption of power at t
O (t) = objective curve at t and
C (t) =Cost at time t
P (t) can also be expressed as
𝑃 (𝑡) = 𝑃𝑓𝑜𝑟𝑒𝑐𝑎𝑠𝑡𝑒𝑑 (𝑡) + 𝑃𝑐𝑜𝑛𝑛𝑒𝑐𝑡 (𝑡) −
𝑃𝐷𝑖𝑠𝑐𝑜𝑛𝑛𝑒𝑐𝑡 (𝑡)
(10)

Amount of loads connected during shifting is
represented as
𝑃𝑐𝑜𝑛𝑛𝑒𝑐𝑡 (𝑖)
𝑡−1 𝐴

= ∑ ∑ 𝑋𝑘𝑖𝑡 . 𝑃1𝑘
𝑖=1 𝑘=1
ℎ−1 𝑡−1 𝐴

+ ∑ ∑ ∑ 𝑋𝑘𝑖 (𝑡−1) . 𝑃(1+𝑗)𝑘

(11)

𝑗=1 𝑖=1 𝑘=1

Where, A = Number of appliances types
𝑃1𝑘, 𝑃(1 + 𝑗)𝑘 = Consumptions of power for type
k devices at first step (1) and next step (1+j).
h = total usage time of appliances (type k)
In the same manner the amount of loads
disconnected during shifting can be expressed as,
𝑃𝐷𝑖𝑠𝑐𝑜𝑛𝑛𝑒𝑐𝑡 (𝑖)
𝑡+𝑚

𝐴

ℎ−1 𝑡+𝑚

𝐴

= ∑ ∑ 𝑋𝑘𝑡𝑞 . 𝑃1𝑘 ∑ ∑ ∑ 𝑋𝑘 (𝑡−1)𝑞 . 𝑃(1+𝑗)𝑘
𝑞=𝑡+1 𝑘=1

𝑗=1 𝑞=𝑡+1 𝑘=1

(12)
Where
m = Maximum permissible delay
𝑋𝑘𝑖𝑡 =No.of devices (k type) shifted from time step i
to t
𝑋𝑘𝑡𝑞 = No., of devices (k type) delayed from time
step t to q.
Constraints:
The constraints used in this model are in Eqs.
(13) and (14) which denote the number of shifted
devices cannot be negative and shiftable appliances
cannot be greater than available controllable
appliances.
𝑋𝐾𝑖𝑡 > 0

∀𝑖, 𝑗, 𝑘

∑24
𝑡=1 𝑋𝐾𝑖𝑡 ≤ 𝐶𝑜𝑛𝑡𝑟𝑜𝑙𝑙𝑎𝑏𝑙𝑒 𝑎𝑝𝑝𝑙𝑖𝑎𝑛𝑐𝑒𝑠

(13)
(14)

The fitness value is evaluated using Eq. (15) for
finding the feasible solution.
1
2
(𝑃(𝑡)−𝑂(𝑡))
𝑡=1

𝐹𝑖𝑡𝑛𝑒𝑠𝑠 = 1+∑24

(15)

Higher priority loads may be shifted to the time
period according to the consumer preference has
been done by this algorithm.
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4.1 ADEA algorithm
In ADEA, the following steps are used to
improve the performance of the algorithm for
optimized scheduling.
Algorithm 1 ADEA Algorithm.
1: Initialize the size of population (N), Max
No., of iteration (Itermax), mutation factor 𝐹
and
Recombination probability factor
(CP).
2: Generate initial population using Eq. (1)
3: Mutation.
Calculate mutated vector using Eq. (2)
Update Mutation factor (F) using (5)
4: Crossover.
Calculate trial vector using Eq. (3);
Update Recombination probability factor
(CP) using (6)
5: Selection.
Select the fitness which is minimum and it
is retained in the next generation using (4).
6: End

5. Simulation environment
The data of forecasted load demand and
wholesale electricity prices of industrial,
commercial and residential sectors for 24 hours are
considered for simulation as given in Table 1-4.
Less power consuming appliances that operate for
short periods are considered in residential sectors.
While in commercial, the ratings are slightly higher
and in industrial sector ratings are higher and having
longer duration of operation.
The Wholesale energy price plot is shown in Fig.
2 which shows cost in cents and time in hours.

Time
(Hours)
0-1
1-2
2-3
3-4
4-5
5-6
6-7
7-8
8-9
9-10
10-11

Residential Load
(Kwh)
475.7
412.3
364.7
348.8
269.6
269.6
412.3
539.1
729.4
713.5
713.5

Figure. 2 Cost curve

6. Simulation result
The simulation result on peak load reduction for
residential, commercial and industrial sectors as
shown in Fig. 3-5. In all 3 sectors, the deviation
between load after shifting curve and the objective
curve is reduced and gives the better results
compared to SoS and EA. Table 5 shows the
comparison of peak load reduction using DSM with
and without DSM. It is noted that the percentage
reduction of peak load for residential (26.15%),
commercial (19.13 %) and industrial (15.14 %)
sectors by the proposed method is better than SOS
and EA methods. Percentage Peak load Reduction
comparison is shown in Table 6. The simulations
have been carried out in MATLAB to validate the
performance of the ADEA. The simulation results
obtained for the residential sector are given in Fig. 3.
The consumer cost of the residential sector reduces
from $2302.90(without DSM strategy) to $1905.5
(with DSM strategy), which is about 17.25%
reduction in the operating cost. The simulation

Table 1. Input Data for 3 sectors
Commercial Load
Industrial Load
(Kwh)
(Kwh)
404
974
375.2
876.6
375.2
827.9
404
730.5
432.9
730.5
432.9
779.2
432.9
1120.1
663.8
1509.7
923.5
2045.5
1154.4
2435.1
1443
2629.9
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Hourly Load
(Kwh)
1853.7
1664.1
1567.8
1483.3
1432.7
1481.4
1965.3
2712.6
3698.4
4303
4786.4
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11-12
12-13
13-14
14-15
15-16
16-17
17-18
18-19
19-20
20-21
21-22
22-23
23-24

Appliance
Dryer
Dishwasher
Washing machine
Oven
Iron
Vacuum cleaner
Fan
Kettle
Toaster
Rice cooker
Hair dryer
Blender
Frying pan
Coffee maker
Total

Appliance
Air Conditioner
Coffee Maker
Dryer
Fan
Kettle
Light
Oven
Water Dispenser
Total

Appliances
Arc Furnace
Direct Current Motor
Fan/AC
Induction Motor
Welding Machine
Total

273
808.7
824.5
761.1
745.2
681.8
666
951.4
1220.9
1331.9
1363.6
1252.6
1046.5
761.1

1558.4
1673.9
1673.9
1673.9
1587.3
1558.4
1673.9
1818.2
1500.7
1298.7
1096.7
923.5
577.2

2727.3
2435.1
2678.6
2678.6
2629.9
2532.5
2094.2
1704.5
1509.7
1363.6
1314.9
1120.1
1022.7

Table 2. Residential sector-shiftable appliances data
Number of devices
189
288
268
279
340
158
288
406
48
59
58
66
101
56

5094.4
4933.5
5113.6
5097.7
4899
4756.9
4719.5
4743.6
4342.3
4025.9
3664.2
3090.1
2361.0

Hr 1
1.2
0.7
05
1.3
1.0
0.4
0.2
2.0
0.9
0.85
1.5
0.3
1.1
0.8

Hr 2
0.4
0.2
-

Hr 3
0.2
-

2604
Table 3. Commercial sector-shiftable appliances data
Number of devices
56
99
117
93
123
87
77
156
808
Table 4. Industrial sector-shiftable appliances data
No.
Hr 1
Hr 2
Hr 3
of devices
8
50
50
50
6
150
150
15 0
16
30
30
30
5
100
100
100
35
25
25
25
109

International Journal of Intelligent Engineering and Systems, Vol.12, No.5, 2019

Hr 1
4
2
3.5
3.5
3
2
5
2.5

Hr 2
3.5
2
3
2.5
1.75
-

Hr 3
1.5
3
-

Hr 4

Hr 5

Hr 6

50
150
30
100
25

50
150
30
100
25

50
150
100
-
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results obtained for the commercial sector are given
in Fig. 4. The consumer cost of the commercial
sector reduces from $3636.6(without DSM strategy)
to $2881.3 (with DSM strategy), which is about
20.76% reduction in the operating cost. The
simulation results obtained for the industrial sector
are given in Fig. 5. The consumer cost of the
industrial sector reduces from $5712.0(without
DSM strategy) to $4503.9 (with DSM strategy),
which is about 21.15% reduction in the operating
cost. Table 7 provides the comparative analysis of
proposed DSM strategy along with existing methods
like EA and SOS by considering industrial,
commercial and residential sectors of the smart grid.
The proposed ADEA method reduces the energy
payment costs and peak load in considerable
manners for all the three sectors when compared to
the existing methods EA and SOS. It is interesting to
note that the electricity cost of the residential
(17.25%) industrial (21.15 %) and commercial
sectors (20.76 %) are reduced when compared to the
existing state of art works.
This paper proposed the demand control
technique based on optimized scheduling
approaches using ADEA. For all the three sectors,
the deviation between shifting load curve and the
expected objective load curve is reduced more while
compared to the EA and SOS. Based on the obtained
results of the proposed ADEA the minimization of
energy payment costs and peak load reduction for all
the three sectors are attained.
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Figure. 4 DSM curve for commercial sector

Figure. 5 DSM curve for industrial sector

7. Conclusion

Figure. 3 DSM curve for Residential sector

The proposed work in this paper, mainly discuss
the minimization of peak load and cost in the DSM
by considering various sectors like industrial,
commercial and residential sectors in the smart grid.
For an effective DSM strategy to be implemented,
the involvement of both utility and customers is
important. The participation factor of the consumer
may be increased by price factor and the less
violation in their scheduled demand. Utility
satisfaction level will be decided by less violation in
their objective demand. So there is a trade-off
between utility and consumer. In this proposed
Adaptive Differential Evolution algorithm (ADEA)
method, the simulation analysis proves that load
after shifting curve which follows the objective
curve and the minimization of energy payment costs
and peak load reduction for all the three sectors are
attained. Thus the discomfort/inconvenience level of
customers can be reduced. The proposed method
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Table 5. Peak load comparison with and without DSM
Peak Load (KW)
Peak Reduction (KW)

Area

DSM
No DSM

EA
[26]

SOS
[9]

Proposed

EA
[26]

SOS
[9]

Proposed

Residential

1363.6

1114.4

1033.3

1007.0

249.2

330.3

356.6

Commercial

1818.2

1485.9

1511.8

1470.2

333

306.4

348

Industrial

2727.3

2343.6

2355.2

2314.4

383.7

372.1

412.9

Table 6. Peak load Reduction comparison
Percentage Reduction of peak load (%)

Type of Area

EA [26]

SOS [9]

Proposed

Residential

18.3

24.22

26.15

Commercial

18.3

16.85

19.13

Industrial

14.2

13.64

15.14

Table 7. Cost comparison with and without DSM
Cost with DSM (dollar)
EA [26]

SOS [9]

Proposed

EA [26]

SOS [9]

Proposed

Residential

2302.9

2188.3

1914.7

1905.5

5.0

16.86

17.25

Commercial

3636.6

3424.3

2938.9

2881.3

5.8

19.17

20.76

Industrial

5712.0

5141.6

4578.6

4530.9

10.0

19.84

21.15

gives better result of 8.2 % peak load reduction
compared to EA for residential area and 2.28%
reduction in peak load when compared to SOS for
commercial sector.
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