MANCHESTER

1824
The University of Manchester

The University of Manchester Research

Accuracy of Probabilistic Harmonic Estimation in Sparsely
Monitored Transmission Networks

DOl:
10.1109/PMAPS53380.2022.9810613

Document Version
Final published version

Link to publication record in Manchester Research Explorer

Citation for published version (APA):

Zhao, Y., Milanovic, J. V., Rodrguez-Pajaron, P., & Hernandez-Bayo, A. (2022). Accuracy of Probabilistic
Harmonic Estimation in Sparsely Monitored Transmission Networks. In 2022 17th International Conference on
Probabilistic Methods Applied to Power Systems (PMAPS) (pp. 1-6)
https://doi.org/10.1109/PMAPS53380.2022.9810613

Published in:
2022 17th International Conference on Probabilistic Methods Applied to Power Systems (PMAPS)

Citing this paper

Please note that where the full-text provided on Manchester Research Explorer is the Author Accepted Manuscript
or Proof version this may differ from the final Published version. If citing, it is advised that you check and use the
publisher's definitive version.

General rights

Copyright and moral rights for the publications made accessible in the Research Explorer are retained by the
authors and/or other copyright owners and it is a condition of accessing publications that users recognise and
abide by the legal requirements associated with these rights.

Takedown policy

If you believe that this document breaches copyright please refer to the University of Manchester's Takedown
Procedures [http://man.ac.uk/04Y6Bo] or contact uml.scholarlycommunications@manchester.ac.uk providing
relevant details, so we can investigate your claim.

OPEN ACCESS

Download date:21. Oct. 2022


https://doi.org/10.1109/PMAPS53380.2022.9810613
https://www.research.manchester.ac.uk/portal/en/publications/accuracy-of-probabilistic-harmonic-estimation-in-sparsely-monitored-transmission-networks(0ba66e6d-9c2f-41ac-a849-30845e6065f6).html
https://doi.org/10.1109/PMAPS53380.2022.9810613

ACCEPTED VERSION OF THE PAPER

Accuracy of Probabilistic Harmonic Estimation 1n
Sparsely Monitored Transmission Networks

Yuqi Zhao, Jovica V. Milanovi¢
the University of Manchester
Manchester, UK
yugi.zhao@postgrad.manchester.ac.uk
jovica.milanovic@manchester.ac.uk

Abstract— Accurate estimation of harmonics in uncertain,
power electronics interfaced large transmission networks
without installation of excessive number of power quality
monitors can significantly improve and facilitate the
probabilistic harmonic propagation studies. Traditional
harmonic state estimation methods have been widely studied but
are still very challenging in practical application due to the
requirement of a large number of synchronized monitoring
devices and real-time operational structure of the network.
Based on a preliminary study that demonstrates the
effectiveness of sequential artificial neural networks (ANNS) in
the probabilistic harmonic estimation in uncertain transmission
networks, this paper presents further comprehensive accuracy
assessment in terms of different types/numbers of harmonic
measurements, different stop errors to optimise training time
and limited numbers of installed power quality monitors due to
realistic reasons. It has been demonstrated that the sequential
ANNs is sufficiently accurate and applicable in estimating
harmonics in uncertain transmission network, thus contributing
to facilitate the identification of potential harmonic issues,
benchmarking, standard compliance and the deployment of
appropriate harmonic propagation and mitigation solutions.

Keywords— ANN, harmonic estimation, renewable energy
source, sparsely monitored transmission system, uncertainties

l. INTRODUCTION

Power system harmonic distortions are highly associated
with the increasing penetration level of power electronic (PE)
devices, e.g., renewable generations. In response to the global
environmental-friendly policies, there are more and more PE
interfaced devices continuously connecting into the large
transmission system, leading to additional uncontrolled
harmonic power flows and unexpected harmonic issues, thus
resulting in significant financial loses to both transmission
system operators (TSOs) and customers [1, 2].

Accurate estimation of harmonic propagations is one of
the feasible options to effectively anticipate and mitigate the
harmonic problems. As a traditional solution, the harmonic
state estimation (HSE) method [3-5] have been widely
studied. For example, in the area of proposing optimal
monitor-placement methods [6] and combining with ANN-
based techniques to improve the estimation precision and
accelerating convergence [7-10]. However, for a typical large
transmission system which is sparsely monitored and highly
dynamic and uncertain in nature, the HSE method is still very
challenging in practical application since it requires adequate
synchronized monitoring devices, specific parameters of the
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system topology at the and real-time operational structure of
the network [3-5].

A sequential ANNs method [11] has been proposed for
reliable estimation of probabilistic harmonic distortions at
unmonitored buses in large uncertain transmission networks.
As an extension study, this paper evaluates the effectiveness
of the sequential ANNs and presents further comprehensive
accuracy assessment considering the effect of different types
and length of harmonic measurements utilised for training,
the effect of amplifying stop errors to optimise training time
and the effect of decreasing the number of installed power
quality monitors/monitored buses in the large transmission
system due to the financial and technical reasons.

The test network is modelled and simulated in the
DigSILENT/PowerFactory environment [12], using Monte
Carlo based probabilistic approach for considering operating
uncertainties caused by PE interfaced generation and non-
liner loads [13, 14]. The sequential ANNs was implemented
in MATLAB. All the trainings are performed using a personal
computer with Intel® Core™ i7-4770 CPU @ 3.4GHz.

II.  METHODOLOGY

A. Harmonic Estimation

In this study, a sequential ANNs method, introduced in
[11], is utilised for the estimation of harmonic distortions in
a transmission network, where limited number of harmonic
monitoring devices are installed and limited number of
harmonic orders are measured. The method combines the
successive application of two different two-layer feed-
forward neural networks namely ANN1 and ANN2. Similar
to the structure introduced in [15-17], ANN1 is a neural
network with m input-layer neurons (m represents for the
number of monitored buses), 28 hidden-layer neurons and n
output-layer neurons (n represents for the number of
unmonitored buses). ANNZ2 is a neural network, and with h
input-layer neurons (h represent for the total number of
individual harmonic orders), 28 hidden-layer neurons and
single output-layer neuron (represents for THD at an
unmonitored bus). Both  ANN models are trained using
Levenberg-Marquardt Backpropagation (LMBP) training
function [18]. The transfer functions of the hidden and output
layer are log-sigmoid and tan-sigmoid, respectively. The
block diagram of entire THD estimation methodology is
shown in Fig. 1.

ANNL1 aims to estimate individual harmonic distortions
(h™ order) of the target week at all unmonitored buses (the
output) based on ht" harmonic measurements at the monitored
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buses from the same week (the input). It has been trained
using the h™ order of harmonic measurements of previous
weeks at all the monitored buses, as the input and the ht"
order harmonic measurements of previous weeks at all the
unmonitored buses, as the target. According to the standard
EN 50160 [19], only 2M-25™" harmonic are considered in this
study.

ANN?2 aims to estimate THD of the target week at all
unmonitored buses based on all individual orders of harmonic
distortions estimated by ANNL. It has been trained using
individual harmonic distortions of previous weeks at the nt"
unmonitored bus as the input, and the THD values of previous
weeks at the n' unmonitored bus as the target. The advantage
of using a sequential ANNs method to estimate THD
compared to more traditional approach that uses individual
harmonics and conventional formula for calculating THD at
unmonitored buses has been clearly demonstrated in [11].

Estimation

ht" measurements of target
week at the monitored buses

Input J, Target
ini ht" distortions of
ht" measurements of previous training ANN1 previous week at the
week at the monitored buses 2425t order A anitored Buses

'

[ estimated 2"9-25%" harmonic

distortion of target week at all
the unmonitored buses

l

estimated 2"9-25'" harmonic training ANN2
distortions of previous week —> [—

THD values of
previous week at the

at the n'" unmonitored bus n unmonitored buses nth unmonitored bus

estimated THD of target week
at all the unmonitored buses

Fig. 1. Block diagram of THD estimation methodology (adopted from [11]).

When evaluating the accuracy of the probabilistic
harmonic estimation method, the absolute error (AE), defined
by (1) and the relative error (RE), defined by (2) are utilised.

absolute error = t; — q; 1)

H7% 4 100% )

a;

relative error =

where t; and a; stand for the estimated value and the actual
value of a sample i, respectively.

B. Test Network

The database of harmonic measurements are obtained by
performing harmonic load flow (HLF) in a modified IEEE
68-bus New England Test System-New York Power System
(NETS-NYPS) test network (shown in Fig. 2). There are 16
synchronous generators (G1-G16), 20 renewable energy
generations (10 wind farms and 10 PV plants) and a total of
35 loads (industrial type and distribution network (DN) type
of loads) integrated in this system. Individual loads are
modelled as a combination of linear and non-linear
components (50% for industrial load, 20% for DN type of
loads). The penetration level of RES is set as 60%.

C. Probablistic Modelling of Uncertainties and Harmonic
Injections

One-week actual renewable generation profiles in Europe
[20] are interpreted as probabilistic scaling factors in this
study when modelling the system uncertainties regarding
different operating conditions, e.g., varying loads, wind and
PV outputs. According to standard IEEE519 [21], the
probabilistic scaling factors are updated every 10-min
interval. For loads, wind, and PV plans, the probabilistic
output/loading scaling factors are assumed to be sampled by
following Normal distribution (p=1, ¢=0.033). Weibull
distribution (¢=11.1, k=2.2) and Beta distribution (a=13.7,
B=1.3), respectively [14].

~ NEW ENGLAND TEST SYSTEM

NEW YORK POWER SYSTEM ———

143
44
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=y
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Fig. 2. Modified IEEE 68-bus NETS-NYPS test network.
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In transmission network, harmonic distortions are mainly
injected by PE interfaced wind, PV, and load demands.
Therefore, these types of components are modelled as 3-
phase unbalanced harmonic current sources with random
magnitudes and phase angles which are probabilistically
sampled from different pre-defined ranges. The ranges of
harmonic magnitude injections (Normal distributed) are
defined based on long-term measurements [13] of the
harmonic spectrum in terms of different types of harmonic
sources and individual harmonic orders (2"%-25™). The range
of harmonic phase injection is defined as (0°, 180°),
applicable for all types of harmonic sources [1, 22].

Il. CASE STUDY

Since the accuracy of this probabilistic harmonic
estimation method has been validated by one-day harmonic
measurements in a preliminary study [11], in this case, the
time span for collecting samples has been expanded to one or
more weeks, and the period of THD estimation has been
extended to one week at the same time.

Taking the realistic circumstances into consideration, it is
assumed that in the test network, the buses that are connected
with conventional generations, renewable generations and
both types of loads are being monitored (52 buses in total),
while the other buses (16 buses in total) are unmonitored.
This means that the input layer and output layer of ANN1 has
52 neurons and 16 neurons, respectively. At the same time, in
ANNZ2, there are 24 neurons in the input layer and single
neuron in the output layer.

A. Accuracy Based on One-week Measurements

In order to compare the accuracy of the sequential ANNs
method when using different types of harmonic
measurements, it is trained considering two cases. Case 1,
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were weekly variation in measured harmonic distortions,
used to train ANN model, was relatively small, i.e., the level
of harmonic distortion during the week was stable. Case 2,
were weekly variation in measured harmonic distortions was
relatively large. Then the obtained estimated THD values are
compared against the harmonic measurements from each
other week (mutual verification). In order to avoid the
extreme circumstances caused by the uncertainties, it is a
common practice to take the 95" percentile value of
harmonics as a comparison [22]. The harmonic voltages are
expressed as a percentage of the fundamental voltage.

For Case 1, the probability density functions (PDFs) of
absolute and relative errors of 95" percentile estimated THD
are fitted and plotted in Fig. 3 (a) and Fig. 3 (b), respectively.
It can be seen that the mean values of fitted absolute and
relative errors at different buses are all approximately
concentrated at 0%. According to the distribution span of the
fitted absolute error, i.e., £0.2%, and the distribution span of
the fitted relative error, i.e., £10%, this indicates that if the
actual THD at the unmonitored bus is 3%, the corresponding
estimated value will be within a range from 2.8% to 3.2%,
i.e., less than 10% of the actual THD values.

400

Bus 18 Bus 38

BUs22' yuorsesene Bus 43

R0 7 /5 XAl | T Bus 30 Bus 54
'/?‘7‘!\ — — —Bus31 — — —Bus58

300 Bus 32 Bus 62
seeeee-Bus 34 oo Bus 63

[
5
(=}

''''' Bus 65
Bus 66

Probability density
a 8
Q Q

&
(=]
o

=]
=]

0 = Lz L
-0.2 -0.15 -0.1 0.15 0.2

THD absolute error (%)
(a) PDFs of AEs of 95" percentile THD at unmonitored buses in Case 1.

450 Bus 19 Bus 28
400 Bus 22’ «ssevenens Bus43
————— Bus 30 Bus 54

350 F — — —Bus31 - — —Bus58
Bus 32 Bus 62

300 --Bus 34 ©+ Bus 83
""""" Bus 35 Bus 65

250 — — —Bus 37 Bus 66

Probability density

THD relative error (%)

(b) PDFs of REs of 95" percentile THD at unmonitored buses in Case 1.

Fig. 3. Fitted PDFs of absolute error and relative error of the 95" percentile
THD at unmonitored buses in Case 1.

For Case 2, Fig. 4 (a) and Fig. 4 (b) show the fitted PDFs
and Normal-fitted cumulative distribution function (CDFs) of
absolute errors of 95" percentile estimated THD,
respectively. Fig. 5 (a) and Fig. 5 (b) show the fitted PDFs
and CDFs of relative errors of 95" percentile estimated THD,
respectively. It can be seen from the CDFs that during 90%
of time the total absolute errors are less than 0.005%, and the
total relative errors are less than 1%.
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Fig. 4. Fitted PDFs and CDFs of absolute error of the 95" percentile THD at
unmonitored buses in Case 2.

Similar to Case 1, the mean values of fitted absolute and
relative errors are all concentrated around 0%. However, the
range of distributions of fitted absolute errors has been
reduced significantly, i.e., from £0.2% to + 0.01%. The range
of distributions of fitted relative estimation errors also
deceased, approximately 5 times, from about £10% to about
+2% of real measurements. This is because if the THD values
are estimated based on a group of harmonic distortions
measured when the system is stable, it is very challenging for
the combined ANN model to predict unexpected fluctuations
in a highly dynamic system due to the randomness and
intermittence of RES. On the country, a group of volatile
measurements would be able to accommodate extreme
conditions and estimate THD values at unmonitored buses
more accurately, regardless of various uncertain
circumstances.

B. Accuracy Based on Multiple-weeks Measurements

In this case, the IEEE 68-bus NETS-NYPS test network is
simulated again to obtain the harmonic measurements from a
third week, which is considered as the comparison week.
Then the combined ANN model is trained considering three
cases, i.e., with less-variable weekly harmonic measurements
(refer to as Case 3.1), with highly-variable weekly harmonic
measurements (refer to as Case 3.2) and with measurement
from both weeks (refer to as Case 3.3). Table I summarises
the ranges of mean values and distributions of both fitted
absolute and relative errors at all unmonitored buses, as well
as the mean square errors (MSEs) of estimated THD at bus
19 (critical bus).
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Fig. 5. Fitted PDFs and CDFs of relative error of the 95" percentile THD at
unmonitored buses in Case 2.

It can be seen that for all three cases, the distributions of
both absolute and relative errors are concentrated at
approximately 0%, which confirms that the proposed model
is sufficiently accurate in estimation THD at unmonitored
buses. However, the distribution span of relative estimation
errors and the MSEs at the critical bus tend to be smaller for
Case 3.2 and Case 3.3 when a larger size of dataset is utilised
to train the combined ANN model. This is because the larger
dataset contains different operational uncertainties and is
adequate to be compliant with a random week. However, the
effect may not be so obvious since there are only one
additional week considered in this case and there still exist
random uncertainty.

TABLE 1
Comparison of the ranges of mean values and distributions of the fitted
errors at all unmonitored buses and the MSEs at Bus 19.

Case3.1 Case3.2 Case3.3
Range of absolute mean value 0% 0% 0%
Range of absolute distribution | +0.71%  +0.23%  +0.24%
Range of relative mean value 0% 0% 0%
Range of relative distribution | +67.7%  1+32.6%  +26.9%
MSEs at Bus 19 0.051 0.012 0.008

Fig. 6-8 illustrate the boxplots of the estimated and actual
THD values on different unmonitored buses for Case 3.1-3.3,
respectively. It can be seen that on the same bus, the medians,

width and boundaries of boxplots are coincident with that of
the actual THD boxplots. This indicates that for various
unmonitored buses, the distributions of the predicted THD
values correspond to their actual values, which further proves
the general applicability of the combined ANN structure.
However, in Fig. 6, it can be noticed that there are some
outliners beyond the top of the box that are not able to be
predicted. On the other hand, it can be seen from Fig. 7 and
Fig. 8 that the outliners on the same unmonitored bus are
approximately overlapped, which indicates that the extreme
THD values can be accurately predicted. This may due to the
fact that for Case 3.1, the measurement database used to train
the combined ANN model is inclusive of different operation
uncertainties and is adequate to be compliant with a random
week, thus restraining the estimation errors.
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Fig. 6. Boxplots of estimated and actual THD values for different
unmonitored buses for Case 3.1.
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Fig. 7. Boxplots of estimated and actual THD values for different
unmonitored buses for Case 3.2.
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Fig. 8. Boxplots of estimated and actual THD values for different
unmonitored buses for Case 3.3.

Therefore, when training the combined ANN model, it is
recommended to consider highly-variable weekly/multi-
weeks harmonic measurements if possible to take the
uncertainties and contingency of system operations into
consideration.
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C. Optimization of Training Time

It has been noticed from the previous cases that with the
increasing number of training samples, it takes longer to train
the combined ANN model. As the main influence factor of
training time, the training stopping error/threshold in ANN1
is increased to 102 in Case 4 to speed up the training process.
The stopping criteria for training ANN2 though remained the
same, i.e., 10°5. After training combined ANN model, ANN1
takes approximately 24 hours less to train than in the Case
3.3.

Fig. 9 plots the CDFs of absolute prediction error of the
2n-25M harmonics at Bus 19 of (a) Case 3.3 and (b) Case 4.
It can be seen that during 90% of time, the total absolute
errors of individual harmonics are less than 0.006%. When
the stopping threshold in ANN1 is increased, the total
absolute errors of individual harmonics during 90% of time
are below with a range from -0.17% to 0.2%. Meanwhile, the
span of fitted absolute errors become wider. Nonetheless, the
estimation errors of individual harmonics are still within an
acceptable range.
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Fig. 9. Fitted CDFs of absolute prediction error of the 2"-25™ harmonics at
Bus 19 in (a) Case 3.3 and (b) Case 4.

Table II summarises the ranges of mean values and
distributions in PDFs of both fitted absolute and relative
errors when estimating THD values at Bus 19. It can be seen
that even though different stopping criteria were applied to
ANNL1, after training the ANN2, where the stopping threshold
are sufficiently small, the estimated THD values on
unmonitored buses still having the same level of accuracy.

Therefore, it is feasible to optimise the training time of
ANN though changing stopping errors on the condition that

the estimated errors of individual harmonic distortions are
within acceptable limit. The requirement for the precision of
estimated THD values on unmonitored buses can still be
achieved through setting appropriate stop errors during the
training of ANN2.

TABLEI

Comparison of the range of mean values and distributions of the fitted
absolute and relative errors at Bus 19

Case3.3 Case4  Case5 Case 6
Mean value range of AE 0% 0% +0.03%  +0.04%
Distribution range of AE | +0.24%  +0.21% +0.24%  +0.21%
Mean value range of RE 0% 0% +3.76%  +8.53%
Distribution range of RE | +26.9%  +24.3% +282% +31.11%

D. Limited Number of Monitored Buses

In order to investigate the accuracy of the estimation
method in a sparsely monitored transmission network,
different number and locations of monitored buses are
assumed. For the purpose of saving the training time, the
stopping errors of ANN1 and ANNZ2 are set as 102 and 10,
respectively. In Case 5, it is assumed that there are 34 buses
being monitored and thus the other 34 buses are to be
estimated. Taking the realistic circumstances in to
consideration, the selected 34 monitored buses are the buses
where synchronous generators, RES generators and industrial
loads are connected. In Case 6, it is assumed that there are 18
monitored buses and thus the other 50 buses are to be
estimated. The selected 18 monitored buses are those with
RES generators and industrial loads connected to them.

In the sparsely monitored transmission network, as the
number of unmonitored buses is increasing, more time is
required to train the combined ANN model. In this case, the
growth of training time is approximately in line with the
cumulative number of unmonitored buses. For each
additional unmonitored bus, it will take approximately extra
two hours on average to train ANN1, and approximately extra
4.5 min on average to train ANNZ2.

Fig. 10 and Fig. 11 compare the boxplots of estimated and
actual THD values for different unmonitored buses in Case 5
and Case 6, respectively. It can be seen that in both cases, the
medians, width and boundaries of the estimated THD
boxplots are coincident with that of the actual THD boxplots.
The outliners on the same unmonitored bus are approximately
overlapped, which indicates that the extreme THD values can
be accurately predicted as well. The ranges of mean values
and distributions of both fitted absolute and relative errors are
also summarised in Table II. When there is a smaller number
of monitored buses, the corresponding distributions of the
absolute and relative estimation errors are roughly the same.
There is up to approximately 0.04% increase in the mean
value of fitted absolute errors and up to approximately 8.53%
increase in the mean value of fitted relative errors, when the
number of monitored buses drops from 34 (50% of all buses
in the network) to 18 (26% of all buses in the network). This
drop in accuracy generally can be considered as an acceptable
considering the significant reduction in monitoring.
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Fig. 10. Boxplots of estimated and actual THD values for different
unmonitored buses for Case 5.
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o

Therefore, the minimum number of buses that need to be
monitored so that the established harmonic distortion values
are within an acceptable limit of 10”2 is 18 buses. The number
of monitored buses could be further reduced by setting
smaller stopping errors at the expense of extended training
time though.

IV. CONCLUSIONS

The paper evaluated the accuracy and effectiveness of
using sequential ANNs for probabilistic estimation of
harmonic distortions in sparsely monitored large
transmission system considering the uncertainties introduced
by increasing penetration level of power electronics
interfaced renewable generations and nonlinear loads. The
estimation accuracy is clearly established in terms of different
types and length of harmonic measurements, different
stopping thresholds/errors to optimise training time and
limited numbers of installed power quality monitors. The
presented accuracy assessment demonstrates that the
proposed method is applicable and reliable tool to estimate
harmonics under varying circumstances in large uncertain
and sparsely monitored transmission networks. It could
facilitate the identification of potential harmonic issues in the
network and be applied for benchmarking and standard
compliance purposes as well as to inform deployment of
appropriate harmonic mitigation solutions.
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