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ABSTRACT Distribution networks with high photovoltaic generation, electric-vehicle charging, and
customer-side secondary circuits require better voltage awareness, but dense voltage sensing at every critical
location is rarely practical. This paper formulates sensor-limited critical-bus voltage forecasting as a virtual
metering task: historical voltage measurements from a small set of observed feeder locations are used to
forecast future voltage trajectories at unmetered critical buses. The study uses a DER-rich modified IEEE
123-bus distribution-system dataset with secondary-circuit effects and constructs a reproducible benchmark
pipeline with fixed chronological train/validation/test splits, metadata-based signal resolution, direct multi-
output forecasting, and target-wise and horizon-wise evaluation. Four representative temporal baselines
are evaluated: persistence, multilayer perceptron (MLP), one-dimensional convolutional neural network
(CNN1D), and long short-term memory (LSTM). Sparse observation cases use only one to six voltage
sensors, while a dense non-target observation case is included as a near full-observation reference rather than
as a practical deployment scenario. The results show that accurate 24-hour multi-step voltage forecasting is
feasible under low observability. In the primary sparse cases, CNN1D and LSTM achieve test mean absolute
error near 0.0048 p.u. across three unmetered target buses, with stable multi-seed behavior. The dense non-
target reference provides no large accuracy gain over the strongest sparse learned models, indicating that the
evaluated sparse measurements already contain substantial predictive information for the selected critical
buses. Target-wise and horizon-wise analyses further show that forecasting difficulty varies across buses and
lead times. The paper therefore provides a defensible benchmark and feasibility evidence for sensor-limited
virtual metering in DER-rich distribution networks, while explicitly limiting claims beyond the evaluated
dataset, sensor sets, and baseline models.

INDEX TERMS Critical-bus voltage forecasting, distribution system monitoring, limited observability,
secondary circuits, sensor-limited virtual metering, time-series forecasting, voltage inference.

I. INTRODUCTION
Distribution networks are becoming increasingly active
because photovoltaic (PV) generation, electric vehicle (EV)
charging, heat pumps, and other distributed energy resources
(DERs) are being connected close to customers. These
resources can improve decarbonization and flexibility, but
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they also change feeder operating conditions by introducing
reverse power flow, sharper net-load ramps, phase imbalance,
equipment loading stress, and voltage deviations [1]. Voltage
monitoring is therefore a basic requirement for operat-
ing DER-rich distribution systems. However, distribution
grids contain many buses, laterals, phase connections,
and customer-side secondary circuits, so installing high-
resolution voltage sensors at all potentially critical locations
is rarely economical or practical.
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The low-observability nature of distribution systems has
motivated extensive work on distribution system state esti-
mation (DSSE), pseudo-measurements, sensor placement,
and data-driven monitoring. Recent reviews emphasize that
DSSE remains challenging under high DER penetration
because distribution measurements are sparse, heteroge-
neous, and often less redundant than transmission-system
measurements [2]. Related smart-meter-based methods also
show that useful voltage and current estimates can be
obtained from a limited number of measurement locations,
but they typically require explicit estimation procedures,
topology assumptions, or additional power-flow-related mea-
surements [3]. In parallel, sensor placement studies have
examined how a limited number of voltage sensors can
support detection of voltage violations caused by stochastic
DER and load variations [4]. These studies support the
broader premise that limited measurements can still provide
operationally valuable voltage information, but they do
not directly answer how well future critical-bus voltages
can be forecast from a small set of available voltage
observations.

This paper studies that question from a virtual metering
perspective. Instead of assuming that every critical bus is
directly measured, we formulate sensor-limited critical-bus
voltage forecasting as a supervised time-series problem: past
voltage measurements from a small observation set are used
to forecast future voltage trajectories at selected critical
buses. The term virtual metering is used here in a pragmatic
sense: the model provides estimated voltage time series at
buses where physical sensors are unavailable or assumed to
be absent. The focus is forecasting rather than static state
estimation, because future voltage trajectories are useful for
planning monitoring actions, ranking critical locations, and
assessing whether limited observability is sufficient before
more complex control or mitigation functions are considered.

The experimental setting is a modified IEEE 123-bus
distribution system with PV, EV charging, and secondary
circuits. The modified system extends the standard IEEE
123-bus feeder by incorporating DER-rich operating con-
ditions, including PV and EV profiles, and low-voltage
secondary-circuit representations downstream of distribution
transformers. The IEEE radial distribution test feeders
provide a widely used basis for evaluating distribution-
system algorithms [5], and the modified setting used in
this study extends that basis toward a more realistic
DER-rich and customer-side voltage-inference problem. The
available dataset contains time-series voltage, active-power,
and reactive-power signals generated from this system. In the
first-stage IEEE Access paper, we intentionally avoid claims
that require unavailable scenario-generation information,
such as PV/EV penetration robustness, OpenDSS-based
counterfactual simulations, or voltage-violation mitigation.
Instead, the paper asks a narrower and directly testable
question: under fixed train/validation/test splits and practical
sensor constraints, how accurately can baseline temporal
models forecast multi-step critical-bus voltages?

This scope is deliberate. Many modern forecasting and
learning-based monitoring studies emphasize new model
architectures, but a credible limited-sensor voltage inference
study also needs strong baselines, transparent preprocessing,
fixed data splits, and target-wise and horizon-wise evaluation.
Sequence-aware models such as long short-term memory
(LSTM) networks are designed to capture temporal depen-
dencies in sequential data [6], but their value in this setting
should be evaluated against simpler alternatives, includ-
ing persistence, multilayer perceptrons, and convolutional
temporal baselines. This distinction from conventional distri-
bution system state estimation is important because classic
and review DSSE studies primarily address present-state
monitoring under sparse measurements, whereas this paper
evaluates future voltage-trajectory forecasting at unmetered
critical buses [7], [8]. The goal of this paper is therefore
not to introduce a new deep learning architecture. It is to
provide a reproducible benchmark and feasibility study for
sensor-limited critical-bus voltage forecasting in a DER-rich
distribution-network dataset with secondary-circuit effects.

The empirical results further show that the dense non-target
observation reference does not produce a large accuracy
gain over the strongest sparse learned models. This finding
supports the practical premise of the paper: for the selected
critical buses and dataset, the dominant predictive informa-
tion can be captured from a very small number of voltage
sensors.

The main contributions of this paper are as follows:
1. A sensor-limited voltage forecasting formulation.

We formulate critical-bus voltage forecasting as a virtual
metering problem in a DER-richmodified IEEE 123-bus
distribution system with secondary circuits.

2. A reproducible benchmark pipeline.
We develop a reproducible pipeline for limited-sensor
voltage forecasting, covering dataset processing, fixed
train/validation/test splits, baseline training, inference,
and target-wise and horizon-wise evaluation. The core
implementation and a compact sample dataset are made
publicly available on GitHub for reproducibility, subject
to full-data sharing constraints.

3. An empirical feasibility analysis under low
observability.
We quantify the performance of representative temporal
baselines, including persistence, MLP, CNN1D, and
LSTMmodels, under practical sparse-sensor constraints
using only 1–6 voltage sensor locations; use a dense
non-target observation case as a near full-observation
reference; and show that accurate multi-step critical-bus
voltage forecasting is feasible even with a small number
of voltage sensors.

The remainder of this paper is organized as follows.
Section II reviews related work. Section III describes the
modified IEEE 123-bus system and dataset. Section IV
formulates the sensor-limited forecasting problem. Section V
presents the experimental pipeline and baseline models.
SectionVI reports the empirical results. SectionVII discusses
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implications and limitations. Section VIII describes threats to
validity. Section IX concludes the paper.

II. RELATED WORKS
A. VOLTAGE ESTIMATION AND FORECASTING UNDER
LOW OBSERVABILITY
Distribution-network voltage monitoring has traditionally
been studied through distribution system state estimation
(DSSE), voltage estimation, and measurement placement.
Early DSSE work formulated real-time monitoring for dis-
tribution systems under sparse and imperfect measurements,
recognizing that distribution feeders differ from transmission
grids because they are radial or weakly meshed, less
instrumented, and often unbalanced [7]. Later reviews further
emphasize that DSSE must handle pseudo-measurements,
limited real-time sensors, heterogeneous smart-meter data,
and topology-dependent uncertainty [8]. Recent surveys of
emerging DSSE concepts also identify low observability,
DER variability, and limited measurement redundancy as
persistent barriers to reliable distribution-grid monitoring [2].
Recent learning-based studies for unobservable low-voltage
grids further show that neural estimators are being developed
specifically to compensate for limited measurement infras-
tructure in asymmetric three-phase LV systems [9].

Smart-meter and virtual-metering approaches address
related observability gaps by using available measurements
to infer electrical quantities at locations without dedicated
sensors. For example, smart-meter-based voltage and current
estimationmethods show that sparsemeasurement infrastruc-
ture can still provide useful information about unmeasured
parts of active distribution networks [3]. Sensor placement
studies similarly show that a limited number of voltage
sensors can be selected to improve the detection of voltage
violations in distribution systems [4]. These studies support
the premise that complete measurement coverage is not
always required for useful voltage awareness.

However, state estimation and forecasting solve different
operational problems. DSSE estimates the present system
state from measurements, pseudo-measurements, and net-
work models, whereas this paper forecasts future critical-bus
voltage trajectories from historical voltage observations at
a small set of sensors. The distinction matters because
a forecasting benchmark must evaluate temporal gener-
alization, multi-step horizon behavior, target-wise errors,
and sensor-set dependence under fixed data splits. This
paper therefore builds on the low-observability monitoring
literature but focuses on a data-driven virtual metering task in
which limited past voltage measurements are used to predict
future voltages at unmeasured critical buses.

B. IMPACT OF DER PENETRATION AND SECONDARY
CIRCUITS ON VOLTAGE PROFILES
PV generation, EV charging, heat pumps, and other
low-carbon technologies change distribution-voltage behav-
ior by altering both the magnitude and direction of power

flow. High PV output can produce local voltage rise and
reverse power flow, while clustered EV charging can increase
evening peak demand and cause voltage drops. A recent
overview of PV, EV, and heat-pump impacts reports that
these technologies can intensify voltage deviations, phase
imbalance, transformer loading, and feeder congestion in
distribution grids [1]. Low-voltage distribution-grid reviews
reach similar conclusions, emphasizing that high PV and EV
penetration can create voltage-limit violations, asymmetric
loading, congestion, and phase-balancing challenges close to
end users [10].
These effects are particularly important in low-voltage

secondary circuits. Secondary circuits connect distribution
transformers to customer-side loads and DERs through
service conductors, and their voltage profiles can differ from
primary feeder voltages because of service-line impedance,
single-phase connections, customer diversity, and unbalanced
loading. Prior work on plug-in battery EV charging in
secondary distribution systems shows that residential EV
charging can increase voltage unbalance, undervoltage risk,
and neutral current in secondary networks [11]. This indicates
that feeder-level voltage observations alone may not fully
represent customer-side voltage behavior when DERs are
connected near end users.

The present study uses a DER-rich modified IEEE 123-
bus dataset that includes secondary-circuit effects, so the
forecasting task is closer to practical customer-side virtual
metering than a feeder-only voltage prediction problem.
At the same time, the scope is deliberately limited: this
paper evaluates forecasting accuracy under the available
DER-rich simulation condition and does not claim robustness
to changing PV or EV penetration levels. Such scenario
robustness analysis requires explicit PV/EV-to-bus mappings
and network model files to regenerate counterfactual power-
flow simulations, which is beyond the scope of the available
static dataset. Instead, the focus of this study is strictly placed
on verifying the temporal learning capabilities of baseline
models under a fixed, high-penetration operational scenario.

C. DATA-DRIVEN TEMPORAL MODELING AND
POSITIONING OF THIS STUDY
Data-driven time-series forecasting has been widely studied
using both simple baselines and deep learning models.
General surveys of deep learning for time-series fore-
casting identify feedforward networks, convolutional mod-
els, recurrent networks, encoder–decoder structures, and
attention-based models as common families for learning
temporal dependencies from historical data [12]. In energy
systems, comparative studies of electric-load forecasting
show that feedforward, recurrent, sequence-to-sequence, and
temporal convolutional models are all relevant baseline
classes, and that careful empirical comparison is needed
because model performance depends on the dataset, horizon,
input representation, and evaluation protocol [13]. These
observations are directly relevant to voltage forecasting,

114244 VOLUME 14, 2026



G. Noh, H. P. Lee: Sensor-Limited Critical-Bus Voltage Forecasting for Virtual Metering

where strong temporal autocorrelation can make persistence
competitive while nonlinear and sequence-aware models may
still improve multi-step prediction.

The baseline selection in this paper follows this prag-
matic view. Persistence is included as a deterministic
lower-complexity baseline because voltage time series are
often strongly autocorrelated; in this study, it is implemented
as a last-observation persistence variant that repeats the
most recent input-voltage vector over the forecast horizon,
with a linear input-to-target projection when the input and
target dimensions differ. The MLP baseline tests whether
a non-sequential neural model can learn useful mappings
from flattened historical windows. The CNN1D baseline
captures local temporal patterns through convolution over
the lookback window, while the LSTM baseline represents
recurrent sequence-aware modeling and is motivated by its
ability to learn long-term temporal dependencies [6].

The goal is not to prove that any one architecture is uni-
versally superior, but to establish whether standard temporal
baselines can support reliable critical-bus voltage forecasting
under limited observability. Although a wider range of
advanced sequence models, including Transformer-based
architectures, could be incorporated into the benchmark, this
paper does not aim to exhaustively compare state-of-the-art
forecasting architectures. Instead, its primary objective is to
establish a rigorous baseline framework and to verify the
fundamental predictability of critical-bus voltage trajectories
under sparse sensing constraints.

This positioning differentiates the present study from
model-novelty-driven work. Many data-driven forecasting
papers emphasize new architectures or architecture-specific
improvements. In contrast, this paper focuses on prob-
lem formulation, benchmark construction, and empirical
feasibility in a DER-rich modified IEEE 123-bus setting
with secondary-circuit effects. The resulting contribution
is a reproducible sensor-limited virtual metering bench-
mark: fixed observation cases, fixed target buses, fixed
train/validation/test splits, standard temporal baselines, and
target-wise and horizon-wise evaluation for multi-step
critical-bus voltage forecasting.

This scope is also consistent with recent distribution-grid
monitoring studies that emphasize practical observability
limits. Smart-meter-based DSSE and two-layer MV/LV
estimation studies show that partial measurement cover-
age can improve distribution-grid visibility, but they still
depend on measurement availability, model assumptions, and
communication constraints [14], [15]. Low-voltage voltage-
estimation studies using alternative sensing sources or neural
estimators further demonstrate that data-driven methods
can infer unmeasured voltages in DER-rich settings, while
requiring careful validation on realistic data [16], [17].
Recent work on smart-meter timeliness, voltage-sensitivity
estimation, and secondary-system sensitivity structure also
reinforces that low-voltage and secondary-circuit monitoring
is constrained by measurement access, topology uncertainty,
and customer-side circuit behavior [18], [19], [20].

III. SYSTEM AND DATASET DESCRIPTION
A. MODIFIED IEEE 123-BUS DISTRIBUTION SYSTEM
The test system used in this study is a modified IEEE
123-bus distribution system developed for this collaborative
research. The original IEEE 123-bus feeder is widely used
as a benchmark for distribution-system analysis because
it contains long radial laterals, unbalanced phase sections,
voltage regulators, and heterogeneous load locations. The
modified system extends this benchmark setting by incor-
porating DER-rich operating conditions and low-voltage
secondary-circuit representations, making it suitable for
studying sensor-limited voltage inference rather than feeder-
level power-flow behavior.

FIGURE 1. Modified IEEE 123-bus distribution system used in this study,
including PV units, voltage regulators, and critical-bus locations.

Figure 1 shows the system overview used for the forecast-
ing study. The diagram identifies primary feeder buses, phase
sections, voltage regulators, PV-connected locations, and
critical buses. The voltage regulators provide practical mea-
surement locations because they are operationallymeaningful
and more likely to be monitored than arbitrary customer-
side nodes. PV-connected buses are also relevant observation
candidates because local generation can substantially affect
nearby voltage profiles. In contrast, the critical buses are
treated as target locations whose future voltage trajectories
must be inferred from a limited set of sensor measurements.
Figure 1 primarily depicts the primary feeder-level layout;
the secondary circuits are modeled downstream of selected
primary buses and are represented in the dataset through
x. . . and sx. . . node identifiers rather than being individually
expanded in the system overview.

The available time-series dataset was generated from this
modified system and contains voltage, active-power, and
reactive-power signals at 15-minute resolution. In the first-
stage benchmark reported in this paper, the forecasting
problem is defined on phase-A voltage signals, with selected
regulator and PV-connected buses used as sensor inputs
and selected critical buses used as prediction targets.
Although the dataset contains voltage, active-power, and
reactive-power time series, the benchmark models in this
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paper use only past voltage measurements as inputs; active-
and reactive-power signals are retained as dataset context
and for possible future extensions. This setting represents
the virtual metering concept: the model relies solely on past
voltage measurements from a few physical sensors to forecast
future voltage trajectories at unmetered critical locations.

B. SECONDARY CIRCUIT REPRESENTATION
A key distinction of the modified system is that the dataset
includes not only primary feeder buses but also low-voltage
secondary-side nodes. In distribution systems, secondary
circuits are the customer-side networks connected down-
stream of distribution transformers. They contain service
conductors, customer load connections, and locations where
customer-side DERs such as rooftop PV or EV charging
loads can affect local voltages. As a result, voltage behavior
in secondary circuits can deviate from the voltage profile
observed at the upstream primary feeder bus.

This distinction is reflected in the dataset identifiers.
Primary feeder nodes are represented by bus-oriented
names such as 49.1.2.3, where the suffix indicates the
available phases. In contrast, identifiers beginning with
x or sx are interpreted as transformer secondary-side or
service/customer-side nodes. For example, nodes such as
x49a.1.0, sx49 a1.1.2, and sx49a2.1.2 are associated with
the secondary circuit connected around primary bus 49 on
phase A.

These identifiers are not arbitrary measurement labels;
they indicate that the simulated voltage time series includes
low-voltage locations downstream of the primary feeder.
Figure 2 provides a representative secondary-circuit structure
to illustrate how transformer secondary-side and customer-
side voltage locations arise downstream of a primary feeder
bus. The x-node and sx-node labels in the figure should be
interpreted as guide labels for the naming convention, not as
an exhaustive mapping from every diagram element to every
dataset column.

FIGURE 2. Representative balanced low-voltage secondary circuit model
used to illustrate transformer secondary-side and customer-side voltage
locations. The x-node and sx-node labels are naming-convention guides;
dataset node identifiers such as x. . . and sx. . . indicate simulated
secondary-side voltage locations rather than a one-to-one mapping to
every element in the diagram.

Including secondary circuits is important for the virtual
metering task considered in this paper. Customer-side voltage

can be affected by service-line impedance, local load diver-
sity, single-phase connections, EV charging, and distributed
generation near end users. Therefore, a forecasting model
evaluated only on primary feeder buses may underrepresent
the voltage variability experienced by customers.

The modified dataset used here provides a more realistic
setting because it contains voltage trajectories from both
primary feeder nodes and secondary-side nodes, even though
the first-stage benchmark focuses on selected phase-A sensor
and target locations. Although Figure 2 shows a balanced
secondary model for clarity, it is used only as a represen-
tative structural example; the dataset-level voltage behavior
reflects the broader modified feeder simulation, including
phase-specific and customer-side voltage variations.

The present paper does not use detailed secondary-circuit
topology, transformer parameters, or service-line impedances
as model inputs. Instead, the secondary-circuit effects are
implicitly included in the simulated P/Q/V time-series data
generated from the modified system.

This choice keeps the first-stage IEEE Access study
focused on sensor-limited temporal forecasting and repro-
ducible baselines. More detailed topology-aware modeling of
transformer-secondary relationships, customer connections,
and line parameters is left for future work when complete
network-model metadata are available.

C. DATASET SIGNALS AND TEMPORAL RESOLUTION
The dataset contains time-series simulation outputs for
voltage magnitude, active power, and reactive power at
the nodes of the modified distribution system. The raw
signals are organized by electrical phase and measurement
type, so phase-specific voltage matrices such as V_A can
be processed independently from the corresponding active-
and reactive-power matrices. This structure allows the same
system to support multiple future inference settings, includ-
ing voltage-only forecasting, power-assisted forecasting, and
phase-specific analysis.

In this paper, the benchmark is restricted to phase-A
voltage forecasting. Although active-power and reactive-
power signals are available in the dataset, they are not used
as model inputs in the first-stage experiments. The input
tensor contains only historical voltage measurements from
the selected sensor locations, and the output tensor contains
future voltage trajectories at the selected critical buses.

This design is consistent with the intended virtual metering
setting, in which a small number of physical voltage sensors
are available while the target critical buses remain unmetered
during inference. Figure 3 summarizes this voltage-only
data-processing procedure, including phase-specific signal
selection, sliding-window sample construction, and chrono-
logical train/validation/test splitting.

As shown in Figure 3, the raw simulation outputs first
provide phase- and signal-specific matrices, from which
the phase-A voltage matrix is selected for the present
benchmark. The selected sensor columns form the input
tensor X , whereas the critical-bus voltage columns form the
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FIGURE 3. Dataset processing pipeline for the phase-A voltage-only benchmark. The raw simulation data include voltage,
active-power, and reactive-power signals, but the first-stage models use only selected sensor-voltage histories as inputs; active-
and reactive-power signals are retained as dataset context and possible future extensions. Here, S denotes the case-dependent
number of sensor locations.

target tensor y. Sliding windows are then generated without
random shuffling, and the resulting samples are divided
chronologically to preserve the temporal ordering of the
forecasting problem.

The time resolution is 15 minutes, and the available
sequence spans 70,080 time steps, corresponding to 730 days
of data. Sliding-window samples are generated using a
lookback length of 576 steps and a forecast horizon of
96 steps. At 15-minute resolution, these correspond to a
144-hour historical window (6 days) and a 24-hour predic-
tion horizon (1 day), respectively. The resulting processed
dataset contains 69,409 supervised samples, which are split
chronologically into training, validation, and test subsets with
a 70%/15%/15% ratio.

The 144-hour (6-day) lookback window is intentionally
reported in steps, hours, and days to avoid ambiguity. Earlier
planning notes described a 24-hour lookback, but the current
processed benchmark configuration uses lookback_steps =

576. Therefore, all results reported from the present pro-
cessed tensors should be interpreted as six-day-history to
one-day-ahead voltage forecasting unless the preprocessing
configuration is changed in a later experiment.

D. SENSOR AND TARGET DEFINITIONS
The forecasting task separates observed sensor nodes from
unobserved critical target buses. The sensor set represents
the limited set of voltage measurements assumed to be
available to the operator during inference, whereas the target
set represents critical buses whose future voltage trajectories
must be inferred virtually. This separation is important
because the target-bus voltages are not included in the input

tensor during inference; they are used only as supervised
learning targets during training and as reference values during
evaluation.

For the phase-A benchmark, the critical target buses are
fixed as buses 49, 64, and 66. In the processed voltage matrix,
these targets correspond to the phase-A voltage columns
resolved from 49.1.2.3, 64.1.2.3, and 66.1.2.3, respectively.
These buses are treated as unmetered critical locations in the
virtual metering task. Therefore, the model is evaluated on its
ability to forecast the future voltage trajectories of these three
buses frommeasurements collected elsewhere in the network.

Two sparse observation settings are currently prepared
from the processed dataset. The regulator-only case uses three
voltage sensor locations, 150r, 9r, and 25r, which correspond
to the resolved columns 150r, 9r.1, and 25r.1. These
locations are voltage-regulator-related nodes rather than
arbitrary measurement points. Because voltage regulators are
operational devices that shape feeder voltage profiles, their
associatedmeasurements are treated as engineering-informed
sparse sensors that can summarize important voltage-control
behavior in the feeder. The expanded sparse case adds three
additional feeder locations, 18, 47, and 54, resolved as
18.1.2.3, 47.1.2.3, and 54.1.2.3, resulting in six input sensor
locations. In both cases, the input feature is voltagemagnitude
only, and the same three critical target buses are used. This
design allows the experiments to quantify how additional
sparse measurements affect critical-bus voltage forecasting
accuracy while keeping the target definition fixed.

The resulting tensor dimensions follow directly from the
selected sensor and target sets. For a sensor set of size S,
each input sample has shape 576×S, corresponding to a 144-
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hour (6-day) voltage history at 15-minute resolution. Each
target sample has shape 96 × 3, corresponding to a 24-hour
(1-day) forecast horizon for the three critical buses. Thus, the
regulator-only case uses input tensors with S = 3, whereas
the expanded sparse case uses S = 6. Table 1 summarizes the
main dataset and experiment configuration used throughout
this study.

TABLE 1. Dataset and experiment configuration.

E. DATA LIMITATIONS
The dataset used in this paper consists of pre-generated time-
series simulation outputs from the modified IEEE 123-bus
distribution system. The available files provide voltage,
active-power, and reactive-power trajectories, which are suf-
ficient for defining and evaluating the sensor-limited voltage
forecasting task considered here. However, the complete
simulation-generation package, including detailed OpenDSS
model files, PV and EV placement metadata, scenario-
generation scripts, and all secondary-circuit parameter files,
is not assumed to be available in the present study.

This limitation affects the scope of the claims made in this
paper. The experiments evaluate whether future critical-bus
voltages can be forecast from sparse voltage measurements
under the provided DER-rich simulated operating conditions.
They do not attempt to quantify robustness across arbitrary
PV penetration levels, EV adoption scenarios, secondary-
circuit design variants, or alternative protection and control
settings. Such scenario-sensitivity studies require direct
access to the full simulation model and scenario-generation
process and are therefore left for future work.

The same limitation also motivates the voltage-only
benchmark design. Although active- and reactive-power
signals are available in the dataset, the first-stage experiments
intentionally use only historical voltage measurements from
selected sensor locations. This choice avoids relying on
unavailable deployment assumptions about real-time power
measurements at every node and keeps the benchmark

aligned with the virtual metering objective. Consequently, the
reported results should be interpreted as empirical evidence
for sensor-limited temporal predictability within the given
simulated dataset, not as a universal performance guarantee
for all distribution feeders or all DER deployment scenarios.

IV. PROBLEM FORMULATION
A. SENSOR-LIMITED VIRTUAL METERING TASK
The objective of the proposed task is to forecast future
voltages at unmetered critical buses by using only historical
voltage measurements from a limited set of observed sensor
locations. Let S denote the set of observed sensor nodes and
C denote the set of critical target buses. The two sets are
disjoint, so that S ∩ C = ∅. This disjoint definition reflects
the virtual metering setting: target-bus voltages are available
during training and evaluation, but they are not used as input
measurements during inference.

For each time index t , the input is a lookback window
of phase-A voltage measurements from the sensor set,
as defined in (1):

X t = [vSt−L+1, v
S
t−L+2, . . . , v

S
t ]

⊤
∈ RL×S , (1)

where L is the lookback length and S =| S | is the number of
available sensor locations.

Here, vSt ∈ RS denotes the voltage-magnitude vector
at time step t for the sensor locations. The corresponding
prediction target is the future voltage trajectory at the critical
buses, as defined in (2):

Y t = [vCt+1, v
C
t+2, . . . , v

C
t+H ]

⊤
∈ RH×C , (2)

where H is the forecast horizon and C =| C | is the number
of critical buses.

Similarly, vCt ∈ RC denotes the voltage-magnitude
vector at time step t for the target locations. In the present
benchmark, L = 576, H = 96, and C = 3, corresponding to
a 144-hour (6-day) input history, a 24-hour (1-day) forecast
horizon, and the three target buses 49, 64, and 66. The value
of S depends on the observation case: for example, S = 3 for
the regulator-only case and S = 6 for the expanded sparse
case.

The learning problem is to estimate a forecasting function
fθ that maps the sensor-voltage history in (1) to the future
critical-bus voltage trajectory in (2), as defined in (3):

Ŷ t = fθ (X t) , (3)

where θ denotes the trainable model parameters.
The model is trained by minimizing a supervised fore-

casting loss between Ŷ t and Y t over the training windows;
the specific loss and evaluation metrics are defined in the
following subsections. This formulation is model-agnostic: fθ
can be instantiated as a persistence baseline, MLP, CNN1D,
LSTM, or another temporal forecasting model, while the
input-output definition remains unchanged.
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B. OBSERVATION CASES
The observation case determines which voltage signals are
available to the forecasting model. For each case k , let Sk
denote the corresponding sensor set and let Sk =| Sk | denote
the number of observed sensor locations. The critical target
set is fixed across all cases as C = {49, 64, 66}, and the
no-leakage condition in (4) is enforced for every case:

Sk ∩ C = ∅. (4)

Accordingly, under the no-leakage condition in (4), chang-
ing the observation case changes only the input dimension
Sk of Xt ∈ RL×Sk , while the output dimension remains
Yt ∈ RH×3. This preserves the forecasting interface
introduced in (1)–(3). This design isolates the effect of sensor
availability on critical-bus voltage forecasting accuracy.
In other words, all cases predict the same target buses over the
same 24-hour horizon, but they differ in how much real-time
voltage information is assumed to be available from the
feeder.

The primary practical cases are the regulator-only case
and the expanded sparse case. The regulator-only case,
denoted as reg_3, uses the three voltage-regulator-related
nodes 150r, 9r, and 25r. This case represents a highly sparse
monitoring condition in which only a few operationally
meaningful feeder measurements are available. The choice
of regulator-related nodes is intentional: these locations are
associated with feeder voltage-control equipment and are
therefore more informative than randomly selected nodes
for tracking feeder-wide voltage behavior. The expanded
sparse case, denoted as reg_pv_6, adds three additional feeder
locations, 18, 47, and 54, to the regulator-related sensors.
These additional locations are treated as PV-connected or
DER-relevant observation points in the benchmark, allowing
the experiments to test whether a modest increase in
sensor coverage improves multi-step voltage forecasting
performance.

Two ablation cases are also included to separate the effect
of sensor type and sensor count. The reg_1 case uses only
150r and represents an extreme low-observability setting.
The pv_3 case uses only 18, 47, and 54, thereby testing
whether DER-relevant observation points alone provide
useful predictive information for the same critical target
buses. These ablations are not intended to represent complete
utility deployment plans; they are included to quantify how
different sparse measurement choices affect predictability.

Finally, the dense_oracle case is included as an explicitly
defined dense non-target observation reference. In this case,
all available non-target phase-A voltage nodes are used
as inputs, while the critical target buses remain excluded
from the input set. The processed phase-A voltage matrix
contains 690 voltage measurement columns. After excluding
the three target buses, 687 non-target input nodes remain
for the dense reference case. The term oracle is used only
in an experimental sense: the case is not a realistic sensor
deployment and is not proposed as an operational moni-
toring architecture. Instead, it provides a dense non-target

observation reference for interpreting whether sparse prac-
tical sensing loses substantial accuracy relative to a nearly
full-observation setting. Table 2 summarizes the observation
cases used in this study.

TABLE 2. Sensor observation cases.

C. EVALUATION METRICS
The models are trained as supervised multi-step regressors.
For a training set containing M sliding-window samples,
the default optimization objective is the mean squared error
(MSE) in (5), computed over all forecast horizons and target
buses:

LMSE =
1

MHC

M∑
m=1

H∑
h=1

C∑
c=1

(
Ŷm,h,c |Ym,h,c

)2
, (5)

where Ŷm,h,c and Ym,h,c denote the predicted and reference
voltage magnitudes for sample m, forecast step h, and target
bus c, respectively.
The loss in (5) is used only for model training and

validation selection. Final performance is reported using
complementary error metrics to capture both average and tail-
error behavior.

The primary aggregate metrics are mean absolute error
(MAE), root mean square error (RMSE), and percentile
absolute error. Let N = MHC denote the total number
of evaluated scalar voltage predictions after flattening all
samples, horizons, and target buses. The aggregate MAE and
RMSE are defined in (6) and (7), respectively:

MAE =
1
N

N∑
i=1

| ŷi − yi |. (6)

RMSE =

√√√√ 1
N

N∑
i=1

(̂yi | yi)2. (7)
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Tail errors are summarized using the empirical percentile
of the absolute error distribution in (8):

Pq = Qq
({

|̂yi − yi|Ni=1

})
, (8)

where Qq (·) denotes the empirical q -th quantile.
In this paper, P95 is used as the main tail-error metric,

and P99 may be reported when additional tail-risk detail
is needed. Maximum absolute error is also tracked as a
diagnostic quantity, but it is interpreted cautiously because
it can be dominated by isolated outliers.

To understand where errors occur, the same metrics can
be computed by forecast horizon and by target bus. The
horizon-wise MAE for forecast step h is defined in (9):

MAEh =
1
MC

M∑
m=1

C∑
c=1

| Ŷm,h,c − Ym,h,c |. (9)

and the target-wise MAE for target bus c is defined in (10):

MAEc =
1
MH

M∑
m=1

H∑
h=1

∣∣Ŷm,h,c − Ym,h,c
∣∣ . (10)

The decomposed metrics in (9) and (10) are important
because voltage forecasting difficulty may vary across both
lead time and critical-bus location. Horizon-wise metrics
show whether errors accumulate over the 24-hour prediction
window, whereas target-wise metrics reveal whether partic-
ular critical buses are more difficult to infer from sparse
observations.

When voltage-limit analysis is reported, violations are
defined using nominal per-unit thresholds. A ground-truth
voltage is marked as an undervoltage event if Ym,h,c < 0.95
and as an overvoltage event if Ym,h,c > 1.05. The violation
mask is therefore defined in (11):

V =
{
(m, h, c) : Ym,h,c < 0.95 or Ym,h,c > 1.05

}
. (11)

Violation-conditioned errors are computed only over the
set in (11), as shown in (12):

MAEV =
1

| V|

∑
(m,h,c)∈V

| Ŷm,h,c − Ym,h,c |. (12)

If | V |= 0 for a given split or target subset, the
violation-conditioned metric in (12) is not interpreted as a
meaningful performance indicator. In that case, the paper
reports the absence of valid violation samples rather than
drawing conclusions from threshold-conditioned errors.

V. EXPERIMENTAL PIPELINE AND BASELINE MODELS
A. DATA PROCESSING PIPELINE
The experimental pipeline converts raw simulation outputs
into fixed supervised learning tensors through three repro-
ducible stages: interim matrix construction, metadata-based
column resolution, and sliding-window tensor generation.
This separation is intentional. The raw files preserve the
original simulation outputs, the interim matrices provide

efficient numerical access, and the processed tensors define
the exact input-output samples used by the baseline models.

In the first stage, raw no-header CSV files are converted
into NumPy matrices. Each source file is loaded as a two-
dimensional floating-point array and saved as an interim
.npy matrix. For the present benchmark, the main source
matrix is the phase-A voltage matrix V_A.npy, which
has shape 70080 × 690. The first dimension corresponds
to 70,080 time steps at 15-minute resolution, and the
second dimension corresponds to available phase-A voltage
columns. Additional active- and reactive-power matrices are
retained in the interim dataset for documentation and future
extensions, but they are not used as model inputs in the first-
stage voltage-only benchmark.

In the second stage, requested sensor and target bus
identifiers are resolved to concrete matrix columns using
the signal metadata table. This step is necessary because
raw column names may include phase suffixes or feeder-
specific identifiers. For example, requested target buses 49,
64, and 66 are resolved to 49.1.2.3, 64.1.2.3, and 66.1.2.3,
respectively. Similarly, regulator-related sensor requests such
as 9r and 25r are resolved to their available phase-A voltage
columns. The resolved column names and zero-based column
indices are written to each processed case configuration file,
so that every experiment can be traced back to the exact
matrix columns used to build its tensors.

In the third stage, supervised samples are generated by
sliding a fixed lookback-horizon window over the selected
matrix columns. For a case with sensor set Sk and target set
C, sample m is constructed using (13) and (14):

X(m)
= Va [m : m+ L − 1,Sk ] . (13)

Y(m)
= Va [m+ L : m+ L + H − 1, C] . (14)

where Va denotes the phase-A voltage matrix, L = 576,
and H = 96. The interval notation in (13) and (14) follows
the implemented preprocessing convention: the input window
includes time indices from m to m + L − 1, and the target
window includes indices from m + L to m + L + H − 1.
With T = 70080 total time steps, the number of supervised
samples is computed using (15):

M = T − L − H + 1

= 70080 − 576 − 96 + 1

= 69409 (15)

The resulting M samples from (15) are split chronologi-
cally rather than randomly. The first 70% of windows are
used for training, the next 15% for validation, and the final
15% for testing. This yields 48,586 training samples, 10,411
validation samples, and 10,412 test samples. Chronological
splitting is used to preserve the temporal forecasting setting
and to avoid information leakage from future windows into
model selection or training.

For each observation case, the pipeline writes processed
input and target tensors for the training, validation, and test
splits. The corresponding case-level configuration metadata

114250 VOLUME 14, 2026



G. Noh, H. P. Lee: Sensor-Limited Critical-Bus Voltage Forecasting for Virtual Metering

records the resolution, lookback length, forecast horizon,
requested sensor nodes, resolved sensor columns, requested
target nodes, resolved target columns, split ratios, sample
counts, and tensor shapes. This metadata is part of the
reproducibility design: the same processed tensors can be
regenerated from the interim matrix and metadata table
without relying on implicit notebook state or manual column
selection.

B. BASELINE MODELS
The benchmark uses four representative temporal forecasting
baselines: persistence, MLP, CNN1D, and LSTM. These
models are intentionally selected to cover a range of
modeling assumptions without turning the paper into a
new-architecture study. The neural baselines are chosen to
represent common feed-forward, convolutional, and recurrent
sequence-modeling families used in energy time-series fore-
casting [6], [12]. Persistence measures how much predictive
information is already contained in the most recent voltage
observation. MLP provides a non-sequential neural baseline
after flattening the lookback window. CNN1D captures
local temporal patterns through convolution along the time
axis. LSTM provides a recurrent sequence model that can
summarize the full historical window before producing a
multi-step forecast.

All trainable baselines share the same input-output inter-
face. For a sample Xt ∈ RL×S , each model outputs
Ŷ t ∈ RH×C . The output layer is sized asH×C , so themodels
directly produce the full 24-hour target trajectory rather than
recursively feeding one-step predictions back into the input.
This direct multi-output design avoids error accumulation
caused by autoregressive rollout and keeps the comparison
focused on the representation learned from the sensor-voltage
history.

The persistence baseline repeats the most recent observed
input vector over the forecast horizon after mapping it to the
target dimension. Let xt ∈ RS denote the last sensor-voltage
vector in the lookback window. The persistence prediction is
defined in (16):

Ŷt,h = Pxt , h = 1, 2, . . . ,H , (16)

where P ∈ RC×S is an identity mapping when S = C and a
linear input-to-target projection when the sensor and target
dimensions differ.

This baseline is included because voltage time series often
exhibit strong short-term autocorrelation, and any neural
model should be compared against this simple temporal
reference.

The MLP baseline flattens the full lookback window into
a vector and applies two fully connected hidden layers with
ReLU activations and dropout. Its mapping can be written
as (17):

Ŷt = reshape (gMLP(vec(Xt )),H ,C) , (17)

where gMLP(·) denotes the feed-forward network.

Here, vec(·) linearizes the input matrix into a column
vector, and reshape(·,H ,C) maps the flattened prediction
back to the horizon-target grid. In the default configuration,
the hidden dimension is 256 and dropout is 0.1. This
model tests whether a simple nonlinear mapping from the
entire historical window is sufficient for critical-bus voltage
forecasting.

The CNN1D baseline treats the sensor channels as input
channels and applies one-dimensional temporal convolutions
over the lookback axis. The input is transposed from L×S to
S × L, passed through two convolutional layers with ReLU
activations, and then summarized using adaptive average
pooling before the final linear output head. The default
configuration uses 64 channels, a kernel size of 5, and dropout
of 0.1. This model emphasizes local temporal motifs while
remaining less complex than recurrent or attention-based
architectures.

The LSTM baseline processes the lookback sequence in
chronological order and uses the final recurrent state to
produce the full multi-step output. The default LSTM uses
two layers, hidden size 128, dropout 0.1, and a unidirectional
recurrent encoder. Its prediction can be summarized as (18):

Ŷt = reshape (WohL + bo,H ,C) , (18)

where hL is the final hidden representation after processing
the L input steps, and reshape(·,H ,C) converts the flattened
output layer into the multi-step target grid.

The LSTM is included as a sequence-aware baseline rather
than as a claim of architectural novelty. Table 3 summarizes
the baseline model configurations used in the benchmark.

TABLE 3. Baseline model configuration.

C. TRAINING AND INFERENCE SETUP
All baseline models are trained and evaluated using the same
processed train, validation, and test tensors. The training split
is shuffled at the mini-batch level, whereas the validation and
test splits are evaluated without shuffling. This preserves the
chronological split defined during preprocessing while still
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allowing stochastic mini-batch optimization on the training
windows. Unless otherwise stated, the batch size is 128, the
maximum number of epochs is 20, and the random seed is
fixed to 42 for Python, NumPy, and PyTorch.

Trainable models are optimized using Adam with learning
rate 10−3 and weight decay 0. The optimization criterion is
MSE, while model selection is based on validation MAE.
At every epoch, the pipeline records training and validation
loss, MAE, and RMSE. The checkpoint with the lowest
validation MAE is retained for final evaluation, and the test
set is used only after model selection has been completed.

The persistence baseline follows the same input-output
interface as the neural baselines. When the input and target
dimensions are equal, the persistence mapping uses an
identity projection and contains no trainable parameters.
When the dimensions differ, the implementation uses a linear
input-to-target projection before repeating the projected last
observation over the forecast horizon. In such cases, the
projection parameters are optimized on the training split
using the same MSE objective, ensuring that the persistence
baseline remains compatible with sparse sensor sets whose
dimension differs from the target-bus dimension.

Device selection is automatic: the training script uses a
CUDA device when available and otherwise falls back to
CPU. The selected device, model configuration, best epoch,
best validation MAE, validation metrics, test metrics, and
elapsed runtime are stored as run-level metadata. Epoch-
level training records are also retained for reproducibility
and diagnostic analysis. In addition, the evaluation routine
computes aggregate error metrics, tail-error metrics, voltage-
threshold counts, and violation-conditioned metrics using the
thresholds 0.95 p.u. and 1.05 p.u.

The implementation is organized to support a reproducible
benchmark release. The preprocessing scripts generate fixed
processed tensors and case-level configuration metadata,
the model definitions implement the four baselines using
a common tensor interface, and the metric computation
is centralized in the evaluation module. This organization
allows reviewers or follow-up users to rerun the benchmark
from released processed tensors or a compact sample dataset
without manually reconstructing data splits, sensor columns,
or target columns.

VI. RESULTS
A. OVERALL MODEL COMPARISON
Table 4 reports the main test-set performance for the
two primary sparse observation cases. The reg_pv_6 case
corresponds to the expanded sparse setting with six sen-
sor locations, whereas the reg_3 case corresponds to the
regulator-only setting with three sensor locations. The values
are reported in per-unit voltage magnitude. For the trainable
neural baselines, the table reports mean and standard
deviation over three random seeds. The persistence baseline
is reported as a single deterministic reference using the fixed
benchmark split.

FIGURE 4. Multi-seed test MAE comparison across the two primary sparse
observation cases and four baseline models. Bars indicate mean test
MAE, and error bars indicate one standard deviation across three seeds
for trainable models; persistence is shown as a deterministic reference.

TABLE 4. Multi-seed test performance across random seeds.

Across both observation cases, the LSTM and CNN1D
baselines achieve the strongest overall performance. In the
expanded sparse case, LSTM obtains an MAE of 0.004807±

0.000013 p.u., while CNN1D remains close with 0.004852±

0.000171 p.u. The persistence baseline is also competitive
in this case, with MAE 0.005201 p.u., indicating that the
voltage trajectories contain strong short-term temporal auto-
correlation. However, the MLP baseline shows substantially
larger variance, suggesting that simply flattening the six-day
lookback window is less robust for this forecasting task.

In the regulator-only case, LSTM again achieves the lowest
MAE of 0.004770 ± 0.000009 p.u., while CNN1D produces
a similar MAE of 0.004841 ± 0.000096 p.u. The persistence
baseline degrades to 0.007216 p.u. MAE, showing that the
learned temporal models extract more useful information
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TABLE 5. Sensor observability comparison.

TABLE 6. Horizon-wise MAE by 6-hour forecast block.

from the limited three-sensor history than the last-observation
reference. Overall, these results support the feasibility of
forecasting future critical-bus voltages from a small number
of voltage sensors, while also showing that sequence-aware
or convolutional temporal structure is beneficial.

Figure 4 visualizes the multi-seed test MAE comparison
for the two primary sparse observation cases. The bars
show the mean over three random seeds for the trainable
neural baselines, and the error bars show one standard
deviation; persistence is shown as a deterministic reference.
This presentation is used instead of relying on a single
seed because the MLP baseline is substantially more
sensitive to initialization than CNN1D and LSTM. The
figure is consistent with the multi-seed numerical results in
Table 4: CNN1D and LSTM remain stable and accurate,
whereas MLP exhibits large variance. This motivates the
sensor-observability analysis in the next subsection.

B. SENSOR OBSERVABILITY EFFECT
The sensor-observability effect is evaluated by comparing
four sparse observation cases, reg_1, reg_3, pv_3, and
reg_pv_6, with the dense non-target observation reference,
dense_oracle. These cases use the same target buses,
forecast horizon, chronological data split, and baseline model
definitions, but differ in the number and type of observed

voltage sensors. Therefore, the comparison isolates how
sensor availability affects critical-bus voltage forecasting
accuracy under otherwise identical experimental conditions.

Table 5 summarizes the MAE values for persistence,
CNN1D, and LSTM. The single-regulator case, reg_1, uses
only one voltage observation and still produces low MAE for
the learned models: 0.004786 ± 0.000023 p.u. for CNN1D
and 0.004786 ± 0.000018 p.u. for LSTM. The DER-relevant
observation-only case, pv_3, also performs well, with LSTM
achieving 0.004767 ± 0.000006 p.u. MAE. These results
indicate that, for the selected target buses and dataset,
highly sparse observations can contain sufficient temporal
information for accurate critical-bus forecasting.

The comparison between reg_3 and reg_pv_6 shows that
expanding the sensor set from three to six locations improves
the persistence reference but provides only marginal gain
for the learned temporal models. Persistence decreases from
0.007216 p.u. in reg_3 to 0.005201 p.u. in reg_pv_6,
whereas CNN1D and LSTM remain near 0.0048 p.u. in both
cases. This supports the main feasibility claim: accurate 24-
hour critical-bus voltage forecasting is possible under low
observability, and the strongest learned models do not require
dense voltage measurements in the evaluated setting.

The dense non-target observation case, dense_oracle, uses
687 input voltage nodes while excluding the three target buses

VOLUME 14, 2026 114253



G. Noh, H. P. Lee: Sensor-Limited Critical-Bus Voltage Forecasting for Virtual Metering

FIGURE 5. Horizon-wise MAE over the 24-hour multi-step forecast horizon for representative seed-42 runs. Errors are averaged over all test samples and
the three critical target buses at each forecast step.

from the input. Its results are consistent with the sparse-
case findings. Dense-oracle LSTM achieves 0.004765 ±

0.000003 p.u. MAE, which is nearly identical to the best
sparse-case LSTM results. Dense-oracle CNN1D achieves
0.004792 ± 0.000050 p.u. MAE, also comparable to the
sparse CNN1D cases. Thus, the dense reference does
not provide a large accuracy gain over carefully selected
sparse observations. This result strengthens the practical
interpretation of the benchmark: the dominant predictive
information for the selected critical buses appears to be
captured by a very small number of voltage sensors.

The dense result should not be interpreted as a deployable
monitoring architecture. It is an experimental reference that
uses nearly all non-target phase-A voltage nodes and there-
fore represents a substantially higher observability condition
than realistic sensor deployments. Its role is to contextualize
the sparse-sensor results, not to define a practical sensing
strategy.

C. HORIZON-WISE ERROR ANALYSIS
Horizon-wise error analysis examines whether forecasting
accuracy degrades as the prediction lead time increases over
the 24-hour horizon. Figure 5 shows the seed-42 horizon-wise
MAE curves for the two primary sparse observation cases,
reg_pv_6 and reg_3, using persistence, CNN1D, and LSTM.
The curves are computed by averaging the absolute error over
all test samples and all three target buses at each forecast step.

The learned temporal models show stable error profiles
across the full horizon. In the reg_pv_6 case, LSTM remains
between 0.004783 and 0.004844 p.u. across the four 6-hour
blocks, while CNN1D remains close to 0.0050 p.u. In the
reg_3 case, LSTM similarly stays near 0.00477–0.00480 p.u.,
and CNN1D stays near 0.00492–0.00498 p.u. This indicates
that the direct multi-output forecasting formulation does not

exhibit strong error accumulation over the 24-hour prediction
window for the best-performing learned models.

The persistence baseline behaves differently. In the
reg_3 case, persistence remains consistently higher than
CNN1D and LSTM across all horizon blocks, with MAE
increasing from 0.006825 p.u. in the first 6 hours to
0.007483 p.u. in the 12–18 h block. In the reg_pv_6 case,
persistence is competitive in the earliest horizon block
but becomes worse than LSTM in later blocks. This
pattern is consistent with the overall results: last-observation
information is useful, but learned temporal models provide
more stable multi-step forecasts. Table 6 summarizes these
horizon-wise MAE values by 6-hour forecast blocks.

D. TARGET-WISE CRITICAL-BUS ANALYSIS
Target-wise analysis evaluates whether the forecasting dif-
ficulty is uniform across the three unmetered critical buses.
Table 7 reports the seed-42 MAE values separately for buses
49, 64, and 66, with errors averaged over all test samples and
all 96 forecast steps. This decomposition is useful because
the same observation set may provide different predictive
information for different critical locations, depending on
feeder position, proximity to observed nodes, and local
voltage variability.

The learned models show the lowest error at bus 49 and
higher errors at buses 64 and 66. For example, in the
reg_pv_6 case, LSTM obtains MAE values of 0.003842 p.u.
at bus 49, 0.005278 p.u. at bus 64, and 0.005310 p.u.
at bus 66. A similar pattern appears in the reg_3 case,
where LSTM achieves 0.003952 p.u. at bus 49 and approx-
imately 0.0052 p.u. at buses 64 and 66. This suggests that
buses 64 and 66 are more difficult target locations under the
present sparse voltage-only observation settings.

The comparison with persistence also clarifies the role
of learned temporal mapping. In the reg_3 case, persistence
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TABLE 7. Target-wise MAE by critical bus.

performs poorly at bus 49, with an MAE of 0.009136 p.u.,
whereas CNN1D and LSTM reduce the bus-49 error to
approximately 0.0040 p.u. This indicates that simply repeat-
ing or projecting the most recent sensor measurements is
insufficient for some target locations, even when the overall
voltage time series is highly autocorrelated. In contrast, the
learned temporal models produce more balanced target-wise
errors, which supports their use as virtual metering baselines
for unobserved critical buses.

E. TRAINING STABILITY AND RUNTIM
Training stability is evaluated using the three-seed results
reported in Table 4. The MLP baseline shows the largest
seed-to-seed variation, with test MAE standard deviations of
0.018681 p.u. in the reg_pv_6 case and 0.007347 p.u. in the
reg_3 case. This instability is consistent with the role of MLP
as a weak non-sequential baseline: after flattening the long
lookback window, the model has limited temporal inductive
bias and is more sensitive to initialization and optimization
behavior.

In contrast, CNN1D and LSTM exhibit stable performance
across seeds. For reg_pv_6, CNN1D obtains 0.004852 ±

0.000171 p.u. and LSTM obtains 0.004807 ± 0.000013 p.u.
For reg_3, CNN1D obtains 0.004841 ± 0.000096 p.u. and
LSTM obtains 0.004770 ± 0.000009 p.u. These small
standard deviations indicate that the main findings are not
driven by a single favorable random seed. They also support
the interpretation that temporal structure, rather than model
capacity alone, is important for the sensor-limited voltage
forecasting task.

Figure 6 summarizes the runtime–accuracy tradeoff for the
representative seed-42 runs. LSTM provides the lowest MAE
among the trainable baselines, but it requires substantially
longer training time: approximately 77.5 s for reg_pv_6
and 74.4 s for reg_3 on the recorded runs. CNN1D is less
expensive, requiring approximately 24.1 s and 20.4 s for the
same two cases, while producingMAEvalues close to LSTM.
Therefore, CNN1D can be viewed as a practical lower-cost
baseline, whereas LSTM provides the strongest recurrent
reference. The final model choice should depend on whether
the application prioritizes marginal accuracy improvement or
computational efficiency.

FIGURE 6. Runtime and accuracy tradeoff across baseline models for
representative seed-42 runs.

F. SUMMARY OF EMPIRICAL FINDINGS
The experimental results lead to five main findings. First,
accurate multi-step critical-bus voltage forecasting is feasible
under sparse voltage sensing. Across the primary sparse
cases, CNN1D and LSTM achieve test MAE values near
0.0048 p.u., even though the target buses are excluded from
the input measurements. This supports the central virtual
metering premise of the paper: future voltages at unmetered
critical buses can be inferred from a limited set of observed
feeder voltage histories.

Second, temporal inductive bias is important. Persistence
remains a strong reference because distribution voltage time
series exhibit temporal autocorrelation, but it is not uniformly
reliable across sensor sets or target buses. MLP is less
stable and less accurate because flattening a long historical
window does not provide a suitable temporal structure for
this task. In contrast, CNN1D and LSTM provide stable
multi-seed performance and consistent horizon-wise behav-
ior, indicating that explicitly modeling temporal patterns
improves robustness.

Third, increasing observability does not automatically
produce a large gain for the tested learned models. The
dense non-target observation reference provides a useful
comparison point, but its learned-model MAE is close to
that of the sparse cases. This does not imply that sensor
placement is unimportant; rather, it shows that the selected
sparse voltage measurements already capture much of the
predictive information needed for the evaluated target buses
and forecast horizon. Fourth, target-wise analysis shows that
forecasting difficulty is not uniform across critical buses,
with buses 64 and 66 being more difficult than bus 49 in
the present setup. Finally, the runtime comparison suggests
a practical tradeoff: LSTM provides the strongest recurrent
reference, while CNN1D offers similar accuracy with lower
computational cost.

VII. DISCUSSION
A. IMPLICATIONS FOR VIRTUAL METERING
The results support the feasibility of virtual metering
for critical-bus voltage forecasting under low-observability
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conditions. In the proposed task, the target buses are
explicitly excluded from the input measurements, and their
future voltage trajectories are inferred from voltage histories
measured elsewhere in the feeder. The low MAE values
obtained by CNN1D and LSTM indicate that sparse voltage
measurements can contain sufficient temporal information to
reconstruct the future behavior of selected unmetered critical
locations over a 24-hour horizon.

This implication is practically relevant for
distribution-system monitoring because dense voltage sensor
deployment is often expensive and operationally difficult.
The benchmark does not assume that every customer-side
or critical bus is directly metered during inference. Instead,
it evaluates whether a limited number of physically measured
feeder signals can support forecasting at unmetered locations.
Under this framing, virtual metering can be viewed as a
complementary monitoring layer: it does not replace physical
measurements where they are required for protection or
billing, but it can help extend situational awareness to
locations where instrumentation is unavailable.

The dense non-target observation reference further clari-
fies the role of sparse sensing. Since dense non-target inputs
do not produce a large accuracy gain over the tested sparse
learned models, the results suggest that carefully selected
sparsemeasurementsmay be adequate for the evaluated target
buses and dataset. This should not be interpreted as a general
sensor-placement optimum. Rather, it motivates a practical
research direction: benchmarked virtual metering can be used
to quantify how much predictive value is obtained from a
given sensor set before additional field instrumentation is
deployed.

B. ROLE OF TEMPORAL INDUCTIVE BIAS
The model comparison indicates that temporal inductive bias
is a key factor in this benchmark. The input window contains
144 hours (6 days) of voltage history, and the output is a direct
24-hour (1-day) multi-step forecast. A model must therefore
extract useful temporal structure from a long sequence
rather than simply memorize a static mapping between
input columns and target columns. CNN1D and LSTM are
better suited to this setting because they impose sequence-
aware assumptions: CNN1D emphasizes local temporal
motifs through shared convolutional filters, while LSTM
summarizes the historical trajectory through recurrent state
updates.

The weaker MLP results are consistent with this inter-
pretation. After flattening the lookback matrix, the MLP
treats the historical samples as a high-dimensional vector
and does not explicitly encode time ordering, local temporal
continuity, or recurrent dependence. This makes the model
more sensitive to initialization and optimization, especially
when the input dimension grows with the number of sensors
and the long lookback length. The observed multi-seed
variability therefore should not be interpreted merely as
poor tuning; it reflects a mismatch between the flattened

feed-forward structure and the sequential nature of the
forecasting task.

Persistence remains competitive in several cases because
voltage magnitude time series are temporally autocorrelated
and often change smoothly over short intervals. This
makes last-observation-based prediction a meaningful lower
baseline rather than a trivial reference. However, persistence
cannot learn target-specific temporal transformations from
observed sensors to unobserved critical buses. Its target-wise
and horizon-wise behavior shows that simple repetition or
projection is insufficient when the relation between measured
nodes and target buses changes over the forecast horizon.
The learned temporal baselines improve on this limitation by
using the historical sequence to infer more stable multi-step
trajectories.

C. SENSOR PLACEMENT AND OBSERVABILITY
The observation-case results show that sensor composition
matters, but they should not be interpreted as an optimized
sensor placement study. The evaluated sensor sets were
selected to represent practical and interpretable monitoring
conditions: regulator-related measurements, DER-relevant
feeder measurements, their combined sparse case, and a
dense non-target reference. This design allows the benchmark
to compare levels and types of observability while keeping
the target buses, forecast horizon, preprocessing, and model
configurations fixed.

The regulator-only and DER-relevant cases provide dif-
ferent forms of information. Regulator-related measurements
are operationally meaningful because voltage regulators
directly affect feeder voltage profiles and are plausible loca-
tions for utility-side monitoring. DER-relevant observations
can capture local variability associated with PV or other
distributed resources. The combined reg_pv_6 case tests
whether these two information sources are complementary.
The results indicate that adding more sparse sensors can
improve some baselines, especially persistence, but the
learned temporal models already achieve low error with
smaller sensor sets. Therefore, the benefit of additional
measurements is model-dependent and target-dependent
rather than strictly proportional to sensor count.

The dense non-target observation case provides context for
this interpretation. Because its learned-model performance
is close to that of sparse cases, the experiment suggests
that the selected sparse measurements contain substantial
predictive information for the three evaluated target buses.
This small sparse–dense gap should not be interpreted
simply as evidence that the dataset is trivial. Distribution
voltages are physically coupled through feeder topology,
regulator actions, shared loading patterns, and DER-driven
temporal behavior. Measurements at operationally infor-
mative locations, especially voltage-regulator-related nodes,
can therefore contain strong predictive information about
downstream critical-bus voltage trajectories. In this sense, the
result is consistent with the virtual metering objective: a small
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number of informative physical sensors may be sufficient to
infer selected unmetered voltages in the evaluated feeder.

However, this does not establish that the same sensor
sets are optimal for other target buses, phases, feeder
topologies, or DER scenarios. A full sensor placement study
would require a separate optimization objective, candidate-
location constraints, cost models, and validation across
broader operating conditions. The present work instead
provides a reproducible benchmark for evaluating how a
given observation set affects virtual metering performance.

D. LIMITATIONS OF VIOLATION-CENTRIC EVALUATION
Although voltage monitoring is often motivated by
under-voltage and over-voltage concerns, the present
dataset does not provide enough actual violations of
the 0.95/1.05 p.u. thresholds to support strong violation-
detection claims. The experiments therefore focus on
continuous forecasting accuracy, using MAE, RMSE, P95
absolute error, horizon-wise error, and target-wise error as
the primary evidence. These metrics are appropriate for
evaluating whether the future voltage trajectory can be
predicted accurately, but they do not by themselves prove
operational violation-detection performance.

This distinction is important because violation-centric
evaluation requires sufficient positive samples near or beyond
operational limits. If the test set contains few or no threshold-
crossing events, classification-style metrics such as precision,
recall, and F1 score become unstable or uninformative.
A model can achieve low voltage-trajectory error while still
not being validated for rare-event detection, especially when
the rare events are absent from the evaluation data. For this
reason, the reported violation metrics should be interpreted
only as auxiliary diagnostics rather than as the main empirical
claim of the paper.

The scope of the present conclusions is therefore limited
to forecasting accuracy in the available modified IEEE
123-bus dataset, evaluated phase-A voltage signals, selected
target buses, tested observation cases, and baseline models.
Claims about robust voltage-violation detection, mitigation,
alarm generation, or control support would require additional
scenarios with sufficient under-voltage and over-voltage
events, preferably generated under systematically varied
DER penetration, loading, topology, and secondary-circuit
conditions. Such violation-focused evaluation is an important
direction for future work, but it is outside the evidence
provided by the current benchmark.

VIII. THREATS TO VALIDITY
A. DATA AND EXPERIMENTAL VALIDITY
Several steps were taken to reduce experimental validity
threats. The preprocessing pipeline resolves requested sensor
and target identifiers to explicit voltage-matrix columns, gen-
erates fixed lookback-horizon tensors, and applies chrono-
logical train/validation/test splits. This reduces ambiguity
in column selection and prevents random-window shuffling

from leaking future information into training or model
selection. The same processed tensors and split definitions
are used across all baseline models, so model comparisons
are based on identical input-output samples.

Training variance is another potential threat because neural
baselines can be sensitive to initialization and optimization.
To address this, the main trainable baselines are evaluated
over multiple random seeds, and the reported results include
mean and standard deviation values. The multi-seed results
show that CNN1D and LSTM are stable, whereas MLP has
larger variance. This supports the main empirical conclusions
while also identifying where a baseline is less reliable.
Nevertheless, the number of seeds remains limited, and
small differences between CNN1D and LSTM should not be
overinterpreted as statistically definitive.

A data-generation limitation remains. The available
dataset consists of pre-generated voltage, active-power, and
reactive-power simulation outputs for the modified IEEE
123-bus system. The current study does not include the full
OpenDSS model files, PV/EV-to-bus mapping, or complete
scenario-regeneration capability. Therefore, the experiments
validate the proposed forecasting benchmark on the available
fixed dataset rather than on independently regenerated
operating scenarios. To support code-level reproducibility,
the intended release focuses on the benchmark implemen-
tation, including preprocessing, model definitions, training,
inference, metric computation, plotting scripts, fixed split
metadata, and either processed tensors or a compact sample
dataset when full raw-data release is constrained by size or
sharing restrictions.

B. GENERALIZATION VALIDITY
The conclusions are limited to the evaluated modified
IEEE 123-bus distribution system and should not be treated
as universal evidence for all distribution networks. The
benchmark focuses on phase-A voltage magnitude signals,
three selected critical target buses, and the observation
cases defined in this paper. Other phases, target locations,
feeder topologies, regulator configurations, secondary-circuit
layouts, and DER deployment patterns may exhibit different
voltage correlations and different levels of predictability.

The present results also do not establish robustness
across systematically varied PV penetration, EV charg-
ing penetration, loading conditions, or topology changes.
Although the dataset includes DER-rich operating behavior
and secondary-circuit effects, the experiments are conducted
on the available fixed simulation outputs rather than on
a broad scenario ensemble generated from controllable
OpenDSS cases. Therefore, claims about topology-aware
generalization, transfer to other feeders, robustness to unseen
DER scenarios, or performance under sensor dropout remain
outside the current evidence. This study should be viewed
as a first-stage benchmark for testing the fundamental
predictability of critical-bus voltage trajectories under sparse
sensing, rather than as final evidence of deployment-ready
generalization across large-scale or real utility feeders.
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These limitations do not invalidate the benchmark con-
tribution, but they define its scope. The study demonstrates
that sensor-limited critical-bus voltage forecasting is fea-
sible in the evaluated setting and provides a reproducible
framework for comparing observation cases and temporal
baselines. Extending the framework to additional feeders,
phases, critical-bus definitions, PV/EV penetration levels,
and OpenDSS-regenerated scenarios is necessary before
making broader deployment-level claims.

C. METRIC AND CONCLUSION VALIDITY
The primary metrics, including MAE, RMSE, and P95 abso-
lute error, quantify continuous voltage-trajectory accuracy
but do not fully capture all operational requirements of
distribution-system monitoring. For example, an operator
may care about threshold crossings, voltage-margin ranking,
alarm timing, uncertainty, or the cost of false alarms. The
reported metrics are therefore appropriate for evaluating
forecasting accuracy, but they should not be interpreted as
complete evidence of operational readiness for protection,
control, or alarm applications.

Voltage-violation metrics are particularly limited in
the current dataset because there are not enough actual
under-voltage or over-voltage samples relative to the
0.95/1.05 p.u. thresholds. As discussed in Section VII-D,
classification-style violation metrics become unreliable when
positive samples are rare or absent. The paper therefore
avoids making strong claims about violation detection
and instead treats violation-related quantities as auxil-
iary diagnostics. Robust violation-centric evaluation would
require additional scenarios deliberately containing sufficient
voltage-limit events.

Finally, the conclusions should not overstate small differ-
ences between the strongest learned baselines. Themulti-seed
results show that CNN1D and LSTM are both stable and
effective, with LSTM often giving the lowest MAE and
CNN1D offering a lower-cost alternative. However, their
absolute differences are small, and the number of random
seeds is limited. The defensible conclusion is that temporal
baselines with appropriate sequence structure are effective
for the proposed benchmark, not that one architecture is uni-
versally superior across all distribution-network forecasting
settings.

IX. CONCLUSION
This paper formulated sensor-limited critical-bus voltage
forecasting as a virtual metering task for a DER-rich
modified IEEE 123-bus distribution system with secondary-
circuit effects. The task explicitly separates observed sensor
locations from unmetered critical target buses, preventing
target-bus voltage leakage during inference. A reproducible
benchmark pipeline was developed to process phase-A
voltage signals, construct fixed lookback-horizon tensors,
apply chronological data splits, train representative tem-
poral baselines, and evaluate target-wise and horizon-wise
forecasting performance. Among the evaluated baselines,

LSTM achieved the best overall performance, with a test
MAE of approximately 0.0048 p.u. while using only 1–6
voltage sensor locations. CNN1D produced comparable fore-
casting accuracy, indicating that reliable multi-step voltage
prediction is feasible even under highly constrained sensing
conditions.

The experimental results show that accurate 24-hour multi-
step forecasting is feasible under sparse voltage sensing in
the evaluated setting. CNN1D and LSTM achieve stable
low-error performance across the primary sparse observation
cases, while persistence provides a meaningful but limited
temporal reference and MLP shows weaker stability due to
its lack of temporal inductive bias. The dense non-target
observation reference does not provide a large learned-model
accuracy gain over the sparse cases, suggesting that the
selected sparse measurements contain substantial predictive
information for the evaluated critical buses. At the same time,
target-wise and horizon-wise analyses show that forecasting
difficulty varies across buses and forecast lead times,
reinforcing the need for decomposed evaluation rather than
relying only on aggregate error metrics.

The study should be interpreted as a benchmark and
feasibility analysis rather than a universal sensor-placement
or model-superiority claim. The conclusions are limited
to the available modified IEEE 123-bus dataset, evaluated
phase-A signals, selected target buses, tested observation
cases, and baseline architectures. Future work will extend
the framework to topology-aware models, sensor-dropout
robustness, multi-phase forecasting, broader PV/EV pen-
etration scenarios, additional feeders and target locations,
and OpenDSS-based scenario regeneration for violation-rich
evaluation.

APPENDIX
DATA AVAILABILITY
The core benchmark code and a compact sample dataset are
made publicly available onGitHub at: https://github.com/kafa
46/sensor-limited-voltage-forecasting.

The repository includes the preprocessing scripts, baseline
model definitions, training and inference scripts, metric
computation code, plotting scripts, fixed split metadata,
configuration files, and sample tensors needed to reproduce
the reported workflow at a compact scale.

Because the full simulation dataset is large, the public
release includes only a limited-time sample sufficient for
readers to run the pipeline, verify the data format, test the
model scripts, and reproduce the workflow at a smaller scale.
The full experimental dataset is not planned for direct public
upload to GitHub because of storage size and data-sharing
constraints.

The full dataset used in this study may be made available
from the corresponding author upon reasonable request, sub-
ject to review and approval by the authors’ institution. Access
to the full dataset will therefore depend on institutional
data-sharing approval and any applicable usage restrictions.
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