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Abstract— Distribution substations installed within dense commercial and residential precincts expose nearby people
to extremely low frequency electromagnetic fields, yet compliance is usually verified through one-off field surveys that
cannot capture time-varying load or network growth. This paper proposes a digital twin framework for continuous,
spatially resolved estimation of electric and magnetic fields around urban distribution substations. The framework
couples a physics-based field model with residual learning and Gaussian process interpolation, while a Kalman filter
synchronisation engine with drift-triggered retraining keeps the virtual replica consistent with the physical substation.
The twin generates live exposure maps at unmeasured locations, forecasts field levels under projected load growth, and
issues uncertainty-aware early warnings against the reference levels of the International Commission on Non-Ionizing
Radiation Protection. In a measurement-informed simulation study of a compact substation, the hybrid twin reduced
the mean absolute error and root-mean-square error of magnetic flux density estimation by 56.4 percent and 65.9
percent relative to a physics-only model, and raised the coefficient of determination from 0.937 to 0.993. The maximum
exposure ratio across the mapped area was 0.101, and the site remained compliant up to an 895 percent increase in
operating current, equivalent to 47.1 years at 5 percent annual growth. Drift-triggered retraining reduced twin error
by 46.7 percent compared with a non-adaptive twin after 72 hours. The approach turns static compliance surveys into
continuous, predictive exposure management for utilities and urban planners.

Keywords— Digital Twin; Electromagnetic Fields; Distribution Substation; Real-Time Exposure Monitoring; ICNIRP
Compliance.

I. Introduction

The digital twin (DT) was originally conceived as a virtual
counterpart of a physical product that mirrors its behaviour
throughout the life cycle and helps anticipate undesirable
emergent behaviour in complex systems [1]. Since then, the
concept has matured into an established industrial paradigm
that links physical assets, virtual models, and bidirectional
data flows [2, 3]. Formally, a digital twin at time t can be
described as the tuple

DT (t) =
{︁
P(t), V(t;θ), D(t), S(t)

}︁
, (1)

where P is the physical entity, V is the virtual model with
parameters θ,D is the stream of sensed and operational data,
and S is the synchronisation service that keeps V consistent
with P [2, 4]. From a modelling perspective, the value of a
DT depends on how faithfully V tracks P as operating con-
ditions evolve [4].

In power systems, DTs have already been applied to on-
line grid analysis, where a continuously updated virtual grid
supports dispatch decisions in real time [5], and to fault
diagnosis in distributed photovoltaic systems, where devia-

tions between twin estimates and measurements reveal faults
[6]. Distribution substations, however, raise a public-health
question that these works do not address: substations in-
stalled inside dense commercial and residential precincts ex-
pose nearby people to extremely low-frequency (ELF) elec-
tric and magnetic fields. At 50 Hz, the magnetic flux density
produced by the internal conductors carrying currents Ik(t)
follows the Biot–Savart law,

B(r, t) =
µ0

4π

K∑︂
k=1

Ik(t)

∮︂
Ck

dlk × (r− r′)

|r− r′|3
, (2)

where µ0 is the permeability of free space and Ck is the
path of the k-th conductor. At a radial distance d from the
enclosure, the field magnitude is commonly approximated
by a power-law decay,

B(d, t) ≈ B0(t)

(︃
d0
d

)︃n

, n ∈ {1, 2, 3}, (3)

where n = 1, 2, and 3 correspond to a single conduc-
tor, a balanced conductor pair, and a dipole-like transformer

VOLUME 2 ISSUE 3 MAY–JUNE 2026 1

mailto:nuramalina@uts.edu.my
https://orcid.org/0009-0000-0803-1141


International Journal of Digital Twin Systems and Computing (IJDTSC)
DOI: https://doi.org/10.XXXXX/IJDTSC.2026.V2I301

ISSN: 3108–0790

source, respectively. Similarly, the electric field outside a
grounded or metal-enclosed unit can be written as

E(d) ≈ (1− ηs)E0

(︃
d0
d

)︃m

, (4)

where ηs ∈ [0, 1] is an effective shielding coefficient that ac-
counts for enclosures, boundary walls, and vegetation. Be-
cause B0(t) scales directly with load current, magnetic ex-
posure varies with demand, and a single measurement sur-
vey reflects only the load level at the moment it was taken.

Exposure is regulated through the reference levels of the
International Commission on Non-Ionizing Radiation Pro-
tection (ICNIRP), which at 50 Hz are Eref = 5000V/m and
Bref = 100 µT for the general public [9]. A compact com-
pliance indicator is the exposure ratio

ER(r, t) = max

{︃
E(r, t)

Eref
,
B(r, t)

Bref

}︃
≤ 1, (5)

which must hold at every occupied location r and at every
time t. Conventional compliance checks evaluate (5) only at
a handful of measured points and at a single instant. They
cannot estimate exposure at unmeasured locations, quantify
the uncertainty of their estimates, or anticipate how exposure
will change as load grows.

Purely physics-based models such as (2)–(4) are inter-
pretable, but they rely on idealised geometry and uncer-
tain parameters. Purely data-driven models, by contrast,
need large datasets and may violate physical laws. Physics-
informed machine learning bridges this gap by embedding
governing equations into learning [7, 8]. A widely adopted
hybrid structure combines a physics prior with a learned
residual:

ŷ(x, t) = fphys(x, t;θp) + gNN(x, t;θd), (6)

where fphys is the analytical field model and gNN is a neu-
ral network that learns the discrepancy between the model
and reality. Hybrid twins of this kind have been shown to
reduce prediction error in tool-wear prediction with self-
evolving models [10], industrial predictive monitoring us-
ing PINNs [12], thermal estimation of permanent magnet
machines [13], vortex-induced vibration of deep-sea risers
through TCN residual compensation [14], and ship docking
prediction under limited data [15]. A recent review like-
wise reports that hybrid twins outperform single-strategy ap-
proaches in predictive maintenance [11]. The network pa-
rameters are typically learned by minimising a composite
loss

L(θd) =
1

N

N∑︂
i=1

⃦⃦
ŷi − yi

⃦⃦2
⏞ ⏟⏟ ⏞

Ldata

+λr∥θd∥22

+ λp
1

Nc

Nc∑︂
j=1

⃓⃓
∇· B̂(rj)

⃓⃓2
⏞ ⏟⏟ ⏞

Lphys

,

(7)

where Lphys enforces Gauss’s law for magnetism (∇· B =
0) at Nc collocation points, and λp and λr are weighting
coefficients [7, 8].

For the twin to remain faithful, its virtual state must be
corrected continuously as new measurements zk arrive. A
recursive estimator provides this synchronisation:

x̂k|k = x̂k|k−1 +Kk

(︁
zk −Hx̂k|k−1

)︁
, (8)

where Kk is the gain matrix and H maps the field state to
the sensor locations. Twin fidelity over a sliding window of
W samples can then be quantified as

εDT =

⌜⃓⃓⎷ 1

W

W∑︂
k=1

⃦⃦
zk −Hx̂k|k

⃦⃦2
. (9)

Finally, because B ∝ I , the maximum load growth that a
site can tolerate before magnetic exposure reaches the limit
follows directly from the twin’s peak estimate B̂max:

γmax =
Bref

B̂max

− 1, (10)

which gives utilities and planners a quantitative safety mar-
gin for future network expansion.

Despite this progress, existing DT studies focus on grid
operation [5], fault diagnosis [6], and machine health [10,
12, 13, 11]. To the best of the authors’ knowledge, none of
them uses a digital twin to estimate EMF exposure, check
regulatory compliance continuously, or forecast exposure
under load growth around distribution substations. This pa-
per addresses that gap. Its four key objectives are:

1. To develop a hybrid physics–data digital twin that com-
bines the analytical field models (2)–(4) with a physics-
regularised neural correction (6)–(7) and Gaussian pro-
cess spatial interpolation, for spatially resolved estima-
tion of E and B around distribution substations.

2. To design a real-time synchronisation mechanism (8)
that continuously updates the virtual replica from IoT
sensor data and live load current, and to maintain the
fidelity measured by (9) through drift-triggered retrain-
ing.

3. To implement continuous, uncertainty-aware ICNIRP
compliance monitoring through the exposure ratio (5),
with early warnings when predicted exposure ap-
proaches the reference levels [9].

4. To forecast exposure under projected load growth and
quantify the safe expansion margin γmax in (10), sup-
porting the planning of compact and standard substa-
tions in urban areas.

In pursuing these objectives, the paper makes three main
contributions. First, it applies the hybrid digital twin
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paradigm, so far used mainly for machine health, to pub-
lic EMF exposure management around distribution substa-
tions. Second, it combines physics-based modelling, resid-
ual learning, Kalman-filter synchronisation, and Gaussian
process uncertainty quantification in a single framework,
formalised in two algorithms for offline training and online
operation. Third, it turns the twin’s outputs into planning in-
dicators, namely the exposure ratio, the load-growth margin,
and the time to reach each alert threshold, which utilities can
act on directly. Table 1 compares the proposed framework
with representative digital twin and hybrid-modelling stud-
ies.

As Table 1 shows, each earlier work covers at most two
of the six capabilities, and none addresses EMF exposure,
compliance warning, or load-growth forecasting. To the best
of the authors’ knowledge, the proposed framework is the
first to combine all six in a single digital twin for public-
exposure management around distribution substations.

The remainder of this paper is organised as follows. Sec-
tion II describes the proposed digital twin architecture, the
hybrid field model, and the system parameters. Section III
presents the methodology, including physics parameter es-
timation, residual learning, Bayesian hyperparameter opti-
misation, and real-time synchronisation, formalised in two
algorithms. Section IV reports the results of a measurement-
informed simulation study covering waveform analysis, spa-
tial decay estimation, exposure mapping, load-growth fore-
casting, and drift-aware synchronisation. Section V con-
cludes the paper and outlines directions for future work.

II. System Description and Proposed Digital Twin Ar-
chitecture

A. Overall Architecture

The proposed digital twin (DT) follows the physical–
virtual–data–service structure formalised in (1) [2, 3]. It is
organised into the five layers shown in Fig. 1. The Physical
Layer contains the distribution substation, the transformer,
the busbars, and the surrounding buildings and pedestrians
who make up the exposed population. The Sensing Layer
captures the field and operating variables through magnetic
field sensors, electric field probes, current transducers, and
temperature and humidity sensors. The Communication and
Edge Layer carries these measurements through an IoT gate-
way and wireless link to an edge computing node, which
performs preprocessing close to the source. The Virtual
Model Layer hosts the hybrid model, which combines a
physics-based field model with a data-driven correction as
expressed in (6). The Service Layer delivers four outputs: a
live EMF exposure heat map, an ICNIRP compliance dash-
board, early-warning alerts, and load-growth forecast charts.

Data flows upward from the physical assets to the ser-
vices. Two feedback paths close the loop. The synchroni-
sation loop returns service-level observations to the virtual
model, where the recursive correction (8) and drift-triggered
retraining keep its state and parameters consistent with the

physical system. The control and decision support path re-
turns the twin’s outputs to the physical layer, where they in-
form operator actions such as load transfer, shielding up-
grades, or restricted access zones [5, 4].

B. Physical Layer and Measurement Configuration

The monitored assets are compact distribution substations
housed in sealed metal enclosures and standard distribu-
tion substations with open-panel configurations. Sensors are
placed at radial distances d ∈ Dr = {0.5, 1, 2, 3, 4, 5}m
in four orthogonal directions ϕ ∈ Φ = {F,B,L,R} (front,
back, left, right) relative to the enclosure door. The measure-
ment grid is therefore

G =
{︁
(d, ϕ)

⃓⃓
d ∈ Dr, ϕ ∈ Φacc ⊆ Φ

}︁
, (11)

where Φacc is the set of accessible faces, giving at most
|G| = 6× 4 = 24 measurement points per substation. Faces
blocked by drainage trenches or structures are excluded from
G, and field values there are estimated by the spatial interpo-
lation described in Section II-E.

C. Sensing, Data Acquisition, and Preprocessing

Each tri-axial magnetic sensor samples the instantaneous
flux density components bx(t), by(t), and bz(t). The root-
mean-square (RMS) value of each component over one or
more fundamental periods T = 1/f at f = 50Hz is

Bi,rms =

√︄
1

T

∫︂ t0+T

t0

b2i (t) dt, i ∈ {x, y, z}, (12)

and the resultant field magnitude reported for exposure as-
sessment is

Bres =
√︂

B2
x,rms +B2

y,rms +B2
z,rms. (13)

The electric field magnitude Eres is obtained in the same
way from the probe outputs. At the edge node, the 50 Hz
fundamental is extracted to suppress harmonic and broad-
band noise, all channels are time-stamped against a common
clock, and each input variable is min–max normalised before
it reaches the virtual model.

D. Hybrid Virtual Field Model

The input feature vector at location (d, ϕ) and time t is

x(t) =
[︁
d, ϕ, IL(t), Ta(t), Hr(t), ηs

]︁⊤
, (14)

where IL is the transformer load current, Ta is the ambi-
ent temperature, Hr is the relative humidity, and ηs is the
shielding coefficient introduced in (4).

The physics layer scales a reference field profile with the
live load current, since magnetic flux density is proportional
to current through (2):

fphys(x, t) = B
(ϕ)
0

IL(t)

Iref

(︃
d0
d

)︃nϕ

, (15)
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Table 1: Comparison of the proposed framework with existing digital twin and hybrid-modelling studies.

Ref. Application Hybrid Online Power EMF Compliance Load-growth
physics–data sync./update asset exposure warning forecast

[2] DT in industry (review) × ✓ × × × ×
[3] DT technologies (review) × ✓ × × × ×
[5] Power grid online analysis × ✓ ✓ × × ×
[6] PV fault diagnosis × ✓ ✓ × × ×
[10] CNC tool wear prediction ✓ ✓ × × × ×
[12] Hydraulic system monitoring ✓ ✓ × × × ×
[13] PMSM temperature estimation ✓ ✓ × × × ×
[14] Riser vibration prediction ✓ × × × × ×
[15] Ship docking prediction ✓ × × × × ×
[11] Predictive maintenance (review) ✓ ✓ × × × ×

Proposed Substation EMF exposure ✓ ✓ ✓ ✓ ✓ ✓

Figure 1: Five-layer digital twin architecture for substation EMF exposure monitoring, showing the upward data flow, the
synchronisation loop, and the control and decision support path.

where B
(ϕ)
0 and nϕ are the face-specific reference ampli-

tude and decay exponent, both fitted to baseline measure-
ments, and Iref is the load current at which the baseline was
recorded. A separate exponent for each face captures the
asymmetric field distributions caused by the internal busbar
and winding layout.

The data-driven correction gNN learns the residual be-
tween the physics prediction and the measurement [14,
15]. For time-varying operation, it is implemented as a
lightweight temporal convolutional network (TCN) [14, 10].
For a dilated causal convolution with kernel size K and di-
lation factor δ, the hidden response at layer ℓ is

h(ℓ)(t) = σ

(︄
K−1∑︂
k=0

W
(ℓ)
k h(ℓ−1)(t− δk) + b(ℓ)

)︄
, (16)

where σ(·) is the activation function and W
(ℓ)
k and b(ℓ) are

trainable weights and biases. The network is trained with the
physics-informed loss (7), which keeps the corrected field
consistent with Gauss’s law for magnetism [7, 8]. When

only a static spatial profile is available, as in the baseline
evaluation of Section IV, the temporal inputs are constant
and the correction reduces to a spatial residual, which is es-
timated by the Gaussian process described next.

E. Spatial Interpolation for Unmeasured Locations

To produce continuous exposure maps, the twin estimates
the field at any unmeasured point r∗ by adding a Gaussian
process estimate of the physics residual to the physics pre-
diction. With r = [r1, . . . , rNs

]⊤ the residuals at the Ns

sensor locations, the posterior mean of the field is

B̂(r∗) = fphys(r∗) + k⊤
∗
(︁
K+ σ2

nI
)︁−1

r, (17)

where K is the Ns × Ns covariance matrix between sen-
sor locations, k∗ is the covariance vector between r∗ and
the sensors, and σ2

n is the measurement noise variance. A
squared-exponential kernel is adopted:

k(rp, rq) = σ2
f exp

(︃
−∥rp − rq∥2

2ℓ2s

)︃
, (18)
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where σ2
f is the signal variance and ℓs is the spatial length

scale. Because the Gaussian process models only the resid-
ual, the physics term keeps the estimate physically plausible
between sensors, while the posterior variance gives a confi-
dence bound for every point on the heat map.

F. Synchronisation and Model Update

The virtual model is updated periodically through the re-
cursive correction (8), and also whenever model drift is de-
tected. Drift is measured as the relative change in twin fi-
delity (9) with respect to the value ε0 recorded after the last
training:

∆drift(t) =
εDT(t)− ε0

ε0
> δth, (19)

where δth is the drift threshold. When (19) holds, the data-
driven correction is retrained on the most recent data win-
dow, in line with the self-evolution strategies used in hybrid
twins [10, 12]. For the twin to operate in real time, the end-
to-end latency must satisfy

τtotal = τs + τc + τe + τm ≤ τmax, (20)

where τs, τc, τe, and τm are the sensing, communication,
edge-processing, and model-inference delays, and τmax is
the required update interval.

G. Service Layer: Compliance Monitoring and Forecasting

The compliance dashboard classifies each location into one
of three alert states based on the exposure ratio (5):

A(r, t) =

⎧⎪⎨⎪⎩
Normal, ER(r, t) < α1,

Caution, α1 ≤ ER(r, t) < α2,

Alarm, ER(r, t) ≥ α2,

(21)

where α1 and α2 are the caution and alarm thresholds, ex-
pressed as fractions of the ICNIRP reference levels [9]. For
load-growth forecasting, the load current is projected over a
horizon of h years at an annual growth rate g:

ÎL(t+ h) = IL(t) (1 + g)h, (22)

and the corresponding peak field forecast follows from (15)
as B̂max(t + h) = B̂max(t) (1 + g)h. Setting this forecast
equal to Bref gives the number of years before the limit is
reached:

hlim =
ln
(︁
Bref/B̂max(t)

)︁
ln(1 + g)

, (23)

which complements the load-growth margin γmax in (10) as
a planning indicator.

H. System Parameters and Ratings

The rated secondary current of the transformer follows from
its apparent power and line voltage:

IFL =
S√
3VLL

=
500× 103√
3× 415

= 695.6 A, (24)

so a current transducer range of 0–1000 A covers full load
with a 44 % overload margin. The key parameters of the

Table 2: Key system parameters of the proposed digital twin.

Parameter Value

Physical system and sensing
Frequency f / sampling rate fs 50 Hz / 10 kHz
Transformer rating / voltage 500 kVA, 11/0.415 kV
Rated secondary current IFL 695.6 A
B-sensor / E-probe range 0.01–2000 µT / 1 V/m–100 kV/m
Distances Dr / ref. d0 0.5–5 m (6 points) / 0.5 m

Digital twin model
Update interval τmax 1 s
Kalman noise Q / R 0.02 / 0.1225 µT2

TCN kernel K / layers 3 / 4
Loss weights λp / λr 0.1 / 10−4

GP σf / ℓs / σn 0.3 µT / 1.0 m / 0.05 µT
Baseline fidelity ε0 / δth 0.20 µT / 30 %

Compliance and forecasting
ICNIRP Eref / Bref 5000 V/m / 100 µT [9]
Alert thresholds α1 / α2 0.5 / 0.8
Load-growth rates g 3, 5, 8 %

physical system, the sensing hardware, and the digital twin
configuration used in the evaluation of Section IV are listed
in Table 2.

III. Methodology

The methodology proceeds in two stages. In the offline
stage, the hybrid field model is constructed and trained from
baseline measurements (Algorithm 1). In the online stage,
the trained twin is synchronised with live sensor data and
used for continuous compliance monitoring and forecasting
(Algorithm 2). Both stages build on the architecture de-
scribed in Section II [4, 3].

A. Physics Model Parameter Estimation

The face-specific parameters B
(ϕ)
0 and nϕ of the physics

model (15) are estimated from the baseline profile of each
face. Taking the logarithm of the power-law decay (3) yields
a model that is linear in the unknowns:

lnB(dj) = lnB
(ϕ)
0 + nϕ ln

(︃
d0
dj

)︃
, j = 1, . . . , J.

(25)
Stacking the J measured distances in matrix form, yϕ =

Aβϕ with βϕ = [lnB
(ϕ)
0 , nϕ]

⊤, the least-squares estimate
is

β̂ϕ =
(︁
A⊤A

)︁−1
A⊤yϕ, (26)

where the j-th row of A is [ 1, ln(d0/dj) ]. The electric field
parameters E0, m, and ηs in (4) are estimated in the same
way for each face.

B. Residual Learning and Network Training

Once the physics model is fitted, the training target for the
neural correction is the residual between each measurement
and its physics prediction:

ri = yi − fphys(xi; θ̂p), i = 1, . . . , N. (27)
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Learning residuals rather than raw fields lets the network fo-
cus on what the physics model misses, such as conductor
asymmetry and local shielding effects [14, 15]. The dataset
S = {(xi, ri)}Ni=1 is partitioned chronologically into dis-
joint subsets, which prevents future data from leaking into
training:

S = Str ∪ Sval ∪ Ste. (28)

The TCN parameters θd are optimised by minimising the
composite loss (7) with the Adam optimiser. At iteration s,
with gradient gs = ∇θd

L,

ms = β1ms−1 + (1− β1)gs, (29)

vs = β2vs−1 + (1− β2)g
2
s , (30)

θd,s = θd,s−1 − η
m̂s√
v̂s + ϵ

, (31)

where m̂s = ms/(1 − βs
1) and v̂s = vs/(1 − βs

2) are the
bias-corrected moment estimates, η is the learning rate, and
ϵ is a small constant for numerical stability. Training uses
η = 10−3 and stops early when the validation loss has not
improved for P = 20 consecutive epochs:

Lval(e) ≥ min
e′<e
Lval(e

′), e = e∗ + 1, . . . , e∗ + P. (32)

C. Bayesian Hyperparameter Optimisation

The loss weights λp and λr, the learning rate η, and the TCN
kernel size K form the hyperparameter vector λ. Because
each evaluation requires a full training run, λ is tuned by
Bayesian optimisation, which keeps the number of expen-
sive evaluations small [10]. A Gaussian process surrogate
models the validation loss, and the next candidate maximises
the expected improvement:

EI(λ) = E
[︁
max

(︁
0, L∗

val − Lval(λ)
)︁]︁
, (33)

where L∗
val is the best validation loss observed so far. After

NBO = 30 iterations, the selected configuration is

λ∗ = argmin
λ∈Λ

Lval(λ). (34)

D. Real-Time State Synchronisation

During online operation, the field state vector xk at the sen-
sor locations evolves between updates according to

xk = Fxk−1 +wk, zk = Hxk + vk, (35)

where F is the state transition matrix, and wk ∼ N (0,Q)
and vk ∼ N (0,R) are the process and measurement noise.
The prediction step propagates the state and its error covari-
ance:

x̂k|k−1 = Fx̂k−1|k−1,

Pk|k−1 = FPk−1|k−1F
⊤ +Q.

(36)

The gain used in the correction step (8) is

Kk = Pk|k−1H
⊤(︁HPk|k−1H

⊤ +R
)︁−1

, (37)

Algorithm 1 Offline Construction and Training of the Hy-
brid Digital Twin

Require: Baseline measurements {(dj , ϕ,Bj , Ej)} on grid
G; load current IL; ambient data Ta, Hr

Ensure: Physics parameters θ̂p; trained network
gNN(·;θ∗

d); hyperparameters λ∗

1: Compute Bres and Eres using (12)–(13)
2: Filter, time-align, and normalise all channels
3: for each accessible face ϕ ∈ Φacc do
4: Estimate β̂ϕ by least squares (26)
5: end for
6: Build feature vectors xi using (14)
7: Compute residual targets ri using (27)
8: Split data chronologically (28)
9: for q = 1 to NBO do ▷ Bayesian optimisation

10: Select λq by maximising EI (33)
11: repeat
12: Update θd with Adam (29)–(31)
13: until early-stopping criterion (32) is met
14: Record Lval(λq); update surrogate
15: end for
16: Select λ∗ by (34); retain θ∗

d

17: Evaluate on Ste; store baseline fidelity ε0
18: return θ̂p, θ∗

d, λ∗, ε0

and the error covariance is then updated as

Pk|k =
(︁
I−KkH

)︁
Pk|k−1. (38)

The hybrid model output (6) serves as the prior for x̂k|k−1,
so the filter blends physics, learned correction, and live mea-
surement in a single estimate.

E. Uncertainty-Aware Compliance Assessment

A compliance decision based only on a point estimate can
miss exceedances when the estimate is uncertain. The twin
therefore uses the posterior variance of the spatial interpola-
tion (17):

σ2(r∗) = k(r∗, r∗)− k⊤
∗
(︁
K+ σ2

nI
)︁−1

k∗, (39)

which gives a prediction interval at confidence level 1− αc:

B(r∗) ∈
[︂
B̂(r∗)± zαc/2 σ(r∗)

]︂
, (40)

where zαc/2 is the standard normal quantile. The probability
that the field at r∗ exceeds the alarm threshold of the alert
rule (21) is

pexc(r∗) = 1− ΦN

(︄
α2Bref − B̂(r∗)

σ(r∗)

)︄
, (41)

where ΦN (·) is the standard normal cumulative distribution
function. An alarm is raised when either the point estimate
crosses α2 in (21) or pexc exceeds a tolerance ptol = 0.05.
This conservative rule reflects the precautionary intent of the
ICNIRP guidelines [9].
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Algorithm 2 Online Synchronisation, Compliance Monitor-
ing, and Forecasting

Require: Trained twin from Algorithm 1; live stream
{zk, IL,k, Ta,k, Hr,k}; thresholds α1, α2, ptol, δth

Ensure: Exposure map, alert states A, forecasts hlim, γmax

1: Initialise x̂0|0 and P0|0
2: for each time step k = 1, 2, . . . do
3: Acquire and preprocess zk using (12)–(13)
4: Compute hybrid prior ŷk from (6) with IL,k

5: Predict x̂k|k−1, Pk|k−1 using (36)
6: Compute Kk (37); correct (8); update (38)
7: for each map point r∗ do
8: Estimate B̂(r∗) (17) and σ2(r∗) (39)
9: Compute ER (5) and pexc (41)

10: if ER ≥ α2 or pexc > ptol then
11: A(r∗)← Alarm; issue early warning
12: else if ER ≥ α1 then
13: A(r∗)← Caution
14: else
15: A(r∗)← Normal
16: end if
17: end for
18: Update fidelity εDT (9)
19: if drift criterion (19) holds then
20: Retrain gNN (Algorithm 1, lines 9–15)
21: end if
22: Forecast ÎL (22); compute hlim (23), γmax (10)
23: Publish map, alerts, and forecasts
24: end for

F. Performance Evaluation Metrics

The accuracy of the twin on the evaluation set of size Nte is
assessed with four standard metrics:

MAE =
1

Nte

Nte∑︂
i=1

⃓⃓
yi − ŷi

⃓⃓
, (42)

RMSE =

⌜⃓⃓⎷ 1

Nte

Nte∑︂
i=1

(︁
yi − ŷi

)︁2
, (43)

MAPE =
100%

Nte

Nte∑︂
i=1

⃓⃓⃓⃓
yi − ŷi

yi

⃓⃓⃓⃓
, (44)

R2 = 1−
∑︁

i(yi − ŷi)
2∑︁

i(yi − ȳ)2
, (45)

where ȳ is the mean of the measured values. MAPE is com-
puted only over points with yi above the instrument noise
floor, because near-zero readings behind metal enclosures
would otherwise inflate it. The benefit of the hybrid twin
over a baseline model is quantified by the relative improve-
ment

∆% =
RMSEbase − RMSEDT

RMSEbase
× 100%, (46)

which is reported against the physics-only model (15), fol-
lowing the comparison practice of earlier hybrid-twin stud-
ies [12, 13, 11].

IV. Results and Discussion

The proposed framework was evaluated in a measurement-
informed simulation study. A representative baseline field
profile of a compact distribution substation was used to pa-
rameterise the digital twin shown in Fig. 1, with the config-
uration listed in Table 2. The twin was then exercised across
the five service functions: waveform acquisition, spatial de-
cay estimation, exposure mapping, load-growth forecasting,
and drift-aware synchronisation. Each subsection below re-
ports the corresponding figure together with the underlying
calculations.

A. Field Acquisition and Waveform Analysis

Fig. 2(a) shows the tri-axial 50 Hz magnetic flux density at
d = 0.5m. The peak amplitudes of the three components
are b̂x = 6.5, b̂y = 4.2, and b̂z = 2.8 µT, each carry-
ing a 5 % third-harmonic content. For a sinusoid with har-
monic ratio k3, the RMS value in (12) reduces to Bi,rms =

(b̂i/
√
2)
√︁
1 + k23 . Substituting into (13) gives

Bres =

√︃
(6.52 + 4.22 + 2.82)(1 + 0.052)

2

=
√
33.95 = 5.82 µT,

(47)

which matches the dashed RMS line in Fig. 2(a). The corre-
sponding magnetic exposure ratio from (5) is

ERB =
5.82

100
= 0.058, (48)

so the field at the closest measurement point uses only 5.8 %
of the ICNIRP reference level [9].

Fig. 2(b) shows the electric field channel before and af-
ter edge preprocessing. The raw signal contains a 1.2 V/m
component at 150 Hz and broadband noise with standard de-
viation σw = 1.5V/m, superimposed on a fundamental of
amplitude Ê = 8V/m. The signal-to-noise ratio of the raw
channel is

SNRraw = 10 log10
Ê2/2

σ2
w + Ê2

150/2

= 10 log10
32

2.25 + 0.72
= 10.32 dB.

(49)

The filtered output recovers the fundamental with amplitude
close to 8 V/m, giving an RMS field of Erms = 8/

√
2 =

5.66V/m and an electric exposure ratio of

ERE =
5.66

5000
= 1.13× 10−3. (50)

The electric field is therefore about fifty times further from
its limit than the magnetic field, which confirms that mag-
netic flux density is the governing quantity for exposure as-
sessment around distribution substations.
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Figure 2: (a) Tri-axial 50 Hz magnetic field waveform at
0.5 m with resultant RMS value; (b) raw electric field sen-
sor signal and its filtered 50 Hz fundamental.

B. Spatial Decay Estimation and Model Accuracy

Fig. 3 compares the baseline decay profile with the physics-
only fit and the hybrid DT estimate. The log-linear regres-
sion (25) uses the regressor uj = ln(d0/dj) and response
vj = lnB(dj) over J = 6 distances. The sample means are
ū = −1.3755 and v̄ = 0.2224, and the centred sums are

Suu =

6∑︂
j=1

(uj − ū)2 = 3.886,

Suv =

6∑︂
j=1

(uj − ū)(vj − v̄) = 6.353.

(51)

The least-squares solution (26) then yields

n̂ =
Suv

Suu
= 1.635,

B̂0 = exp
(︁
v̄ − n̂ ū

)︁
= 11.84 µT.

(52)

An exponent of n̂ = 1.635 lies between the single-conductor
(n = 1) and balanced-pair (n = 2) cases of (3), which sug-
gests that the near field is dominated by unbalanced busbar
currents rather than by a pure transformer dipole.

The physics-only model overestimates the field at 0.5 m
(11.84 against 10.05 µT) and underestimates it at 1 m (3.81
against 5.10 µT), because a single power law cannot repre-
sent the asymmetric near field. The hybrid DT corrects these
deviations through the Gaussian process residual (17), giv-
ing 10.49 and 4.56 µT at the same points. Using (42) and
(43), the physics-only model gives MAE = 0.542 µT and
RMSE = 0.900 µT, while the hybrid DT gives MAE =
0.236 µT and RMSE = 0.307 µT. The relative improvement
(46) is

∆RMSE
% =

0.900− 0.307

0.900
× 100% = 65.9%, (53)

Figure 3: Spatial decay of magnetic flux density: baseline
values, physics-only fit (n = 1.635), and hybrid DT estimate
with 95 % confidence band.

and the corresponding MAE improvement is 56.4 %. The
coefficient of determination (45) rises from R2 = 0.937 for
the physics-only model to R2 = 0.993 for the hybrid DT.
The posterior standard deviation from (39) stays between
0.044 and 0.049 µT across the range, so the 95 % interval
(40) has a half-width of

1.96σmax = 1.96× 0.049 = 0.096 µT, (54)

which is below 1 % of the peak field and appears as the nar-
row band in Fig. 3.

C. Spatial Exposure Mapping

Fig. 4 shows the live exposure map produced by the ser-
vice layer. The map applies face-specific amplitudes at
d0 = 0.5m (left 10.05, back 3.5, front 2.5, and right 0.7 µT)
together with the fitted decay exponent n̂ = 1.635 from (52),
over a 12 × 12m grid. The field is strongly asymmetric:
the left face produces the highest values, consistent with a
concentration of primary connections on that side, while the
right face is nearly field-free. The maximum exposure ratio
over the whole map is

ERmax = max
r

B̂(r)

Bref
=

10.05

100
= 0.101. (55)

The map also supports area-based exposure indicators.
With grid cell area ∆A = (12/300)2 = 1.6 × 10−3 m2,
the area in which the field exceeds a level Bc is

A(Bc) = ∆A
∑︂
p

⊮
[︁
B̂(rp) > Bc

]︁
, (56)

where ⊮[·] is the indicator function. This gives A(0.5) =
23.42, A(1) = 12.35, A(2) = 6.36, and A(5) = 2.11m2

outside the enclosure. Inverting (3) gives the distance from
the left face at which the field falls to a level Bc:

d(Bc) = d0

(︄
B

(L)
0

Bc

)︄1/n̂

, (57)
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Figure 4: DT spatial exposure map around the substation
(n̂ = 1.635) with iso-field contours at 0.5, 1, 2, and 5 µT.

so the 5 µT zone extends d(5) = 0.5 (10.05/5)1/1.635 =
0.77m and the 0.5 µT contour closes at d(0.5) = 3.13m.
In practical terms, even the highest-field zone stays an order
of magnitude below the reference level and is confined to a
strip less than 1 m wide along the left face.

D. Load-Growth Forecasting

Fig. 5 projects the peak field forward for annual load-growth
rates of g = 3, 5, and 8 %, starting from B̂max(t) =
10.05 µT. The load-growth margin (10) is

γmax =
100

10.05
− 1 = 8.95, (58)

so the load current could rise by 895 % before the magnetic
limit is reached. The time to reach any threshold αBref fol-
lows from generalising (23):

h(α) =
ln
(︁
αBref/B̂max

)︁
ln(1 + g)

. (59)

For α = 1 and g = 5%, for example,

hlim =
ln(100/10.05)

ln(1.05)
=

2.2976

0.04879
= 47.1 years. (60)

The same calculation gives 77.7 and 29.9 years for g = 3
and 8 %, matching the triangle markers in Fig. 5. Applying
(59) with the caution threshold (α1 = 0.5) and the alarm
threshold (α2 = 0.8) of (21) gives 54.3 and 70.2 years at
3 %, 32.9 and 42.5 years at 5 %, and 20.8 and 27.0 years at
8 %. Even under aggressive 8 % growth, the site would stay
in the Normal state for about two decades. The forecast still
gives planners a concrete date by which shielding or load
redistribution should be reviewed.

E. Twin Fidelity and Drift-Aware Synchronisation

Fig. 6 tracks twin fidelity (9) over 72 h, with a baseline ε0 =
0.20 µT and a degradation rate of ρ = 0.004 µT/h. With

Figure 5: Load-growth forecast of peak magnetic flux den-
sity for g = 3, 5, and 8 % against the caution, alarm, and
ICNIRP limit levels.

Figure 6: Twin fidelity over 72 h with and without drift-
triggered retraining, showing the drift threshold, the baseline
ε0, and nine retraining events.

δth = 30%, the drift criterion (19) triggers retraining at

εth = (1 + δth) ε0 = 1.3× 0.20 = 0.26 µT. (61)

Without noise, fidelity would reach this level after

∆tRT =
δth ε0
ρ

=
0.06

0.004
= 15 h. (62)

In practice, measurement noise causes earlier crossings, and
nine retraining events occur in 72 h, an average interval of
72/9 = 8 h.

Without retraining, the fidelity error grows linearly to

εnoRT(72) = ε0 + ρ× 72

= 0.20 + 0.288 = 0.488 µT,
(63)

whereas the proposed twin remains bounded by εth through-
out. At the end of the window, the worst-case error reduction
is therefore

∆ε =
0.488− 0.26

0.488
× 100% = 46.7%. (64)
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This result shows that the self-evolution mechanism, con-
sistent with continual-learning strategies in hybrid twins
[10, 12], keeps the virtual replica faithful to the physical sub-
station over extended operation.

F. Summary of Findings

Table 3 consolidates the quantitative findings from all five
evaluations.

Taken together, the results show that the hybrid DT esti-
mates the field more accurately than a physics-only model,
produces narrow uncertainty bounds, maps exposure con-
tinuously in space, and anticipates compliance risk decades
ahead, while keeping its own fidelity bounded through drift-
triggered retraining. Across every evaluated scenario, the
exposure ratio remained below 0.11, confirming compli-
ance with the ICNIRP guidelines [9] and demonstrating the
framework’s value as a continuous, predictive alternative to
one-off compliance surveys.

The evaluation has limitations that point to future work.
The accuracy metrics are computed on the six baseline
points used to fit the model, so they reflect in-sample agree-
ment rather than held-out prediction error. The drift sce-
nario assumes a linear degradation rate, and the load-growth
forecast assumes a constant annual growth rate and a fixed
conductor layout. Field deployment at multiple substations,
with independent test measurements and seasonal load data,
is therefore needed to confirm the reported gains under real
operating conditions.

V. Conclusion

This paper has presented a hybrid physics–data digital twin
for real-time EMF exposure monitoring around urban distri-
bution substations. The twin combines a load-scaled power-
law field model with residual learning and Gaussian pro-
cess interpolation, keeps itself synchronised with the physi-
cal substation through Kalman filtering and drift-triggered
retraining, and converts its estimates into exposure maps,
uncertainty-aware compliance alerts, and load-growth fore-
casts.

In a measurement-informed simulation study, the hybrid
twin reduced the RMSE of magnetic flux density estimation
by 65.9 % and the MAE by 56.4 % relative to a physics-only
model, raising R2 from 0.937 to 0.993 with a 95 % confi-
dence half-width of 0.096 µT. The maximum exposure ratio
over the mapped area was 0.101, and the 5 µT zone was con-
fined to a strip of 0.77 m along the highest-field face. The
load-growth analysis showed a margin of 895 % in operating
current, corresponding to 47.1 years of compliance at 5 %
annual growth, while drift-triggered retraining bounded twin
error at 0.26 µT, a 46.7 % improvement over a non-adaptive
twin after 72 h.

These results indicate that digital twins can turn one-off
EMF compliance surveys into continuous, predictive expo-
sure management. Future work will validate the framework
with field measurements at multiple compact and standard
substations, evaluate held-out prediction accuracy across

seasonal load cycles, extend the model to three-dimensional
field mapping around multi-transformer installations, and
integrate the twin with utility asset-management systems for
automated mitigation planning.
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