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Abstract—The time-varying composition of power system loads
influences the robustness of measurement-based dynamic equiv-
alent models, constituting them valid only for specific operating
conditions. To overcome this issue, in this paper, a new generic
dynamic equivalencing method, utilizing load disaggregation,
is proposed. Load disaggregation by analyzing the aggregated
harmonic current content is used to estimate the load com-
position of a distribution network, providing higher visibility
and information regarding its operational condition. In this
sense, representative sets of dynamic load model parameters
are obtained for different loading conditions using a clustering
algorithm. The accuracy and robustness of the proposed method
is assessed using laboratory measurements.

Index Terms—Clustering, dynamic modelling, harmonic anal-
ysis, load disaggregation, measurement-based approach

I. INTRODUCTION

Accurate load models are essential for the analysis and
secure power system operation and control [1]–[3]. Several
studies have indicated the importance of accurate load repre-
sentation, especially regarding voltage and frequency stability
assessment [4], [5].

To derive aggregated equivalent models, the component- and
the measurement-based approaches are used [1]. The former
is a bottom-up modelling method that requires a priori knowl-
edge of the examined grid. Despite its distinct advantages, this
approach cannot be easily applied since information regarding
the load composition is not always available to power system
operators [1]. In the second one, equivalent models are derived
using measurements collected from representative substations
and feeders [1].

In the measurement-based method, model parameters are
identified by fitting the measured data to a predefined load
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with Grant Agreement No. 654113.
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model structure using parameter estimation techniques [4]. A
significant advantage of this approach is that load dynamics
are directly captured [6], resulting in accurate load models,
since data from the actual network are used. However, in most
cases, the derived models are valid only for a given operating
condition, while the estimation procedure must be repeated
for every new operating condition [7], [8]. Hence, model
parameters estimated using disturbance data at a specific power
system location may not be applicable to simulate adequately
different cases, e.g., network configurations, operating condi-
tions, etc. [9].

To extend the applicability of the equivalent models to sim-
ulate accurately a wide range of distinct network conditions,
generalization techniques must be examined. In literature,
several approaches have been proposed to develop generic
equivalent models. For example, in [7] and [10], statistical
analysis is applied to identified model parameters for the
derivation of generic equivalent models. In [11] generic pa-
rameters are obtained using artificial intelligence techniques.
In [9] clustering and artificial neural networks are combined
to derive representative sets of parameters for a variable-order
dynamic equivalent model. Finally, in [12], different clustering
methods are examined to classify identified parameters for the
development of generic models.

Scope of this paper is to propose a new methodology for the
development of generic measurement-based equivalent models
for the dynamic analysis of power systems over a wide range
of operational conditions. The main advantage of the proposed
method relies on the use of load disaggregation based on har-
monic current analysis. To the best of the authors’ knowledge,
load harmonic disaggregation to enhance the development of
generic dynamic load models is examined for the first-time
in the archived literature. In particular, load disaggregation is
applied to estimate the fractions (participation) [13] of specific
load classes into the total load demand; higher visibility is
achieved regarding the load composition of the examined
network. Using this information as input, representative sets of
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dynamic load model parameters are obtained on the basis of

cluster analysis, corresponding to a wide range of operational

conditions. For the generic load equivalents, the widely-used

exponential recovery model (ERM) structure [14] is adopted.

Following classification into different groups, system operators

can employ the corresponding sets of model parameters to

simulate unseen disturbances, if load composition is known

through harmonic disaggregation. The effectiveness of the

proposed method is evaluated and validated under different

network configurations and voltage disturbances, using mea-

surements obtained in a laboratory-scale distribution system.

II. PROPOSED METHODOLOGY

The process to derive the proposed generic dynamic equiv-

alent model is summarized in Fig. 1. A database of M
data sets is developed, using measurements recorded at the

point of common coupling (PCC), e.g., secondary side of the

substation medium-voltage transformer. Each data set contains

the harmonic content of the aggregated load under steady-

state operation, as well as the bus voltage, real and reactive

power dynamic responses when an event occurs, e.g., a voltage

disturbance. In this paper, the harmonic content is used to

decompose the aggregated load demand into specific load

classes, i.e., static load (SL), converter type (Conv), motors

(MTR) and non-linear loads (NLL), each with given current

harmonic and dynamic characteristics. For this purpose, cur-

rent harmonic disaggregation is applied and the fractions of

the load classes are determined. The mean values of amplitude

and phase angle data over a long enough period of recording

time (in the order of minutes) are used as the representative

values for the harmonic content of the load. In addition, the

bus voltage, real and reactive power dynamic responses are

used to analyze the network dynamics, by developing the cor-

responding dynamic equivalent model. In this work, dynamic

equivalents are derived using the ERM. To develop generic

equivalent models (training procedure), a subset (MTD) of the

total M data sets are used. The calculated load class fractions

and the corresponding ERM parameters are introduced as
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Fig. 1. Procedure used to develop generic equivalent models.

inputs into a clustering algorithm to group the available MTD

data into representative sets of distinct operational conditions.

The derived robust set of parameters is used to validate the

performance of the developed equivalents for the remaining

MV D data sets. This procedure is also applied to derive dy-

namic equivalent model parameters for future operational con-

ditions not contained in the original M data sets. Considering a

new operational condition the most suitable representative set

of parameters is selected in terms of a classification algorithm.

A. Harmonic Signature Table

The adopted disaggregation procedure is based on identi-

fying the minimum difference between the harmonic current

vector of the measured aggregate harmonic load content and

the vector sum of the harmonic current spectrum of each

load class [13], [15]. In order to investigate a wide range

of operational conditions, the use of the harmonic signature

table (HST) concept is introduced as a preparatory step of the

proposed procedure; HST includes H possible vector sums

of the harmonic current spectrum of the given load classes,

assuming different network configurations (load mix) and

loading conditions [16]. The characteristic harmonic current

spectrum patterns for each load class can be obtained offline by

conducting laboratory measurements or from available relevant

published data [13].

B. Load Disaggregation

To determine the components that form an aggregated load,

harmonic measurements acquired at the PCC under steady-

state operation are used. Load disaggregation is performed

by finding the minimum difference between the harmonic

content of the aggregate load and the harmonic vector sums

included in the HST. This is achieved by simultaneously

comparing the corresponding current harmonics (odd-order

harmonic measurements from the fundamental to the 7th) as

shown in (1)

argmin
h∈H

∑
l

(∣∣Īaggl · ejθ̄agg
l − ∣∣ĪHST

lh

∣∣ · ejθ̄HST
lh

∣∣)
(1)

where, Īaggl and θ̄aggl are the mean amplitude and phase

angle values of the l-th (l = 1, 3, 5, 7) harmonic current of

the aggregated load, respectively; ĪHST
lh and θ̄HST

lh are the

mean amplitude and phase angle values of the l-th harmonic

current for the h-th (h = 1, . . . , H) possible permutation of the

HST, respectively. Minimizing (1) leads to the identification

of the load mix that comprises the network as well as the

corresponding loading condition. This results into the vector

containing the fraction of each load class into the total demand,

denoted as ααα; ααα is defined in (2), where m is the number of

the assumed load classes. In this paper, m is equal to 4.

ααα =
[
α1, α2, . . . , αm

]
,

m∑
i=1

αi = 100%, 0 ≤ αi ≤ 100%
(2)
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C. Derivation of Indicative Parameters Using Clustering

To model the measured dynamic power responses and to
derive generic equivalents, the ERM is adopted. The mathe-
matical representation of the ERM is given in (3) and (4)

ye(t) = ys(t) − (ys(t) − yt(t)) · e
− t−t0

Ty (3)

ys(t) = y0

(
V (t)

V0

)Ns

yt(t) = y0

(
V (t)

V0

)Nt

(4)

where, ye(t) is the estimated real and/or reactive power and
V (t) is the grid voltage; t0 is the time instant of the distur-
bance and y0 and V0 denote the power demand and voltage
magnitude prior to the disturbance. Ty is the recovery time
constant; Ns and Nt are the steady-state and transient voltage
exponents, respectively. For real and reactive power modelling,
the following sets of parameters must be identified: θPθPθP =
[Ns,p, Nt,p, Ty,p] and θQθQθQ = [Ns,q , Nt,q , Ty,q], respectively. θPθPθP
and θQθQθQ are estimated using the nonlinear least square (NLS)
optimization technique [1], targeting to minimize the objective
function of (5)

J =
N∑
n=1

(y[n] − ye[n])
2 (5)

where N is the total number of the response samples and y[n],
ye[n] are the measured and estimated, real or reactive power
response at the n-th sample, respectively.

To automatically partition the available data sets into K
clusters that present similar characteristics, cluster analysis is
applied. Clustering is performed by combining θPθPθP , θQθQθQ and
ααα for each of the MTD data sets, into one single vector
XjXjXj=

[
θP,jθP,jθP,j , θQ,jθQ,jθQ,j , αjαjαj

]
(here j = 1, . . . ,MTD). Thus, the input

to the clustering algorithm is the set XXX of MTD observations
XXX =

{
X1X1X1,X2X2X2, . . . ,XMTD

XMTDXMTD

}
. To estimate θP,jθP,jθP,j , θQ,jθQ,jθQ,j , voltage,

real and reactive power disturbance data recorded at the PCC
are used. To estimate αjαjαj , disaggregation is applied to the
corresponding harmonic content of the aggregate load, prior
to each disturbance under consideration. In this work, the
k-medoids clustering approach is employed, where a set of
observations is divided into K clusters so that the subsets
minimize the sum of distances between an observation and a
center of the observation’s cluster [17]; the center of the subset,
namely medoid, is a member of the subset. To minimize the
sum of distances from each observation to its cluster medoid,
over all K clusters, the partitioning around medoids (PAM)
iterative algorithm is used [17]. The optimal number of clusters
is determined using the knee-point criterion for the curve
of the Within Cluster sum of squares to Between Cluster
sum variation Ratio (WCBCR) [18]. Using this procedure, K
representative sets of real and reactive power model parameters
Θ′kΘ′kΘ′k =

{
θ′P,kθ′P,kθ′P,k, θ

′
Q,kθ′Q,kθ′Q,k
}

are obtained for α′kα
′
kα
′
k loading conditions

(here k = 1, . . . ,K).

D. Application and Validation of the Proposed Method

A major advantage of the proposed method is that it can be
used for online applications. Once the training (i.e., derivation

of model parameters, clustering, etc.) is completed, representa-
tive sets of model parameters are derived for distinct operating
conditions; these sets can be used for online applications.
Under steady-state operation, the load composition of the
network, denoted as αnetαnetαnet, is continuously calculated. This is
achieved by decomposing the harmonic content of the aggre-
gated load demand into specific load classes. Subsequently, the
Θ′kΘ′kΘ′k that mostly represents αnetαnetαnet is determined using a classi-
fication process. Specifically, the Euclidean distance between
the vectors αnetαnetαnet and α′kα

′
kα
′
k is computed; the resulting k-th set is

determined by minimizing (6)

argmin
k

∑∥∥αnetαnetαnet −α′kα
′
kα
′
k

∥∥ . (6)

The accuracy of the proposed method is assessed using the
MV D data sets. Specifically, the performance of the derived
generic models is evaluated using the MV D data sets. For this
reason, the relative error (ε) is calculated as a metric to evaluate
the accuracy between the measured dynamic responses and the
derived equivalents [19]; ε is defined as

ε = 100% ·

(
1
N

∑N
n=1(y[n] − ye[n])2

) 1
2

(
1
N

∑N
n=1 y[n]2

) 1
2

. (7)

Note that, a dynamic response is said to be adequately
simulated, if ε is less than 5% [19].

III. SYSTEM UNDER STUDY

A. Network Configuration

The effectiveness of the proposed methodology is investi-
gated using measurements obtained in the three-phase, 400 V,
50 Hz, laboratory-scale grid as in Fig. 2. The test setup is
supplied by a three-phase programmable voltage source (PVS)
and consists of a SL bank rated at 40 kW, a 8kW back-to-back
power converter unit, a 5.5 kW MTR representing the dynamic
load part of the aggregate load and a 6 kW NLL composed of a
full wave diode rectifier connected to an inductance of 16 mH
in series with a variable resistive load bank. The dynamic
responses of the bus voltage, real and reactive power are

PVS

Static Load

(SL)

M
Motor

(MTR)

PCC

Converter

(Conv)

Nonlinear Load

(NLL)

S1

S3

S2

S4

S5

Fig. 2. Experimental setup.
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measured by applying an adaptive filter-based phasor measure-
ment unit (PMU) algorithm, implemented in hardware [20].
To measure the harmonic components a similar algorithm was
implemented based on the sliding Discrete Fourier Transform
(DFT) algorithm [21].

B. Test Cases

Initially, odd-order harmonic current vectors, from the fun-
damental to the 7th harmonic were recorded for each load
class separately under different loading conditions; these data
are used to generate the HST. The harmonic current spectra
of each load class is shown in Table I. Specifically, the
range of the harmonic components, i.e., il(%) (percentage of
harmonics of order l with respect to the fundamental), and
the corresponding phase angles are presented. The harmonic
current profiles were continuously recorded under steady-state
operation for 5 min at a rate of 1 sample per second (sps).
It is shown that mainly the NLL is dominated by 5th and
7th harmonic currents. Afterwards, harmonic current profiles
were recorded for a total of Mcomb = 18 test cases (TCs) of
aggregated load. The examined TCs correspond to a variety
of network configurations and operational conditions imple-
mented by switching on and off the corresponding switches,
i.e., S2 - S5 (see Fig. 2), and by altering the power of the
installed components; the examined TCs are summarized in
Table II.

Additionally, for each TC, Mv = 20 voltage disturbances,
varying from −0.1 p.u. to 0.1 p.u., are introduced using the
PVS. The resulting voltage, real and reactive power responses
are recorded at a data rate of 100 sps. Hence, a set of
Mtot = Mcomb ·Mv = 360 disturbances acquired during dif-
ferent network configurations, loading conditions and voltage
events, are generated. The disturbances are randomly divided
into two different groups; the training group contains 85% of
the available data, i.e., MTD = 306, whereas the remaining
sets, i.e. MV D = 54, were used to validate the efficiency of
the derived generic models.

IV. APPLICATION OF THE PROPOSED METHODOLOGY

In this Section, the proposed load disaggregation process to
determine the load mix of the network is assessed. Moreover,
the robustness of the derived generic models is validated.

TABLE I
HARMONIC CURRENT SPECTRA OF INDIVIDUAL CONNECTED LOADS*

Harmonic SL MTR Conv NLL

3rd il(%) 0.5−1.0 0.3−0.9 0.5−1.9 0.3−0.4
θl (°) 9.7−19.0 98.8−129.6 -36.5−(-30.8) -60.7−8.7

5th il(%) 0.1−0.2 0.5−1.6 2.2−3.1 22.0−22.4
θl (°) -37.1−(-27.2) -97.4−(-52.4) -26.9−(-1.2) 63.7−72.9

7th il(%) 0.2−0.3 0.8−1.5 1.4−2.0 10.8−11.0
θl (°) -163.3−(-147.8) -92.3−(-56.0) -118.0−(-97.3) 87.7−92.0

*As resulted from the following examined loading conditions (in kW):
SL = {5, 9.5, 14.8, 19.1}, MTR = {1.4, 2.8, 4.1, 5.5},
Conv = {2, 4, 6, 8} and NLL = {1.2, 2.4, 3.6, 4.8, 6}.

TABLE II
DETAILED DESCRIPTION OF EXPERIMENTAL TEST CONFIGURATIONS

TC Aggregate load (kW)
SL MTR Conv NLL Total

TC1 14.8 5.5 6 3.6 29.9
TC2 14.8 5.5 4 6 30.3
TC3 14.8 5.5 8 2.4 30.7
TC4 19.1 5.5 2 3.6 30.2
TC5 19.1 5.5 4 6 34.6
TC6 19.1 5.5 6 0 30.6
TC7 19.1 0 8 3.6 30.7
TC8 19.1 0 6 6 31.1
TC9 19.1 0 8 0 27.1

TC10 19.1 5.5 4 4.8 33.4
TC11 19.1 5.5 8 2.4 35.0
TC12 19.1 5.5 4 6 34.6
TC13 9.5 5.5 2 2.4 19.4
TC14 5 5.5 6 2.4 18.9
TC15 14.8 0 2 3.6 20.4
TC16 14.8 5.5 0 0 20.3
TC17 0 5.5 6 0 11.5
TC18 14.8 0 0 3.6 18.4

Finally, the proposed generic dynamic equivalencing method
is compared to a conventional approach, where generic models
are developed by applying statistical analysis [7].

A. Evaluation of the Load Disaggregation Procedure

In Fig. 3, the percentage error, denoted as PE(%), between
the harmonic current vector of the measured aggregate load
and the vector sum of the harmonic current spectrum of the
corresponding load classes is shown for the different TCs.
In most cases, low PE(%) is observed; higher PE(%) are
mainly observed for the 7th harmonic current.

As discussed in Section II, the loading conditions are deter-
mined via disaggregation by finding the minimum difference
between the harmonic content of the aggregate load and all
possible vector sums generated within HST. In Table III,
disaggregation results are evaluated; results are highlighted
in color. The green color indicates correct identification of
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Fig. 3. PE (%) values between the magnitude of the measured aggregate
harmonic current vectors and the magnitude of the harmonic current vectors
produced by the corresponding individual connected loads.
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TABLE III
LOAD DISAGGREGATION RESULTS

TC Aggregate load (kW)
SL MTR Conv NLL Total

TC1 19.1 2.8 6 2.4 30.3
TC2 19.1 1.4 6 3.6 30.1
TC3 14.8 5.5 8 2.4 30.7
TC4 19.1 4.1 6 0 29.2
TC5 19.1 5.5 8 1.2 33.8
TC6 19.1 5.5 6 0 30.6
TC7 19.1 0 8 3.6 30.7
TC8 14.8 5.5 8 2.4 30.7
TC9 19.1 0 8 0 27.1
TC10 19.1 5.5 8 0 32.6
TC11 19.1 5.5 8 2.4 35.0
TC12 19.1 5.5 8 1.2 33.8
TC13 9.5 5.5 2 2.4 19.4
TC14 14.8 1.4 0 2.4 18.6
TC15 14.8 0 2 3.6 20.4
TC16 14.8 5.5 0 0 20.3
TC17 0 5.5 4 1.2 10.7
TC18 14.8 0 0 3.6 18.4

the loading condition; on the contrary, the red color indicates
incorrect identification. A close approximation to the original
values (presented in Table II) is represented by the orange
color. For example, in TC1, the power of the NLL is 3.6 kW;
using the load disaggregation procedure, NLL is estimated
equal to 2.4 kW. Results reveal that more than 75% of the
loading conditions for all TCs are adequately identified.

Based on the above analysis, it is shown that the pro-
posed disaggregation scheme can be effectively applied to
the harmonic content of the aggregate load to estimate the
load composition of the network. Therefore, the fraction of
the respective load classes into the total demand can be
determined.

B. Generic Dynamic Modelling Results

In Fig. 4, the curve of WCBCR is depicted by applying
k-medoids to the MTD training data sets. Based on the knee-
point criterion, the optimal number of clusters is determined
equal to K = 4. Hence, four representative sets of real and
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Fig. 4. WCBCR measure assuming different number of clusters.

TABLE IV
REPRESENTATIVE REAL AND REACTIVE POWER MODEL PARAMETERS

Cluster
θ′P,k
θ′P,kθ′P,k θ′Q,k

θ′Q,kθ′Q,k

Ns,p Nt,p Ty,p Ns,q Nt,q Ty,q

#1 0.634 0.655 1.775 1.004 2.030 0.051
#2 0.032 0.553 156.024 0.635 0.456 0.872
#3 0.405 0.727 70.587 0.763 0.504 1.313
#4 0.075 0.440 0.546 2.830 1.184 0.289

reactive power model parameters, i.e., Θ′kΘ′kΘ′k (here k = 1, . . . , 4),
are obtained for distinct loading conditions. The indicative sets
of model parameters are summarized in Table IV.

To provide an insight in the accuracy of the proposed
approach, in Fig. 5, the estimated real and reactive power
responses are compared to the corresponding measurements
for a random instance of the validation data set. The set of Θ′kΘ′kΘ′k
employed to derive the generic models corresponds to the one
which mostly represents the load composition of the network,
using the classification process of subsection II-D. Satisfactory
results are obtained for the simulation of both the real and
reactive power; here, ε is equal to 0.61% and 1.02% for the
real and reactive power modelling, respectively.

To validate the robustness of the developed generic models,
the cumulative distribution functions (CDF) of ε (%) resulting
from the modelling of the MV D data sets is presented in Fig. 6.
Real power results indicate that in all cases ε is less than 4.5%.
Similar results are obtained for reactive power modelling; only
four cases are not adequately simulated, i.e., ε is higher than
5%. It is clear that using the proposed generic measurement-
based modelling procedure accurate generic models can be
obtained. The reactive power responses could have been sim-
ulated more accurately by a higher-order dynamic equivalent
model, since the oscillatory dynamic behavior presented in
some cases cannot be adequately captured using the first-order
ERM.

C. Comparison with other Generic Modelling Approaches

In order to demonstrate the effectiveness of the proposed
approach, the obtained ε (%) CDF plots are also juxtaposed
to the results of generic modelling using statistical analysis
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Fig. 5. Comparison of responses for the a) real and b) reactive power.
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Fig. 6. CDF plots of ε (%) values for a) real and b) reactive power modelling.

in Fig. 6. In the latter approach, representative sets of model
parameters are computed from the available training data sets
assuming the mean value of each parameter [7]; the derived
generic model parameters are used to simulate the power
responses of the MV D validation data sets. It is clear that in
all cases lower ε (%) values are obtained using the proposed
generic modelling procedure. Therefore, more accurate generic
models are derived compared to those developed by using the
statistical analysis.

V. CONCLUSIONS AND FUTURE WORK

In this paper, load mix estimates and identified model
parameters are forwarded as inputs into a clustering algorithm
to derive generic equivalent models. To estimate the load
composition of the network, load disaggregation is applied,
by analyzing the aggregated harmonic current content un-
der steady-state operation. In addition, the dynamic model
parameters are identified by using voltage, real and reactive
power disturbance data. Using these inputs, indicative sets of
model parameters are acquired for different loading conditions.
During the online application, the load mix of the network
is continuously determined by decomposing the harmonic
content of the aggregated load demand into specific load
classes. To simulate unseen disturbances, the set of param-
eters that mostly represents the estimated load composition
of the network is determined using a classification process.
The effectiveness of the proposed methodology is validated
using experimental measurements obtained in a laboratory-
scale distribution system.

Results indicate that using the proposed disaggregation
technique the loading condition of specific load classes is
adequately identified. Additionally, it is shown that accurate
generic measurement-based dynamic equivalent models are
obtained. Finally, the proposed approach is compared to a con-
ventional generic modelling procedure, where representative
set of model parameters are derived via statistical analysis; in
all cases, more accurate results are obtained using the proposed
method.

Future work will be devoted to improve the accuracy
proposed method. Artificial neural networks techniques will be
examined to capture a general relationship between harmonic

measurements of the aggregated load and the identified dy-
namic model parameters. Special emphasis will also be given
to validate the performance of the proposed methodology
under different network configurations and load classes.
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