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ABSTRACT The integration of nonlinear loads and distributed energy resources in microgrids (MG) has
increased the levels of harmonic distortions in distribution feeders. Identifying the responsibility for the
harmonic distortions measured at the MG’s point of common coupling (PCC) is essential for managing the
power quality. For this purpose, the present paper aims to determine whether the responsibility predominates
from the utility’s grid or the MG itself. Thus, an ensemble-based approach was proposed, comparing the
behaviour of Random Forest and XGBoost classifiers to identify the side with the predominant harmonic
contribution. In order to validate the proposed approach, scenarios were simulated in the IEEE 34-node test
feeder using the ATP/ATPDraw software, considering the harmonic sources located at different nodes of
the feeder. Three-phase voltage and current signals were acquired at MG’s PCC to train and validate the
ensembles. However, a feature extraction stage was performed to obtain time and frequency features used as
inputs to the predictive models. The results demonstrated that the proposed approach effectively identified
the contribution side, achieving an average F1-score above 99% for both ensembles, representing a feasible
solution for determining the harmonic distortion responsibilities at the MG’s PCC.

INDEX TERMS Harmonic contribution, harmonic distortion, machine learning, power distribution systems,
power quality.

I. INTRODUCTION distribution system to have a greater density of harmonic

The growing use of nonlinear loads and distributed energy
resources (DERs) connected to power distribution systems
introduces new challenges in terms of power quality (PQ)
[1], [2]. In power distribution systems, the massive presence
of harmonic sources leads to the degradation of the PQ
delivered to consumers [3], [4].

This concern is particularly significant due to the increas-
ing deployment of inverter-based distributed generators,
which is especially prevalent in the context of microgrids
(MG). In this sense, MGs are potential regions of a power
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sources, as they represent a conglomerate with distributed
generators (usually based on inverters) that aim to fully or
partially supply the local demand formed mainly by nonlinear
loads [5]. Despite this high density of harmonic sources, the
MGs are a trend, driven by the potential to establish more
resilient and reliable grids [6].

The challenges imposed by harmonic distortions caused by
the utility- or MG-side are notable from the aforementioned
scenario. Although regulatory agencies, through standards
and/or recommendations [7], [8], aim to define acceptable
levels of harmonic distortions in distribution grids, there
is a lack of research regarding the harmonic contribution
responsibility, i.e., the determination of the predominant side

© 2025 The Authors. This work is licensed under a Creative Commons Attribution 4.0 License.

VOLUME 13, 2025

For more information, see https://creativecommons.org/licenses/by/4.0/

85873


https://orcid.org/0009-0002-1952-5459
https://orcid.org/0000-0003-2361-6505
https://orcid.org/0000-0002-0542-1723
https://orcid.org/0000-0002-9899-0609

IEEE Access

M. C. Mella et al.: Ensemble-Based Classifier to Determine the Harmonic Contribution Responsibility

in terms of harmonic distortion measured at the point of
common coupling (PCC). It is important to mention that
a PCC represents a location (node) common to different
consumers. In the present paper, it is also a common node
to connect an MG.

Currently, research has sought to quantify the contribution
of harmonic distortions at points of common coupling
(PCC) between the medium voltage network (utility-side)
and a consumer (commonly an industrial plant). Classical
approaches for identifying dominant harmonic sources are
generally based on harmonic power [9] and/or harmonic
impedance [10], [11], [12], [13]. It is worth mentioning that
most of these approaches have the disadvantage of requiring
the estimation of the networks’ harmonic impedance, which
is not a trivial task. This way, machine learning-based
approaches have been proposed. Among them, it can be
highlighted those based on neural networks [14], [15], [16],
fuzzy inference systems [17], [18], decision trees [18] and
clustering algorithms [19].

Mazumdar et al. [14] proposed an approach based on
Multilayer Perceptron (MLP) neural networks to identify the
load model, evaluating the impact of changes in the harmonic
source impedance to analyze its contribution. Experimental
tests were performed, and the approach could predict the total
harmonic distortion (THD) on the consumer side, considering
only currents measured at the PCC.

In [15], the authors employed a self-organizing feature
map (SOFM) network to classify linear and nonlinear loads.
The Wavelet transform was used to extract features from V-I
curves. The proposed SOFM was compared with Support
Vector Machines (SVM), demonstrating a faster training
stage and accurate results.

An exact radial basis function neural network (ERBFNN)
was proposed by [16] to identify the harmonic contribution
in comparison with other neural networks (such as MLP and
radial basis function). All the neural networks were trained
to estimate the THD of current on the utility- and consumer-
side. The proposed ERBFNN obtained accurate results and
demonstrated less computational cost.

A Fuzzy inference system was proposed by [17] to
determine the harmonic contribution at the PCC. The authors
considered measurements acquired at the PCC before and
after a capacitor bank switching. This way, a set of Fuzzy
systems was adjusted and used to estimate the contributions
of odd harmonics. The results presented mean percentage
errors ranging from 1% to 10%.

Fernandes et al. [18] proposed an approach based on
decision trees (DTs) and neural-fuzzy systems combined
with a feature extraction stage. The DTs were used to
identify the contribution side (utility or consumer), while
the neural-fuzzy systems were employed to estimate the
contribution. This approach reached 99% in identifying the
contribution side and mean square error between 1.1¢~2 and
3.0~ in estimating the contribution of each harmonic order.

A density-based spatial clustering of applications with
noise (DBSCAN) was used by [19] to identify harmonic
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impedance changes. However, before clustering, the pro-
posed approach considered a filtering stage based on cross-
approximation entropy. The filtering was applied to the
current and voltage signals measured at the PCC. From
the clusters, it was possible to calculate the harmonic
contribution for each of them.

According to the previously mentioned context, this
paper proposes an ensemble-based classifier to identify the
harmonic distortion responsibility at the MG’s PCC. The
proposed approach employs a feature engineering stage to
extract time and frequency domain features from voltage
and current signals. Next, Random Forest and XGBoost
classifiers were trained and validated to identify the harmonic
distortion responsibility, i.e., the contribution side.

To the best of our knowledge, no work has analyzed
the harmonic responsibilities at the MG’s PCC, being
this the main contribution of the paper. Moreover, the
proposed approach also advances the state-of-the-art due to
its independence in relation to the a priori information from
the distribution feeder parameters. Therefore, the only use of
three-phase voltages and currents measured at the MG’s PCC
is sufficient to determine the contribution side. In addition,
the proposed approach considered a predictive model for
each system’s phase, making it applicable even in unbalanced
networks. These characteristics make the proposed approach
a versatile and effective solution for managing the harmonic
distortions in MGs.

The remainder of the paper is organized as follows.
Section II presents the modeling and simulation aspects of the
power distribution feeder and the harmonic sources consid-
ered in this paper. The proposed approach for determining the
harmonic contribution at MG’s PCC is detailed in section III.
Results and discussions are presented in section IV. Finally,
the section V draws the conclusions.

Il. DISTRIBUTION TEST FEEDER AND HARMONIC
SOURCES MODELING AND SIMULATION

This section covers the modeling aspects of the distribution
test feeder and harmonic sources, which were implemented in
the ATP/ATPDraw software [20] for subsequent simulation.
Feeder topology and loading were maintained following the
specifications presented in [21].

A. IEEE 34-NODES TEST FEEDER

The IEEE 34-node test feeder was used for the analysis,
as it is considered long and lightly loaded, allowing harmonic
sources to be duly located.

In Fig. 1, the single-line diagram of the aforementioned
feeder is shown. The MG was defined from node 858, which
contains a small hydraulic facility (SHF) of 1,860 kVA
located at node 846 and a photovoltaic (PV) system of
300 kWp that uses inverters to inject power into the grid,
connected to node 836.

This feeder is based on a real system in Arizona,
USA. It operates with a nominal frequency of 60 Hz,
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FIGURE 1. IEEE 34-nodes test feeder with the MG region highlighted.
distribution voltage of 24.9 kV, and 12 MVA of distributed C. SIMULATION SETUP
and concentrated loads (unbalanced system). The simulations considered three operating conditions before
the insertion of harmonic sources: (i) energy import mode
B. HARMONIC SOURCES — where the MG consumes energy from the utility’s grid;
From the distribution feeder modeling, harmonic sources (ii) energy export mode — where the MG supplies energy
(nonlinear loads) were introduced at several three-phase to the utility’s grid; and (iii) neutral mode — where there is
nodes, both on the utility-side (main grid) and the MG-side, no energy exchange between the MG’s generation and the
in a singular manner. This procedure allows for the identifica- utility’s grid.
tion of the side responsible for the harmonic distortion, which For each operating condition, simulations were performed
is used as the output variable in the training dataset. to assess the effectiveness of the proposed approach,
It is important to highlight that different harmonic profiles considering the location of each harmonic source across the
were analyzed, covering 6- and 12-pulse rectifiers, static 25 available three-phase nodes in the entire system. Of these,

frequency converter (SFC), DC motor drive, and thyristor 16 three-phase nodes are located on the utility-side (800,
controlled-reactor (TCR). These harmonic sources were 802, 806, 808, 812, 814, 850, 816, 824, 828, 830, 854, 852,

modeled according to the harmonic current signatures 832, 888 and 890), while the remaining 9 are situated on
presented in [22] and [23]. Their characteristics are detailed the MG-side (834, 836, 840, 842, 844, 846, 848, 860, and
in Table 1. 862). In this study, only one harmonic source was included
per simulation, either in the utility- or MG-side.
TABLE 1. Characteristics of harmonic sources. Additionally, variations of up to £30% in the apparent
power (S3¢) of the harmonic sources were considered for
Parameters | 6-pulse 12-pulse SFC DCmotor TCR . . .
3rd (p.u) 0.015 0.002 0.000 0012 0138 each scenario. Thus, each harmonic source was simulated
5th (p.u.) 0.220 0.006  0.170 0.336 0.051 50 times for each node. This approach ensured a broad
7th (p.u.) 0.150 0.003  0.101 0.016 0.026 diversity of scenarios, covering a wide range of possible
9th (p.u.) 0.000 0.000 0.000 0.000 0.016 : ses
Tith (pu) | 0102 0062 0061  0.087 0011 operating conditions.
3th (pu.) 0.082 0045  0.044 0012 0.008 Finally, three-phase voltage and current measurements
15th (p.u.) 0.000 0.000 0.000 0.000 0.006 were acquired at the MG’s PCC. This process resulted in
P3o MW) | 0100 0300  0.500 1.100  0.724 a dataset composed of 18,750 signals. This comprehensive
034 (MVAr) 0.050 0.150 0.200 0.000 0.828 h all d th ti £ bust dataset suitabl
S5 (MVA) 0112 03360539 1100 1100 approach allowed the generation of a robust dataset suitable

for training and validating the ensembles.

Although the PV system was properly modeled with
its inverter to allow both connection and power dispatch, Ill. ENSEMBLE-BASED APPROACH TO DETERMINE THE
it was not considered as a harmonic source to be identified. HARMONIC CONTRIBUTION
This exception was considered because it corresponds to As previously mentioned, the approach outlined in this paper
an element of the MG, which was previously dimensioned, focused on identifying the side of the grid with the predomi-
planned, and authorized by the utility. nant harmonic contribution. It is essential to emphasize that,
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although it was validated using the IEEE 34-node test feeder,
the underlying philosophy of this approach applies to any
medium voltage radial feeder. After simulating the scenarios
with the presence of harmonic sources, as it is an approach
based on supervised machine learning models, there was a
need to train them to identify the harmonic contribution side.
The steps that compose the proposed approach are shown in
the flowchart of Fig.2.

Training Prediction
Data Data
Acquisition Acquisition

Harmonic & Feature
Responsability Side Extraction | :

Label

Feature
Extraction

Data Splitting
Model Training

Model
Validation

Predictive Model

Harmonic
Responsability Side

Label

Machine Learning
Algorithm

FIGURE 2. Flowchart of the proposed approach.

A. DATA ACQUISITION

This stage involves the acquisition of three-phase voltage and
current measurements at the MG’s PCC. The PQ meter was
configured to perform signal acquisitions with a sampling
rate of 7,680 Hz, which corresponds to 128 samples per cycle
for the nominal frequency of 60 Hz.

B. FEATURE EXTRACTION

In the context of pattern recognition, the feature extraction
stage plays a fundamental role, as it is responsible for
preserving relevant information and reducing the complexity
of the dataset. In the present paper, the features were firstly
extracted in the time domain, considering the calculations of
root mean square (Fp), kurtosis (F7), skewness (F3), Rényi
entropy (F4), crest factor (Fs), and form factor (Fg):

|
Fi= | <>, M
N3
N
Ilv > (x; — mean)*
i=1
Fy = l 7 2
I:]lv (x; — mean)21|
i=1
N
(x; — mean)?
F3 = = 3)

(N — o3
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N
Fy=———log Zl“ log(x{"), )
1=
max(x)
Fs = , 5
5 Fi (5)
Fo= —! ©)
6= Zf’il i '
N

where x is the instantaneous signal measured at the MG’s
PCC; N represents the signal length; and « is a parameter
empirically adjusted to 0.4.

In addition, the THD (F7) and the magnitudes of odd
harmonics from the 3rd to the 13th order (Fg to Fi3) were
extracted in the frequency domain, considering the Discrete
Fourier Transform calculation:

al 2w .
Hy = in - exp _Tkl , @)
i=1

where each harmonic Hj, at order k can be obtained with its
magnitude and phase angle. Thus, the THD is calculated as:

2123 hj2
hy

being /; the magnitude of harmonic j, ranging from 3 to 13.
All these features were extracted for both voltage and current
signals, resulting in a total of 26 features used as inputs.

Since the test feeder is unbalanced, the feature extraction
stage was carried out to each system’s phase (A, B or C),
as illustrated in Fig. 3.

Fr = ®)

Input

Phase A { ‘
Phase B {
Phase C {

FIGURE 3. Composition of a feature vector for each system’s phase.

Desired Output

Harmonic
Responsibility

It is worth noting that, in addition to the features extracted
from the signals (input variables), the desired output of the
predictive models (target variable) defines the responsibility
for harmonic distortion at the MG’s PCC.

C. PREDICTIVE MODELS

The models selected and analyzed for the proposed approach
were Random Forest and XGBoost, being both ensembles
and widely used in classification tasks.

1) RANDOM FOREST

A random forest is constructed from an ensemble of DTs,
each created from a random sample of the original dataset.
This sample is obtained through the bootstrap process, where
observations from the dataset are randomly selected with
replacement, creating multiple training sub-samples. This
process ensures diversity in the datasets used to train each
DT in the forest [24].
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During the construction of each DT, a random sample of
features is selected at each split node rather than considering
all available features. Thus, each DT is responsible for an
individual prediction. After training all DTs in the forest,
the final set of predictions is obtained through an ensemble
process. In random forest, the ensemble method used is
voting. Given an input instance, each DT in the forest votes
for an output class. Thus, the class with the most votes
is selected as the final prediction for that instance. This
voting process ensures that the predicted class has the highest
number of votes among all the DTs, aiming to reduce the
impact of incorrect individual predictions and increase the
robustness of the model as a whole [25].

In terms of classification, this technique can handle
large and complex datasets without intensive preprocessing.
Furthermore, it is less sensitive to outliers and noise than other
machine learning algorithms, as the voting process selects the
most frequent class among individual DT predictions. This
voting approach contributes to increasing the stability and
accuracy of final predictions.

2) XGBOOST

The XGBoost (eXtreme Gradient Boosting) classifier rep-
resents an advance of the Random Forest algorithm,
enhancing predictive performance through gradient boosting
techniques [26]. Unlike Random Forest, which constructs
independent DTs, the XGBoost builds DTs sequentially. Each
new DT aims to correct the errors of its predecessors by
focusing on residuals, i.e., the differences between predicted
and actual values.

XGBoost incorporates regularization to manage model
complexity and mitigate the risk of overfitting, while also
efficiently handle sparse data and enable parallel processing.
After training, the predictions from all DTs are combined
to produce the final output. Thus, each DT’s response is
weighted according to its importance.

3) TRAINING AND VALIDATION

The dataset was divided into training (70% of the data)
and validation (30% of the remaining data) subsets. The
training subset plays an important role in the model’s learning
process, allowing it to assimilate patterns and relationships
between input variables and the desired output. In this sense,
an adequate training stage allows the model to generalize
these patterns to unobserved data, ensuring the model’s
validity in different scenarios. During the training process,
the cycle begins with the initialization of the chosen model.
Thus, the model is tuned iteratively using the training subset,
optimizing its ability to make accurate predictions.

As previously stated, the test feeder is unbalanced,
resulting in feature vectors for each system’s phase. This way,
it was trained and validated one predictive model per phase,
as presented in Fig. 4.

As can be seen, after training these models, the class
prediction stage occurred, in which the values of the
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validation subset were used (excluding the output labels) to
make new predictions. Thus, three predictions were obtained
(one per phase) and combined into a voting method to select
the final predicted class. Subsequently, the final predictions
were compared with the true labels to define the overall
performance of the proposed approach.

4) MODEL'S FINE-TUNING

In order to improve the predictive accuracy of the models,

fine-tuning process was conducted to identify the optimal

hyperparameters, with a focus on maximizing the F'j-score.
For the Random Forest classifier, the following hyperpa-

rameters were adjusted:

o Number of DTs — from 100 to 150;

o Maximum depth — from 5 to 15;

« Min. number of samples in split nodes — from 4 to 20;
o Min. number of samples in a leaf node — from 4 to 20.

Similarly, for the XGBoost classifier, key hyperparameters
were adjusted as follows:

o Number of boosting rounds — from 100 to 150;

« Maximum depth — from 3 to 15;

o Learning rate — from 1073 to 0.1.

o Fraction of samples used to adjust DTs — from 0.5 to 0.7;
o Fraction of features used for each DT — from 0.05 to 0.5;
o Minimum loss reduction — from O to 5;

o L1 regularization term — from O to 10;

o L2 regularization term — from 0 to 10.

The fine-tuning process is essential for achieving the better
model performance, ensuring that the selected parameters
effectively enhanced the F|-score during validation.

5) PERFORMANCE EVALUATION METRICS

The proposed approach was evaluated using commonly
employed metrics, such as: accuracy (acc), precision, recall,
and Fi-score. In addition, the confusion matrix was also
used to demonstrate the models’ behavior. These metrics are
critical to determining the quality and effectiveness of the
models against the validation data. They are based on values
of true positive (TP), true negative (TN), false positive (FP)
and false negative (FN) predictions.

Accuracy (acc) measures the proportion of correct predic-
tions to the total number of predictions made by a model [27].
In this sense, the greater the accuracy, the better the model
performance.

B TP + TN
" TP+TN +FP+FN’

©)

acc

Precision evaluates the proportion of TP to the total
instances classified as positive [27]. It is useful to avoid FP.

.. TP
Precision = ———. (10)
TP + FP

Recall measures the proportion of predicted TP relating to
the total TP instances [27]. It is important when it is critical
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FIGURE 4. Training and validation flow of the predictive models.

to identify all positive instances.

TP
Recall = ——. (11)
TP + FN

F1-score is a metric that combines precision and recall into

a single score, considering both FP and FN [27]. The higher

the Fi-score, the better the balance between precision and

recall, minimizing the bias of the majority class in unbalanced
datasets.

2 x (Precision x Recall)
F|-score = — . (12)
Precision + Recall

The confusion matrix summarizes the performance of the
classification model, showing the number of TP, TN, FP, and
FN [27]. It is useful to understand where the model presents
correct and incorrect predictions.

IV. RESULTS AND DISCUSSIONS

This section presents the performances of Random Forest and
XGBoost classifiers in predicting the harmonic contribution
responsibility side. A binary classification was used, consid-
ering the label “0” for scenarios where the harmonic source
is located on the utility side. In contrast, the label “1” was
used to designate the location of the harmonic source on the
MG-side.

A. OVERALL CLASSIFICATION

As previously mentioned, fine-tuning was considered to
obtain the optimal hyperparameters for both classifiers. Thus,
these hyperparameters can be verified in Table 2.

The overall performances of each classifier, including
accuracy, precision, recall, and F-score for each harmonic
source, are shown in Tables 3 and 4.

As the dataset is unbalanced, i.e., the class labeled as
“0” is a majority to the class “1”, the F-score is a more
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TABLE 2. Best hyperparameters for Random Forest and XGBoost.

Classifier Hyperparameter Value
Number of DTs 12
Maximum depth 15
Random Forest Min. number of samplespin split nodes 7
Min. number of samples in a leaf node 4
Number of boosting rounds 150
Maximum depth 9
Learning rate 0.1000
Fraction of samples to adjust DTs 0.6967
XGBoost Fraction (J);feagtres for ejach DT 0.3815
Mininum loss reduction 0.1967
L1 regularization 0.1909
L2 regularization 0.1331
TABLE 3. Random forest performance by harmonic source.

Harmonic Source | Accuracy Precision Recall F1-score
6-pulse 99.38% 98.78% 99.51% 99.15%
12-pulse 99.20% 98.54% 99.26% 98.90 %

SFC 99.11% 99.01% 98.53% 98.77 %

DC Motor 99.56% 99.51% 99.26% 99.39%

TCR 99.29% 98.54% 99.51% 99.02 %

Average 99.31% 98.88 % 99.22% 99.05%
TABLE 4. XGBoost performance by harmonic source.

Harmonic Source | Accuracy Precision Recall F1-score
6-pulse 99.73% 99.51% 99.75% 99.63 %
12-pulse 99.47% 98.79% 99.75% 99.27%

SFC 99.47% 99.02% 99.51% 99.27%
DC Motor 99.64% 99.75% 99.26% 99.51%
TCR 99.47% 99.02% 99.51% 99.27%
Average 99.57 % 99.27% 99.56 % 99.41 %

representative metric as the results are not biased. The results
demonstrated the robustness of both the Random Forest and
XGBoost classifiers in predicting the harmonic contribution
side. In summary, the Random Forest achieved an average
F1-Score of 99.05%, while XGBoost reached 99.41%.
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In this approach, XGBoost performed slightly better.
This difference can be attributed to the boosting process,
which refines errors from previous iterations, capturing more
complex patterns.

In addition to the previously presented performance met-
rics, confusion matrices were generated for each harmonic
source and classifier, as shown in Fig. 5 and 6, which display
the results for Random Forest and XGBoost, respectively.
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FIGURE 5. Confusion matrices obtained by Random Forest:
(a) interpretation of a generic confusion matrix; (b) 6-pulse rectifier;
(c) 12-pulse rectifier; (d) SFC; (e) DC motor drive; and (f) TCR.
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FIGURE 6. Confusion matrices obtained by XGBoost: (a) interpretation of
a generic confusion matrix; (b) 6-pulse rectifier; (c) 12-pulse rectifier;
(d) SFC; (e) DC motor drive; and (f) TCR.

The confusion matrix is a valuable tool for evaluating
classifier’s performance, presenting the values of TP, TN,
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FP, and FN. Analysis of both figures reveals a high rate
of TP and TN, indicating the models’ ability to correctly
identify when the harmonic source is located on the utility- or
MG-side, respectively.

B. HARMONIC SOURCE DISTANCE ANALYSIS

Given the overall results, we expanded our analysis to relate
the classification performance (Fi-score) to the distance
between the harmonic source and the MG’s PCC, as depicted
in Fig. 7.

— —Random Forest — —XGBoost

100.0%

1oo.o%
80%
99.5% 99.49%

232
99.0% 9 -0832\98 9
e ) .92%
I} \ L\B
» 985% 98.48%
& 98.32%
[T
98.0% \
97.5% 97.43%
97.0%
0-3 3-5 5-20 20-40 40+

Distance from the harmonic source to the PCC (km)

FIGURE 7. Classifiers’ average performances by distance between the
harmonic source and the MG’s PCC.

The analysis revealed that both the Random Forest and
XGBoost models experienced a decrease in F-score as the
distance between the harmonic source and the MG’s PCC
increased. These results are expected since the propagation
of harmonic distortion depends on the equivalent impedance
seen by the PCC, as presented in [28].

C. MULTIPLE HARMONIC SOURCES ANALYSIS

The pre-trained Random Forest and XGBoost models were
evaluated under scenarios of multiple harmonic sources
(being one on the utility-side and another on the MG-side)
in order to verify their generalization.

A total of 675 simulations involving multiple harmonic
sources were performed under three operating conditions,
that are: energy import mode; energy export mode; and
neutral mode. The harmonic sources were the same presented
in Table 1.

Due to the presence of multiple harmonic sources, it was
assumed that the harmonic contribution side is the one on
which the harmonic source with the highest apparent power
is located.

The performance of the proposed models in scenarios with
multiple harmonic sources is presented in Table 5, along with
the corresponding confusion matrices in Fig. 8. Both models
maintained good results, with F-scores exceeding 93%.

TABLE 5. Random forest and XGBoost performance with multiple
harmonic sources.

Classifier Accuracy  Precision Recall F1-score

Random Forest 92.44% 96.35% 91.67% 93.95%

XGBoost 94.22% 97.81% 93.06%  95.37%
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FIGURE 8. Confusion matrices obtained by (a) Random Forest and
(b) XGBoost.

These outcomes indicate that the Random Forest and
XGBoost models exhibited good adaptability, even though
they were trained exclusively on single harmonic source
scenarios. This reinforces the ability of ensemble-based
models to generalize and perform well under varying system
conditions.

Although the pre-trained models have proven to be
robust for classifying scenarios with multiple harmonic
sources, some field applications may require retraining.
However, an alternative that would require less data and
computational burden would be a transfer learning strategy
through fine-tuning.

D. COMPARATIVE ANALYSIS WITH THE STATE-OF-THE-ART
In the literature, several studies have proposed approaches to
identify the harmonic contribution at the consumers’ PCC.
In this context, the present paper introduced a machine
learning-based approach, employing Random Forest and
XGBoost classifiers to address this challenge with high
efficiency and scalability.

Traditional approaches, such as those based on the
active power direction method [9], [10], [11], [13], are
appealing due to their simplicity, real-time capabilities, and
extensive practical validation. However, they rely on accurate
knowledge of the harmonic impedances of both the utility
and the consumer/microgrid sides, and their performance
degrades when multiple harmonic sources are present. Our
approach does not require a priori knowledge regarding the
harmonic impedance to accurately identify the contribution
side, even in the presence of multiple harmonic sources.

Compared to the ANN-based approaches, such as those
proposed by [14], [15], and [16], our ensemble-based
classifiers offers lower computational complexity, faster
training times, and improved accuracy, even in the presence
of data variability. While ANNs can reach good results,
they are generally more sensitive to noise and require
extensive parameter tuning and frequent retraining as grid
conditions evolve, limiting their applicability in dynamic
scenarios. Additionally, these approaches commonly require
high computational cost, making them difficult to be used in
real-time, mainly to make decisions embedded in hardware.
Contrarily, our approach employs a simple and robust
binary classification strategy, enabling faster inference,
reduced implementation complexity for embedded hardware,
and lower computational burden, making it practical for
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deployment. In addition, it was evaluated under a wide range
of simulated conditions, demonstrating greater robustness
and adaptability to various scenarios and types of harmonic
sources.

In terms of machine learning, there are still approaches
based on Fuzzy inference systems [17], [18], which are very
limited by the number of input features. It is also worth
mentioning that adjustments to membership functions and
decision rules must be made based on the knowledge of an
expert in the problem domain. However, it is not guaranteed
that there will be a power quality engineering at every
utility with the necessary experience to perform such an
adjustment. On the other hand, as our approach was based on
ensembles of decision trees, it guarantees the interpretability,
resulting in decision rules that do not require adjustments.
The decision rules are automatically determined during the
training process, without the need for an expert in the problem
domain.

Overall, the proposed approach combines high accuracy
with low computational burden, offering a practical and
scalable solution for a variety of operational scenarios. Its
balance between performance, simplicity, and adaptability
makes it especially suitable for smart distribution grids.

V. CONCLUSION

This paper presented an ensemble-based approach, com-
paring the behavior of Random Forest and XGBoost to
identify the side with the predominant harmonic contribution
observed at the MG’s PCC. Simulations under different
operating conditions were conducted to validate the proposed
approach. In this sense, the approach was validated and
achieved high performances, measured in terms of accuracy,
precision, recall and Fp-score. This way, both classifiers
demonstrated their robustness, as the average F-scores
were about 99.05% and 99.41% for Random Forest and
XGBoost, respectively. Given these results and the diversity
of simulated scenarios, the proposed approach represents a
feasible and alternative solution for identifying the side with
the predominant harmonic contribution.

As future work, the authors intend to focus on estimating
the magnitude and phase angles of the harmonic sources
together with the contribution side. In addition, it is important
to evaluate the presence of multiple harmonic sources
simultaneously in more depth.
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