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Abstract—The objective of this paper is to propose a human ex-
pert-based approach to electrical peak demand management. The
proposed approach helps to allocate demand curtailments (MW)
among distribution substations (DS) or feeders in an electric utility
service area based on requirements of the central load dispatch
center. Demand curtailment allocation is quantified by taking into
account demand response (DR) potential and load curtailment
priority of each DS, which can be determined using DS loading
level, capacity of each DS, customer types (residential/commer-
cial), and load categories (deployable, interruptible, or critical).
The analytic hierarchy process is used to model a complex deci-
sion-making process according to both expert inputs and objective
parameters. Simulation case studies are conducted to demonstrate
how the proposed approach can be implemented to perform DR
using real-world data from an electric utility. Simulation results
demonstrate that the proposed approach is capable of achieving
realistic demand curtailment allocations among different DSs to
meet the peak load reduction requirements at the utility level.

Index Terms—Demand response (DR), demand curtailment al-
location, expert-based and analytic hierarchy process (AHP).

I. INTRODUCTION

I NORDER to keep the balance between generation and elec-
trical demand during peak hours, electric utilities usually

turn on expensive peaking generation units, or buy high-cost
electricity at the power pool level. Among the many methods in
use today to reduce the peak demand, demand response (DR) is
considered as one of the most promising ones. This is because
DR can be used as an effective means to curtail or shift loads to
alleviate grid stress conditions.
Applying DR to help utilities keep the generation-load bal-

ance effectively relies on two major steps. First, the system-
level load curtailment amount (MW) needs to be determined.
Then, this load curtailment amount needs to be allocated among
distribution substations (DSs) or feeders within the utility ser-
vice area. The total amount of central demand curtailment (MW)
can be estimated from the total available generation and fore-
casted electricity demand in the service area. However, the dis-
tribution of this curtailment amongDSs is a complex problem. It
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needs to involve both expert opinions (i.e., importance of cus-
tomers in different time periods) and objective parameters of
DSs (i.e., loading ratio, capacity, and amount of interruptible,
deferrable, and critical loads).
The objective of this paper is to introduce an expert-based

demand curtailment allocation approach using the analytic hi-
erarchy process (AHP) method. The proposed method can be
used to determine appropriate load curtailment amounts (MW)
for different DSs. This is based on DSs’ loading condition, load
classification, customer type, and their importance.
In recent years, many electric utilities in the U.S. have in-

troduced various types of DR programs—mostly direct load
control and dynamic pricing. Siemens has introduced its DR
approach called surgical demand response (surgical DR). Dif-
ferent from traditional DR, the surgical DR is flexible in load
aggregation, which can be defined by the substation, feeder line,
zip code, map interface, or several other associations [1]. Caiso
implements Day-Of DR programs which are initiated by DR
providers and are triggered based on various conditions, such
as forecasted temperature, day-ahead forecasted demand, and
high-price forecasts [2]. Economic DR, a price-based DR, is in-
troduced by PJM [3]. In addition to the real-world DR imple-
mentation, advances in this field can be seen in many publica-
tions. In [4] and [5], the authors introduce DR to alleviate the
stress condition of electric power systems brought about by EV
charging. In [6], DR is used to manage the variability of renew-
able energy sources. The authors in [7] and [8] mention imple-
mentation of DR to shave the peak demand to reduce electric
bills. In [9] and [10], DR is considered as interruptible loads to
improve the security of the grid. DR can also be used as system
reserves for ancillary services [11]–[14]. The authors in [15] ex-
amine the automation of residential loads for participation in
DR.
As this review suggests, most previous work has focused on

DR programs that are implemented at the end-use customer
level. However, the approach in this paper focuses on demand
curtailment allocation (MW) among different DSs or feeders in
a service area. This demand curtailment algorithm involves ex-
pert-based input and objective parameters of DSs.
AHP and principal components analysis (PCA) are com-

monly used multicriteria decision-making techniques [16].
However, the primary difference is: PCA reduces the number
of principal components by orthogonal transformation [17],
while AHP uses orthogonal transformation to judge the related
weights of principal components. The authors in [18] present
a unified PQ index using AHP, which can provide an overall
assessment of distribution system performance. In [19], the
authors use AHP to determine the values of reactive power in
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an electric power system based on voltage sensitivity, voltage
adequacy, and voltage stability. The AHP method is also used
to evaluate the power system’s failure rate and PQ [20], [21]. In
[22], AHP is used to help decision-making about remote-con-
trollable switch allocation. In [23], the AHP method is used for
assessing equipment health for substation maintenance and up-
grade planning. The authors in [24] introduce a new short-term
load forecasting technique using pairwise comparisons. It is
apparent that AHP has not been used for decision making
related to DR implementation.
In this paper, an expert-based demand curtailment alloca-

tion approach using the AHP method is introduced. Based on
opinions from experts, the proposed approach allows an elec-
tric utility to prioritize and allocate their demand curtailment at
the distribution substation based on the importance of customers
and types of loads. To allow DR implementation using the pro-
posed approach, a home/building energy-management (HEM/
BEM) system can be implemented to enable automated DR
features. With an HEM or a boundary element method (BEM)
system, loads can be shed/deferred according to their priority
based on customer preferences. This paper assumes ideal trans-
mission and distribution systems by neglecting losses and trans-
mission congestion.

II. ALGORITHM FOR DR ALLOCATION

A. Definition of Customer Type and Load Classification

1) Customer Type: Different types of customers usually have
different load patterns which makes the customer type a very
important factor. In general, customers are classified into the
following major categories based on their load patterns: resi-
dential, industrial, offices, education, mercantile (e.g., shopping
malls and small retails), food (e.g., restaurants, grocery stores),
24 h operation (e.g., health-care centers, police stations, and fire
departments) and others. This paper considers residential and
commercial (especially office buildings) customers for DR al-
location because of the following reasons: 1) These customers
have higher flexibility to adjust their loads in response to cur-
tailment requests and 2) consumption patterns of these two load
types can be easily distinguished from each other. This enables
effective analysis of simulation results. If a finer classification
of load types is desired, that can easily be done using the same
process mentioned here.
Note that each customer may have onsite distributed en-

ergy sources, including renewable energy sources and energy
storage. Such energy sources could be used to partially or
fully meet the curtailment request. The analysis presented in
this paper can also be applied to a stand-alone microgrid [25],
which may be stressed due to high load and limited supply.
2) Load Classification: This paper categorizes residen-

tial/commercial loads into deferrable, interruptible, and critical
loads as follows.
• Deferrable loads are those that can be deferred from peak
hours and can be deployed any time during off-peak hours.

• Interruptible loads are those that can be interrupted mo-
mentarily. Load compensation may be necessary as soon
as a DR event ends.

Fig. 1. Flowchart of the proposed DR algorithm.

• Critical loads are those that are nondeferrable and
noninterruptible.

For residential customers, power-intensive electrical loads
in the home are air conditioners (AC), water heaters, clothes
dryers, and electric vehicles (EV). EVs and clothes dryers are
considered as deferrable loads; ac and water heaters are clas-
sified as interruptible loads, and all others are critical loads. In
this paper, major loads in typical commercial buildings include:
cooling, ventilation, lighting, and other loads (e.g., computers,
printers, etc.). For this customer type, cooling loads are con-
sidered interruptible; and all others (ventilation, lighting, and
others) are considered critical. There is no deferrable load in
this case.

B. Demand Curtailment Allocation Algorithm

The flowchart of the proposed algorithm is shown in Fig. 1.
The proposed algorithm starts by updating information at each
DS every fixed time interval (e.g., 15 min). The information
to be updated includes: DS capacity, load (MW) by category
(i.e., residential/commercial), load (MW) by classification (i.e.,
deferrable/interruptible/critical), and forecasted loading level of
each DS. It is assumed that a demand curtailment request (MW)
is sent from an ISO/RTO and crosschecked. Once a curtailment
request is received, the first-step curtailment process as shown
in Fig. 2(a) is initiated.
The process starts by comparing the requested demand cur-

tailment amount (MW) with the total amount of all deferrable
and interruptible loads in the curtailment-requested service area,
which can span multiple DSs. If the requested amount is equal
or larger than the sum of deferrable and interruptible loads, all
deferrable and interruptible loads will be curtailed first, and the
balance will come from demand response at the customer level.
The second-step curtailment process as shown in Fig. 2(b)

will be initiated: 1) to manage the remaining curtailment re-
quested amount or 2) to manage the original curtailment re-
quested amount that is less than deferrable loads. This step is to
allocate the (remaining) requested demand curtailment amount
among different DSs based on their curtailment priority factor,
which is determined using the three-level AHP as discussed in
the next section. Outcomes of AHP are curtailment allocation to
each DS in the same service area. According to Fig. 2(b), if the
curtailment amount allocated to a particular DS is larger than its
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Fig. 2. (a) First-step curtailment. (b) Second-step curtailment.

sum of deferrable and interruptible loads, the curtailment con-
tribution of that particular DS will be set equal to its sum of de-
ferrable and interruptible loads; and the remaining amount will
be reallocated to other DSs.

C. Determination of Curtailment Priority Factor Using AHP

In this paper, a three-level AHP method is proposed to rank
the curtailment priority of each DS, and determine the curtail-
ment allocation to each DS. The structure of AHP is shown in
Fig. 3. Decision criteria have three levels as explained below.
The 1st-level criteria involve three different groups of ex-

perts’ judgments, representing the weight of their opinions. The
experts in this paper: customer relations department, system op-
erators/dispatchers, and utility commission staff. Note that in
using the AHP method, relative importance—as given by var-
ious experts—is used as opposed to their absolute judgments.
Thus, the unlikely offscale remark by one expert will not skew
results.
The 2nd-level criteria are criteria related to each DS,

including DS loading condition, load classification, and cus-
tomer-type factor (CTF).
The 3rd-level criteria expand the aforementionmed criteria as

follows:

Fig. 3. Three-level AHP structure.

i) DS loading condition includes the DS loading ratio and
its capacity. The DS loading ratio is calculated by

DS loading ratio
DS load

DS capacity
(1)

ii) DS load classification is as explained in Section II-B, in-
cluding deferrable, interruptible, and critical loads.
To determine DS load-by-load classification, (2)–(4)
show how to calculate the amount of deferrable, inter-
ruptible, and critical loads in every time step, respectively

Deferrable load (2)

Interruptible load (3)

Critical load (4)

where

total load (MW) of customer type i, time t;

deferrable load percentage;

interruptible load percentage;

critical load percentage;

1—residential customers; 2—commercial
customers.

iii) CTF is used to present the importance of DS’s customers
in different time periods. DS’s CTF is determined using

DS customer type factor (5)

where

load percentage of customer i in time interval
t;

important level of customer i in time interval
t;

: 1—residential customers; 2—commercial
customers.

The important level is further explained in Section III-C.
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1) DS Curtailment Priority Factor: The DS curtailment pri-
ority factor is determined using (6), where W is DS criteria
weight (a 1 matrix, is the number of criteria being con-
sidered); and is the DS criteria factor (an matrix,
is the number of DSs). The method to determine and are
explained

DS curtailment priority factor (6)

2) DS Criteria Weights (W): DS criteria weights (W) are
used to show the importance levels of criteria. In this case, W
is a matrix of size 1 6, representing six criteria, namely (i.e.,
loading ratio, DS capacity, critical load, deferrable load, inter-
ruptible load, and CTF). This can be obtained by calculating the
weights of each level of criteria in AHP (Fig. 3) according to
the following steps [16]: First, a pairwise comparison matrix is
generated for each criterion based on Saaty’s levels [26]. For ex-
ample, 1 as equal importance; 3 as moderate importance of one
over another; 5 as essential or strong importance; 7 as demon-
strated importance; and 9 as extreme importance; and 2,4,6,8
are intermediate values between the two adjacent judgments.
Second, a pair-wise comparison table is created and a judgment
matrix J is derived for each criterion. Third, the Eigenvector cor-
responding to the maximum Eigenvalue of J is calculated. This
Eigenvector reflects priority levels of elements in matrix J [26].
Finally, Eigenvectors are normalized by making the sum of all
normalized Eigenvectors equal to 1.
The normalized Eigenvector for the 1st-level criteria directly

serves as the weight for each criterion in level one
. Then, weight for each criterion in level two

can be obtained by multiplying the
level-1 weight with the normalized Eigenvector associ-
ated with each criterion in level two with respect to criterion
in level one . See the following equation:

normalized (7)

By repeating the aforementioned steps for each level, the
overall weight matrix can be obtained. This is the DS criteria
weight .
3) DS Criteria Factors (F): To calculate , a table with ac-

tual data of all six criteria of each DS (i.e., loading ratio, DS
capacity, critical load, deferrable load, interruptible load, and
CTF) must be obtained. For each criterion, a pair-wise com-
parison matrix is created. The Eigenvectors are calculated; and
the resulting normalized Eigenvectors associated with the max-
imum Eigenvalue are taken as DS criteria factors for that par-
ticular criterion. Repeat the aforementioned steps to obtain DS
criteria factors (F) for the rest of the criteria in order. By com-
bining all DS criteria factors for all six criteria, the resulting
matrix F of size 5 6 can be obtained.

III. CASE STUDY

A. Description of Distribution Substations

In this study, it is assumed that a utility has its total loads in the
area served by five DSs. The capacity and number of residential
and commercial customers served by each DS is summarized in
Table I.

TABLE I
DISTRIBUTION SUBSTATION DATA

TABLE II
DS LOAD BY CUSTOMER TYPE AT 15:00

The data used in this case study are derived from distribu-
tion feeders in a service area of an electric utility in Virginia.
The data are available every 15-minute intervals, and the day se-
lected for the case study is a hot summer day in August. Table II
shows an example of DSs’ load (MW) by customer type at
15:00.

B. Calculation of DS Criteria Weight (W)

In order to calculate DS criteria weight, the following pair-
wise comparison matrices are constructed based on a survey.
The method was introduced in Section II-C-2.
• represents pairwise comparison matrix of level-1 cri-
teria, i.e., the level of relative importance of customer’s,
utility’s and policy maker’s opinions. In this case study,

implies that the customer’s opinion is considered as
the most important (marked as 5). This is followed by
the policy maker’s opinion (marked as 3) and the utility’s
opinion (marked as 1). The Eigenvector corresponding to
the maximum Eigenvalue of are [0.92; 0.15; 0.37]

(8)

• and are pairwise comparison matrices of
level-2 criteria, which show customer’s, utility’s and
policy maker’s opinions respectively about the importance
of DS loading condition, as compared to DS load classi-
fication and CTF. The Eigenvectors corresponding to the
maximum Eigenvalues are [0.1; 0.39; 0.91], [0.92; 0.14;
0.36], [0.15; 0.37; 0.92]

(9)

• and show the importance of DS loading ratio, as
compared to DS capacity; and that of deferrable load, as
compared to interruptible and critical loads, respectively.
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TABLE III
DS CRITERIA WEIGHT

TABLE IV
DS LOADING CONDITION AND LOAD CLASSIFICATION AT 15:00

Fig. 4. Load classification for 1000 residential houses in a 24-h period.

The Eigenvectors corresponding to the maximum Eigen-
values are [0.89; 0.45], [0.94; 0.31; 0.16].

(10)

Based on the steps described in Section II-C, and (7), the
weights of each level can be calculated. The overall DS criteria
weights are shown in Table III.

C. Calculation of DS Criteria Factor (F)

To calculate DS criteria factor , the DS loading ratio, ca-
pacity, 3-level loads, and CTF are needed.
1) Determination of Loading Ratio: An example of DS

loading ratio at 15:00 as shown in Table IV is calculated based
on information from Tables I and II using (1).
2) Determination of Load Classification: Load classification

at 15:00 (also shown in Table IV) is calculated based on (2)–(4).
Load percentage by classification for res-

idential and commercial customers by can be calculated from
Figs. 4 and 5, respectively.
Fig. 4 shows load classification (deferrable/interruptible/crit-

ical) for 1000 residential houses with 20% electric vehicle pen-
etration on a summer day, generated based on the Monte Carlo
simulation method presented in [27]. Simulated data are used in
this case study mainly because data of household load profiles
by load type is not easily obtainable in the literature; and the
model in [27] has been validated with real-world data from an

Fig. 5. Load classification for a typical office building in a 24-h period.

electric utility. For example, at 15:00, the three types of loads
are 85.5 kW, 394.5 kW and 1020 kW; the percentages of all
three types of loads are 5.7%, 26.3% and 68.0%.
Fig. 5 shows load classification in a typical office building

on a summer day [28]. For example, at 15:00, the three types of
loads are 0 kW, 362 kW and 828 kW the percentages of all three
types of loads are 0%, 30.4% and 69.6%.
3) Determination of the CTF: This factor presents the DS

importance level. The larger this factor implies, the more im-
portant the DS is, and its load curtailment is deferred until the
end. CTF is calculated using (5). The load percentage of cus-
tomer is shown in Table II. Important level of customer

is calculated as follows.
Step 1) In this study, a day is divided into six periods

(0:00–6:00, 6:00–9:00, 9:00–11:00, 11:00–13:00,
13:00–17:00, and 17:00–24:00) to represent dif-
ferent activities of different types of customers [e.g.,
office, residential, and food (sales and services)].

Step 2) Create the pair-wise comparison matrix to compare
the importance of different customer types. Cus-
tomer type has been discussed in Section II(A)(1).
Table V shows an example of a pair-wise com-
parison matrix for the 13:00–17:00 period. As
shown, during business hours, residential is less
important than 24-h operation, mercantile, industry,
office, and education. Twenty-four operation (health
care/safety department) is always the most impor-
tant customer type.

Step 3) Calculate Eigenvalues of the pair-wise comparison
matrix of interest; select the maximum Eigenvalue;
calculate a group of Eigenvectors corresponding
to the maximum Eigenvalue; and normalize the
Eigenvectors. For the pair-wise comparison matrix
as shown in Table V, the maximum Eigenvalue is
7.1143; the corresponding normalized Eigenvectors
are shown in the fifth column in Table VI. For each
period, Steps 2) and 3) are repeated; and the overall
customer-type importance factors are shown in
Table VI.

Since commercial (mainly office buildings) and residential
customers are the only two customer types in the service area
of interest, the importance level of customer from Table VI
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TABLE V
PAIR-WISE COMPARISONS MATRIX FOR THE 13:00–17:00 PERIOD

TABLE VI
IMPORTANT LEVEL OF CUSTOMER I

TABLE VII
ADJUSTED IMPORTANT LEVEL OF CUSTOMER I (II,T)

TABLE VIII
DS CUSTOMER-TYPE FACTOR (CTF) AT 15:00

TABLE IX
DS CRITERIA DATA AT 15:00

is adjusted by scaling up the rate between commercial and res-
idential customers and the sum of their importance levels fac-
tors should be equal to one. Repeating the adjustment for each
time period, the adjusted results are shown in Table VII. The re-
sult is reasonable since office building loads are more important
than residential loads during business hours (09:00–17:00); and
vice-versa.
Using (5) and the data in Tables II and VII, the DS CTF factor

is shown in Table VIII.
DS criteria data are summarized in Table IX, based on infor-

mation in Tables IV and VIII.

TABLE X
DS CRITERIA FACTORS AT 15:00

TABLE XI
DS CURTAILMENT PRIORITY FACTOR AT 15:00

The steps described in Section II-C are followed to deter-
mine the DS criteria factor (F), the result of which is shown in
Table X.

D. Determination of the DS Curtailment Priority Factor

The DS curtailment priority factor presents the ranking of DS
when facing load curtailment requests. All deferrable and inter-
ruptible loads of DSs with a higher curtailment priority factor
will be curtailed prior to those of DSs with a lower curtailment
priority factor.
The DS criteria weight and DS criteria factor are

calculated as explained in Sections III-B and C. Using data from
Tables III and X, and (6), the DS curtailment priority factor is
shown in Table XI.
From Table XI, it is easy to tell that DS 5 makes the largest

contribution when a demand curtailment request is received.
This result is reasonable since DS 5 has the most residential
customers who are less important than commercial customers
during business hours. Though DS 1 has the least number of
residential customers, its highest loading ratio increases its pri-
ority factor.

IV. RESULTS AND DISCUSSION

This section presents cases when a curtailment is requested in
a single time slot, that is, at 15:00; and when curtailment request
is imposed for an extended period of time, that is, from 14:00
to 19:00. Note that the paper assumes that each customer unit is
equippedwith an HEMor a BEM system that enables automated
DR functions. This makes the response time almost immediate.

A. Curtailment Request at 15:00

Assuming that the curtailment request is required to be initi-
ated in a service area which contains five DSs at 15:00; and the
curtailment amount is assumed to vary from 5% to 25% of the
total load of all DSs. Fig. 6 shows that with different amounts
of load curtailment request, five DSsmade different percentages
of contribution.
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Fig. 6. Percentage of contribution to selected curtailment requests (5%, 15%,
20%, and 25% of the total load) by different DSs.

Fig. 7. DS curtailment amount (MW) at 15:00.

Fig. 7 shows the curtailment amount (MW) at 15:00 from
each DS. Note that the AHP-based demand curtailment alloca-
tion approach presented in this paper curtails only deferrable
or interruptible loads. Critical loads are not curtailed. In cases
with 5% and 10% curtailment requests, no curtailment request
is larger than the sum of deferrable and interruptible loads of
any DSs. As a result, DS 5 contains the most residential loads
(See Table II), which are less important than commercial loads
at 15:00 (See Table VII), making the highest load curtailment
contribution. The results are deemed correct.
When a curtailment request is higher than the total amount

of deferrable and interruptible load of a DS, only this amount
of loads will be curtailed. This is considered as the curtailment
limit of a DS. Then, the remaining request will be re-allocated
to other DSs. In this case, as DS 5 reaches its curtailment limit
at 15% curtailment request, its curtailment contribution remains
the same in all higher curtailment requests (e.g., 20% and 25%).
The remaining amount is then re-allocated to other four DSs.
Since DS 4 holds the second rank in the DS curtailment priority
factor (Table XI), it makes the highest load curtailment contri-
bution of the remaining request. At the 20% curtailment request,
DS 4 also reaches its curtailment limit and all deferrable and in-
terruptible loads are curtailed. In this case, the other DSs assume
the remaining curtailment.

Fig. 8. DS curtailment amount (MW) at 14:15.

Fig. 9. DS curtailment amount (MW) at 17:15.

B. Curtailment Request From 14:00 to 19:00

In the previous case, the proposed DR allocation algorithm
is evaluated in a single time slot. In this case, the curtailment
request lasts from 14:00 to 19:00. The curtailment request is
assumed to be varied from 5% to 25% of the total load of all
DSs (step size is 5%). The demand curtailment allocation is per-
formed in 15-min intervals based on current load monitoring
frequency in many U.S. electric utilities for the purpose of de-
termining demand charge. This duration can be adjusted based
on real-world DR implementation if necessary.
1) Comparison of Demand Curtailment Allocation During

Business and Nonbusiness Hours: Simulation results at 14:15
and 17:15 are shown in Figs. 8 and 9, respectively. In each
figure, the -axis shows a different percentage of curtailment
requests. The -axis shows the curtailment amount (MW) from
each DS.
When the curtailment request is less than or equal to DSs’ cur-

tailment limits, DS 5 makes the highest contribution to the cur-
tailment request among all DSs (e.g., 5% and 10% curtailment
requests at 14:15 as shown in Fig. 8). This is because DS 5 has
the highest residential loads (see Table II), and residential loads
are less important than commercial loads during business hours
(see Table VII). During nonbusiness hours, that is, at 17:15, the
contribution from DS 1 is the highest. The result is reasonable
since it has the highest commercial load and loading ratio. Once
a curtailment request is larger than the curtailment limit of a par-
ticular DS, that is, 15%–25%, the curtailment contribution from
that DS is set equal to its curtailment limit. And the remaining
curtailment request is reallocated among other DSs.
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Fig. 10. DS curtailment amount (MW) at 5% curtailment request.

Fig. 11. DS curtailment amount (MW) at 25% curtailment request.

2) Demand Curtailment Allocation With Different Curtail-
ment Request Amounts From 14:00 to 19:00: Simulation re-
sults at 5% and 25% curtailment requests are representative and
shown in Figs. 10 and 11, respectively.
At low curtailment requests (e.g., 5% as shown in Fig. 10),

the results indicate that the curtailment amount of DS 5 is re-
duced during nonbusiness hours compared to that during busi-
ness hours, while the curtailment amount of DS 1 increases.
This is mainly because of the customer type served by DSs (see
Table II). The breakpoint is at 17:00 when changing from busi-
ness hours to nonbusiness hours.
When curtailment requests reach curtailment limits of any

DS: For example, at the 25% curtailment request, DS 5 reaches
its curtailment limit from 14:00 to 19:00, which is shown in
Fig. 11; thus, its curtailment contribution remains comparable
from 14:00 to 19:00.

V. CONCLUSION

This paper introduces a novel expert-based approach using
the AHP method for demand curtailment allocation, which can
be beneficial for a utility to prioritize their demand curtailment
allocations in its service area. The proposed approach takes into
account the DR potential (according to different load classifica-
tions) and load curtailment priority (using an AHP method) of
each distribution substation (DS). AHP criteria contain the DS
loading ratio, DS capacity, load type (deferrable, interruptible
and critical), and customer type (residential and commercial).
Results of the case studies verify that the proposed DR approach

can handle different amounts of load curtailment requests, while
satisfying the objective and subjective requirements using the
AHP technique.
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