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Abstract

Human body static electricity is one of the major hazards in electrostatic-sensitive industrial
environments. Existing noncontact measurement methods often rely on explicit physical
modeling and generally require accurate prior knowledge of the sensor layout, target
motion state, and scene geometry, which limits their applicability in complex dynamic
scenarios. To address this issue, this paper proposes a neural network-based data-driven
method for estimating human body electrostatic potential from noncontact electrostatic
measurements. The proposed method uses four-channel noncontact electrostatic sensor
signals as inputs and the synchronously measured reference body potential as the target
output. Sixteen neural network architectures, including recurrent neural networks, convo-
lutional neural networks, attention-based networks, and hybrid models, are systematically
evaluated. The Gray Wolf Optimizer is further used to optimize key hyperparameters of
each model. A 5 m × 5 m experimental scene is established, and 36 groups of synchronized
time-series signals are collected from three subjects under two motion states. Training
and validation datasets are constructed using a sliding time-window method, and the
effects of model architecture, window length, and subject–motion condition on inversion
performance are analyzed. The results show that the proposed method can effectively
estimate human body electrostatic potential from noncontact measurements. Among the
evaluated models, Trans-LSTM achieves the best performance. With a window length
of 1 s, it obtains a validation normalized root-mean-square error of approximately 0.139
and a coefficient of determination of approximately 0.72. Compared with a representative
existing method under the same coverage area and sensor layout, the proposed approach
reduces the NRMSE from 0.22 to 0.139. These results demonstrate that the proposed method
provides a feasible approach for remote, real-time, and noncontact monitoring of human
body electrostatic potential in complex environments.

Keywords: human body electrostatic potential; noncontact measurement; data-driven
inversion; temporal neural network

1. Introduction
In industrial environments such as electronics manufacturing, energy and chemical

processing, and aerospace engineering, repeated contact–separation between the human
body and the ground, equipment, or materials can generate and accumulate electrostatic
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charge and may even lead to electrostatic discharge (ESD). Human body static electricity
can cause particle adsorption, dielectric breakdown of thin films, integrated-circuit damage
and latent failure, and fire or explosion accidents in atmospheres containing flammable
gases or combustible dust [1]. Therefore, it not only affects product quality and production
efficiency but also poses safety risks and is regarded as one of the major electrostatic hazard
sources in ESD-sensitive environments [2].

To mitigate human body electrostatic hazards, industrial sites commonly use ground-
ing wrist straps, antistatic garments, conductive floors, ionizers, and humidity control [3].
These measures are effective at fixed workstations and under quasi-static operating con-
ditions, but they remain insufficient for cross-area and highly dynamic activities [4]. On
the one hand, their effectiveness depends strongly on user compliance and equipment
maintenance, making long-term stable protection difficult to ensure. On the other hand,
existing electrostatic monitoring methods are mostly contact-based or fixed-point mea-
surements, making it difficult to achieve remote, real-time, continuous, and noncontact
monitoring of personnel electrostatic potential. Consequently, in complex dynamic indus-
trial environments, personnel-related electrostatic risks are difficult to perceive and warn
against in a timely manner, and objective evidence for accident tracing and responsibility
determination is often lacking [5]. Therefore, developing remote, noncontact, and real-time
sensing methods for the electrostatic potential of moving human bodies is of great sig-
nificance for improving the intelligence and dynamic response capability of electrostatic
protection systems.

Electrical methods for noncontact electrostatic potential measurement are generally
based on electrostatic induction. In such methods, the relative motion between a charged
target and an induction electrode modulates the spatial electric field, which is then sensed
by an electrostatic sensor. The induced signal is subsequently used to invert the electrostatic
potential of the charged target. This approach has become a major technical route for non-
contact measurement of human body electrostatic potential. A high-sensitivity electrostatic
sensor was proposed in [6] for recognizing human motions and individual characteristics.
A high-input-impedance, low-noise electric potential sensor (EPS) was developed in [7],
and its commercial version, EPIC (Plessey PS25255), has been applied to respiration moni-
toring and indoor localization [8–10]. Closed-form solutions for localization using planar
electrostatic sensor arrays were derived in [11,12], and compressive sensing was further
combined with electrostatic measurements for indoor human localization. A physics-based
noncontact electrostatic potential inversion method was proposed in [13], achieving nor-
malized root-mean-square error (NRMSE) values of 0.07–0.16. In our previous work, we
developed a high-sensitivity, low-noise electrostatic potential sensor and combined it with
symbolic regression to automatically obtain a lightweight mathematical model for human
body electrostatic potential inversion, with a median NRMSE range of 0.10–0.22 [5].

Related studies have further demonstrated that electrostatic sensing can provide rich
information on human body potential and motion under noncontact conditions. Kurita
demonstrated that the electric potential of the human body during stepping could be esti-
mated from electrostatically induced current measured without physical contact, providing
early evidence for noncontact human body-potential estimation [14]. Li et al. showed
that the electrostatic field generated during foot–ground contact and separation contains
distinct temporal characteristics that can be used to estimate gait parameters [15]. Kurita
and Morinaga further demonstrated that walking-induced electrostatic signals contain
subject-specific characteristics and that these characteristics can be extracted using convolu-
tional neural networks, highlighting the potential of data-driven methods for analyzing
human electrostatic signals [16]. From the sensing-system perspective, Fuketa and Morita
developed an ultra-low-power human proximity sensor based on electrostatic induction
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and experimentally verified the relationship between human motion and the induced
current, demonstrating the feasibility of compact and low-power noncontact electrostatic
sensing systems [17]. More recently, Wang et al. systematically investigated electrostatic
sensing for human presence and motion detection and showed that sensor location, envi-
ronmental conditions, and differences among subjects can significantly affect the measured
signals [18]. These studies demonstrate that human body electrostatic signals contain
both electrical-state and motion-related information and can be effectively analyzed under
noncontact conditions. At the same time, they also indicate that the measured signals are
affected by subject characteristics, motion state, sensor configuration, and environmental
conditions. This motivates the use of data-driven temporal models capable of learning the
nonlinear relationship between multichannel electrostatic measurements and human body
potential without requiring an explicit and highly scene-specific physical model.

Overall, existing noncontact inversion methods for human body electrostatic potential
mostly rely on physical prior information such as spatial structure, sensor arrangement,
and target motion state. These methods can achieve high accuracy under ideal labora-
tory conditions, but they often face difficulties in modeling and limited generalization in
complex industrial sites. This is because the spatial layout, equipment distribution, and
personnel activity states in practical industrial environments are usually complex and
dynamically changing, making accurate and real-time physical modeling difficult. As a
result, model universality may be insufficient, and measurement accuracy may decrease. In
contrast, data-driven methods do not require explicit construction of an accurate physical
model or complete scene prior information. Instead, they can learn the nonlinear mapping
between electrostatic sensor signals and human body electrostatic potential from sam-
ples, and therefore have better adaptability and generalization potential under complex
operating conditions.

However, data-driven modeling for electrostatic potential inversion of moving human
bodies remains relatively limited. In particular, systematic comparisons of the modeling
capability, generalization performance, and applicability of different temporal neural
network models are still lacking. Based on this motivation, this paper conducts a data-
driven modeling study for human body electrostatic potential inversion using a previously
constructed in-field human body electrostatic signal dataset. Recurrent neural networks,
convolutional neural networks, attention-based neural networks, and their hybrid models
are systematically compared. Furthermore, the effects of data samples, network architecture,
hyperparameters, and context on model performance are analyzed.

The main contributions of this paper are as follows.

(1) A data-driven modeling method for human body electrostatic potential inversion
is proposed. A neural network-based electrostatic signal inversion framework is
constructed, enabling human body electrostatic potential prediction under different
subjects and gait conditions without complex prior physical modeling.

(2) Multiple temporal neural network models are systematically evaluated for human
body electrostatic potential inversion. Considering the temporal characteristics of elec-
trostatic signals, recurrent neural networks, convolutional neural networks, attention-
based neural networks, and their hybrid models are compared and analyzed, provid-
ing a basis for model selection in related tasks.

(3) The performance stability of the proposed method is analyzed across different subject–
motion conditions within the present experimental domain. Experiments involving
three subjects under walking and running conditions are used to evaluate cross-
condition robustness and prediction performance on held-out signal groups.

The remainder of this paper is organized as follows. Section 2 introduces the experi-
mental method, neural network models, and data processing method. Section 3 presents
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the experimental results and discusses the main influencing factors. Section 4 concludes
the paper and outlines future research.

2. Experimental Setup and Methods
2.1. Sensors and Experimental Design

Contact–separation between the human body and external objects can generate and
accumulate electrostatic charge. During motion, variations in the equivalent capacitance
between the human body and ground cause fluctuations in the human body electrostatic
potential and alter the surrounding electrostatic field distribution. These changes induce
current on the sensing electrode of an electrostatic sensor, as expressed in (1) [19]:

I =
Qb
Cb

dCd
dt

+
Cd
Cb

dQb
dt

− Cd
Qb

C2
b

dCb
dt

(1)

where Qb denotes the total electrostatic charge carried by the human body, Cb denotes
the overall equivalent capacitance of the human body to ground, including the coupling
capacitance between the human body and the floor and that between the human body and
surrounding grounded objects, and Cd denotes the equivalent capacitance between the
human body and the sensing electrode. In (1), the first term represents the induced current
caused by the variation in Cd, which is mainly affected by the relative distance between the
sensor and the human body. The second term represents the induced current caused by the
variation in the amount of charge carried by the human body. The third term represents
the induced current associated with the variation in Cb, which is mainly related to the
equivalent human–ground capacitance and the changing coupling relationship between the
human body and surrounding grounded objects. Therefore, electrostatic induction signals
generated by a moving human body exhibit strong subject dependence and environmental
specificity. They are affected not only by subject-specific characteristics but also by the
distribution of grounded objects in practical application environments.

An important consequence of Equation (1) is that a single instantaneous sensor mea-
surement cannot, in general, uniquely distinguish a change in body electrical state from a
change in position-dependent capacitive coupling. The present method mitigates this ambi-
guity by using four spatially distributed sensors simultaneously. Because the four sensors
are located at different positions around the measurement area, subject–motion produces
different coupling variations in the individual channels. Thus, even when two combina-
tions of body potential and sensor distance produce similar amplitudes in one channel,
their joint four-channel response patterns will generally provide additional constraints
on the underlying coupling state. In this sense, the relative amplitudes and correlations
among the four channels provide an implicit spatial representation of the subject–sensor
coupling condition.

Detailed information on the noncontact electrostatic potential sensor used in this
study can be found in our previous work [5,19,20]. For completeness, the sensor is briefly
introduced here. The sensing electrode is a circular copper disk with a diameter of 1 cm
fabricated using PCB technology. The induced electrostatic signal is amplified by a low-
noise, high-sensitivity conditioning circuit that integrates three typical positive-feedback
techniques: neutralization, bootstrapping, and active guarding [21]. The circuit provides a
DC voltage gain of 34 dB over the frequency range of 0.1 Hz to 1 kHz, and its Gaussian
white-noise level is 2.4nV/

√
Hz [22].

The experiments were conducted in a 12 m × 10 m indoor laboratory. A 5 m × 5 m
square area with a tiled floor was selected as the test field. Four noncontact electrostatic
sensors were placed at the four vertices of this area and connected to a digital oscilloscope
(PicoScope 4824A; Pico Technology, St Neots, Cambridgeshire, UK) and a computer through
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coaxial cables for data acquisition and storage. Meanwhile, to obtain the reference value
of the human body electrostatic potential, a contact measurement method based on [23]
was adopted. A high-resistance electrometer (Keithley 6517B; Keithley Instruments, Solon,
OH, USA) and a custom spherical capacitor with an equivalent capacitance of approxi-
mately 3 pF were used for capacitive voltage-division measurement. The analog output
of this reference channel was also connected to the oscilloscope, enabling synchronous
multichannel acquisition of the human body electrostatic potential and the four noncontact
sensor signals. The experimental setup is shown in Figure 1. The ambient temperature and
relative humidity were 21 ◦C and 45%, respectively.

Figure 1. Schematic diagram of the experimental setup.

The reference measurement system was designed to minimize electrical loading on
the subject. The high input resistance of the electrometer limits conductive current drawn
from the body and therefore reduces measurement-induced charge leakage. Nevertheless,
the spherical capacitor and the connecting wire inevitably introduce a finite additional
capacitance and parasitic coupling to the body–ground system. Consequently, the measured
reference potential may differ slightly from the absolute body potential of a completely
uninstrumented subject. The nominal equivalent capacitance of the spherical capacitor
was approximately 3 pF; however, the total loading also includes the parasitic capacitance
associated with the connecting wire and was not independently quantified in the present
study. Importantly, the same reference configuration was used throughout all walking and
running trials, and the four noncontact sensor signals and the reference body-potential
signal were acquired synchronously under the same measurement condition. Therefore,
any limited and systematic loading introduced by the reference system was common to
the model-development and independent-validation data and to all evaluated network
architectures. This loading does not invalidate the internal consistency of the data-driven
mapping or the fairness of the model-to-model comparison, although it represents a
limitation when interpreting the measured reference value as the completely unperturbed
free-body potential. During the motion trials, the connecting wire was maintained with
sufficient slack to minimize tensile force and mechanical restriction on the participant,
including during running.
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Three adult participants took part in the experiments. Before participation, all par-
ticipants were informed of the purpose and procedures of the study, the types of data
to be collected, the intended use of the data for scientific research and publication, and
their right to withdraw from the experiment. Verbal informed consent was obtained from
all participants prior to the experiments. Participant identities were not reported in the
study, and the experimental records were represented only by coded identifiers (P1–P3).
All subjects wore sports shoes with rubber/ethylene-vinyl acetate copolymer composite
soles. In each trial, one subject randomly selected a starting position within the test field
and moved in either the slow walking mode or the fast running mode. Each motion mode
was repeated six times for each subject, resulting in 36 raw signal groups in total. The signal
groups are denoted as PiWj or PiRj, where i denotes the subject index and j denotes the
trial index under the walking or running mode, respectively. Each signal group contains
five synchronously acquired channels, including four output signals from the noncontact
electrostatic sensors and one output signal from the contact measurement reference channel.

2.2. Dataset Construction

A representative group of cleaned signals is shown in Figure 2, where the upper panel
presents the four-channel sensor signals and the lower panel presents the human body
electrostatic potential signal.

 

Figure 2. Measured human body electrostatic potential signals (upper: the four-channel sensor
signals; lower: the human body electrostatic potential signal).
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The five synchronously acquired channels, consisting of four noncontact electrostatic
sensor signals and one contact-reference body-potential signal, were originally sampled
at 50 ksps per channel using the PicoScope 4824. Because the body electrostatic potential
varied mainly at a low frequency of approximately 1 Hz, the raw signals were first low-pass
filtered to suppress 50 Hz power-line interference and other high-frequency environmental
noise. Specifically, MATLAB (R2023b; MathWorks, Natick, MA, USA)’s lowpass() func-
tion was applied with a cutoff frequency of 1 Hz, a steepness of 0.9999, and a stopband
attenuation of 1000 dB. The filtered signals were then downsampled to 100 Hz using
MATLAB’s resample() function. The same preprocessing procedure was applied to all five
channels to preserve their temporal correspondence. After resampling, the DC offset of
each electrostatic signal was removed by subtracting the mean value of the first 100 samples,
which represented the average body electrostatic potential before the participant began
to move. The resulting filtered, downsampled, and de-offset signals were subsequently
used for data alignment and model input construction, as illustrated in Figure 3. For input
preprocessing, the four sensor channels and the reference body-potential target were not
additionally normalized.

Figure 3. Dataset construction using the sliding-window method.

To avoid information leakage caused by overlapping sliding windows, data partition-
ing was performed at the raw-signal-group level. The 36 signal groups were first divided
into 18 groups for model development and 18 groups for independent validation. All
window samples generated from the same raw signal group were retained in the same
data subset.

At any time instant ti, the four sensor outputs form a four-dimensional observation
vector (S1, S2, S3, S4). A sliding time window with a length of k was used to scan the multi-
channel sequence along the temporal axis. The four-channel sensor data at k consecutive
time instants within the window were arranged in chronological order to form an input
sample STi ∈ Rk×4, and the corresponding true value of the human body electrostatic
potential Ei was used as the supervised label. Thus, each sample consists of a multichannel
historical electrostatic induction signal sequence and its corresponding target potential
value. The investigated window lengths were k = 10, 30, 50, 100, and 200, corresponding to
temporal contexts of 0.1, 0.3, 0.5, 1.0, and 2.0 s, respectively.

In addition to providing temporal context for body-potential evolution, the multi-
channel sequence also contains the temporal variation in the position-dependent cou-
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pling pattern as the subject moves. Therefore, motion-related spatial information is im-
plicitly represented in the network input even though the subject coordinates are not
explicitly provided.

A total of 36 raw synchronized signal groups were obtained from three subjects under
walking and running conditions. To analyze the influence of different temporal context
lengths on inversion performance, k was set to 10, 30, 50, 100, and 200, corresponding to
historical durations of 0.1 s, 0.3 s, 0.5 s, 1.0 s, and 2.0 s, respectively.

To avoid information leakage caused by overlapping sliding windows, data parti-
tioning was performed at the raw-signal-group level. Specifically, the 36 signal groups
were first divided into 18 groups for model development and 18 held-out signal groups
for independent validation. Then, only the model-development groups were used to
construct sliding-window samples, which were further divided into a training subset, a
hyperparameter-validation subset, and an internal test subset. The independent validation
groups were not involved in model training or hyperparameter optimization and were
used only for final performance evaluation. All window samples generated from the same
raw signal group were always retained in the same data subset.

2.3. Neural Network Models

This study formulates human body electrostatic potential inversion as a time-series
regression task. To compare the modeling capability of different network architectures
for this task, three categories of representative temporal neural networks were selected as
baseline models:

(1) Recurrent neural network (RNN) models: LSTM, BiLSTM, and GRU;
(2) Convolutional neural network (CNN)-based models: CNN and TCN;
(3) Attention-based models: a Transformer variant and iTransformer.

The three categories of baseline neural network models selected in this study are
shown in Figure 4.

 

Figure 4. Three categories of baseline neural network models selected in this study.
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In addition, different types of network layers were further combined to construct
nine hybrid models, including CNN-RNN models, Attention-RNN models, and a CNN-
iTransformer-LSTM model, as shown in Figure 5.

 

Figure 5. Three categories of hybrid neural network models selected in this study.

To improve reproducibility and make the architectural comparison explicit, the de-
tailed layer compositions of all 16 evaluated models are summarized in Table 1. For each
model, the table reports the ordered network layers, major layer dimensions, model-specific
hyperparameters, and the total number of trainable parameters. The four noncontact elec-
trostatic sensor channels were used as input features; The topology of each architecture
was fixed, whereas model-specific structural parameters were selected according to the
GWO optimization procedure described in Section 2.4.

Table 1. Detailed architecture and trainable parameter count of the evaluated neural network models.

Model Explicit Architecture Trainable Parameters

GRU Sequence Input (505) → GRU (49 units) → Self-Attention (1 heads)
→ ReLU → Dropout (0.003069) → FC (1) 82,082

LSTM
Sequence Input (505) → LSTM (50 units) → Self-Attention (1 heads)
→ Dropout (0.00238) → LSTM (4 units) → Dropout (0.00238) → FC

(1)
112,541

BiLSTM Sequence Input (505) → BiLSTM (34 units) → Self-Attention (1
heads) → ReLU → Dropout (0.001045) → FC (1) 147,567

CNN

Image Input (505 × 1 × 1) → Conv2D (2 × 1, 17 filters) → Batch
Normalization → ReLU → Max Pooling (2 × 1) → Conv2D (2 × 1,
49 filters) → Batch Normalization → ReLU → Max Pooling (2 × 1)

→ FC (1)

26,448
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Table 1. Cont.

Model Explicit Architecture Trainable Parameters

TCN

Sequence Input (505) → Convolution1DLayer →
LayerNormalizationLayer → spatialDropoutLayer →

Convolution1DLayer → LayerNormalizationLayer → ReLU →
spatialDropoutLayer → Addition → Convolution1DLayer →

Convolution1DLayer → LayerNormalizationLayer →
spatialDropoutLayer → Convolution1DLayer →

LayerNormalizationLayer → ReLU → spatialDropoutLayer →
Addition → FC (1)

251,308

Transformer-variant
Sequence Input (505) → PositionEmbeddingLayer → Addition →
Self-Attention (1 heads) → Dropout (0.04125) → Self-Attention (1

heads) → Dropout (0.04125) → FC (1)
25,768

iTransformer

Sequence Input (505) → PositionEmbeddingLayer → Addition →
Self-Attention (4 heads) → Addition → LayerNormalizationLayer
→ FC (505) → Addition → LayerNormalizationLayer → ReLU →

FC (1)

290,905

CNN-GRU

Image Input (505 × 1 × 1) → Conv2D (2 × 1, 27 filters) → Batch
Normalization → ReLU → Max Pooling (2 × 1) → Conv2D (2 × 1,
7 filters) → Batch Normalization → ReLU → Max Pooling (2 × 1)
→ Flatten → GRU (77 units) → Self-Attention (1 heads) → ReLU

→ FC (1)

221,454

CNN-LSTM

Image Input (505 × 1 × 1) → Conv2D (2 × 1, 20 filters) → Batch
Normalization → ReLU → Max Pooling (2 × 1) → Conv2D (2 × 1,
15 filters) → Batch Normalization → ReLU → Max Pooling (2 × 1)
→ Flatten → LSTM (33 units) → Self-Attention (1 heads) → ReLU

→ FC (1)

253,070

CNN-BiLSTM

Image Input (505 × 1 × 1) → Conv2D (2 × 1, 15 filters) → Batch
Normalization → ReLU → Max Pooling (2 × 1) → Conv2D (2 × 1,
20 filters) → Batch Normalization → ReLU → Max Pooling (2 × 1)
→ Flatten → BiLSTM (27 units) → Self-Attention (1 heads) →

ReLU → FC (1)

547,330

TCN-GRU

Sequence Input (505) → Convolution1DLayer →
LayerNormalizationLayer → spatialDropoutLayer →

Convolution1DLayer → LayerNormalizationLayer → ReLU →
spatialDropoutLayer → Addition → Convolution1DLayer →

Convolution1DLayer → LayerNormalizationLayer →
spatialDropoutLayer → Convolution1DLayer →

LayerNormalizationLayer → ReLU → spatialDropoutLayer →
Addition → GRU(32 units) → Self-Attention (1 heads) → FC (1)

150,631

TCN-LSTM

Sequence Input (505) → Convolution1DLayer →
LayerNormalizationLayer → spatialDropoutLayer →

Convolution1DLayer → LayerNormalizationLayer → ReLU →
spatialDropoutLayer → Addition → Convolution1DLayer →

Convolution1DLayer → LayerNormalizationLayer →
spatialDropoutLayer → Convolution1DLayer →

LayerNormalizationLayer → ReLU → spatialDropoutLayer →
Addition → LSTM (32 units) → Self-Attention (1 heads) → FC (1)

173,115

Trans-GRU
Sequence Input (505) → PositionEmbeddingLayer → Addition →
Self-Attention (32 heads) → Dropout (0.001722) → Self-Attention

(32 heads) → Dropout (0.001722) → GRU (256 units) → FC (1)
846,437
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Table 1. Cont.

Model Explicit Architecture Trainable Parameters

Trans-LSTM
Sequence Input (505) → PositionEmbeddingLayer → Addition →
Self-Attention (32 heads) → Dropout (0.005429) → Self-Attention
(32 heads) → Dropout (0.005429) → LSTM (256 units) → FC (1)

1,041,004

Trans-BiLSTM
Sequence Input (505) → PositionEmbeddingLayer → Addition →
Self-Attention (32 heads) → Dropout (0.002247) → Self-Attention
(32 heads) → Dropout (0.002247) → BiLSTM (64 units) → FC (1)

568,083

CNN-iTrans-LSTM

Sequence Input (505) → PositionEmbeddingLayer → Addition →
Self-Attention (1 heads) → Addition → LayerNormalizationLayer

→ Self-Attention (1 heads) → Addition →
LayerNormalizationLayer → LSTM (256 units) → FC (1) →
Convolution1DLayer → Batch Normalization → ReLU →

MaxPooling1DLayer → FC (505) → ReLU

826,608

In summary, 16 neural network architectures were compared for the human body
electrostatic potential inversion task. Model performance was evaluated based on the
consistency between the predicted values and the reference values. The NRMSE and the
coefficient of determination (R2) were used as quantitative evaluation metrics.

2.4. Hyperparameter Optimization

The performance of neural network models depends strongly on hyperparameter
settings. To fairly evaluate the performance of different network architectures on the present
dataset, common hyperparameters, including learning rate, batch size, number of training
epochs, optimization algorithm, and weight initialization strategy, were uniformly set for all
models. For model-specific hyperparameters, as listed in Table 2, the Gray Wolf Optimizer
(GWO) was used for optimization. Finally, each model was retrained using its optimal
configuration, and performance was uniformly reported on the independent-validation set.

Table 2. Hyperparameters of the neural network models.

Model Layer Parameter Range

GRU/LSTM/BiLSTM
gru/lstm/bilstm NumHiddenUnits 2–50

dropout Probability 0.001–0.5

CNN
convolution2d NumFilter 6–50
maxPooling2d Stride 1, 2

TCN

convolution1d NumFilters 6–64
convolution1d FilterSize 2–10
Residual block numBlocks 1, 2
spatialDropout dropoutFactor 0.001–0.5

Transformer-variant

positionEmbedding MaxPosition 20–6

selfAttention NumHeads 20–6

selfAttention NumKeyChannels 1 + 20–6

dropout Probability 0.001–0.5

iTransformer
positionEmbedding MaxPosition 20–6

selfAttention NumHeads 20–6

selfAttention NumKeyChannels 1 + 20–6

To ensure a fair comparison, the common training settings listed in Table 3 were kept
identical across all evaluated architectures.
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Table 3. Common training settings used for all evaluated models.

Training Setting Value

Initial learning rate 0.001
Learning-rate schedule Piecewise
Schedule parameters Drop factor = 0.2; drop period = 100 epochs

Mini-batch size 179
Maximum epochs 1000

Optimizer Adam
Optimizer parameters MATLAB default settings

Loss function MSE (Mean Squared Error)
Weight initialization MATLAB default initialization

Training early stopping Not used
Validation frequency Not applicable (external validation after training)

Random seed Not explicitly fixed

The GWO-based hyperparameter optimization workflow is shown in Figure 6. First,
the population was randomly initialized according to the predefined hyperparameter
search ranges, with the population size set to 5. Then, a neural network model was
constructed according to the hyperparameter configuration represented by each individual
and trained on the training subset. Next, the model performance was evaluated on the
validation subset, and the NRMSE was used as the fitness function. The model and
hyperparameter configuration with the best current fitness value, namely the minimum
NRMSE, were selected as the current optimal solution. If the number of iterations reached
the preset upper limit of 1000, the optimization process was terminated. Otherwise, the
population was iteratively updated according to the GWO update mechanism, and the next
search iteration was performed. After iterative optimization, the optimal hyperparameter
combination for each network architecture was obtained.

Figure 6. Hyperparameter optimization algorithm based on the Gray Wolf Optimizer.

The calculated budget is as follows: The maximum GWO iteration number was set to
1000, and the population size was 5. No convergence-based stopping criterion was applied;
therefore, each optimization run was performed for the full 1000 iterations. Consequently,
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5000 fitness evaluations were conducted for each architecture–window combination, with
each fitness evaluation corresponding to the training and validation of one candidate neural
network. For the complete experimental design comprising 16 network architectures and
five sliding-window lengths, this setting corresponded to a total computational budget
of 400,000 fitness evaluations. Each candidate network was trained for a maximum of
1000 epochs, and no training-level early stopping was employed. All experiments were
implemented in MATLAB R2025b and executed using eight NVIDIA GeForce RTX 4090
(NVIDIA Corporation, Santa Clara, CA, USA) GPUs.

3. Results and Discussion
3.1. Representative Inversion Results

To illustrate the inversion capability of the neural network models, four representative
signal groups from the same subject were selected: P2W1 and P2R1 from the model-
development data, and P2W5 and P2R5 from the independent-validation data. The CNN-
LSTM model is used as an example, and the corresponding inversion results are shown in
Figure 7.

  
(a) (b) 

  
(c) (d) 

Figure 7. Inversion results of the CNN-LSTM model on model-development data and independent-
validation data: (a) Result on P2W1. (b) Result on P2R1. (c) Result on P2W5. (d) Result on P2R5.

Figure 7a,b show the inversion results for walk and run samples from the model-
development set. The predicted curves generally follow the variation trend of the reference
human body electrostatic potential and remain consistent with the reference values over
most time intervals. The low-frequency components of the reference signal mainly originate
from charge accumulation and dissipation on the human body, whereas the high-frequency
components are primarily associated with rapid contact–separation between the shoe sole
and the floor. Compared with walking, running produces stronger potential fluctuations
and more complex temporal variations. Nevertheless, the model recovers the dominant
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variation patterns with reasonable accuracy, indicating that it learns an effective nonlinear
mapping from sensor signals to human body electrostatic potential.

Figure 7c,d presents the corresponding results on the independent-validation data. The
NRMSE values of these representative validation samples are both below 0.09. Compared
with the error ranges reported in [5,13], the proposed method exhibits competitive accuracy
on typical unseen samples, supporting the feasibility of the proposed data-driven inversion
framework. It should be noted that the values below 0.09 are only the prediction errors
of the two examples shown in Figure 7 and should not be interpreted as the overall
performance of the model on the complete independent-validation set. The aggregate
performance over all independent-validation groups is evaluated separately in Section 3.2.

Overall, the representative results show that neural networks can infer human body
electrostatic potential from four-channel noncontact electrostatic measurements. The model-
development results demonstrate fitting capability, whereas the independent-validation
results indicate effectiveness on unseen signal groups. A systematic comparison of all
16 architectures using NRMSE and R2 is presented next.

3.2. Performance Comparison of Different Neural Network Architectures

To evaluate the suitability of different architectures, the NRMSE and R2 of the
16 models were compared on the model-development data and the independent-validation
data under a sliding-window length of 1 s (k = 100). The results are shown in Figure 8.
Overall, all models exhibit strong fitting ability on the model-development data, whereas
their performance differences become much larger on the independent-validation data,
indicating that architecture selection has a pronounced effect on generalization.

(a) (b) 

  
(c) (d) 

Figure 8. Inversion performance of all models on model-development and independent-validation
data: (a) NRMSE on the model-development data. (b) R2 on the model-development data. (c) NRMSE
on the independent-validation data. (d) R2 on the independent-validation data.
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As shown in Figure 8a,b, all models achieve low NRMSE on the model-development
data. Except for the Transformer-variant model, whose NRMSE is approximately 0.09, the
remaining models have NRMSE values of approximately 0.011–0.024 and R2 values above
0.97. These results confirm that neural networks can capture the nonlinear relationship
between electrostatic sensor signals and human body electrostatic potential. Among single-
structure models, the RNN-based models (GRU, LSTM, and BiLSTM) show the strongest
fitting performance, followed by the CNN-based models (CNN and TCN), whereas the
Transformer-variant model is the weakest on the model-development data. Hybrid mod-
els generally outperform single-structure models. In particular, CNN-GRU, CNN-LSTM,
CNN-BiLSTM, and CNN-iTrans-LSTM achieve the lowest NRMSE values, approximately
0.011–0.013, with R2 values close to or above 0.99. This indicates that combining convolu-
tional feature extraction with temporal modeling substantially improves representation of
the development samples.

The independent-validation results are shown in Figure 8c,d. For the independent-
validation evaluation, the NRMSE was first calculated separately for each of the 18 held-out
signal groups, and the mean of the 18 group-level NRMSE values was then used as the over-
all validation NRMSE for each model. Therefore, the values reported in Figure 8c represent
model-level aggregate performance over the complete independent-validation set rather
than the error of any single signal group. Compared with the model-development data, the
NRMSE values increase to approximately 0.139–0.211, and the differences among models
become more pronounced. The Trans-LSTM model achieves the best overall validation
performance, with the lowest NRMSE of approximately 0.139 and the highest R2 of approx-
imately 0.72. Trans-GRU and Trans-BiLSTM rank next and also maintain relatively low
validation errors. In contrast, although CNN-LSTM achieves one of the lowest errors on the
model-development data, its validation NRMSE increases to approximately 0.210, the worst
among all models, indicating insufficient generalization. Among single-structure models,
BiLSTM performs slightly better than GRU and LSTM. CNN yields the weakest validation
performance, whereas TCN performs clearly better than CNN, suggesting that temporal
convolution is more appropriate for this task than ordinary convolution. It is also notewor-
thy that the Transformer-variant model, despite underfitting the model-development data,
outperforms most single-structure models on the independent-validation data, implying
that attention-based global-dependency modeling can be beneficial for unseen samples.

Different fusion strategies therefore lead to markedly different behaviors. CNN-RNN
hybrid models provide the strongest fitting capability on the model-development data,
but Transformer-RNN hybrids achieve better accuracy and stability on the independent-
validation data. For this nonlinear time-series regression problem, superior fitting perfor-
mance on development samples does not necessarily imply better performance on unseen
data. Hybrid structures that jointly model long-range dependencies and local temporal dy-
namics appear more robust. Among the compared models, Trans-LSTM provides the best
balance between fitting ability and validation performance. Because model performance
also depends on the amount of historical information in the input sequence, the influence
of sliding-window length is analyzed next.

3.3. Effect of Sliding-Window Length on Model Performance

The sliding-window length determines the amount of historical information contained
in each input sample and therefore directly affects inversion performance. Five window
lengths—k = 10, 30, 50, 100, and 200, corresponding to 0.1 s, 0.3 s, 0.5 s, 1.0 s, and 2.0 s
of historical data, respectively—were evaluated for all models. The results are shown in
Figure 9. Window length has a significant influence on model performance, but no single
value is uniformly optimal for all architectures. In general, the shortest window (0.1 s)
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produces the weakest overall performance, whereas medium-length windows, especially
around 1.0 s, provide better results for most models. This suggests that an appropriate
amount of temporal context improves inversion accuracy.

 
(a) (b) 

Figure 9. Inversion performance under different sliding-window lengths: (a) NRMSE. (b) R2.

As shown in Figure 9a,b, NRMSE and R2 exhibit consistent trends. Most models
have relatively high NRMSE and low R2 when k = 10, indicating that an excessively short
window does not provide sufficient dynamic context. As k increases to 50 or 100, errors
generally decrease, and R2 values increase, indicating that richer historical sequences help
the models characterize the temporal evolution of human body electrostatic potential.
Trans-LSTM and Trans-BiLSTM achieve their best performance at k = 100, showing that
medium-length windows are particularly beneficial for Transformer-RNN hybrid models.
When k is further increased to 200, some models still maintain good performance, but no
consistent improvement is observed, and several models degrade slightly, suggesting that
the benefit of further extending the window is limited.

Model sensitivity to window length also differs across architectures. Single-structure
RNN models (GRU, LSTM, and BiLSTM) fluctuate relatively little as k changes, indicating
stable behavior. CNN-based models and their hybrids are more sensitive, especially under
short-window conditions. Transformer-related models become more competitive with
medium-length windows, suggesting that attention-based global-dependency modeling
requires sufficient temporal context. Overall, window lengths of approximately 0.5–1.0 s
provide better comprehensive performance. This finding indicates that human body
electrostatic potential depends not only on the instantaneous induction signal, but also on
the preceding dynamic process. Therefore, window length should be selected jointly with
network architecture to balance inversion accuracy and generalization.

3.4. Performance Under Different Subjects and Motion Modes

To further evaluate model robustness under different subjects and motion modes,
five representative models were selected: BiLSTM, Transformer-variant, TCN-GRU, Trans-
LSTM, and CNN-iTrans-LSTM. Their inversion results for different subject–motion combi-
nations are shown in Figure 10.

As shown in Figure 10, model performance is affected by both subject variation
and motion mode, with subject-related differences being more pronounced. Among the
three subjects, P2 generally yields the best results: under both walk and run conditions,
most models achieve low NRMSE and high R2. In contrast, P3, especially under the
walk condition, is the most challenging case, with increased errors and reduced R2 for all
models. The influence of motion mode does not follow a uniform pattern. For P1, most
models perform worse under the run condition, whereas for P2 and P3 the run condition
is generally easier than walk. Thus, running does not necessarily degrade inversion
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performance; its effect depends on subject-specific charging behavior and signal dynamics.
A key requirement is therefore the ability to accommodate temporal-feature variations
jointly induced by subject differences and motion-mode changes.

  
(a) (b) 

Figure 10. Inversion performance under different subjects and motion modes: (a) NRMSE. (b) R2.

Among the five representative models, Trans-LSTM shows the strongest overall gen-
eralization, achieving the lowest NRMSE in four of the six subject–motion combinations.
CNN-iTrans-LSTM performs best under P1-R and P2-W, indicating that combining con-
volutional feature extraction with global-dependency modeling can be advantageous in
some scenarios. However, its consistency across conditions is slightly weaker than that
of Trans-LSTM. BiLSTM and TCN-GRU are comparatively stable but are inferior to the
best model in most cases. The Transformer-variant model exhibits the largest fluctuations,
suggesting that attention-only modeling is still limited in adapting to subject variation and
motion-mode changes. These results indicate that subject variation has a stronger influence
than motion mode in the present dataset. Overall, Trans-LSTM provides the most favorable
balance between accuracy and cross-condition stability.

Only three subjects participated in the experiments, and all of them wore athletic shoes
with similar rubber/EVA composite soles. Therefore, the present independent-validation
results demonstrate prediction performance on held-out signal groups within the studied
experimental domain, rather than broad population-level, unseen-subject, or footwear-
independent generalization. Different footwear materials may alter triboelectric charge
generation, charge retention, and charge dissipation during shoe–floor contact and separa-
tion, resulting in changes in body-potential amplitude and temporal dynamics. Differences
in body size and geometry may also modify the effective body-to-ground capacitance and
the capacitive coupling between the subject and the four spatially distributed sensors. In
addition, individual gait characteristics, including step frequency, contact duration, and
shoe–floor separation dynamics, can further affect the temporal signal patterns. Conse-
quently, substantially different subjects or footwear may introduce a distribution shift
relative to the current training data and may affect inversion accuracy. A larger and more
diverse dataset, together with subject-independent evaluation such as leave-one-subject-out
validation, will be required to establish broader generalization.

3.5. Comparison with Representative Noncontact Methods for Human Body Electrostatic
Potential Measurement

To further assess the effectiveness of the proposed method, Table 4 compares the
present results with representative studies on noncontact human body electrostatic potential
measurement and inversion. The comparison considers sensor type, experimental setup,
sensing coverage or test distance, and accuracy metric.
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Table 4. Comparison With Related Studies.

Sensor Experimental Setup Coverage/Distance Accuracy

Electrostatic induction sensor [19] 1 sensor placed on a desktop 0.3–0.5 m Not reported

MEMS electric field sensor [20] 11 sensors distributed on a
portal structure 0.8 m Uncertainty <5%

EPIC [13] 6 sensors mounted on the
ceiling of an office 2 m × 2.5 m NRMSE = 0.091

Electrostatic potential sensor [5] 4 sensors placed at the four
corners of the test area 5 m × 5 m NRMSE = 0.22

Electrostatic potential sensor (this
study)

4 sensors placed at the corners
of the test area 5 m × 5 m NRMSE = 0.139

Table 4 shows that previous studies have demonstrated the feasibility of noncontact
measurement and inversion of human body electrostatic potential. However, a trade-off
remains between sensing coverage and inversion accuracy. Kurita [24] verified real-time
noncontact measurement under controlled near-field conditions, with a test distance of
approximately 0.3–0.5 m, but did not report a unified quantitative accuracy metric. Wen
et al. [25] deployed 11 MEMS electric-field sensors in a portal structure with a test distance
of 0.8 m and achieved an uncertainty below 5%. Grosse-Puppendahl et al. [13] extended
the sensing area to 2 m × 2.5 m and achieved an NRMSE of 0.091 under relatively low
sensor density. Our previous method [5] further expanded the sensing area to 5 m × 5 m
and obtained an NRMSE of 0.22 using only four sensors. Under the same sensing coverage
and sensor layout as [5], the proposed method reduces the NRMSE from 0.22 to 0.139,
indicating improved performance under large-area and low-sensor-density conditions.

4. Conclusions
This paper presented a data-driven inversion method for estimating human body

electrostatic potential from noncontact measurements. By learning the nonlinear mapping
between four-channel electrostatic sensor signals and synchronously measured reference
potential, the proposed method performs time-series estimation without strong dependence
on explicit scene-specific physical modeling. Sixteen temporal neural network architectures
were compared, and all were found capable of performing the inversion task, although
their performance on unseen data differed substantially. Trans-LSTM achieved the best
overall validation performance, with an NRMSE of approximately 0.139 and an R2 of
approximately 0.72.

The analysis of sliding-window length showed that temporal context is important for
accurate inversion, and window lengths of approximately 0.5–1.0 s generally provided
better overall performance. Cross-condition results further indicated that subject variation
had a stronger influence than motion mode in the present dataset. Compared with a
representative previous method using the same sensing area and sensor configuration, the
proposed approach reduced the NRMSE from 0.22 to 0.139. These results demonstrate
that combining multichannel noncontact electrostatic sensing with temporal deep learning
is a promising route for remote, real-time, and large-area monitoring of human body
electrostatic potential.

Several limitations of the present study should be noted. First, the dataset contains
only three subjects wearing athletic shoes with similar rubber/EVA composite soles. There-
fore, the current independent-validation results demonstrate generalization to held-out
signal groups within the studied experimental domain rather than broad generalization
to unseen populations, body characteristics, or footwear types. Second, although the
multichannel temporal input reduces the ambiguity between body-potential variation
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and position-dependent capacitive coupling, the method does not provide a theoretically
unique separation of these factors and is currently validated only under the fixed sensor
geometry used in this study. Third, the wired contact-reference system introduces finite
capacitive loading and may slightly perturb the absolute body potential compared with
a completely uninstrumented condition. Future work will therefore expand the dataset
to include more subjects, diverse body characteristics and footwear materials, investigate
subject-independent validation and different sensing geometries, and develop reference
measurement strategies with reduced physical loading.
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