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ABSTRACT

The increasing availability of high-frequency electricity consumption data has created new
opportunities for understanding complex energy behaviours beyond dominant global patterns.
However, conventional statistical and deep learning models primarily focus on average trends
and often overlook weakly expressed local structures embedded within time series. This study
proposes an exploratory framework for identifying latent micro-patterns in multivariate electrical
consumption data using a combination of entropy-based feature scoring, temporal residual
analysis, anomaly detection, and density-based clustering. The methodology is applied to the
individual household electric power consumption dataset from the University of California,
Irvine repository. A dark value score combining entropy and rarity is introduced to identify
variables potentially containing hidden informational structures. Residuals extracted from Long
Short-Term Memory predictions are analysed using Isolation Forest and density-based clustering
techniques to reveal statistically coherent micro-signals. Results show that these residual micro-
structures are not random noise but exhibit identifiable temporal and statistical organization.
Although clusters remain weakly separated, their distributions differ significantly from normal
observations, supporting the existence of localized operational regimes invisible to dominant
predictive models. The proposed framework provides an interpretable complementary
perspective to traditional forecasting approaches and offers potential applications in anomaly
detection, behavioural analysis, and intelligent energy monitoring.
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INTRODUCTION

The increasing availability of data from sensors [1], embedded systems, and digital
platforms has profoundly transformed analytical and modelling approaches across many
fields, particularly in energy |[2]. In the context of electrical networks and household
consumption, such data are now used for load forecasting, anomaly detection [3], energy
optimisation, and understanding user behaviour in [2] and in [4]. Nevertheless, despite the
apparent abundance of data [5] and the significant advances in machine learning methods [6],
a substantial portion of the information contained in time series remains difficult to interpret
and insufficiently exploited as in [7] and in [8].
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Classical statistical models, such as linear regression methods, primarily rely on the
assumption of global, linear, or weakly non-linear relationships between variables as state
in [9] and in [10]. While these methods offer appreciable interpretability, they quickly reach
their limits in [11] when confronted with the intrinsic complexity of real systems, particularly
when observed phenomena result from the superposition of heterogeneous, intermittent, or
context-dependent behaviours. In contrast, deep learning models, notably recurrent neural
networks (RNNs), long short-term memory networks (LSTMs), and gated recurrent units
(GRUs), are capable of capturing complex temporal dependencies and high-level non-linear
relationships [12]. However, these models are often considered “black boxes,” in [13]
providing accurate predictions but offering limited insight into the underlying
mechanisms [14].

This tension between predictive performance and interpretability has become a central
challenge in data science research [15] applied to energy systems. Recent studies have
attempted to combine hybrid approaches, integrating physical constraints, to improve model
understanding as in [16]. Nevertheless, these approaches remain predominantly focused on
optimising overall predictive accuracy rather than explicitly identifying local, rare, or weakly
correlated informational structures that may nonetheless play a critical role in system
dynamics [17].

This study is based on the observation that energy data contain micro-signals, that is, low-
amplitude patterns localised in time or specific to certain subsets of observations, which are
neither statistically dominant nor directly captured by classical methods [18]. Such micro-
signals may correspond, for instance, to changes in user behaviour, non-trivial interactions
between electrical appliances, or particular operational regimes that only appear under
specific conditions. Although their contribution to overall variance is limited, their
informational value can be high, particularly for fine-grained system understanding, early
anomaly detection, or behavioural segmentation.

A methodological approach is introduced to highlight latent structures, drawing an
analogy with physics, where dark matter represents an invisible component crucial for
explaining observed universal dynamics. In this context, these latent structures are weakly
visible in global statistics but become apparent through local inconsistencies, persistent
residuals, or atypical behaviours within the data [19].

Unlike purely predictive approaches, the objective is not solely to improve model
accuracy but to provide an exploratory and interpretable analytical framework that allows: (1)
the isolation of informational subspaces overlooked by dominant models, (ii) the analysis of
their distribution across variables and data clusters, and (iii) the formulation of plausible
explanatory hypotheses without resorting to unverifiable assumptions. Emphasis is placed on
methodological transparency and reproducibility of results.

The proposed methodology relies on a structured combination of preprocessing
techniques, dimensionality reduction, unsupervised clustering, and residual analysis from
temporal models. The originality of this approach lies in the systematic analysis of
discrepancies between dominant representations (derived from global models such as
LSTMs) and local structures revealed by complementary methods. These discrepancies are
interpreted not as noise but as potentially informative signals, warranting further analysis.

To validate this approach, the methodology is applied to a widely used real-world dataset:
the University of California Irvine (UCI) Machine Learning repository’s “Individual
Household Electric Power Consumption” dataset. This dataset offers several advantages: a
long observation period, fine temporal granularity, and a variety of variables measuring
different aspects of household electrical consumption. It thus provides a relevant testbed for
studying the emergence of latent structures and heterogeneous behaviours [20].

An explicit comparison is conducted between the approach and a standard LSTM model
used as a reference. This comparison extends beyond predictive performance to include
residual analysis, the ability to discriminate distinct operational regimes, and the
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interpretability of results for a human analyst. Each identified cluster is analysed individually,
and explanatory hypotheses are formulated based on observed statistical characteristics
without unfounded extrapolation.

Finally, beyond the presented case study, this work is situated within a broader
perspective of operational applicability. The methodology is designed to be applicable to any
type of tabular or temporal data, regardless of the domain, with minimal a priori assumptions.
This generality opens the way for transforming the approach into an analytical support tool,
suitable for both researchers and practitioners, capable of automatically generating
interpretable reports to facilitate decision-making.

Thus, this study aims to contribute both methodologically, by proposing an original
framework for exploring latent structures, and practically, by demonstrating the tangible
benefits of analysing dark data in a real energy context.

MATERIALS AND METHODS

The objective of this study is not to maximize short-term predictive accuracy but to uncover
latent, weakly dominant structures embedded in high-frequency electricity consumption data.
These structures are assumed to carry localized and low-variance information that remains
largely invisible to global models optimized for average performance. The proposed
methodology combines global structure modeling, residual analysis, entropy-based feature
screening, and unsupervised learning to identify and interpret such latent phenomena.

Methodological Framework and Research Hypotheses

Let X € RT*P denote a multivariate electricity consumption time series, where T is the
number of time steps and p the number of observed variables. The proposed framework
follows four successive stages:

1. Modelling the dominant global structure of the data using interpretable dimensionality

reduction and temporal models.

2. Extracting residual signals not explained by the dominant structure.

3. Identifying localized and statistically rare temporal patterns within these residuals.

4. Grouping recurrent patterns using density-based clustering and interpreting their

operational meaning.

The central assumption underlying this approach is that electricity consumption data contain
latent micro-structures, defined here as localized temporal patterns [21] characterized by:

e low contribution to global variance,

o statistical rarity,

o internal temporal or statistical coherence.

Three research hypotheses are formulated:

H1 — Existence of latent local structures. Electricity consumption data contain local
informational structures with low global variance, which are not fully captured by dominant
global models.

H2 — Non-random nature of micro-signals. The detected micro-signals correspond to
structured phenomena and cannot be considered as random noise.

H3 — Internal organisation of micro-signals. Micro-signals exhibit an internal organisation that
can be analysed, even if this organisation is weak and does not lead to clearly separated groups.

Data Preprocessing. The experiments are conducted on the UCI Individual Household
Electric Power Consumption dataset, which provides one-minute resolution measurements of
active power, reactive power, voltage, and sub-metered consumption.
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Temporal Aggregation. To reduce high-frequency noise while preserving medium-term
dynamics, the data are aggregated to an hourly resolution.

Missing Value Handling. Short missing intervals are interpolated using local temporal
continuity. For longer gaps, column-wise mean imputation is applied [22]:
¥ {xi, o x; j available W

A X; j missing

where:
» X;; : the value used for row i and column j after handling missing data;
e x;; :the original observed value in the dataset for row i, column j;
e X, : the mean of column j, used to replace missing values.
Normalization. All variables are standardized to ensure comparability across features [23]:

X —u:
Xjy = ’T“’ @)
Ensuring comparability across features for dimensionality reduction and clustering.
where:

e X;; :normalized value of row i, column j.

o X;; : value after filling missing data.

e 4; :mean of column j.

e 0; :standard deviation of column j.

J
Identification of Hidden Features: Entropy and Rarity. To prioritize variables potentially
containing micro-signals, a dark value score combining entropy and rarity was computed [24]:
1. Entropy measures unpredictability [25]:

HOG) = =) pilog(y) ®
k=1

where p;, is propability of values falling into histogram bin k. Higher entropy indicates
greater diversity in the column suggesting latent micro-patterns.
2. Rarity emphasizes infrequent observations:

N
1
ROG) = ) (1= f(x;)) @
i=1

where f(x; ;) is the relative frequency of value x; ;. Rare events receive higher weights.
3. Dark value for column j:

D(X,) = H(X;).R(X;) (5)

Columns with the highest dark values were selected for micro-signal analysis, as they are
most likely to contain hidden, informative events.
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Modeling Dominant Global Structure

To represent the dominant global structure of the data, both statistical and temporal
modeling methods were applied to the normalized observations.

Principal Component Analysis (PCA). PCA was applied to normalized data to identify
directions of maximal variance [26]:

X' =Xw (6)

where W contains the eigenvectors of the covariance matrix of X. PCA serves as an
interpretable reference, quantifiying how much of the variane is captured globally and how
much remains unexplained [27].

LSTM Reference model. A univariate LSTM was trained separately on the columns with
the highest dark value to capture temporal dependencies of each column [28]:

f’t+1 = LSTM(Xt) @)

with prediction error:

Ec=y:— (®)

Extraction of Micro-Signals. Residuals from the LSTM and columns with high dark value
were treated as new time series for micro-signal detection. Two complementary methods were
applied:

e Statistical feature extraction: local mean, variance, skewness, and kurtosis per time
window.

e Isolation Forest: is based on the idea that rare and unusual observations are isolated
more quickly than normal ones [29]. A low contamination rate (approximately 1%) is used to
focus on the most atypical events. [30]

Observations classified as anomalies (y = — 1) are interpreted as micro-signals, that is,
local events with low global impact but potential informational value.

Unsupervised Clustering of Latent Structures. The detected micro-signals are projected
into a normalised feature space and grouped using the DBSCAN algorithm [31]. DBSCAN is
chosen because it [32]:

e identifies clusters with varying densities,

e isolates outlier points (cluster — 1),

e does not require the number of clusters to be specified in advance.

Cluster quality is evaluated using the silhouette score, which is equal to — 0.147 in this
study. A negative silhouette score indicates that the clusters are neither compact nor well
separated. This result suggests that micro-signals form weak, diffuse, and partially overlapping
structures, rather than clearly defined regimes. This observation does not contradict Hypothesis
H1. On the contrary, it confirms that the structures of interest are not dominant in a geometric
sense, which is consistent with their low contribution to global variance.
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The objective of the clustering stage is not to identify strongly separated macroscopic
classes, but rather to explore weakly expressed local organizations embedded within residual
space. Consequently, moderate or negative silhouette values are expected, since micro-
signals naturally exhibit overlap, sparsity, and transitional behaviour.

To test whether micro-signals differ statistically from normal observations, a
Kolmogorov—Smirnov test [33] is applied to compare their distributions.

The test yields a p-value close to 0.0000, leading to a clear rejection of the null hypothesis
of identical distributions. This result shows that micro-signals follow a distribution that is
statistically different from that of normal observations. Therefore, they cannot be considered
random noise, which supports Hypothesis H2. As illustrated in the Figure 1, the
autocorrelation profiles of the micro-signals exhibit persistent temporal dependencies, which
differ significantly from those of the normal observations. This confirms that the detected
structures are not random fluctuations but organized temporal phenomena.

Autocorrelation Comparison (H2)
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Figure 1. Autocorrelation comparison (H2)

Analysis and Interpretation of Clusters. Each cluster is analysed in terms of:

¢ Distribution of original variables,

e Contribution of LSTM residuals,

e Temporal stability.

Isolated and low-density clusters receive particular attention, as they may correspond to
sporadic appliance usage, minor anomalies, or regime transitions. This interpretive stage
directly addresses hypothesis H3.

RESULTS AND DISCUSSION

This section reports the main results of the proposed framework, focusing on the
identification of high dark-value features, the detection of micro-signals, and the analysis of
their latent structural organization.

Detection of High Dark-Value Features

The initial analysis focused on the identification of columns with high dark values,
combining entropy and rarity measures to highlight variables likely to contain latent micro-
signals. The Figure 2 presents the top six (6) variables according to their dark value scores.

Journal of Sustainable Development of Energy, Water and Environment Systems 6



Baba, K. T., Palanga, E. T. G., et al. Year 2027
Characterization of latent micro-patterns in multivariate... Volume 15, Issue 1, 1140766

Top Dark Value Variables
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Figure 2. Top dark value variables

The analysis shows that the voltage exhibits the highest dark value, followed by the
Global _reactive power, the Global intensity, the Global active power and the sub_metering
variables measurements. High dark value indicates both diverse values (high entropy) and
rare occurrences (high rarity), suggesting the presence of atypical events or micro-patterns
within these variables. Variables with elevated dark values are prioritized for subsequent
micro-signal detection. This aligns with Hypothesis H1, indicating that certain columns may
contain structured low-frequency information not captured by global models.

Micro-Signal Detection Using Isolation Forest

To detect rare events or micro-signals, Isolation Forest was applied to the normalized
numerical dataset. Outliers identified by the model represent observations that are isolated in
feature space, suggesting anomalous but potentially informative behaviour [34].

A total of 4703 micro-signals were detected. Figure 3, Figure 4 and Figure 5 illustrates
the temporal occurrence of micro-signals for respectively Voltage, Global reactive power,
and Global active power variables, with red dots indicating detected anomalies.

Micro-Signals Detected in Voltage over Time
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Figure 3. Micro-signals detected in voltage over time

Micro-Signals Detected in Global_reactive_power over Time
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Figure 4. Micro-signals detected in global reactive power over time
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Micro-Signals Detected in Global_active_power over Time
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Figure 5. Micro-signals detected in global active power over time

The identified micro-signals likely correspond to unusual consumption patterns, which
may result from:

e Short-duration spikes in appliance usage,

e Errors or fluctuations in metering,

e External events affecting consumption (e.g., holidays, weather anomalies)

This confirms Hypothesis H2, showing that residual information contains coherent
structures not captured by standard predictive models.

Clustering of Micro-Signals

To reveal coherent patterns among micro-signals, DBSCAN clustering was employed on
standardized micro-signal data. Clusters were analysed according to:

e Number of points per cluster,

e Temporal concentration,

e Feature distributions.

Figure 6 presents the number of micro-signals per cluster and per variable, excluding
cluster -1. The results highlight a non-uniform distribution of micro-events across both
clusters and electrical variables, indicating that latent occurrences are unevenly distributed in
the dataset. Clusters labelled — 1 correspond to highly isolated events, which may reflect
measurement anomalies or unusual consumption episodes. These cases require further
investigation using domain-specific knowledge. In contrast, the remaining clusters reveal
recurring micro-patterns that likely represent low-frequency but structured behaviours, such
as appliance usage during specific periods of the day or week.
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Figure 6. Number of micro-signals per cluster and per variable
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Overall, these observations support Hypothesis H3 by emphasizing the relevance of rare
but structurally consistent patterns within the electrical consumption dynamics.

Interpretation of Weak Cluster Separability

The negative silhouette score (— 0.147) does not necessarily indicate methodological
failure. Instead, it reflects the intrinsic nature of latent micro-signals, which are expected to
exhibit partial overlap and weak geometric separability due to their low variance
contribution. Unlike conventional clustering tasks aiming to identify dominant regimes, the
present study focuses on weakly expressed local structures embedded within global
consumption dynamics. Therefore, diffuse cluster boundaries are consistent with the
theoretical assumptions of the framework.

Comparison with LSTM Predictions

A univariate LSTM model was trained to predict each variable, serving as a reference
global model. Figure 7, Figure 8 and Figure 9 presents LSTM predictions for Voltage,
Global reactive power and Global active power variables compared to actual values over a
selected temporal window.

LSTM Prediction vs True Signal (Voltage)
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Figure 7. LSTM prediction vs true signal for Voltage

LSTM Prediction vs True Signal (Global_reactive_power)
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Figure 8. LSTM prediction vs true signal for Global reactive power

LSTM Prediction vs True Signal (Global_active_power)
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Figure 9. LSTM prediction vs true signal for Global active power

e The LSTM captures global trends effectively but fails to reproduce localized micro-spikes.
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Residuals between LSTM predictions and actual measurements in Figure 10, Figure 11
and Figure 12, correspond closely to micro-signals detected by Isolation Forest.

LSTM Residuals (Hidden Structures) for Voltage
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Figure 10. LSTM residual for Voltage

LSTM Residuals (Hidden Structures) for Global_reactive_power
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Figure 11. LSTM residual for Global reactive power

LSTM Residuals (Hidden Structures) for Global_active power
0.75

0.25
0.00

-0.25

Residual

-0.50

-0.75

-1.00

-1.25

Time index

Figure 12. LSTM residual for Global active power

This complementarity demonstrates that the recurrent temporal prediction model captures
the dominant and smooth temporal dynamics of electricity consumption, whereas the isolation-
based anomaly detector focuses on irregular residual deviations [35]. These residual deviations
correspond to localized behaviors that are too weak or too infrequent to significantly influence
the global learning process, yet they remain statistically meaningful [36]. In this sense, the
anomaly detector reveals hidden local structures overlooked by the global model.

Limitations and Considerations

While the methodology uncovers informative micro-structures:

e Isolated micro-signals (cluster -1) require domain expertise for interpretation. Blind
statistical analysis cannot distinguish between rare but meaningful events and sensor errors [37].
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e The choice of DBSCAN parameters influences cluster identification. Sensitivity
analysis may be required for optimal detection [38].

e The LSTM model is univariate and relatively simple; more complex models may
reduce residual variance but risk masking low-frequency structures [39].

e VThe framework remains exploratory and should not be interpreted as a causal model
of electricity consumption behaviour.

e In practical energy systems, such micro-signals may correspond to: transient
appliance activation, irregular user behaviour, local voltage instability, intermittent reactive
power fluctuations, or early signatures of abnormal operational conditions.

CONCLUSION

This study introduced an exploratory and interpretable framework for detecting latent
micro-patterns in multivariate household electricity consumption time series. In contrast to
conventional forecasting approaches that mainly focus on global predictive accuracy, the
objective was to identify weak, low-amplitude, and statistically rare structures embedded
within the data. The main contribution of this work is the definition of a dark value score,
which combines entropy and rarity to highlight variables that are likely to contain hidden
informational content.

The results show that the detected micro-signals cannot be regarded as random noise.
Statistical tests indicate that their distributions differ from those of normal observations, and
autocorrelation analysis reveals temporal organization. Although cluster separability remains
limited, this behaviour is consistent with the underlying assumption that such micro-patterns
contribute marginally to global variance while retaining internal structure.

Overall, the proposed framework provides an additional analytical layer to traditional
predictive models by transforming residual information into interpretable insights. Beyond
the case of household electricity consumption, it can be extended to other multivariate time
series systems where subtle local dynamics play a significant role.

Future work could integrate exogenous variables, extend the method to other time series,
and explore hybrid models combining deep learning with explicit detection of rare structures.
Such approaches may improve understanding of complex, weakly observable phenomena in
energy systems and beyond.
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