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Abstract. High-frequency non-intrusive load monitoring (NILM) has achieved
improved estimation accuracy with the use of harmonic electrical features in
smart homes. However, the increased feature space produces significant com-
putational, storage, and communication overheads, especially for scalable ur-
ban sensing deployments. Hence, this work investigates the reduction of feature
dimensionality and of temporal complexity in high-frequency NILM for urban
loT energy monitoring while preserving predictive performance. A feature im-
portance analysis is conducted using a Random Forest model, resulting in a re-
duced subset of 19 features, comprising those that together represent 90% of the
aggregated importance for all appliances. The results show that models trained
with the selected features achieve performance comparable to models trained
with the complete feature set, despite a 48.65% dimensionality reduction, which
reduces training and inference times and supports scalable deployment in urban
sensing infrastructures. Assuming 32-bit floating-point representation, this re-
duction decreases the input feature vector from 148 bytes to 76 bytes per sample,
reducing computational demands. Additionally, a temporal relevance analysis
based on mutual information indicates that instantaneous measurements pro-
vide the most predictive information. Thus, these findings suggest that accurate
high-frequency NILM can be achieved using a reduced feature set and minimal
temporal context, promoting efficient deployment on loT platforms to support
scalable urban energy monitoring and more sustainable energy use.

1. Introduction

The digitalization of electrical infrastructure and the evolution of smart grids have intensi-
fied demand for mechanisms to monitor energy consumption in distributed environments
[Kamenska et al. 2022], including smart homes, buildings, and urban environments. In
this scenario, non-intrusive load monitoring (NILM) is an important technique for disag-
gregating overall electrical consumption into appliance estimates, thus providing a scal-
able monitoring solution that addresses this demand [Athanasiadis et al. 2021].

Load disaggregation may rely on low-frequency electrical measurements, which
are data sampled at a rate slower than the AC waveform’s frequency [Huber et al. 2021].
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This approach, however, may not adequately characterize each signal due to insufficient
information [Papageorgiou et al. 2025]. Consequently, low-frequency NILM models may
perform poorly on devices with overlapping power signatures.

It has been demonstrated that the extraction of harmonic features improves the
accuracy of NILM models [Li et al. 2020]. However, it also leads to significant system
overhead, as processing more features increases computational complexity. This addi-
tional cost may be prohibitive for deployments with limited resources. For example, In-
ternet of Things (IoT) sensors in smart grids may struggle to process and transmit large
volumes of data in real time [Goudarzi et al. 2022].

It is therefore essential to reduce the dimensionality to retain only the most di-
agnostically meaningful high-frequency features. This process is necessary to balance
model accuracy and system feasibility. Removing non-discriminatory information re-
duces the computational burden on IoT devices, conserves bandwidth for transmission,
and minimizes storage requirements, which are desirable characteristics for scalable urban
sensing infrastructures. These advantages can be achieved while preserving the model’s
ability to distinguish among complex appliance signatures. However, it is essential to
identify which specific high-frequency features provide the greatest discriminative power
for NILM and how much temporal context is necessary.

To address these questions, a high-frequency dataset has been published with
detailed electrical measurements, including 32 harmonic components, Root Mean
Square (RMS) voltage and current, power factor, and active and apparent power, mea-
sured with a distributed sensing architecture based on the ATM90E36A metering IC
[Dinar et al. 2025]. This dataset allows the exploration of feature relevance in high-
frequency NILM.

In this paper, we investigate this dataset to (i) identify which electrical features are
most relevant for NILM; and (ii) evaluate the usefulness of temporal context, determining
whether past and future observations improve regression. In addition to NILM, these
questions are relevant for practical deployment in IoT and smart city environments, as
well as in distributed monitoring infrastructures, where reducing feature dimensionality
results in lower communication overhead, improved latency, and greater energy efficiency.

To achieve this, we analyze the importance of the features using a Random Forest
NILM model, selected due to its good performance on the dataset [Dinar et al. 2025] and
its support for feature ranking. Comparing models trained with complete and reduced
feature sets quantifies the relationship between accuracy and computational cost. The re-
sults clarify how NILM can be efficiently integrated into distributed smart-grid platforms
and sensor networks.

1.1. Contributions and limitations

This paper contributes to the field of high-frequency NILM with a feature-relevance study
to quantify the discriminative power of harmonic components. Additionally, we evaluate
the temporal context requirements for accurate regression. These analyses result in an
analysis of the relationship between predictive performance and input dimensionality,
with implications for computational and communication cost, which may be used to assist
the deployment of efficient models on IoT platforms for smart cities.
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As a limitation, this study uses one model and a single dataset, which is suffi-
cient to investigate whether the reduction of the feature space is feasible in the evaluated
scenario and to quantify its effect on predictive performance under a controlled protocol.
However, the findings may not be generalized for all devices, households, or datasets.

1.2. Structure of the work

Section 2 reviews related literature, whilst Section 3 presents the methodology used in
this work. Section 4 discusses the results obtained, and Section 5 concludes the paper.

2. Literature review

Accurate monitoring of energy consumption is fundamental to the development of smart
cities and the modernization of smart grids, supporting future urban energy independence
and environmental goals. Advanced technological integration helps to build resilient, effi-
cient, and self-optimizing energy networks [AT et al. 2024]. This aligns with the Internet
of Energy (IoE) concept, wherein energy systems are enhanced through pervasive sensing,
connectivity, and intelligent analytics [Mishra and Singh 2023].

The introduction of MELISSA exemplifies this evolution [Rodrigues et al. 2025],
as a framework that uses large language models to transform raw data from IoE devices
into natural-language personalized recommendations. The work promotes intelligent
human-computer interaction, which enables users to understand consumption patterns,
receive cost-saving advice, and identify potential appliance anomalies through simple
conversation.

Solutions such as MELISSA, however, require the deployment of an individual
smart sensor on each monitored appliance in the home to generate the granular consump-
tion data needed for the analysis. The associated costs of these devices can be substantial,
particularly for larger households and neighborhoods, emphasizing the scalability chal-
lenges of per-device sensing. A more scalable approach is to use NILM [Hart 1992],
which infers appliance consumption from aggregate electrical measurements acquired at
a single metering point [Schirmer and Mporas 2022].

The development of NILM techniques has been supported by publicly accessi-
ble datasets that capture electrical consumption at different temporal resolutions and lev-
els of granularity. Early datasets, such as REDD [Kolter and Johnson 2011] and UK-
DALE [Kelly and Knottenbelt 2015], provide low-frequency aggregate and sub-metered
measurements suitable for long-term disaggregation studies. High-frequency and event-
oriented datasets, including [Filip et al. 2011], PLAID [Gao et al. 2014], and COOLL
[Picon et al. 2016], provide detailed voltage and current waveforms, improving appliance
discrimination. Our work uses a high-frequency dataset that includes harmonic features,
suitable for advanced NILM analysis [Dinar et al. 2025].

In addition to these datasets, a high-frequency NILM framework that generates
labeled aggregate traces from collections of isolated appliance signals has been proposed.
It synthesizes large sets of single-appliance waveforms from a comparatively small pool
of real measurements [Nour et al. 2023]. This approach enables the extraction of high-
frequency signatures that are typically absent from low-frequency datasets.

A high-frequency NILM framework that balances disaggregation accuracy
with the computational demands of real-time applications has been proposed
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[Papageorgiou et al. 2023]. The work proposes a feature extraction method that trans-
forms one second of aggregated current data into two-dimensional current harmonic dis-
tortion images, created by plotting the 3rd-order harmonic distortion against the Sth-order
harmonic distortion. These images serve as input to a Convolutional Neural Network
(CNN) for appliance classification. The method demonstrates robust performance for
single and combined appliance operation.

An information-theoretic analysis of NILM, framing load disaggregation as a
coding-decoding process, indicates that certain appliances, such as hair dryer and
electric water heater, are more distinguishable than others from the aggregate signal,
and also that some appliance signatures, such as laptop charger, may mask others
[Rodrigues et al. 2026].

However, using too many features may be computationally heavy for hardware
with limited resource [da Silva et al. 2020]. To address this, a lightweight NILM ap-
proach designed for edge computing deployment has been proposed [Dong et al. 2025].
The method uses a Time & Voltage Dual-Reference-Based Time-Domain Window Sub-
traction (TVDR-TDWS) technique, which isolates the transient current waveform of a
single appliance activation from the aggregated signal. These transient signatures are
then used to train a low-parameter model. In contrast, our work uses feature-importance
analysis to discard non-informative features from the data, reducing model complexity.
This process creates optimized training sets, which we then use to compare the accuracy
of different NILM models.

The reviewed literature indicates that although high-frequency features im-
prove NILM accuracy, methods commonly use signal-processing feature representations
[Papageorgiou et al. 2023] or deep learning models with significant computational de-
mands [Dong et al. 2025]. In contrast, fewer studies examine the relative importance
of individual electrical features and harmonic components, particularly their impact on
model accuracy and deployment feasibility. This limits the practical adoption of high-
frequency NILM in urban IoT environments. Therefore, this work focuses on identifying
which existing high-frequency features are meaningful, advancing model simplification
without degrading performance.

3. Materials and Methods

This work uses a high-frequency NILM dataset that contains harmonic-level electrical
features [Dinar et al. 2025]. The dataset was acquired using a measurement system based
on the ATM90E36A energy metering integrated circuit (IC), which simultaneously mon-
itors aggregate household consumption and individual appliance consumption. The mea-
sured appliances are a hair dryer, an electric water heater, a hair straightener, a fridge,
an iron, a screen, a laptop charger, and a lamp. The dataset is divided into measurement
sessions, collected over multiple recording periods.

This sensing configuration represents a general smart-home energy monitoring
scenario that can be integrated into urban IoT infrastructures. In such environments, re-
ducing feature dimensionality is important for model efficiency and for lowering compu-
tational costs.

Each sensing node records RMS voltage and current, active and apparent power,
power factor, and the magnitudes of current harmonics from the 1st to the 32nd order,
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computed using the IC’s onboard discrete Fourier transform engine applied to an eight
kHz-sampled signal. Measurements are logged at two-second intervals.

A representation of the dataset and of the tools used in this study is given in Figure
1. Python version 3.12.13 is used to conduct the experiment. All experiments were per-
formed on a machine equipped with an Intel Xeon CPU running at 2.20 GHz (2 vCPUs)
and approximately 13 GB of RAM.

Dataset [Dinar et al. 2025] Temporal context relevance

High-frequency NILM (power features + 32 harmonics)

% Mutual information

|
m
1
[ ']

Feature selection

Mean decrease in impurity

S& E % g Permutation importance

Model accuracy comparison

Figure 1. Overview of the dataset and analysis conducted in this work.

To assess the temporal relevance of aggregate electrical features for predicting
each appliance’s energy consumption, we compute mutual information (MI) over differ-
ent temporal lags using the nonparametric mutual information estimator for continuous
targets from scikit-1learn (version 1.6.1). For each appliance-session pair and each
lag k € [—10,10], MI was estimated between the target appliance active power at time
t and the aggregate feature values at time ¢ + k. At each lag, MI was computed inde-
pendently for each aggregate feature and then averaged across features to obtain a single
score. Thus, lag zero corresponds to temporally aligned measurements, whereas nonzero
lags quantify the predictive relevance of shifted aggregate observations. For comparabil-
ity, each lagwise MI is min-max normalized.

For the NILM tasks, we use a Random Forest regressor, as it has been shown to
achieve the best performance compared with alternative machine learning approaches on
the dataset [Dinar et al. 2025].

To identify the most informative features and evaluate opportunities for model
simplification, we compute the mean decrease in impurity (MDI) from the trained Ran-
dom Forest model, which measures the average reduction in the regression impurity crite-
rion contributed by each feature across the decision trees. Then, we compute permutation
importance by randomly shuffling each feature’s values in the test set and measuring the
resulting reduction in regression accuracy, quantifying each feature’s contribution to pre-
dictive performance independent of the model’s internal structure.

The features are then ranked according to these importance metrics to identify can-
didates for removal. For the feature ablation experiment, one Random Forest regressor
was trained independently for each target appliance using the aggregate measurements as
input features and the target appliance active power as regression output. The implemen-
tation used RandomForestRegressor from scikit—-learn with 100 trees, with a
fixed random seed (set to 0). All other parameters were kept at their library defaults. For
each appliance, three input configurations were evaluated: (i) only the selected relevant
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features; (ii) all aggregate features except the selected subset; and (iii) the full aggregate
feature set.

The aggregate and appliance files were aligned by integer timestamp within each
session, and the resulting data were partitioned by session into disjoint training and test
sets. This protocol prevents temporal leakage across splits, since samples from the same
session were not shared between training and evaluation. Performance is quantified with
the Mean Absolute Error (MAE).

4. Results and Discussion

This section presents the experimental results obtained from the proposed analyses.

4.1. Temporal context relevance

A NILM strategy may use sequence-based models to learn temporal dependencies in elec-
trical signals, but it requires higher computational complexity. For deployments with lim-
ited resources, it is essential to determine whether appliance energy consumption can be
accurately inferred from instantaneous measurements or whether incorporating past and
future context provides significant additional information.
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Figure 2. Normalized mutual information between features from aggregated
power data and the target appliance’s active power. Each line represents
an appliance in a session. The shaded region represents the 95% confi-
dence interval (Cl).

To assess the relevance of the temporal context, Figure 2 shows the normalized
mutual information between the aggregated signal’s electrical features and the target ap-
pliance’s active power as a function of temporal lag. For each temporal lag, mutual infor-
mation was computed between the lagged aggregate input features and the instantaneous
active power of the target appliance.

A peak is observed at zero lag, indicating that the strongest predictive relationship
occurs when features and target are temporally aligned. Deviation from this alignment
in either direction results in an approximately symmetric decline in MI, with an average
reduction of 20.47% per one-time-step shift. This decay suggests that most of the dis-
criminative information is concentrated in instantaneous measurements, whereas past and
future observations contribute substantially less.
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Despite some appliance-session pairs deviating from a peak at zero lag, the dom-
inant pattern observed suggests that temporal dependencies appear limited in this dataset
and evaluation protocol. As a result, complex sequence-based models that explicitly ex-
ploit long temporal contexts, such as recurrent neural networks or attention-based archi-
tectures, are likely to achieve progressively minor performance improvements as model
complexity, computational requirements, and memory costs increase. This observation
aligns with previous findings on the same dataset, which showed that convolutional mod-
els that explore temporal structure did not outperform a Random Forest model operating
on independent samples [Dinar et al. 2025].

Hence, these results indicate that instantaneous high-frequency features capture
most of the relevant information for appliance power regression, supporting the use of
simpler models for deployment on resource-constrained IoT platforms in urban energy
monitoring scenarios.

4.2. Feature selection and evaluation

The high-frequency dataset used in this study provides several electrical measurements,
including harmonic components and power metrics, which can significantly improve ap-
pliance discrimination. However, this also results in feature spaces that increase com-
putational complexity, memory usage, and data transmission requirements. In practical
deployment scenarios, processing and storing large feature vectors can limit applicability,
especially in distributed energy monitoring infrastructures.

4.2.1. Feature relevance analysis

Hence, to identify the most informative electrical features and reduce model complexity,
we use mean decrease in impurity and permutation importance. Since these two metrics
are based on different principles, we evaluate the concordance between their rankings
to assess the consistency of their measures. The agreement between the rankings pro-
duced by the two methods is quantified using Spearman’s rank correlation coefficient and
Kendall’s tau for each appliance.

Table 1. Concordance between MDI and permutation feature importance rank-

ings.
Appliance Spearman p Kendall 7
Hair dryer 0.961 0.841
Electric water heater 0.887 0.769
Hair straightener 0.904 0.754
Fridge 0.969 0.856
Iron 0.736 0.571
Screen 0.924 0.766
Laptop charger 0.961 0.832
Lamp 0.907 0.733

The strong agreement observed between mean decrease in impurity and
permutation-based feature importance, as shown in Table 1, indicates that feature rele-
vance is a stable property of the data. This consistency suggests that the most informative
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electrical features are discriminative with different evaluation perspectives, reinforcing
confidence in the resulting feature rankings. This agreement reduces the risk of bias in-
troduced by the limitations of individual importance measures.

Considering this concordance, MDI and permutation importance are aggregated
by averaging their normalized values. The resulting score is subsequently used for dimen-
sionality reduction.

Figure 3 indicates the most critical features from the aggregated signal to distin-
guish each appliance. Features were selected to together represent at least 90% of the total
importance for each appliance, consistent with prior work on importance-based feature
selection [Duan 2025, Awal et al. 2021]. This feature set is unchanged for importance
thresholds between 86.28% and 91.77%, indicating low sensitivity to the 90% cutoff.

This results in the selection of 19 features out of the 37 total, including the harmon-
ics hl, hg, hg, h4, h5, h7, hg, hll’ h13, h15, h17, hlg, h22, and h27; along with RMS current
and voltage (irms and vrms), active and apparent power (p_active and p_apparente), and
power factor.

It is noteworthy that most of the selected harmonics are odd. This is because odd
harmonics are a characteristic outcome of nonlinear loads commonly found in household
appliances [Ewald F. Fuchs 2023]. This is corroborated by Table 2, which indicates that
the odd harmonics magnitude contribution, given by the sum of the mean absolute values
of the harmonic components, is significantly greater than that of even harmonics.

Table 2. Odd versus even harmonic magnitude contribution per appliance.

Appliance Odd harmonics Even harmonics Odd ratio
Hair dryer 0.134 0.025 0.844
Electric water heater 0.163 0.000 0.997
Hair straightener 0.023 0.001 0.969
Fridge 0.602 0.026 0.958
Iron 0.043 0.000 0.995
Screen 0.093 0.008 0.924
Laptop charger 0.144 0.004 0.976
Lamp 0.056 0.001 0.986

Consequently, odd harmonics have been preferentially used in NILM tasks
[Kang et al. 2020, Fu et al. 2024, Mylona and Bouhouras 2025]. Even harmonics, how-
ever, may also be meaningful for these models, as depicted in Figure 3(a), which indicates
a significant importance of the h, and hy harmonics for estimating the hair dryer consump-
tion, possibly due to asymmetries in its waveform. This is also evident in Table 2, which
shows a lower odd-to-even ratio for this appliance.

4.2.2. Impact of feature selection on model performance and computational cost
Considering the 19 features that represent 90% of the aggregated importance for all appli-

ances, the performance of Random Forest NILM models trained with the complete fea-
ture set is compared with models trained using only the selected features and with models
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Figure 3. Feature importance per appliance for the 20 highest ranked fea-
tures. The dashed horizontal line indicates the cumulative 90% importance

threshold.
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trained after removing these features. This comparison assesses whether the selected sub-
set preserves the predictive information of the original data and demonstrates that, when
considered in isolation, the remaining features are insufficient for accurate NILM.

The results, presented in Figure 4, show that the point-to-point Random Forest
disaggregation model trained with the selected features achieves a performance compa-
rable to that obtained using all available features. This indicates that the selected subset
retains the dominant information required for accurate appliance estimation, despite a
substantial reduction in dimensionality. Conversely, when the model is trained using only
the features that were not selected, a significant increase in the MAE is observed across
all appliances, indicating that these features, when considered in isolation, are insufficient

to represent the discriminative structure of the data.
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Figure 4. Mean Absolute Errors between the RF model trained with all features,
the selected features, and the removed features.

Using the selected feature subset improved model performance, reducing the
MAE for most appliances. The median improvement was 5.5%, with variations ranging
between a reduction of 13.6% and an increase in 0.2%. This indicates that the selected fea-
tures improve estimation accuracy with the removal of non-informative data. A possible
explanation for this improvement is the removal of redundant and noisy features, which
may reduce overfitting and improve the model’s ability to generalize from the available
data.

This finding is also supported by the Uniform Manifold Approximation and
Projection (UMAP) plots shown in Figure 5, which provide a view of how the dif-
ferent feature configurations affect class separability. The UMAP is configured with
n_neighbors=30,min_dist=0.1, Euclidean distance, and random_state=42.

When all features are used, the appliances form distinguishable classes, indicat-
ing that the high-dimensional feature space contains sufficient information to separate
appliance signatures. A similar structure is preserved when only the selected features
are considered. This observation confirms that the reduction process retains the essential
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Figure 5. UMAP projection of features for all appliances.

structure of the data, preserving inter-class separability despite removing nearly half of
the original features.

In contrast, the UMAP projection obtained using only the removed features ex-
hibits a loss of structure, with appliances overlapping across classes. This degradation in
separability suggests that the non-selected features do not encode the dominant character-
istics required to distinguish appliance behavior.

Table 3. Average computational cost over appliances for the reduced and full
representations.

No. of Train time Infer. time Bytes/sample
features (s) (s) (32 b)
Selected feat. 19 158.35 £ 78.78 0.77 £ 0.65 76 +0
All feat. 37 292.58 £141.65 0.89 +0.46 148 +0

As shown in Table 3, the proposed feature selection also reduces the computa-
tional burden associated with NILM deployment. In addition to a 48.65% reduction in
dimensionality, with 18 of the 37 features removed, the reduced representation lowers
the average training time and the average inference time across appliances. This reduc-
tion also proportionally decreases the memory required to store feature vectors and the
volume of data to be transmitted in distributed sensing scenarios.

For example, assuming 32-bit floating-point representation, the input vector size
decreases from 148 bytes to 76 bytes per sample, proportionally reducing storage and
communication demands. These gains support a simpler and more efficient deployment,
with lower storage requirements, reduced transmission costs, and decreased processing
demands, which are desirable for scalable urban sensing and IoT energy monitoring sys-
tems.

5. Conclusions and Future Works

The proposed strategy resulted in the selection of 19 features from 37, reducing dimen-
sionality and bytes per sample by 48.65% while preserving predictive performance. Ex-
perimental results showed that models trained with the selected features achieved higher
accuracy than those trained with the complete feature set. In contrast, models trained us-
ing only the non-selected features exhibited a significant performance degradation. Com-
plementary UMAP projections also indicated that the selected features preserve the struc-
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ture and separability of appliance signatures, whilst the removed features do not maintain
meaningful class organization.

The analysis also revealed that odd-order harmonics dominate the selected feature
set, consistent with the physical behavior of nonlinear household appliances and corrob-
orated by the observed predominance of odd-harmonic contributions across appliances.
Nevertheless, the results indicate that certain even harmonics may still provide relevant
information for specific devices, reinforcing the importance of feature selection rather
than relying solely on generalized assumptions.

Additionally, the temporal context analysis showed that instantaneous high-
frequency measurements provide most of the predictive information required for appli-
ance estimation. This finding supports the use of memory-efficient NILM models and
strengthens the suitability of the proposed approach for edge and IoT deployments.

These findings also indicate that high-frequency NILM can be simplified without
significant loss of accuracy, supporting its practical adoption in urban IoT energy moni-
toring applications and smart-city sensing infrastructures.

Future work may explore extending this analysis to event-based NILM scenar-
ios to detect the precise turn-on and turn-off times of individual devices within aggre-
gated power data. Additionally, a comparison of learning models, including classical and
deep learning approaches, could be conducted to assess their relative performance and
generalization across NILM datasets. Additionally, it is proposed to investigate privacy-
preserving learning paradigms, such as federated learning and differential privacy, to sup-
port collaborative NILM model training over distributed households and to prevent the
disclosure of sensitive consumption data. Future work may also investigate the integra-
tion of the proposed reduced NILM approach into urban IoT energy monitoring scenarios
involving multiple distributed households.
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