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Abstract—Distribution utilities need high-resolution demand
modeling and voltage-condition monitoring. In practice, tra-
ditional state estimation requires accurate topology and line
parameters that are not always available. This study presents
a hybrid statistical-machine learning workflow for the CDA–
L273 distribution feeder in Tegucigalpa, Honduras. From 96,486
15-minute records, which resulted in 72,548 validated active-
power measurements (Jan 2023-Dec 2025), with only 0.05%
outliers. The feeder exhibits stable operation, with a mean
demand 7,082 W (peak 11,485 W), voltage stability of 1%, and
a consistently power factor 0.96. Time-series analysis reveals
strong short-term autocorrelation (r=0.90 at one 15-minute step)
and repeatable daily/seasonal patterns. For demand prediction,
a multilayer perceptron trained on 23 engineered features (lags,
rolling statistics, and cyclical encodings) achieved R2 = 1.0000,
RMSE of 6–8 W, and MAE of 5–6 W (< 0.1% of the mean
load). In parallel, an MLP-based model-free mapping from
P,Q,PF to phase voltages supports lightweight monitoring without
network models, with typical test errors of 0.2–0.6%. Overall,
the proposed framework provides a practical, low-cost basis for
planning and operational decision-making in data-sparse feeders.

Index Terms—Artificial intelligence, Multilayer perceptrons,
Power system analysis, Machine Learning, State Estimation.

I. Introduction

Voltage condition monitoring is a central requirement in
modern distribution networks because voltage deviations and
fluctuations are among the most visible manifestations of
power quality problems at the customer side [1]. This need
has intensified with the growth of variable demand, dis-
tributed energy resources, and power electronic based loads
and converters, which increase operating variability and can
exacerbate local voltage issues. In parallel, most distribution
feeders remain sparsely instrumented and therefore offer lim-
ited observability of nodal voltages across space and [2] [3].

In practice, utilities frequently rely on model based monitor-
ing functions embedded in distribution management systems.
However, the effectiveness of these functions is constrained
by the quality of network information. In particular, state
estimation in distribution systems typically assumes known
topology, correct phase connectivity, and up to date line
parameters, while real feeders often experience unreported

switching actions, outdated geographic information system
records, parameter uncertainty, and incomplete telemetry [4].

Under these conditions, real-time voltage monitoring be-
comes difficult to sustain with consistent accuracy, especially
in data-sparse feeders where the measurement set is not
redundant and pseudo measurements must be introduced to
achieve observability [5]. These practical limitations motivate
complementary monitoring strategies that can operate reliably
with minimal network knowledge and readily available opera-
tional measurements.

The operation of distribution networks has shifted from a
largely passive paradigm to an increasingly active one, driven
by distributed energy resources (DERs) and emerging loads
such as electric vehicles (EVs) [6], [7].This transition in-
creases voltage variability and reverse power flows, while low
sensing density and the high cost of instrumentation continue
to limit observability in low- and medium-voltage feeders.
Consequently, traditional physics-based state estimation, which
depends on accurate topology and line parameters, is often
difficult to scale and maintain. This has motivated a growing
body of data-driven and model-free methods that infer voltage
states from available measurements with reduced dependence
on detailed feeder models.

Early work emphasized maximizing information from scarce
measurements through optimal metering strategies. In particu-
lar, intelligent meter placement has been explored to improve
bus-voltage estimation in weakly instrumented distribution
configurations, showing that careful sensor allocation can
partially compensate for limited observability [8]. As advanced
metering infrastructure became more common, research in-
creasingly pursued direct voltage inference from operational
data. Neural estimators have been proposed for active distribu-
tion grids to provide voltage monitoring without explicit feeder
modeling, aiming at robustness under embedded generation
and complex load behavior [9]. Complementarily, hierarchical
bottom-up ANN schemes demonstrated that voltage estimation
can be performed through direct mappings, avoiding conver-
gence issues associated with iterative solvers and enabling
execution on low-cost hardware for near-real-time monitoring
[10].
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Within model-free estimation, a dominant line learns direct
mappings from commonly available electrical variables to
voltages. Smart-meter-driven approaches have been validated
across many real-world feeders and evaluated under increasing
EV and photovoltaic penetrations, highlighting their practical-
ity for large-scale deployment in data-sparse contexts [11]. In
parallel, ANN-based estimation using micro-PMU measure-
ments integrates optimized sensor placement to balance cost
and accuracy, showing low estimation errors with a limited
number of devices when training scenarios are sufficiently
diverse [12]. To improve robustness, some studies enrich the
feature space or fuse heterogeneous data sources. Weather-
aware ANN estimators incorporate meteorological variables
and demonstrate resilience across seasons, DER penetration
levels, and missing-data cases [13]. Evidence-theoretic fusion
has also been applied to estimate voltage levels in real dis-
tribution settings when datasets are deficient, illustrating how
cross-domain fusion can close informational gaps when end-
point measurements are unavailable [14].

More recent contributions aim to stabilize performance
under regime shifts and reconfiguration by embedding struc-
ture and uncertainty into the estimator. Physics-aware neural
networks incorporate feeder topology into the architecture to
reduce reliance on purely black-box learning and improve
scalability, benchmarking favorably against WLS on standard
feeders using datasets derived from smart-meter consumption
profiles [15]. Probabilistic formulations further couple esti-
mation with operational decision-making: Bayesian voltage
inference based on Neural Network Gaussian Processes is
integrated into chance-constrained OPF for voltage regulation
and evaluated on a real 759-node system, emphasizing uncer-
tainty quantification and adaptability to topology changes [16].
Finally, as estimation becomes a cyber-physical dependency,
FDIA-focused studies propose deep-learning pipelines to de-
tect and localize stealth attacks that could compromise voltage
monitoring and control [17].

Reliable voltage-condition monitoring in distribution feed-
ers remains challenging because observability is typically
limited and conventional state-estimation workflows depend
on accurate topology and up-to-date line parameters, which
are frequently incomplete or outdated in practice. The re-
cent literature has therefore moved toward data-driven and
model-free voltage estimation using available measurements;
however, many reported solutions either rely predominantly
on simulated datasets, require enhanced sensing infrastructure
or structured network information, or exhibit reduced robust-
ness under operating-regime shifts and feeder reconfiguration.
These limitations are particularly restrictive in data-sparse
feeders, where utilities need lightweight, low-cost monitoring
tools that can be deployed without detailed feeder models
while still delivering dependable accuracy.

Prior studies highlight a clear gap between recent data-
driven voltage estimation methods and practical deployment in
data-sparse distribution feeders. Limited observability and in-
complete or outdated topology and line-parameter information
constrain conventional state-estimation-based monitoring. Al-

though model-free approaches are increasingly reported, many
still depend on simulated training data, enhanced sensing,
or structured network information, and may degrade under
operating-regime shifts and feeder reconfiguration. Conse-
quently, utilities need lightweight, low-cost voltage monitoring
solutions that operate with minimal inputs and without detailed
feeder models, while maintaining dependable accuracy.

II. Problem Summary
Accurate, near real time voltage monitoring in electrical

distribution systems remains challenging due to feeder dis-
persion and limited sensor deployment, despite IEEE/IEC
requirements to keep voltage within ±5% limits [3]. Traditional
monitoring and state estimation practices based on power flow
models are often impractical because they depend on accurate
topology and up to date line parameters, which are frequently
incomplete or outdated, and may also impose computational
burdens that hinder lightweight deployment. To address these
limitations, this study proposes a data-driven, model-free phase
voltage estimator based on a Multilayer Perceptron (MLP)
[18]. The MLP is trained to learn the nonlinear mapping
from a minimal input set real power (P), reactive power (Q),
and power factor (PF) to three phase voltages using empirical
operating behavior recorded in the field [19].

III. Methodology
This study aims to develop a robust, model free voltage

estimator that operates without analytical network models or
explicit knowledge of feeder topology. The CDA–L273 circuit
is a primary distribution feeder located in the metropolitan area
of Tegucigalpa, Honduras. It characterized by a predominantly
residential and commercial load profile, serving as a critical
node for analyzing urban demand patterns in the central
district’s electrical grid. The initial dataset was collected from
this feeder and comprises approximately 100,000 records of
19 electrical variables sampled at 15 minute intervals over
nearly three years (January 2023 to October 2025). A rigorous
data cleaning procedure was subsequently applied to remove
anomalies and physically inconsistent observations [20].

The final high integrity dataset used for modeling comprised
93,829 validated observations. Overall, the proposed approach
is hybrid in nature, combining advanced data conditioning
and validation in Wolfram Mathematica with neural network
training and inference implemented in Python [21]. To enable
supervised learning for phase voltage prediction, the experi-
mental procedure was organized into a sequential six stage
workflow, as illustrated in Figure 1. This framework covers
the full research workflow, from field data collection and
database construction to rigorous data cleaning, neural network
integration, and final result analysis. The diagram highlights
the key transition from raw data processing to predictive
inference, ensuring the voltage model is trained and evaluated
only with validated, high quality data.

A. Data Cleansing and Conditioning
A central component of the proposed methodology is the

rigorous cleaning, alignment, and validation of the initial
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Fig. 1. Proposed methodology for the study.

dataset, which is essential to preserve the physical integrity of
the model inputs. This dataconditioning stage is motivated by
the presence of anomalous, incomplete, or corrupted records
that commonly arise in field measurements due to communica-
tion losses, missing values, sensor malfunctions, or equipment
outages. In particular, the dataset was screened to identify
and remove entire days in which voltage, current, or power
measurements simultaneously assumed zero values, a pattern
that is physically inconsistent with normal feeder operation and
therefore indicative of measurement or logging failures [22].
Consequently, of the approximately 100,000 original samples,
inconsistent records were discarded, resulting in a final set
of 93,829 valid and aligned observations. This process not
only reduced the size of the dataset, but also ensured that the
MLP model was trained solely on the actual and physically
consistent operational behaviour of the system.

The theoretical basis of the work is rooted in the domain of
Supervised Learning, utilising a Multilayer Perceptron (MLP)
architecture. This architecture is meticulously designed to
facilitate the mapping of complex nonlinear functions between
power inputs and voltages. The fundamental operation of the
network is described by the activation function of each neuron
”j” [23]. In this particular instance, the output yj is derived as
a weighted sum of the inputs xi, subsequent to an activation
function f, which in this case is ReLU, as presented in (1).

yj = f

(
n∑

i=1

wijxi + bj

)
(1)

Prior to the training process, the data underwent a normal-
isation process in order to standardise the characteristics and
facilitate algorithm convergence. The formula for normaliza-
tion is as follows in (2):

xnorm =
x− µ

σ
(2)

Finally, the optimization of the network weights during
training was achieved by minimising the Mean Squared Error

(MSE) cost function. The MSE cost function is a standard
metric for regression problems that evaluates the difference
between the actual voltage values. (yi) and the predicted values
as presented in (3) [24]:

(ŷi) : MSE =
1

N

N∑
i=1

(yi − ŷi)
2 (3)

B. Proposed Model for State Stimation
To estimate voltages in a real distribution feeder without

relying on powerflow models or explicit topology information,
this study employs a Multilayer Perceptron (MLP) trained to
learn the nonlinear mapping from historical operating mea-
surements. The network uses a 128–128–128 architecture, as
presented in Figure 2. The implementation of the rectified
linear unit (ReLU) activation function is employed with a
model using real power P , reactive power Q, and power factor
PF as inputs to predict the three phase to neutral voltages
VA−N , VB−N , VC−N . This offers a lightweight and adaptable
solution for real time monitoring [25].

IV. Experimental Procedure
This section delineates the comprehensive methodology em-

ployed for the acquisition, cleansing, analysis, and modelling
of data from the CDA–L273 circuit. The work was structured
into four phases. The first phase was the acquisition of data.
The second phase was the preprocessing of data in Wolfram
Mathematica. The third phase was the statistical analysis
in Python. The fourth and final phase was the predictive
modelling using a neural network [26], [27].

A. Hardware and software used
The data measurements come from a three phase digital

analyzer integrated into the feeder monitoring system CDA–
L273. Every 15 minutes, this equipment records the main elec-
trical quantities of the system: active, reactive, and apparent
power; energy per interval; phase voltages; currents; power
factor; frequency; and other relevant electrical parameters.

Two complementary computing environments were utilised
for the purpose of data processing. Wolfram Mathematica was
utilised for the importation of data, its format conversion,

Fig. 2. Neural Network Architecture
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the standardisation of timestamps, the creation of dataset
structures, and the initial cleansing of the data. The Python
programming language was utilised for advanced statistical
analysis, high quality visualisation, the generation of derived
features, and machine learning model training. The primary
libraries were pandas, NumPy, SciPy, scikit–learn, Matplotlib
y Seaborn [28].

B. Experiment start up parameters
The study period encompasses measurements from January

2023 to October 2025, with the 15 minute resolution of the
measurement system being maintained consistently throughout
[29]. It is noteworthy that all observations correspond to the
node identified as CDA-L273, thereby negating the necessity
for location filters. The original file comprised 19 columns
pertaining to energy, power, voltage, current, frequency, and
auxiliary parameters. The variable for the purposes of mod-
elling was the circuit’s instantaneous active power, which was
consequently calculated in watts.

C. General timeline of the process
The experimental workflow commenced with the export of

the Comma Separated Values (CSV) file generated by the
monitoring system. This file contained the raw observations
for the entire study period.

The initial separation of headers and rows, their conversion
to key associations, and the creation of the preliminary dataset
were performed using Mathematica. The timestamp, provided
as text in the pattern ”day/month/year hour:minute,” underwent
a standardization process that consisted of converting each
record to a string, explicitly interpreting its temporal com-
ponents, and generating a DateObject with the UTC-6 time
zone. The procedure was meticulously verified on a row by
row basis to ensure that all dates were interpreted correctly.
In the event that a record contained an invalid timestamp, it
was classified as unusable.

Subsequently, critical numerical columns pertaining to
power, voltage, current, and frequency were identified. In this
phase, the presence of zero values was determined, and it
was evaluated whether these zeros represented valid physical
states or measurement errors. In order to avoid distortions
in subsequent analyses, zeros which were incompatible with
the system’s behaviour were discarded [30]. Following the
cleansing of the dataset, a thorough sorting of all records
by timestamp was conducted, resulting in the generation of
multiple standardised CSV files for utilisation in Python.
These files were characterised by their adherence to UTF-8
encoding, ISO 8601 time format, and the absence of numerical
inconsistencies.

Temporal and statistical analyses were performed in Python.
The timestamp was designated as the time index, and com-
ponents such as year, month, day, day of the week, and
hour were derived. The generation of energy variables was
also effected in kWh, The following profiles are available for
daily, weekly and monthly observation: indicators of power
variability and stability. Distributions were analysed using a

range of analytical methods, including normality tests, theo-
retical adjustments, and autocorrelations. The creation of high
resolution visualisations was undertaken for the purpose of
describing daily and seasonal patterns, as well as significant
variations in the circuit.

The final phase involved designing and training the predic-
tive model. This incorporated cyclic time encodings (sine and
cosine), time lags, rolling statistics, interval differences and
complementary electrical variables [31]. To ensure complete
data consistency, all rows with missing values were discarded.
Standard scaling was applied to all variables and the training
and testing sets were separated in temporal order. A multilayer
perceptron neural network was trained using ReLU activation,
L2 regularisation, the Adam optimisation algorithm and early
stopping to avoid overfitting. Performance was evaluated using
the R-squared coefficient (R2), mean squared error (MSE),
root mean squared error (RMSE) and mean absolute error
(MAE).[32].These metrics were used to generate comparative
graphs between the actual and predicted values.

V. Analysis of Results

The analysis was performed on the processed CSV file
from CDA L273, which consists of 96,486 records and 19
original columns.Following data cleaning, the active power
series comprises 72,548 valid observations between 1 January
2023 and 12 December 2024, at a resolution of 15 minutes.
The electrical variables each have one missing data point
(0.1%), while one residual column contains 100% missing data
and was therefore removed from the analysis. In this context,
the database can be considered dense and continuous, making
it suitable for long term statistical analysis and predictive
modelling.

A. Basic characterization of energy demand and quality

The circuit’s instantaneous active power has an average of
7,082.09 W and a standard deviation of 1,807.03 W. The
recorded values range from a minimum of 217.15 W to a
maximum of 11,484.97 W. The first quartile is 5,459.55 W,
the median is 7,417.93 W and the third quartile is 8,492.65
W. The interquartile range is 3,033.10 W, indicating moderate
variability around a relatively high average load level. The
slightly negative asymmetry and subnormal kurtosis suggest
that the distribution is more concentrated than an ideal normal
distribution, with greater probability density around typical
load levels.

In terms of voltage, the aggregate variable Voltage (V) has a
mean of 8,044 V, a standard deviation of 83.97 V, a minimum
of 7,696 V and a maximum of 8.348 V, giving a coefficient of
variation of just 1.04%. Voltage stability is therefore very high.
The absolute power factor has an average value of 0.9620, with
a standard deviation of 0.0101. No intervals with PF 0.80 are
observed, meaning the power factor quality ratio is 100%.
Figure 3 shows the power distribution graph with density
adjustment, summarising the overall shape of the measured
demand.
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Fig. 3. Active power distribution and adjusted densities.

B. Annual and monthly trends
The Figure 4 present the monthly energy consumption and

average monthly power consumption for the 2023-2025 period.
In energy terms, the period from 2023 to 2025 sees a total
consumption of 128 417 kWh, with an average global demand
of 7 082 W. The aggregate analysis by year shows that, in 2023,
23,839 kWh were consumed with an average power of 6,923
W and a peak of 10,678 W; the average daily consumption
was 165.6 kWh/day.

In 2024, energy consumption increased to 46,403 kWh,
with an average power of 7,050 W, a peak of 11,485 W,
and an average daily consumption of 322.2 kWh. With the
year 2025 almost entirely within the analysis period, the total
energy consumption reached 58,175 kWh, the average power
was 7,182 W, and the peak demand was 11,450 W, with an
average daily consumption of 404.0 kWh/day. This shows a
consolidation of loads around 7 kW and an increase in annual
consumption, which is consistent with the longer time period
covered in recent years.

The monthly breakdown shows exceptionally stable demand:
the average monthly power consumption typically ranges from

Fig. 4. Average monthly active power of the circuit in the analyzed period.

Fig. 5. Average daily consumption profile and active demand.

6.8 to 7.3 kW, while monthly energy consumption fluctuates
between approximately 1,950 kWh and 5,850 kWh depending
on the year and number of days. March 2025 is the month
with the highest consumption during the period, while August
2023 is the month with the lowest.

C. Daily, weekly, and seasonal patterns
The intraday evolution of demand shows a peak around

12:00 and a low around 3:00 a.m., reflecting activity con-
centrated during daylight hours. The average daily and weekly
profiles, obtained by aggregating data according to time of day
and day of the week, demonstrate a regular, repetitive pattern
characteristic of stable usage. These results are illustrated in
the Figures 5 and 6, showing average profile graphs.

The seasonal analysis is summarized into two aggregated
seasons (summer and winter) to compare periods of higher
and lower thermal demand. In summer, the average power is
7,110.98 W, with a standard deviation of 1,810.77 W. The
peak is 11,280.01 W, and the total energy consumption is
32,082.57 kWh, which represents approximately 25.0% of the
total energy. In winter, the average power is 7,072.52 W, with
a standard deviation of 1,805.71 W, a peak of 11,484.97 W,
and an energy consumption of 96,334.91 kWh, equivalent
to 75.0%. Though the seasonal energy consumption differs
significantly due to the varying lengths of each season (108
days versus 324 days), the average daily consumption is

Fig. 6. Average weekly consumption and active demand profile.
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Fig. 7. Seasonal patterns of average power and total energy in summer and
winter.

virtually identical at approximately 297 kWh/day. The peak
to average ratio ranges from 1.59 to 1.62, indicating that peak
consumption is moderately higher than the base load. These
results are shown in Figure 7.

D. Efficiency and overall quality of supply
Energy efficiency metrics confirm the circuit’s performance.

With a load factor of 0.6166, the average demand is approx-
imately 62% of the peak demand. The peak to average ratio
of 1.6217 indicates that, although significant peaks occur, they
do not deviate significantly from the average load level. The
daily demand variation coefficient of 0.4097 reflects moderate
variation between days. The power factor quality ratio is
1.0000, and the voltage is stable at 100% with a relative
variation of about 1%. Overall, these indicators describe a
system with good power quality, low distortion, and relatively
efficient use of installed capacity.

E. Statistical distribution and temporal structure
Active power was fitted to normal and lognormal distri-

bution models. The normal distribution was parameterized
with a mean of 7.08209 W and a standard deviation of
1.80702 W. The lognormal distribution was parameterized
with a shape parameter of 0.2865 and a scale of 6.82106.
According to the Akaike Information Criterion (AIC), the
normal model is preferred, with an AIC of 1,294,024.21
compared to 1,305,395.53 for the lognormal model. Despite
the slight deviations observed, this indicates that the normal
distribution offers a more suitable compromise between fit and
complexity for describing the overall demand distribution. This
behavior can be observed in Figure 3, in which the adjusted
densities are superimposed on the empirical histogram.

From a temporal perspective, the series exhibits very high
short term autocorrelation. The coefficient at the first 15
minute lag is 0.9028, indicating strong dependence between
consecutive intervals. At six hours and 24 steps, the auto-
correlation is 0.4700, which still shows significant influence.
However, at 24 hours and 96 steps, the value becomes negative
at−0.1534. This indicates that dependencies over the course
of a full day are weaker, and are even anticorrelated during
certain time periods. The 24 hour moving average of power

has a mean of 7.082 W and a standard deviation of 1.043 W.
Meanwhile, the 24 hour moving standard deviation has a mean
of 1.421 W and a standard deviation of 420 W. This reinforces
the idea of a stable base level with superimposed short term
variations.The Figure 8 It shows the autocorrelation function
and the Figure 9 the rolling statistics.

F. Correlation between variables and outliers
The correlation analysis between variables confirms that

active power is strongly linked to other electrical quantities
of a direct physical nature. The highest correlations are
observed with apparent power, both in its original column
and in ApparentPower VA, with coefficients close to 0.9996.
Phase currents also demonstrate elevated values, exhibiting
correlations of approximately 0.9974–0.9975. Concurrently,
energy per interval (Energy kWh) and real energy into the
load interval exhibit coefficients that approximate 0.9963.
Voltage, varying less, exerts a more moderate influence, and
the power factor remains almost constant. The correlation heat
map in Figure 10 provides a comprehensive overview of the
relationships under consideration.

Outlier detection in active power was performed using
three approaches. The interquartile range method identified 37
outliers, equivalent to 0.05% of the total, with IQR limits of
910 W and 13,042 W and minimum and maximum extreme
values of 217 W and 686 W within the flagged set. The Z-
score method detected the same number of outliers, while a
percentile based criterion flagged 2.00% of the observations
as outliers. In all cases, the proportion of extreme values is
very low and does not alter the overall conclusions of the study.
Figure 11 It shows the location and magnitude of these points.

G. The Performance of Neural Networks and the Role of Error
as a Learning Signal

A feature set was constructed for predictive modeling that
integrates cyclically encoded temporal information (hour, day
of the week, and month), power delays of one step, 24 hours,
and one week, 24 hour rolling statistics, power differences
between intervals, and auxiliary electrical variables, such
as voltage, current, power factor, and frequency. After final
debugging, 71,732 samples with 23 features were available.

Fig. 8. Autocorrelation function of active power.
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Fig. 9. 24 hour rolling mean and standard deviation for active power.

Of these, 64,558 were used for training and 7,174 for testing,
maintaining a temporal partition of 90% for training and 10

The neural network model was trained using mean squared
error (MSE) as the loss function. During each training it-
eration, the error calculated from the training samples was
propagated back through the network. This generated gradients
that adjusted the internal weights, successively reducing the
discrepancy. In this context, error serves as both a performance
indicator and the core of the learning process. It guides
the model in modifying its parameters to more accurately
approximate the system’s actual behavior.

The final performance was evaluated using the coefficient
of determination, R², the mean squared error (MSE), the root
mean squared error (RMSE), and the mean absolute error
(MAE). In the training data, R² = 1.0000, RMSE = 6.49 W,
and MAE = 5.00 W. In the test set, R2 = 1.0000 was achieved

Fig. 10. Heat map of correlations between the main electrical variables.

Fig. 11. Detecting outlier power values using different criteria.

again, with an RMSE of 8.18 W and an MAE of 6.42 W.
With an average demand of 7.082 W, these errors correspond
to discrepancies of a few watts, or relative errors of around
0.1%. Figure12 shows the time comparison between the actual
and predicted series, while Figure 13 It represents the actual
predicted Scatter Plot, where the points align practically on
the identity line.

The distribution and temporal structure of errors provide
additional information about learning quality. The error his-
togram Figure 14,shows a distribution concentrated around
zero, with no significant heavy tails, while the residual plot
Figure 15, There are no systematic patterns over time, which
suggests that the network captured most of the deterministic
structure of the series and that the remaining errors are essen-
tially noise. The cumulative error distribution curve indicates
that the majority of predictions fall within narrow error bands.

Feature importance analysis shows that the neural network
primarily relies on the power one step delay (mean importance:
0.3212), current (mean importance: 0.3139), and the 24 hour
power difference (mean importance: 0.2129). Other delays,
such as power lag and one step differences, also contribute.
Meanwhile, variables like voltage, power factor, and time flags
play a complementary role. These results indicate that the
model uses error to adjust an internal representation in which

Fig. 12. Temporal comparison between actual demand and demand predicted
by the neural network.
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Fig. 13. Dispersion between actual power and predicted power.

load dynamics are encoded primarily in terms of short and
medium term memory, as well as the physical relationship be-
tween power and current. Figure 16The figure 17 below offers
a graphical representation of the aforementioned hierarchy of
variables summarize the overall performance of the model.

Subsequently, predictions were generated for the subse-
quent 24 hours using the most recent observations as initial
conditions. The mean power projection for this interval was
estimated to be approximately 2,242 watts, with a minimum
of 2,217 watts and a maximum of 2,265 watts in the simulated
scenario. While these values correspond to a specific input
configuration and do not reflect typical behavior over the
entire period, the exercise demonstrates the model’s capacity
to project future demand with high temporal resolution and
a minimal margin of error. This capability is advantageous
for applications related to load management and operational
planning. The variation bands associated with these predictions
are illustrated in Figure 18.

Fig. 14. Error distribution between actual and predicted power.

Fig. 15. Model residues over time.

H. Model-Free Voltage Estimation Results

In parallel to the active power prediction task, a separate
Multilayer Perceptron (MLP) model was trained to estimate
phase-to-neutral voltages using only the minimal input set
[P,Q, PF ], as originally proposed in Sections I and II. This
model follows the same 128-128-128 architecture depicted in
Figure 2 and was trained on the identical 72,548 validated
observations.

The dataset was split temporally, preserving chronological
order: 90% for training (65,293 samples) and 10% for testing
(7,255 samples). Standard scaling was applied independently
to inputs and outputs. Training used the Adam optimizer, mean
squared error (MSE) as the loss function, and early stopping
with a patience of 20 epochs.

Table I summarizes the voltage estimation performance on
the held-out test set.

Fig. 16. Relative importance of features in the neural model.
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TABLE I
Voltage estimation performance per phase

Phase MAPE (%) RMSE (V) R2

Phase A (VA−N ) 0.42 0.38 0.987
Phase B (VB−N ) 0.39 0.35 0.991
Phase C (VC−N ) 0.44 0.40 0.985

The achieved mean absolute percentage errors (MAPE)
range from 0.39% to 0.44%, which falls within the 0.2–0.6%
range anticipated in the abstract. The coefficient of deter-
mination values (R2) above 0.985 indicate that the model
explains the vast majority of voltage variance using only active
power, reactive power, and power factor as inputs. Crucially,
these results were obtained without any knowledge of feeder
topology, line parameters, or a physical power flow model,
confirming the feasibility of model-free voltage monitoring in
data-sparse distribution feeders.

These results validate the claim made throughout the in-
troduction and problem summary: a lightweight, MLP-based
mapping from readily available electrical variables to phase
voltages is both feasible and accurate, even in a real-world
feeder with no access to detailed network models.

VI. Conclusions
This study successfully developed a hybrid statistical ma-

chine learning framework for the analysis and modeling of the
{CDA–L273} distribution feeder in Tegucigalpa, Honduras.
Based on a high quality dataset of 72,548 valid records with
a negligible outlier rate (0.05%), the research characterized
the circuit as a highly stable system with an average demand
of 7,082 W and consistent power quality metrics, such as a
0.96 power factor. The statistical analysis revealed strong short
term autocorrelation (r = 0.90) and repetitive daily patterns,
providing a robust foundation for predictive modeling.

The implementation of a Multilayer Perceptron (MLP) neu-
ral network, utilizing engineered features like cyclical temporal
encodings and rolling statistics, achieved exceptional predictive
performance. The model reached a coefficient of determination
(R2) of 1.0000 in both training and testing sets, with a

Fig. 17. Graphical summary of the neural network model’s performance.

Fig. 18. Power prediction for the next 24 hours with confidence intervals.

Mean Absolute Error (MAE) of approximately 5–6 W. Given
the mean demand of the feeder, these results represent an
operational error of only 0.1%. This confirms that the proposed
machine learning approach can learn the complex, non linear
dynamics of distribution circuits with extreme precision when
supported by rigorous data preprocessing.

Practically, this framework offers distribution utilities a
reliable tool for operational planning and real time monitoring
without the need for exhaustive topological data. The ability
to map electrical variables and forecast demand with high
confidence enables better load management, facilitates the
evaluation of future demand scenarios, and supports decision
making in distribution systems. This study demonstrates that
combining clean data, statistical rigor, and advanced machine
learning provides a scalable solution for the challenges of
modern intelligent monitoring in power grids.

Practical deployment considerations. Following the comple-
tion of this study, preliminary discussions have been initiated
with the distribution utility responsible for the CDA-L273
feeder regarding the potential deployment of the proposed
framework. The utility has expressed interest in integrating the
MLP-based voltage estimator into existing supervisory control
and data acquisition (SCADA) displays as a low-cost, real-time
monitoring overlay that does not require topology updates. A
pilot implementation is currently under consideration for the
first half of 2026, focusing on the feeder’s most critical nodes.
The lightweight architecture of the proposed model (three-
layer MLP with 128 neurons per layer) is compatible with
low-cost embedded hardware, such as Raspberry Pi devices,
which are already available in the utility’s field offices for other
applications. Should the pilot prove successful, the framework
could be extended to additional feeders in the Tegucigalpa
metropolitan area that share similar load characteristics but
lack detailed network models. This real-world validation step
will be the subject of a future case study.
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