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Abstract

The conductor temperature of cross-linked polyethylene (XLPE) high-voltage direct-current
(HVDC) cables governs ampacity assessment and insulation life management, yet it cannot
be measured in service, and finite-element simulation is too expensive for real-time use.
This paper presents a physics-informed neural network (PINN) that embeds the transient
heat-conduction equation, a temperature-dependent Joule source, and the boundary and
initial conditions into the training loss of a neural surrogate. Three ingredients adapt the
framework to power cables: a layer-aware material mapping over the eight heterogeneous
cable layers; an electro-thermal coupling through the temperature dependence of the
conductor conductivity, handled during training by a convergent Picard-type evaluation of
the Joule source; and a condition-embedding input treating the load current and ambient
temperature as continuous parameters so that a single network covers the admissible
current-ambient envelope of the studied cable configuration. Validated against finite-
element references under fifteen operating conditions, the model attains a root-mean-square
error of 0.0024 K (mean over five training seeds) on a held-out condition relative to a finite-
element reference whose mesh-discretization error a refinement study bounds at about
0.04 K while reducing the governing-equation residual by approximately 28-fold relative
to an identically sized data-driven network at statistically indistinguishable pointwise
accuracy. The physics prior also renders degradation under training-data reduction more
graceful and improves extrapolation to unseen ambient temperatures, whereas current
extrapolation remains the most challenging transfer. The differentiable surrogate identifies
the load current and the unmeasurable conductor hotspot from ten surface sensors within
seconds, at below 9 ms per 10° queries. A loss-weight sensitivity study and a three-
dimensional cable-end-effect case on a second material configuration are also reported. All
reference data are numerical; experimental cable-loop validation remains for future work.

Keywords: physics-informed neural network; layer-aware modeling; condition embedding;
HVDC cable; XLPE insulation; electro-thermal coupling; temperature field; surrogate
model; inverse problem; digital twin

1. Introduction

High-voltage direct-current (HVDC) cables insulated with cross-linked polyethylene
(XLPE) are widely deployed in long-distance bulk power transmission and offshore wind
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integration. Their transmissible power is bounded by a thermal constraint: the conductor
temperature must remain below the 90 °C limit of XLPE to avoid accelerated insulation
aging [1,2]. Because the conductor is buried beneath multiple insulation and sheath layers,
its temperature cannot be measured directly in service; it must be inferred from models
driven by the load current, the ambient condition, and—at best—temperature readings on
the cable surface.

Two families of models dominate current practice. Analytical thermal-circuit methods
standardized in IEC 60287 [1] are fast but restricted to steady state and simplified geometries.
Finite-element method (FEM) simulation, typically performed in COMSOL Multiphysics
with version 6.2.

Multiphysics, resolves the full transient, multi-layer, electro-thermally coupled prob-
lem with high fidelity [3,4], but a single transient run over a realistic load cycle requires
minutes to hours. This cost hinders the direct use of FEM in real-time tasks of growing
importance in modern grids, such as dynamic cable rating, online hotspot tracking, and
digital-twin state estimation [5]. Data-driven surrogates trained on FEM results offer mil-
lisecond inference and have been applied to cable ampacity and temperature prediction [6].
Beyond feed-forward regressors, Gaussian-process regression and physics-augmented
recurrent networks have likewise been employed for cable thermal prediction [7,8], and,
more broadly, simulation-trained neural surrogates now provide fast field prediction across
transport and continuum-mechanics problems, from hemodynamic wall-shear-stress esti-
mation [9] to label-free temperature-field prediction with physics-informed convolutional
networks [10]. This work belongs to that class of simulation-trained field surrogates; its dis-
tinguishing feature is not the replacement of FEM by a network per se but the combination
of a parametric condition embedding, layer-aware physics residuals, and a differentiable
formulation usable for inverse problems within one surrogate. However, purely data-
driven networks carry no representation of the underlying physics. They interpolate well
inside the training distribution but tend to degrade under sparse data or unseen operating
conditions, and their predictions may deviate from energy conservation—behavior that is
problematic for safety-related thermal assessment.

Physics-informed neural networks (PINNs) [11] combine the two paradigms by pe-
nalizing the residual of the governing partial differential equation (PDE), as evaluated by
automatic differentiation, alongside a conventional data-fitting loss. PINNs have been
applied to heat conduction [12,13], power system dynamics [14,15], thermal modeling of
power equipment [16-18], and inverse thermal problems [19]. Treating problem parameters
as additional network inputs, as done here for the load current and ambient temperature, is,
itself, an established idea: it underlies operator-learning frameworks such as DeepONet [20]
and the Fourier neural operator [21] and has been used for parameterized PDEs within the
PINN literature. The present condition embedding is therefore deliberately lightweight; the
claimed contribution is its combination with the layer-aware residual and the temperature-
dependent Joule source in a single differentiable surrogate whose condition inputs also
serve gradient-based inverse identification. Nevertheless, three obstacles complicate their
direct application to HVDC cables. First, the cable cross-section comprises eight material
layers whose thermal conductivities span three orders of magnitude (0.30-400 Wm ™! K1),
producing steep interface gradients that can destabilize vanilla PINNs. Second, the heat
source is not prescribed: Joule heating depends on the conductor conductivity, which, itself,
depends on temperature, creating a two-way electro-thermal coupling. Third, engineering
use favors a single surrogate valid over the continuous range of admissible load currents
and ambient temperatures rather than a network retrained per condition.

This paper addresses these three aspects and makes the following contributions:
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1.  Alayer-aware PINN formulation in which the eight-layer cable geometry is encoded
as a radial look-up map supplying the local density, specific heat, and thermal con-
ductivity to the PDE residual at arbitrary collocation points, avoiding both domain-
decomposition overhead and trainable material parameters;

2. An electro-thermal coupling with a convergent Picard treatment: The Joule source
embeds the temperature coefficient of the copper conductivity and is evaluated during
training at the lagged temperature iterate in a Picard (operator-splitting) manner; the
training fixed point satisfies the fully coupled equation, and the contraction constant
of the underlying iteration is far below unity for the studied cable;

3. A condition-embedding input layer that augments the spatio-temporal coordinates
with the load current and ambient temperature as continuous problem parameters,
enabling one network to interpolate and extrapolate across the operating envelope
and to address inverse problems by gradient descent over the condition variables;

4. A systematic four-axis evaluation—accuracy, physics consistency, data efficiency, and
generalization—against a purely data-driven and a purely physics-driven ablation of
an identical architecture, together with inverse-problem, robustness, and runtime stud-
ies; a one-decade sensitivity study of the four loss weights; and a three-dimensional
cable-end-effect case on a second material configuration over an extended operating
envelope, which clarifies where the physics prior is beneficial.

The remainder of the paper is organized as follows. Section 2 formulates the parametric
coupled problem. Section 3 details the proposed PINN architecture, the composite loss,
and the training algorithm. Section 4 presents the numerical studies—the reference dataset,
ablation baselines, evaluation protocol, and results—and Section 5 draws conclusions and
discusses limitations.

2. Problem Formulation
2.1. Cable Geometry and Materials

A typical XLPE HVDC cable is composed, from the center outward, of the following
structural elements (Figure 1): the current-carrying conductor; an inner semi-conductive
layer (conductor screen) that smooths the electric field at the conductor surface; the XLPE
insulation withstanding the operating voltage; an outer semi-conductive layer (insulation
screen) grading the field at the insulation boundary; a metallic screen providing the fault-
current return path and a radial moisture barrier; an inner sheath and an armor layer for
mechanical protection, present depending on the installation environment; and a polymeric
outer sheath. Each element occupies an annular region with distinct electrical and thermal
properties, so the XLPE HVDC cable constitutes a radially layered heterogeneous medium—
the feature that dominates its temperature field and must be preserved by any credible
thermal model.

For numerical modeling, this layered construction is idealized as a set of concentric,
homogeneous annular layers, each carrying constant material properties. The studied
single-core XLPE HVDC land cable maps onto eight such layers, indexed as ¢ € {0,...,7}
from the conductor outward; Table 1 summarizes the correspondence, together with the
radial ranges. Most structural elements translate one to one: the inner and outer semi-
conductive layers become the conductor screen (¢ = 1) and the insulation screen (¢ = 3),
respectively. Two deviations from the generic schematic deserve mention. First, the
metallic-screen function is realized jointly by two model layers—a semi-conductive water-
blocking buffer (¢ = 4) and an extruded aluminum sheath (¢ = 5)—with the sheath acting
simultaneously as the screen, fault-current return path, and radial moisture barrier. Second,
being a land design, the cable carries no separate inner sheath or steel-wire armor—layers
typical of submarine installations; mechanical protection is provided by the polymeric
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outer sheath (¢ = 6) alone, and a thin outer semi-conductive coating (¢ = 7) is added on
top of it for after-installation sheath-integrity testing. Under this idealization, the material
fields are piecewise constant and fully determined by the layer-index map, i.e.,

Uxy) =min{i | /2 +12 <71}, p(X) = 0gny) 0(X) = Coayy k(%) = Kyay), )

where x and y are Cartesian coordinates in the cable cross-section with origin on the cable
axis; r; denotes the outer radius of layer i; x = (x,y,z) is the spatial position, with z
representing the axial coordinate along the cable; and p, c, and k are the density, specific
heat, and thermal conductivity, respectively, with p, ¢, and k; denoting their constant
values in layer ¢. Equation (1) can be evaluated analytically at any point, so the local
material properties are available in closed form throughout the cross-section.

0: conductor 7: outer semi-conductive
r=0.00 - 11.65 mm r=47.40 - 47.90 mm

6: outer sheath
r=43.40 - 47.40 mm

1: conductor screen
r=11.65 - 14.95 mm

2: XLPE insulation
r=14.95 - 30.45 mm

5: aluminum sheath
r=37.45 - 43.40 mm

metallic
screen

3: insulation screen 4: water-blocking buffer
r = 30.45 - 31.45 mm r=31.45 - 37.45 mm

no separate inner sheath or steel-wire armor in this single-core land design

-100 =50 0 50 100
x (mm)

Figure 1. Cross-section of the studied XLPE HVDC cable: the eight model layers with their radial
ranges, labeled as in Table 1.

Table 1. Correspondence between the generic cable structure of Figure 1 and the eight-layer model.

Generic Structural Element

Model Layer (¢) Radial Range (mm) Equivalence in the Studied Cable

Conductor 0 0-11.65 Stranded copper conductor, opy = 5.8 X 107 Sm™!
Inner semi-conductive layer 1 11.65-14.95 Conductor screen (identical)

XLPE insulation 2 14.95-30.45 Identical

Outer semi-conductive layer 3 30.45-31.45 Insulation screen (identical)

Semi-conductive water-blocking buffer
(31.45-37.45 mm) plus extruded aluminum sheath

Metallic screen 45 31.45-43.40 (37.45-43.40 mm) acting as screen and radial
moisture barrier
Not present in the single-core land design; mechanical
Inner sheath/armor o o protection provided by the outer sheath
Outer sheath 6 43.40-47.40 Polymeric outer sheath (identical)
. 7 47 40-47 90 Thin outer semi-conductive coating for sheath-integrity

testing; not part of the generic schematic

With the model structure fixed, the remaining ingredients are the dimensions and
material constants of the specific XLPE HVDC cable investigated here. The cable has a
length of L = 9.0 m and an outer radius of Rpmax = 47.90 mm; the conductor radius of
ro = 11.65 mm gives the conductor a cross-sectional area of Ac = 7113 ~ 4.265 x 104 m>.
Table 2 lists, for each layer, the density (py), specific heat (c;), and thermal conductivity (ky);
the thermal conductivities span three orders of magnitude, from 0.30 Wm~! K~! in the

XLPE insulation to 400 Wm~! K~ in the copper conductor.
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Table 2. Geometry and material properties of the eight cable layers.
£ Layer Outer Radius (mm) pe (kgm™3) ce Jkg7IK™1) Kk, Wm— 1K)
0 Conductor (Cu) 11.65 8960 385 400.0
1 Conductor screen 14.95 1000 2000 0.32
2 XLPE insulation 30.45 930 2200 0.30
3 Insulation screen 31.45 1000 1800 0.40
4 Water-blocking buffer 37.45 1050 1900 0.45
5 Aluminum sheath 43.40 2700 900 205.0
6 Outer sheath 47.40 1000 2000 0.32
7 Outer semi-conductive coating 47.90 1000 1900 0.32

2.2. Governing Equation and Electro-Thermal Coupling
Within the layered medium defined by the index map (1), the temperature field (T (x, t))
of the XLPE HVDC cable (x € (2), obeys the transient heat-conduction equation, i.e.,

p(x)e(®) O = V- [k(x)VT] + Q. T, 1), @)

where T is the temperature, t is the time, QO C R3 is the cylindrical domain occupied by
the XLPE HVDC cable, V is the spatial gradient operator, Q is the volumetric heat-source
density, and I is the load current; the material fields take the layer values (py, ¢, ky) of
Table 2. Since these values are constant within each annulus, Equation (2) reduces inside
layer  to the constant-coefficient form of p,c, 9T /ot = k; VT + Q, with V? representing
the Laplace operator, and the eight layers are coupled through the seven internal interfaces,
where the temperature and the normal heat flux are continuous: [T] = 0 and [kdT /dr] = 0,
with [-] denoting the jump of the enclosed quantity across an interface and r = \/x2 + 2
representing the radial coordinate. Because k jumps by up to three orders of magnitude
across an interface, the flux condition forces a corresponding jump in the radial temperature
gradient. The field therefore inherits the layered character of the construction: the metallic
layers (¢ = 0 and ¢ = 5) are nearly isothermal, while the polymeric layers—above all the
XLPE insulation—sustain almost the entire radial temperature drop. The layer structure
equally governs the transient response. The thermal diffusivities (¢ = k;/(psc;)—not to
be confused with the temperature coefficient (xc) of the copper conductivity introduced in
Equation (3))) range from 1.2 x 107* m? s~ !in the copper conductor to 1.5 x 1077 m?s lin
the XLPE insulation, so the conductor equilibrates internally within seconds, whereas heat
storage and release in the polymeric annuli set the time scale on which the XLPE HVDC
cable, as a whole, approaches a steady state.

The heat source is tied to the same layer structure: Joule dissipation occurs exclusively
in the conductor layer (¢ = 0). For DC operation, the current density (J) is uniform over the
conductor cross-section, i.e., |J| = I/ A, and the volumetric source selected by the layer

map is

——, l(x,y) =0,
Q(x, T, 1) = A20(T) (x:) o(T) = 1+ ,XCHOF’?’ — Tref)’ ®)

0, otherwise,

where ¢ (T) is the electrical conductivity of the copper conductor, c9 = 5.8 x 107 Sm™!
is its value at the reference temperature of Tt = 293.15 K, and ac, = 3.93 x 1073 K~!
is the temperature coefficient of copper. All heat generated in the innermost layer must
traverse the seven outer annuli—dominated by the high-thermal-resistance polymeric
layers—before reaching the environment, so the layered construction fixes the thermal
path from the source to the environment. The temperature dependence of ¢ closes an
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electro-thermal feedback loop confined to the conductor: a temperature rise lowers the
conductivity, raises the losses, and further increases the temperature, rendering Equation (2)
nonlinear in layer ¢ = 0. At the level of the problem formulation, this two-way coupling
is contained in the governing equation itself: because the DC current density is uniform
over the conductor cross-section, no separate electromagnetic field problem arises, and
Equations (2) and (3) constitute a single nonlinear initial-boundary-value problem in the
temperature field alone.

2.3. Boundary and Initial Conditions

The lateral surface of the XLPE HVDC cable exchanges heat with the environment by
convection (Robin condition), i.e.,

oT

oT x0T yoT
—ky — — el
on

== Tame) 5= ot gy

7=Rmax

(4)

where 0T /0dn is the derivative of the temperature along the outward unit normal (n) of
the lateral surface; k7 is the thermal conductivity of the outermost layer (¢ = 7); h is the
convective heat-transfer coefficient, equal to 5.6 Wm~2 K~! and uniform over the lateral
surface in the baseline configuration; and T, is the ambient temperature.

Two end conditions are considered at the faces expressed as z = 0 and z = L. In the
baseline configuration, the end faces are adiabatic, i.e., 0T /0dz = 0; because the source (3),
the lateral condition (4), and the initial state are all independent of z, the solution is axially
uniform, and the three-dimensional problem is formally equivalent to a two-dimensional
cross-sectional problem. The formulation equally admits an axially and layerwise hetero-
geneous cooling, in which the convective coefficient of the lateral surface varies along the
cable, while the end faces are adiabatic over the conductor, as well as its screen and con-
vective, with layer-dependent coefficients over the outer annuli—a model of end sections
and terminations exposed to a better-ventilated environment. The axial gradients that
this produces make the problem genuinely three-dimensional; the coefficient values are
operating specifications and are therefore not fixed at the level of the formulation. The
XLPE HVDC cable starts from thermal equilibrium, i.e.,

T(xr 0) = Lamb~ VxeQ. (5)

2.4. Parametric Problem Statement

The load current (I) and ambient temperature (T,,},) are not fixed constants but
operating parameters that vary continuously during the actual operation of the XLPE
HVDC cable. They are therefore treated as coordinates of a parametric family of initial-
boundary-value problems: for every pair (I, T,,) in the admissible operating envelope,

€= [0, Imax| % [Toms Tamib) (6)
where [,y is the maximum admissible load current and T;‘r‘nhg and Tg;‘g bound the admissi-
ble ambient temperature. Equations (2)—(5) define a unique temperature field for the XLPE
HVDC cable. Thus, the modeling task addressed in this work is the approximation, by a
single neural surrogate, of the parametric solution operator, i.e.,

(x/ t, 1, Tamb) — T(xr t; 1, Tamb)/ (x,t) €O x [Or tmax]r (I, Tamb) eg, (7)

where tmax denotes the time horizon of interest rather than the solution of one instance
of the problem. For the XLPE HVDC cable considered here, the envelope bounds are
Imax = 200 A, TRR — 15 °C, TM = 25 °C, and fmax = 3.6 x 10%s.

amb
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3. Proposed PINN for Temperature-Field Modeling of XLPE
HVDC Cables

3.1. Overall Framework

The proposed method approximates the parametric solution operator (7) of the XLPE
HVDC cable temperature field as a single neural surrogate trained under two comple-
mentary supervision signals. The framework consists of three components arranged in
a forward-backward loop. (i) A condition-embedding neural network maps the normal-
ized spatio-temporal coordinates and operating parameters (x, t, I, Tymp) to a temperature
prediction (Tp) through a physics-based output parametrization so that one set of weights
(9) represents the temperature field of the XLPE HVDC cable over the entire operating
envelope (£). (ii) A layer-aware physics module evaluates how well (Ty) satisfies the
governing equations: it differentiates the network exactly by automatic differentiation,
retrieves the local material properties of the eight cable layers through the layer-index
map (1), assembles the Joule source (3), and returns the residuals of the heat-conduction
equation (2), the convective boundary condition (4), and the initial condition (5). (iii) A
composite loss combines these physics residuals, evaluated on randomly resampled col-
location points, with a data-fitting term on finite-element reference samples; its gradient
drives the update of 6. The data term anchors the prediction to the reference solution
under the sampled conditions, while the physics term constrains the network on the whole
continuous domain—including conditions and regions for which no reference data exist.
Figure 2 depicts the three components and the forward-backward loop that connects them.
In what follows, each component of the proposed PINN is detailed in turn.

(a) Condition-embedding network

Inputs Normalization FCnetwork fo | |Output parametrization Prediction
(X, ¥, 2t 1, Tamb) Equation (8) smooth activation Equation (9) - i

7 |

(b) Physics supervision and data supervision l
o Layer-aware physics module
2 Collocation . . FEM reference data D ‘
§ sampling — autodiff: aTg/at, V2T COMSOL solutions Tho
3

QX [0, tmax] X & layer map £(x, y)=(pz, €1, ki); Joule Q (detached) of Equations (2)-(6)
residuals Rppg, Rec, Ric, Equations (10)-(12) J

Rpoe, Rec, Ric TFEM
(c) Composite loss and optimization

‘ Composite loss, Equation (13): £ =AqLdata + ApLepe + AbLec + Ailic

v

1 e e { Backpropagation Vs£ - gradient clipping - Adam update of 8

Figure 2. Overall architecture of the proposed PINN framework for XLPE HVDC cable tempera-
ture field modeling: (a) condition-embedding network with physics-based output parametrization;
(b) layer-aware physics module evaluating the PDE, boundary, and initial residuals on resampled
collocation points, alongside the FEM reference data; (c) composite loss and Adam update of the
network parameters (6), with the dashed feedback path closing the forward-backward training loop.

3.2. Network Architecture and Physics-Based Output Parametrization

The first component is a fully connected network (fy) that maps the normalized
six-dimensional input, i.e.,

u:(x vy oz ot I W) ®)

Rmax 4 Rmax 4 L 4 tmax 4 Imax 4

https:/ /doi.org/10.3390/en19163788
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to a scalar, where ©® = T;fl))( —273.15K is the normalization scale of the ambient temperature
and the remaining scales are the geometric and operational bounds (Rmax, L, fmax, and Imax).
The depth and width of fy are design hyperparameters; its activation functions, however,
must be smooth, because the physics module differentiates the network twice with respect
to its inputs. Including I and T, as continuous inputs (condition embedding) makes
the network an approximation of the parametric solution operator (7) rather than of a
single solution instance: one set of weights represents the XLPE HVDC cable’s temperature
field for every condition in &, and the prediction is differentiable with respect to the
operating conditions, which additionally enables gradient-based identification of unknown
conditions from temperature measurements.

Rather than emitting the absolute temperature, the network predicts a normalized
temperature rise that is reassembled as

TG (x/ t1, Tamb) = lamb +f9 (u) ATmax (fZ =+ E)/ i =L (9)

Imax 4

where ATnax is a preset upper bound of the attainable temperature rise of the XLPE HVDC
cable and ¢ is a small relaxation constant. This parametrization (i) anchors the prediction at
Tampb for zero current up to the small relaxation (¢), consistent with the unloaded steady
state and the initial condition; (ii) injects the quadratic current dependence of Joule heating
as an inductive bias; and (iii) shifts the learning target from the absolute temperature,
whose numerical range on the kelvin scale is far from the origin and weakly sensitive
to the load-induced rise, to a bounded normalized rise, which accelerates convergence.
The quadratic factor deserves a qualification: the proportionality of the temperature rise
to I? is exact only at DC steady state, whereas the transient response also involves the
heat capacities (pycy) and the diffusion time scales. The factor is therefore an inductive
prior rather than a hard constraint—the network fy, itself, receives [ as an input and can
represent departures from the quadratic law during the transient—so the parametrization
biases but does not restrict the attainable solution family.

3.3. Layer-Aware PDE Residual via Automatic Differentiation

The second component translates the layered physics of the XLPE HVDC cable into
differentiable training signals. All derivatives in Equations (2)—(4) are evaluated by auto-
1 2 _p-2 32

dx, and 9y = R 3,9%,

matic differentiation of Ty, with the chain-rule rescaling of 9, = R} max

implied by the normalization (8), where x, denotes the normalized counterpart of the x
coordinate. At an arbitrary collocation point, the residual of the governing equation reads

n 27 24 27
Reoellil = prec G~k (52 + 52+ 5) —QwhoD), 0
where (py, ¢y, ky) are obtained from the look-up map (1), so the residual automatically
carries the correct material properties of whichever of the eight cable layers contains the
collocation point. The material parameters are frozen physical constants, not trainable
quantities; the network learns only the temperature field, which avoids data—physics
conflicts and ensures that the residual is evaluated with respect to the stated governing
equation of the XLPE HVDC cable.

Inside the Joule source, the temperature argument is detached from the computation
graph: at optimization step k, the source is evaluated as Q(x, Ty, , I), with Tp,_treated as a
constant, so the electro-thermal nonlinearity is handled by a Picard-type (operator-splitting)
iteration interleaved with the optimizer updates rather than by simultaneous differentiation
through the source. Three properties delimit the consequences of this choice. First, the
detachment alters gradients only, never values: at any parameter vector (0), the residual (10)

https://doi.org/10.3390/en19163788
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coincides with the residual of the fully coupled equation because the source is evaluated
at the network’s own prediction; all residual metrics reported in this work therefore refer
to the fully coupled Equation (2). Second, the gradient contribution suppressed by the

detachment, i.e.,
2 Reoe Q¢ g
Ny 5 (pece)? 9Ty '

with A, representing the weight of the physics loss and P denoting the set of N, interior

collocation points, is proportional to the residual itself and vanishes together with it; thus,
any parameter vector at which the fully coupled residual vanishes is also a stationary point
of the detached physics loss, so the lagged scheme and the fully coupled formulation share
their zero-residual fixed points. Third, the iteration is strongly contractive: the source (3)
is affine in temperature, i.e., Q = (I2/(A202)) (1 + acu(T — Tret) ), and the loop gain of
the electro-thermal feedback evaluates to acy ATyise, Where ATyise denotes the steady-state
conductor temperature rise, which bounds the transient rise from above. Over the operating
envelope of the baseline configuration (Section 2.4; ATyige S 2 K), the gain is below 1072,
and it remains below 0.3, even at the XLPE thermal limit, so the lagged evaluation converges
geometrically to the self-consistent solution of the fully coupled problem. Boundary and
initial residuals follow directly from Equations (4) and (5):

Rec = —M(ﬁaxﬁ) + ﬁaﬂm@) - h(TG - Tamb)' (11)
RIC = T(—) (X, 0,1, Tamb) — Tamb- (12)

3.4. Composite Loss and Training Algorithm

The third component assembles the supervision signals into a single objective. Let
D = {(xi, ti, i) Tamb,i, TF EM)}fi’l be the Nj finite-element reference samples of the XLPE
HVDC cable’s temperature field, where TF™M is the reference temperature at the i-th
sample, and let P, 3, Ty denote sets of N, N, and N; collocation points drawn uniformly
at random—at every optimization step—from the cable interior (QQ), its lateral surface,
and the t = 0 slice, respectively, with condition coordinates (I, T,,,) sampled from the

continuous envelope (€). The training objective is

1 A 2 1 RPDE 2 1 1
L£0)=A; — Y (Tp — TFEMY A, — +Ay —= Y Ri-+A — Y RZ, 13
() de‘;—’(e ) pr;(ngg) hNbcglz_’ BC lNi;O IC ( )
— —
Ldata LppE Lgc Lyc

where the four terms quantify the fidelity to the reference data and the violation of the three
physical constraints of the XLPE HVDC cable temperature field: £g,, is the mean-squared
deviation of the prediction (Ty) from the FEM reference temperatures over D, anchoring
the surrogate to the reference solution; Lppg is the mean-squared, p;c,-normalized resid-
ual (10) of the heat-conduction Equation (2) over the interior collocation set (P), penalizing
departures of the prediction from the governing equation inside the cable; Lpc is the
mean-squared residual (11) of the convective boundary condition (4) over the surface set
(B), enforcing the heat exchange with the environment; and Lic is the mean-squared resid-
ual (12) of the initial condition (5) over the set (7p), enforcing the thermal-equilibrium start
att = 0. The scalar weights (A4, Aj, Ay, and A;) balance the four terms and are treated as
tunable hyperparameters, with subscripts d, p, b, and i denoting the data, PDE, boundary,
and initial contributions throughout, with the same convention for the batch sizes (N, Np,
Ny, and N;); division by pc, rescales the PDE residual to a temperature rate across layers
whose volumetric heat capacities differ between materials; and C, is a scaling constant that
brings the heat-flux units of the boundary term to the same order as the remaining terms.
The four terms carry different physical units—K? for L., and Lic, (Ks™1)? for Lppg, and
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dimensionless for Lpc after division by C;—so the weights are understood to carry the
reciprocal units required to render £ homogeneous; their numerical values reported below
refer to this convention. The constant of C, = 10> W m™2 carries the units of a heat flux; its
magnitude is set by the characteristic boundary flux (h ATmax & 5.6 X 102 W m’z), rounded
to the nearest decade. The weights ((A4, Ap, Ap, A;) = (1,0.05,1,1)) were tuned manually,
guided by the validation accuracy and the magnitude of the sampled residual rather than
by an automated search; systematic alternatives such as neural-tangent-kernel-based bal-
ancing and self-adaptive weighting [22,23] were not employed here and remain compatible
drop-in refinements.

The two supervision signals play complementary roles in this objective. The data
term acts only under the discrete conditions and at locations where reference samples
exist, whereas the physics terms act on the entire continuous domain (Q x [0, fmax] % &)
of the XLPE HVDC cable. Moreover, because the collocation sets are resampled at every
step, the physics constraints are enforced on a continually refreshed set of points covering,
in particular, conditions and regions for which no reference data are available—thereby
supplying physical supervision precisely where labeled data are absent.

The objective (13) is minimized by a stochastic gradient-based optimizer (Adam in
this work): each step propagates a mini-batch of reference samples and freshly sampled
collocation points through the network, evaluates the four loss terms with the layer-aware
physics module, and updates 0 by backpropagation, with standard stabilization measures
such as learning-rate decay and gradient-norm clipping. Algorithm 1 summarizes the
complete procedure, which realizes the forward-backward loop of the overall framework.

Algorithm 1 PINN training for XLPE HVDC cable temperature-field modeling

Require: FEM dataset D; operating envelope &; layer map ¢(x,y) and material table
(pe,co,kp); loss weights (A4, Ap, Ay, A;); number of epochs NE; batch sizes |B,|, Np, Ny,
N;
Ensure: Trained network parameters 6*

1: Initialize 6; initialize the optimizer with learning rate 7o

2: for epoch =1 to Ng do

3 for each mini-batch B; C D do

4: Evaluate Ty on B, via Equations (8) and (9); form Lgata

5 Sample N, collocation points in Q) x [0, fmax] X £

6 Compute 9Ty /9t and V2T, by automatic differentiation

7 Look up (py, ¢y, k¢) via Equation (1); evaluate Q via Equation (3) at the lagged

iterate Ty (detached; Picard step)

8: Form Rppg via Equation (10); form Lppg
9: Sample N, boundary and N; initial points; form Rpc, Ric via Equations (11)
and (12); form Lgc, Lic
10: L < AgLgata + ApLrpE + ApLBc + AiLlic
11: Backpropagate Vo L; clip the gradient norm; update 6 with the optimizer
12: end for
13: Adjust the learning rate according to the chosen decay schedule
14: end for

15: return 0* = 0

4. Numerical Studies

This section reports the numerical studies of the proposed PINN framework for XLPE
HVDC cable temperature-field modeling: the reference dataset, the ablation baselines, and
the evaluation protocol are described first, followed by the results.
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4.1. Reference Dataset and Validation Conditions

To generate reference data and assess the surrogate, fifteen discrete operating conditions
were selected from the envelope (£) by combining five load currents (I € {0,50,100, 150,200} A)
with three ambient temperatures (T, € {15,20,25} °C). These conditions serve exclu-
sively for model training supervision and performance verification; the surrogate itself is
defined over the continuous envelope (£).

Reference solutions were computed in COMSOL Multiphysics 6.2 (build 6.2.0.290)
for each of the fifteen conditions by solving Equations (2)—(5) on the three-dimensional,
eight-layer geometry, with the Joule source supplied by a stationary electric-current in-
terface, equivalent to Equation (3) for the axially uniform DC conductor. The domain is
discretized by prismatic elements obtained by sweeping a free triangular source-face mesh
that conforms to the layer interfaces; the per-layer size settings grade from extremely coarse
in the conductor, the XLPE insulation, and the water-blocking buffer, through extra coarse
in the aluminum and outer sheaths, to finer in the two thinnest annuli (insulation screen
and outer coating) and extra fine in the conductor screen, with the azimuthal resolution
determined automatically by the source-face triangulation. The sweep uses a uniform axial
distribution, yielding 30 node stations. The temperature field is discretized with linear
Lagrange elements and the electric-current interface with quadratic elements; the exported
node set comprises 66 cross-sectional nodes at 30 axial stations, corresponding to 1980
mesh nodes in total. The time-dependent solver uses tolerance-based termination (at most,
10 nonlinear iterations and tolerance factor of 1). Each simulation covers 0 < t < 600 min
sampled at 1 min intervals (601 instants including t = 0), and temperatures were exported
at all mesh nodes, yielding 1.78 x 107 space-time samples over the fifteen conditions. For
training, the time axis was subsampled by a factor of 10 (61 instants per condition), while all
mesh nodes were retained at full spatial resolution; excluding the condition (20 °C, 100 A)
held out for testing, yielding 1.69 x 10° training samples over the remaining fourteen
conditions. All reported test errors are computed at the original 1 min temporal resolution.

To quantify the discretization uncertainty of this reference, a mesh-refinement study
was performed under the held-out condition (20 °C, 100 A): the per-layer element sizes
of the cross sectional source-face mesh were reduced in two stages—first, by one pre-
defined size level per layer, then to one quarter of the baseline values via custom size
settings—raising the cross-sectional resolution from 66 to 282 and 1442 nodes per section,
with the axial sweep, element orders, and solver settings retained; the refined solutions
were evaluated at the 1980 baseline export nodes at all 601 instants. The finest reference
differs from the baseline by, at most, 0.040 K (RMS 0.012 K); the difference grows mono-
tonically toward steady state and concentrates in the conductor and its screen, where it
amounts to a nearly uniform offset of the conductor plateau. Between the two refinement
stages, these figures change by only a few millikelvin (0.038 versus 0.040 K in the maximum
and 0.011 versus 0.012 K in the RMS), and the refinement drives the mesh volume of the
discretized cylinder from 5.84 x 107 through 6.41 x 107 to 6.49 x 10 mm?, against the
exact value of TR2 L = 6.49 x 107 mm?3; the 10% volume deficit of the baseline mesh
corresponds to the coarse azimuthal resolution of its source-face triangulation noted in
Section 4.4. The discretization error of the baseline reference is therefore about 0.04 K. This
uncertainty exceeds the surrogate-to-reference errors reported below: those errors quantify
the fidelity of the surrogate to the discrete reference on which it is trained and evaluated,
while its accuracy with respect to the mesh-converged temperature field is bounded by
the reference uncertainty of about 0.04 K—well within engineering requirements for cable
thermal assessment.
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4.2. Ablation Baselines

To isolate the contribution of each supervision signal to XLPE HVDC cable temperature-
field modeling, all subsequent experiments compare three models that share the identical
architecture, data, and optimizer of Algorithm 1 and differ only in the loss weights of
Equation (13): MLP sets A, = A, = A; = 0 (data-supervised only), PINN-phys sets
A4 = 0 (purely physics-driven, no FEM supervision), and the full model is denoted as
PINN-full. Restricting the comparison to loss-weight switches removes architecture ca-
pacity as a confounder, so any performance difference is attributable to the supervision
signals themselves.

One qualification applies to the terminology used below: because the three mod-
els share one architecture, the MLP baseline also retains the physics-based output
parametrization (9), including its I? factor and its anchoring at Ty, It is therefore free of
physics losses rather than free of physical structure, and the label of “purely data-driven”
used for brevity in what follows should be read in that restricted sense.

4.3. Evaluation Protocol

Four complementary axes are evaluated for XLPE HVDC cable temperature-field
modeling: (i) accuracy on a held-out condition (20 °C, 100 A) excluded from training, using
MAE, RMSE, maximum error, and the conductor-hotspot error; (ii) physics consistency,
the root-mean-square of the p,c,-normalized residual (10) over 10* random collocation
points, together with a convergence diagnostic of the electro-thermal Picard iteration
recorded during training; (iii) data efficiency, test RMSE when the training set is sub-
sampled to {100, 50, 25,10, 5}%; and (iv) generalization, with current interpolation (train
I € {0,50,150,200} A, test 100 A), current extrapolation (train I < 100 A, test {150,200} A),
and ambient-temperature extrapolation (train {15,20} °C, test 25 °C).

Inference latency is measured on batches of 10° queries with device synchronization,
and inverse-problem accuracy is assessed by recovering the load current and the conductor
hotspot from sparse virtual sensors. The implementation instantiates the general framework
as follows: five hidden layers of 128 neurons with tanh activation; output-parametrization
constants of ATmax = 100 K and ¢ = 107%; loss weights of (Ag,Ap, Ap, Ai) = (1,0.05,1,1)
with C, = 10> Wm™2; and Adam with an initial learning rate of 10~3, a decay factor of
0.7 every 500 epochs, gradient-norm clipping at 1, data mini-batches of 4096 samples, and
Np = 1024, N, = N; = 256 collocation points per step. Full-budget trainings run for
1000 epochs; the data-efficiency and generalization experiments use an identical, reduced
budget of 500 epochs per retraining. The accuracy and physics-consistency metrics, the
inverse-problem results and the robustness study are reported as mean + one standard
deviation over five random training seeds; the remaining experiments use a single fixed
seed. Unless noted otherwise, all neural-network training and inference were performed on
a single Apple M3 Max system on chip with 128 GB of unified memory, through the Metal
Performance Shaders backend of PyTorch 2.1.3; all reported training times and inference
latencies refer to this hardware. The finite-element reference solutions were computed in
COMSOL Multiphysics 6.2 on an Intel Core i7-10700 CPU (2.90 GHz, 8 physical cores, 16 GB
RAM). The data-efficiency and condition-transfer studies use a further reduced training
set—a spatially and temporally subsampled set of about 4.6 x 10° samples, roughly a
quarter of the full-resolution set used for Table 3—together with the reduced budget stated
above; both models share that configuration and are compared within it, so the reported
comparisons and trends are unaffected by this difference. All reported surrogate errors are
defined with respect to the reference solution at the stated discretization.
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4.4. Predictive Accuracy

Table 3 summarizes the errors on the held-out condition after 1000 training epochs.
PINN-full attains an MAE of 0.0018 + 0.0004 K, an RMSE of 0.0024 + 0.0004 K, and a
maximum pointwise error of 0.0138 £ 0.0011 K; the corresponding relative L, error, re-
ferred to the absolute temperature field, is 8.2 x 107, which places the prediction well
within typical engineering requirements for XLPE HVDC cable temperature-field modeling.
The purely data-driven MLP attains a statistically indistinguishable accuracy (RMSE of
0.0023 4 0.0001 K and maximum error of 0.0135 + 0.0009 K): the difference in mean RMSE
values is below 2 x 10~* K before rounding, i.e., smaller than the seed-induced standard
deviation of either model. PINN-phys, trained without any FEM sample, still recovers
the field to an RMSE of 0.221 K, with a maximum error of 0.425 K, indicating that the
embedded physics alone constrain the solution to within a few tenths of a kelvin.

Table 3. Accuracy under the held-out condition (20 °C, 100 A) and physics-consistency metrics. The
PDE residual is the RMS of Equation (10) normalized by p,c; and therefore carries the units of a
temperature rate. Errors and residuals for PINN-full and MLP are mean + one standard deviation
over five random seeds; PINN-phys is trained once, and the spread quoted for its inference latency is
the dispersion of repeated timing runs of that single model rather than a seed spread. Training times
and inference latencies refer to the Apple M3 Max hardware. The training time of PINN-phys is not
reported: that run shared the machine with a concurrent training workload, so its wall-clock time is
not comparable.

. 1 .. . Inference
Model MAE (K) RMSE (K) Max Error (K) PDE Residual (Ks™')  Training Time (h) (ms/105 pts)
PINN-full 0.0018 + 0.0004 0.0024 + 0.0004 0.0138 £+ 0.0011 (79+1.9) x 1073 10.8 +0.2 8.44 +0.23
MLP 0.0017 + 0.0002 0.0023 + 0.0001 0.0135 + 0.0009 (2.2440.30) x 107! 92409 8.62 +0.25
PINN-phys 0.189 0.221 0.425 1.09 x 1074 — 8.56 +0.32

Beyond the scalar metrics, Figure 3 visualizes the predicted temperature field of the
XLPE HVDC cable over the cross-section under a representative condition (I = 150 A,
Tamp = 20 °C). The sequence reproduces the qualitative behavior established by the
governing equations: the field starts uniform at the ambient temperature, heat accumulates
in and around the conductor as Joule dissipation sets in, the isotherms organize into
concentric rings following the layer interfaces, and the field approaches steady state on
the slow time scale set by heat storage in the polymeric annuli—the snapshots at 300 and
600 min are nearly indistinguishable, with a final conductor temperature rise of about 1K,
consistent with the moderate load level. A single forward pass of the surrogate yields each
of these full-field snapshots, which is the basis of the field-level monitoring envisaged for
digital-twin use.

A quantitative cut through these fields is given in Figure 4, which compares predicted
and reference radial profiles under the same condition. The prediction reproduces the
layered character of the field: the nearly isothermal conductor plateau enforced by the
high copper conductivity, the steep gradient across the conductor screen and the XLPE
insulation, and the flattening toward the outer layers. The transient behavior is equally
captured—the profiles rise progressively from the ambient start and approach steady state
between 300 and 600 min. Small deviations below 0.1 K are visible during the early transient
(t < 60 min), where the reference profiles exhibit a slight non-monotonic bump inside the
conductor that the surrogate smooths out; these deviations decay as the field approaches
steady state.
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Figure 3. Predicted temperature field of the XLPE HVDC cable over the cross-section at z = 4.5 m for
I =150 A and T, = 20 °C, at six instants (f = 0, 5, 15, 60, 300, and 600 min). White circles mark the
layer interfaces.
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Figure 4. Radial temperature profiles at z = 4.5 m for I = 150 A and Ty, = 20 °C: (a) PINN-full
prediction and (b) FEM reference at the same successive instants, with matching colors across the
two panels (legend in panel (a)). Vertical dotted lines mark layer interfaces.

Finally, Figure 5 localizes the prediction error in space by mapping the absolute
deviation (| Ty — TFEM|) over the cross-section at t = 60 min, the most demanding instant of
the early transient identified above; since this map refers to the higher-load representative
condition rather than the held-out condition, its local deviations exceed the tabulated
metrics of Table 3. Even at this instant, the deviation stays below 0.1 K over most of the
cross-section and is smallest in the conductor core; the largest values, up to about 0.18 K,
are confined to isolated spots near the outer surface. Notably, the seven material interfaces
do not act as error concentrators: apart from a faint ring of moderate deviation along the
conductor screen, no systematic accumulation is visible where the thermal conductivity
jumps by up to three orders of magnitude, indicating that the layer-aware residual handles
the interface discontinuities without degrading the solution there. Under the uniform
volumetric sampling of the collocation sets, the thin layers receive proportionally few
collocation points—about 28 of the N;, = 1024 points per step for the insulation screen
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(¢ = 3,2.7% of the cross-sectional area) and about 21 for the outer coating (¢ = 7, 2.1%)—but
because the sets are resampled at every optimization step, the cumulative coverage of each
thin layer over training approaches 107 points, and the per-layer residual statistics reported
in Table 4 show no residual concentration in the thin annuli: for PINN-full, the insulation
screen and the outer semi-conductive coating carry residuals no larger than those of the
thicker polymeric annuli, and the residual instead concentrates mildly in the conductor
and the aluminum sheath—the source-bearing layer and the layer of largest conductivity
contrast. The purely data-driven MLP concentrates its residual at exactly those two layers
(6.6 x 1071 and 2.1 x 107}, factors of about 48 and 19 above PINN-full), whereas PINN-
phys, which optimizes the residual alone, attains near-vanishing values in every layer
except the source-bearing conductor, where its residual of 4.8 x 10~* still lies about a
factor of 30 below that of PINN-full. The per-layer values also reconcile arithmetically
with the overall RMS of Table 3: under the uniform volumetric sampling, the squared
overall residual is the volume-fraction-weighted mean of the squared per-layer values,
ie., (RMS)?2 = ¥, fy RMS?, with f; representing the volume fraction of layer ¢; for PINN-
phys, the conductor (fy ~ 5.9%) dominates this sum, and /fp x 4.8 x 1074 ~ 1.2 x 104
recovers the tabulated 1.09 x 10~ to within the sampling variability of the two independent
10*-point draws. The lobed azimuthal pattern of the deviation admits three candidate
contributions: smooth undulations of the Cartesian network representation of a nearly
axisymmetric field, the finite collocation density near the layer interfaces, and the coarse
azimuthal resolution of the free-triangular reference mesh, whose outer-ring vertices fall
on multiples of 45°; the pattern decays together with the overall error level as the field
approaches steady state, and none of the three contributions concentrates the error at the
material interfaces. Thus, the error map complements the scalar metrics of Table 3 by
showing that the reported accuracy is achieved broadly over the layered geometry rather
than by averaging out localized failures.
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Figure 5. Absolute prediction error (|Ty — TFEM|) over the cross-section of the XLPE HVDC cable at
z=45mfor ] =150 A and T,,,,;, = 20 °C at f = 60 min. White circles mark the layer interfaces.
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Table 4. Per-layer RMS of the normalized PDE residual (K s~ 1) for the three models, evaluated on
10* interior collocation points sampled over the space-time-condition domain and grouped by layer,
with one representative training seed per model; the sampling and normalization follow the residual
metric of Table 3. Layer indices follow Table 2.

Layer PINN-Full MLP PINN-Phys
0-Conductor 1.4 x 1072 6.6 x 1071 48 x10°*
1-Conductor screen 6.0 x 1073 92 x 1074 1.1x 1010
2-XLPE insulation 24 %1073 45x10~* 1.0 x 10710
3-Insulation screen 1.9 %1073 6.6 x 1074 1.1 x 10710
4-Water-blocking buffer 9.8 x 1074 5.9 x 107* 1.1 x 10710
5-Aluminum sheath 1.1 x 1072 21x10°! 11x 1078
6-Outer sheath 6.6 x 1074 3.8 x 1074 1.0 x 10710
7-Outer semi-conductive coating 1.2 x 1073 22 x107* 1.0 x 10710

4.5. Physics Consistency and the Residual-Accuracy Trade-Off

The PDE-residual column of Table 3 and the residual distributions of Figure 6 jointly
characterize how faithfully the three ablation baselines satisfy the governing equation of the
XLPE HVDC cable. Figure 6 shows the density of log;,| Rppg| over 10* random collocation
points. PINN-phys is separated from the two data-supervised models across the whole
distribution, whereas PINN-full and the MLP overlap over much of their bulk and differ
mainly in the upper tail; the ordering of PINN-phys, PINN-full, and MLP from small to
large residuals therefore refers to the tabulated RMS values, which, being dominated by the
largest residuals, sit on the upper flank of each distribution. The separations of these RMS
values—nearly two orders of magnitude between PINN-phys and PINN-full (1.09 x 104
versus 7.9 x 107%) and a further factor of about 28 up to the MLP—are consistent with
that reading. Because the residual of Equation (10) is normalized by p,cy, it carries the
units of a temperature rate (Ks~!): the tabulated values measure the spurious local heating
or cooling rate implied by the predicted field beyond the governing equation, which is
precisely the quantity that physics consistency controls. The lower tails common to all three
models extend toward numerical precision and arise at collocation points where the signed
residual changes sign; they carry no information about model quality.

0.8 4 pinn_full

m mip
= pinn_phys

Density
o
=

0.3

0.2

m_, ﬂrrrrrmﬂﬂm

0.0
-12 -10 -8 -6 -4 -2 0
log10 |PDE residual|

Figure 6. Distribution of log,,| Rppg| over 10* random collocation points for the three models.

The joint reading of accuracy and residual reveals a structured trade-off. The MLP,
despite its comparable pointwise accuracy, violates the governing equation by a factor of
about 28 relative to PINN-full ((2.24 +0.30) x 10! vs. (7.9 £ 1.9) x 1073): it fits the refer-
ence data closely without satisfying the underlying dynamics, so its predictions between
and beyond the sampled conditions are unconstrained by the physics of the XLPE HVDC
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cable. Conversely, PINN-phys attains the smallest residual (1.09 x 10~%) yet the largest
RMSE of 0.221 K. The combination is not contradictory; it reflects the non-uniqueness of
the boundary-value problem under soft constraints. The physics losses admit a family of
near-solutions of Equation (2), and without data anchoring, the optimizer may converge
to a member whose absolute level is offset from the reference field while satisfying the
differential operator almost exactly. PINN-full resolves the ambiguity: the data term selects
the appropriate member of the family, and the physics term regularizes it toward equation
consistency—a 28-fold residual reduction over the MLP at an accuracy cost that is within
the seed-to-seed variability, i.e., statistically indistinguishable from zero. This residual—
accuracy structure supports the interpretation that the physics loss is genuinely minimized
during training rather than acting only as a generic regularizer.

Finally, the convergence of the Picard-type treatment of the electro-thermal coupling is
verified empirically. Figure 7 tracks the relative epoch-to-epoch change of the lagged Joule
source, i.e., ||Q(T9k+l) — Q(To,) 12/ 11Q(T,) ||, evaluated on a fixed set of 4096 conductor
collocation points under the corner condition (15 °C, 200 A), where the electro-thermal
feedback is strongest; the per-epoch values reflect the combined effect of the Picard lag
and the stochastic optimizer updates. The change decreases from a level of order 103
at the beginning of training to a median of 1.7 x 10~ over the final 100 epochs; isolated
excursions caused by individual stochastic updates remain below 5.1 x 1072 and decay
within a few epochs, and no divergence occurs at any stage. Thus, the lagged source
stabilizes, training converges to the self-consistent fixed point, and the physics-consistency
metrics of Table 3 accordingly quantify the residual of the converged surrogate with respect
to the fully coupled governing equation. An ablation in which the detachment is removed
and the source is differentiated through yields no benefit: in a single-seed controlled pair
under an identical initialization and training budget, the fully differentiated variant attains
a comparable held-out RMSE (0.0024 K versus 0.0020 K for the lagged scheme; these are
single-run values of that controlled pair and are not the five-seed means of Table 3) and a
roughly twofold larger PDE residual (1.27 x 102 versus 6.13 x 10*3), while its own source
change converges to the same level (1.6 x 10~°), empirically confirming that the lagged
treatment is not a limiting approximation for this problem.

Per-epoch value
—— Rolling median (25 epochs)

1073
s
S 10-4
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Figure 7. Relative epoch-to-epoch change of the lagged Joule source over training, evaluated on a
fixed set of 4096 conductor collocation points at (15 °C, 200 A); the dark line is a rolling median over
25 epochs.

4.6. Data Efficiency

Table 5 and Figure 8 report the held-out RMSE when the training set is subsampled to
fractions from 100% down to 5%, with both models retrained from scratch for each fraction
under an identical, reduced training budget of 500 epochs; the 100% entries therefore differ
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from the fully converged results of Table 3, which additionally employ the full-resolution
training set and the full budget. Over the whole tested range, both models degrade
monotonically and gracefully: even at 5% of the training data, the errors remain below
0.07 K, well within engineering requirements for XLPE HVDC cable temperature-field
modeling. In absolute terms, the purely data-driven MLP remains the more accurate model
at every tested fraction. This is attributable to the nature of the problem: the temperature
field of the XLPE HVDC cable is smooth and of low amplitude, so even the 5% subset still
contains roughly 2 x 10* labeled samples—enough for a pure regressor to interpolate such
a field accurately.

Table 5. Test RMSE (K) versus training-data fraction. Obtained with the reduced training set of about
4.6 x 10° samples at the 500-epoch budget.

Model 100% 50% 25% 10% 5%
PINN-full 0.0063 0.0113 0.0354 0.0613 0.0684
MLP 0.0033 0.0058 0.0127 0.0493 0.0533
0.071 MLP (data only)
—l— PINN (data+physics)
0.06 1 0.8x
0.05 1
¥ 0.04-
m
=
& 0.03
0.021
0.011
5 x 102 10-1 2x10-1 5x 101 100

Training data fraction

Figure 8. Data-efficiency response: We have modified the formats in the figure. curves: held-out
RMSE versus training-data fraction (logarithmic abscissa). Gray annotations give the MLP-to-PINN
error ratio at each fraction.

The picture changes, however, when the degradation is examined in relative terms.
Between 100% and 5%, the MLP error grows by a factor of 16.2, whereas PINN-full grows
by a factor of 10.8, and the MLP-to-PINN error ratio narrows accordingly from about
0.5 at full data to about 0.8 at 5%. Thus, the relative value of the physics prior increases
as labeled data become scarcer, consistent with its role of supplying supervision where
reference samples are missing; within the data regime tested here, its principal contribution
is equation consistency rather than raw pointwise accuracy.

4.7. Generalization to Unseen Operating Conditions

Because the surrogate is defined over the continuous envelope (£), its behavior under
operating conditions absent from the training data is of direct practical interest for XLPE
HVDC cable temperature-field modeling. Three condition-transfer scenarios are examined,
with both models retrained from scratch per scenario under the same reduced budget
of 500 epochs: current interpolation, current extrapolation, and ambient-temperature
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extrapolation. Table 6 reports RMSE and MAE; Figure 9 shows the prediction-reference
scatter for the two current-transfer scenarios.

Table 6. Generalization to unseen conditions: RMSE (MAE) in K. Obtained with the reduced training
set of about 4.6 x 10 samples at the 500-epoch budget; each scenario uses its own retraining, so the
entries refer to three separately trained surrogates per model.

Scenario Train/Test Conditions PINN-Full MLP

Current interpolation I € {0,50,150,200} A/I =100 A 0.006 (0.005) 0.007 (0.006)

Current extrapolation I <100 A/I € {150,200} A 0.338 (0.178) 0.161 (0.113)

Ambient extrapolation T,y € {15,20} °C/25°C 0.102 (0.050) 0.150 (0.057)
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Figure 9. Predicted versus reference temperatures, with the dashed line marking y = x and each
panel reporting its RMSE: (a) PINN-full and (b) MLP under current interpolation (test I = 100 A);
(c) PINN-full and (d) MLP under current extrapolation (test I € {150,200} A).

Under current interpolation, both models predict the unseen 100 A condition accu-
rately, but PINN-full holds a consistent advantage on both metrics: its RMSE of 0.006 K is
about 14% below the 0.007 K of the MLP, with a comparable MAE margin (0.005 K versus
0.006 K, about 17%). The advantage is attributable to physics supervision: the collocation
points are sampled over the continuous envelope and therefore also at intermediate cur-
rents, supplying equation-consistent supervision precisely in the gap between the training
conditions, where the MLP must rely on the smoothness of the network alone. Thus, within
the sampled range, the physics prior refines the interpolation of the condition embedding
beyond what the shared output parametrization already provides. The two extrapolation
scenarios, however, separate the models in opposite directions, and the contrast is instruc-
tive. At the unseen ambient temperature, PINN-full is the more accurate model (RMSE of
0.102 K versus 0.150 K, about 32% below); the much smaller MAE margin (0.050 K versus
0.057 K, about 12%) indicates that the MLP error distribution carries heavier tails. The
advantage is explained by the structure of the physics supervision: the ambient tempera-
ture enters the convective boundary residual (11) explicitly, so the boundary term supplies
correct, condition-specific supervision at ambient temperatures for which no reference
data exist. This conclusion is, however, tied to the narrow 10 K ambient window of the
studied envelope, over which the temperature field is quasi-linear in T,,;,; seasonal soil or
air variations of 30-50 K and a convective coefficient that depends on wind speed would
render the ambient dependence nonlinear, and the demonstrated advantage may not trans-
fer to problems with nonlinear ambient dependence. Current extrapolation is the hardest
scenario for both models, and here, the ranking reverses: the MLP degrades to 0.161 K,
whereas PINN-full reaches 0.338 K—about twice as large, with the scatter of Figure 9c
revealing a systematic saturation of the PINN-full prediction below the reference at the
highest loads. The mechanism is consistent with the non-uniqueness of the boundary-value
problem under soft constraints: the load current acts through the nonlinear Joule source
confined to the conductor, and at unseen currents, the soft PDE constraint—unanchored
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by data—admits near-solutions of reduced amplitude toward which the optimizer drifts.
The MLP, by contrast, benefits from the quadratic current dependence built into the shared
output parametrization (9), which closely matches the nearly quadratic load response of
the DC problem.

Taken together, the three scenarios delineate where the physics prior aids in generaliza-
tion in XLPE HVDC cable temperature-field modeling: it improves in-range interpolation
and transfer to conditions that enter the embedded constraints explicitly, as for the ambient
temperature, but does not, by itself, resolve the solution-family ambiguity introduced by
the nonlinear heat source at unseen currents. In every scenario, the condition-embedded
surrogate remains usable over the envelope, with a worst-case RMSE of 0.34 K across the
three transfer settings.

4.8. Computational Efficiency

The computational figures of Table 3 quantify the cost of the proposed framework on
both sides of the workflow, measured on the Apple M3 Max hardware. On the training
side, the physics supervision is inexpensive: PINN-full trains in 10.8 h, against 9.2 h
for the purely data-driven MLP, so evaluating the layer-aware residuals on resampled
collocation points adds about 18% to the training cost. This one-off cost is amortized over
all subsequent evaluations of the surrogate.

On the inference side, the physics supervision is free by construction: once trained, all
three models reduce to the same forward pass through the network, and their measured
latencies are statistically indistinguishable (8.4-8.6 ms per 10° space-time—condition queries,
i.e., roughly 85 ns per query in batched evaluation). Thus, equation consistency is obtained
at zero inference cost. For comparison, a transient FEM run of a single operating condition
over the 600 min horizon requires about 70 s in COMSOL Multiphysics 6.2 on the Intel
Core i7-10700 CPU with the reference mesh. Reconstructing the full space-time field of one
condition from the surrogate—1.19 x 10® mesh-node-instant queries in twelve batches—
takes about 0.10 s, corresponding to a speed-up of nearly three orders of magnitude; for the
isolated pointwise queries required by monitoring and rating tasks, the advantage grows
further, since the finite-element model cannot be evaluated at a single point without solving
the entire initial-boundary-value problem. The comparison is indicative rather than strict:
it spans different hardware and execution modes (batched inference on the M3 Max against
a CPU solve under the solver’s default threading), and the finite-element run yields the
complete field by construction. The trained surrogate is also compact, comprising roughly
6.7 x 10* parameters (about 0.3 MB in single precision) in place of gigabyte-scale FEM
meshes and solution files. The measured latency readily satisfies the sub-second budgets of
dynamic-rating and digital-twin loops for XLPE HVDC cable temperature-field modeling.

4.9. Inverse Problems from Sparse Measurements

Because Ty is differentiable with respect to its condition inputs, an unknown condition
(¢ € {1, Tamp }) can be identified from N; sparse measurements ({T]meas}) by freezing the
trained parameters (6*) and descending

X 1N 2
&* = arg mcm N Z% [To- (x,tj;8) — T]meas] , ceé, (14)
]:

where ¢* is the identified condition, N; is the number of sensors, and T]meas is the tem-
perature measured at the j-th sensor location (x;, t;). This capability is exercised in three
scenarios under the reference condition (20 °C, 150 A), each using the same array of N; = 10
virtual surface sensors extracted from the FEM solution, whose exact locations and reading
instants are listed in Table 7; Table 8 summarizes the results.
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Table 7. Locations and reading instants of the ten virtual surface sensors, drawn once from the
FEM export grid and shared by all inverse scenarios and seeds; ¢ denotes the azimuth in the cable
cross-section. Sensors lie on the outermost two node rings (r = 47.9 mm, the outer surface, and
r = 47.4 mm, the sheath—coating interface 0.5 mm beneath it; the temperature difference across the
thin coating is below 5 x 1073 K).

j # (mm) @ (deg) z (m) t (min)
1 474 0 0.62 281
2 479 0 7.14 321
3 47.9 45 0.62 521
4 474 135 5.90 211
5 474 —45 3.72 431
6 47.9 180 4.03 511
7 479 -90 6.52 471
8 474 135 0.62 261
9 474 —135 1.86 471
10 47.4 180 8.07 191

Table 8. Inverse-problem results with Ny = 10 virtual surface sensors at (20 °C, 150 A), reported as
mean =+ one standard deviation over the five independently trained surrogates of Table 3. The sensor
array (Table 7) is identical across seeds and scenarios, so the spread isolates training-seed variability.
Relative errors of temperature quantities are referred to the Celsius scale.

Scenario Ground Truth Identified Abs. Error Rel. Error
Conductor hotspot (soft sensing) 20.957 °C 20.95540.001 °C  (25+1.5) x 103K  0.012 4 0.007%
Load-current identification (init. 100 A) 150.0 A 150.21 £0.88 A 0.74+0.39 A 0.49 +0.26%
Ambient-temperature identification (init. 22 °C) 20.0°C 20.001 £0.004°C  (3.0+1.6) x 103K 0.015 4 0.008%

The first scenario addresses the quantity of greatest engineering interest for an XLPE
HVDC cable in service: the conductor hotspot, which is inaccessible to direct measurement.
Here, the surrogate acts as a soft sensor—its agreement with the surface measurements
validates the operating state, and a direct forward query at the conductor then infers the
hotspot to within 0.0025 +£ 0.0015 K of the FEM reference (0.0041 K in the worst seed). The
remaining two scenarios identify unknown operating conditions through Equation (14).
Starting from a deliberately distant initial guess of 100 A, the gradient descent recovers
the true load current of 150 A to 150.21 + 0.88 A (0.49 % 0.26%) in about 2 s; the equiva-
lent ambient temperature, initialized at 22 °C, is recovered to 20.001 £ 0.004 °C (0.015%).
A comparable FEM-based identification would typically require repeated forward solves
and correspondingly longer computation. Combined with the millisecond-scale inference,
these results make the surrogate a suitable candidate for state estimation within a digital
twin of the XLPE HVDC cable.

The placement of Table 7 also clarifies why the inverse problems are well posed despite
the sparsity of the array: each identification concerns a single scalar, the surface temperature
is monotone in both the load current and the ambient temperature, and the sensors span
the axial extent and several azimuths, so the array is informationally redundant for the
noise-free case; the value of multiple sensors lies in noise averaging.

Table 9 examines the identification under realistic measurement imperfections. Two
regimes emerge. The ambient temperature remains robust: a uniform shift of all readings
is essentially a mean estimate, and the error at ¢ = 0.5 K (0.121 K) stays at the level of
the ¢/+/N; benchmark of 0.16 K. The load current, by contrast, is noise-limited in the
studied operating envelope: the surface-temperature rise at 150 A is only about 0.3 K,
so thermocouple-level noise exceeds the signal itself, and the errors follow the ¢/+/Ns
scaling of a noise-limited scalar estimate to within about 10% across N; € {3,5,10}. Two
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consequences follow. First, the single-snapshot setting studied here is a worst case: because
the errors scale as ¢/+/N, routine temporal averaging—some 10* readings from the same
ten sensors, i.e., tens of minutes at typical monitoring sampling rates—restores ampere-
level current accuracy. Second, the reduced envelope of the present study is, itself, the
adverse regime; at rated loads, the surface signal is one to two orders of magnitude
larger, and the same noise corresponds to a relative current error of a few tenths of a
percent. The bias case exposes a distinct mechanism: a uniform +0.5 K calibration offset is
observationally indistinguishable from an ambient-temperature shift and is absorbed by
the ambient estimate almost exactly (0.501 &= 0.004 K), whereas the current estimate maps
the same offset quadratically into a 94 A excursion. Sensor calibration therefore matters
more than sensor precision for current identification, and the chained hotspot error is, at
most, about 0.7 K under all considered noise cases—small against the 90 °C XLPE limit of
the insulation—while reaching 1.6 K only under the uncompensated bias.

Table 9. Robustness of the inverse identification to sensor noise, reduced sensor count, and calibration
bias at (20 °C, 150 A). Gaussian noise of standard deviation (¢) is added to the sensor readings;
reduced counts keep the first k sensors of Table 7, emulating partial sensor failure; the bias case offsets
all readings by 4-0.5 K. Entries are mean =+ one standard deviation over five training seeds, each
averaged over ten noise realizations. The hotspot error refers to the practically relevant chain of
identifying the current from the noisy sensors, then querying the conductor temperature.

Case Current Error (A) Ambient Error (K) Hotspot Error (K)
0 =0, N5 = 10 (reference) 0.74 +£0.39 0.003 £ 0.002 0.008 + 0.005
c=05K, N; =10 322432 0.121 £0.018 0.38 £ 0.05
c=10K, N, =10 63.6 £12.7 0.241 +£0.036 0.70+£0.13
c=05K, Ns; =5 41.5+109 0.149 +£0.023 0.44 +£0.09
c=05K, N; =3 57.6 +=16.7 0.203 £ 0.042 0.56 +0.10
Bias +0.5K, Ns = 10 94.0+1.5 0.501 £ 0.004 1.57 £0.03

4.10. Sensitivity to the Loss Weights

The robustness of the composite objective to its weighting is quantified by retraining
PINN-full with each weight (A4, Aj, A3, and A;) increased and decreased by one order
of magnitude around the default (1, 0.05, 1, 1), holding every remaining hyperparam-
eter fixed. Because the balance between the data term and the physics terms is most
consequential precisely when labeled data are scarce, the study deliberately adopts a re-
duced, sensitivity-only configuration—250 randomly selected spatial nodes per condition
(2.1 x 10° samples), a 100-epoch budget, and a single fixed seed—which makes it a conser-
vative stress test of the weighting. The nine trainings were performed on an NVIDIA H200
GPU rather than on the Apple M3 Max used elsewhere; since the study compares the nine
settings only against one another and the reduced configuration already makes the absolute
values incomparable to Table 3, the change of device does not affect the conclusions drawn
here. The held-out condition and the evaluation metrics are unchanged. Table 10 reports
the held-out accuracy metrics and the sampled PDE residual for the nine resulting settings.

Three observations emerge. First, the default weighting attains the lowest value of
all three accuracy metrics, and none of the eight one-decade perturbations improves on it;
thus, the sweep provides an independent check on the manual selection of the base weights,
which it does not displace. The held-out RMSE of the perturbed settings exceeds the default
by factors of between about 1.1 and 1.8. Because each cell is a single training run, the
ordering among the mildest perturbations should not be over-interpreted; the informative
outcome is the bounded response. Second, no perturbed setting diverges or destabilizes
training, and the worst-case RMSE across the full decade-wide range of every weight
remains near 0.10 K, so the method does not hinge on a fragile weight choice. Third, the A; x
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10 setting attains the smallest sampled residual (3.9 x 10~%) while simultaneously yielding
the largest held-out error, echoing the residual-accuracy dissociation exposed by the data-
free ablation: a small sampled residual alone does not certify an accurate temperature field.
Systematic weighting schemes such as neural-tangent-kernel balancing and self-adaptive
weighting [22,23] remain compatible drop-in refinements should substantially broader
envelopes require re-balancing.

Table 10. Sensitivity of the held-out metrics to one-decade changes of each loss weight around the
default ((Ag, Ap, Ap, Ai) = (1, 0.05, 1, 1)). All runs use a sensitivity-only reduced configuration (250
randomly selected spatial nodes per condition, 2.1 x 10° samples, a 100-epoch budget, and a single
fixed seed); absolute values are therefore not comparable to those reported in Table 3. The PDE
residual is the same p;c,-normalized quantity as in Table 3, in Ks™!.

Setting MAE (K) RMSE (K) Max (K) PDE Residual (Ks~1)
Default 0.0425 0.0571 0.170 2.6 x 1072
Ag x 10 0.0603 0.0737 0.184 3.7 x 1072
Ag/10 0.0650 0.0870 0.208 6.5 %1073
Ap x 10 0.0856 0.1017 0.240 2.9 %1072
Ap/10 0.0785 0.0974 0.230 2.8 x 1072
Ap x 10 0.0638 0.0824 0.229 1.8 x 1072
Ap/10 0.0487 0.0612 0.189 32 %1072
A x 10 0.0807 0.1026 0.236 39 x10*
Ai/10 0.0592 0.0728 0.191 3.2 %1072

4.11. The Cable-End Effect over an Extended Operating Envelope

This subsection exercises the genuinely three-dimensional capability of the framework
on an axially and layerwise heterogeneous cooling configuration. On the lateral surface,
h =12 Wm~2 K~ acts over the two end meters against 7.5 Wm~2 K~! over the mid-span;
the end faces are adiabatic at the conductor and its screen and convective at the outer annuli
(9.8 Wm~2 K~! for layers 24 and 15 Wm~2 K~! for layers 5-7). The cooling contrast
induces axial transition layers of analytically estimated width (dax = VkoAR' =~ 0.38 m,
where R’ ~ 1.08 KmW~! denotes the mid-span radial thermal resistance per unit of
length). The study simultaneously exercises a second cable configuration: the layer radii
of Table 2 are retained, but the material set differs throughout (Table 11), led by an alloy
conductor with kg = 320 Wm~! K~ so the thermal-conductivity contrasts across the layers
change as well. This second set is a controlled variation rather than a cataloged material
specification: the conductor retains the density, specific heat, and electrical conductivity of
copper while its thermal conductivity is lowered so that the effect of the altered conductivity
contrasts is isolated from that of the heat capacities. Its Joule source uses the constant
conductivity of 059 = 5.8 x 107 Sm~! without temperature dependence, so the electro-
thermal feedback and its Picard treatment pertain to the baseline configuration only. Had
the temperature dependence of the conductivity been retained in this configuration, the loop
gain (acy ATrise) of Section 3.3 would have reached about 0.06 under the held-out condition
(conductor rise of 16.2 K) and about 0.26 in the 1200 A corner (rise of about 65 K)—beyond
the 10~2 figure quoted for the baseline envelope, though still within the sub-0.3 contraction
bound stated there; no such iteration arises here, since the conductivity is constant. The
reference dataset spans a substantially extended envelope of I € {0,200, ...,1200} A and
Tamb € {—20,—-10,...,40} °C (49 conditions) so that the highest-load corner brackets the
90 °C XLPE limit (steady mid-span conductor rise of about 65 K at 1200 A, following the
exactly quadratic scaling implied by the temperature-independent conductivity of this
configuration). The reference data use a dedicated swept mesh with a three-zone axial
distribution of 3-9-3 linear elements, refined toward the end sections, giving 1056 mesh
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nodes per condition (66 cross-sectional nodes at 16 axial stations), with the cross-sectional
discretization of the baseline reference data retained; the refined end zones resolve the
transition layers of width d,x ~ 0.38 m, which lie entirely within the two end meters.

Table 11. Material properties of the second cable configuration used in the end-effect study; the layer
radii coincide with those of Table 2.

Layer (£) ke Wm™1K™Y) pp(kgm™3) ¢, Jkg 1K)
0 Conductor (Cu alloy) 320.0 8960 385
1 Conductor screen 0.35 1020 1800
2 XLPE insulation 0.30 930 2200
3 Insulation screen 0.35 1050 1800
4 Water-blocking buffer 0.45 950 1500
5 Aluminum sheath 205.0 2700 900
6 Outer sheath 0.22 950 1600
7 Outer semi-conductive coating 0.26 950 1400

A single surrogate is trained on the 48 remaining conditions (3.09 x 10° samples)
for 300 epochs (6.2 h on the Apple M3 Max) and evaluated on the held-out condition
(10 °C, 600 A); the architecture and losses are identical to the baseline, with only the
boundary residuals and the normalization scales exchanged. Table 12 summarizes the
errors. The surrogate reconstructs the held-out field to an RMSE of 0.077 K and a maximum
pointwise error of 0.39 K, against an axial temperature contrast of 4.9 K and a conductor
rise of 16.2 K under this condition—a relative L, error of 2.7 x 10~%, again referred to as
the absolute temperature field. The error is essentially uniform between the end regions
(0.073 K RMSE) and the mid-span (0.080 K), so the three-dimensional transition layers
do not act as error concentrators. Figure 10 shows the reconstructed r—z field near steady
state, and Figure 11 compares the axial centerline profiles with the FEM reference at three
instants: the early-transient profile at 61 min carries only a weak axial contrast, which
subsequently develops into the fully formed plateau—transition structure, and the surrogate
tracks the reference through all stages.

Table 12. Region-split errors under the held-out condition (10 °C, 600 A) of the end-effect study. End
regions denote z < 1 m and z > 8 m; the mid-span denotes the remainder.

Region MAE (K) RMSE (K) Max Error (K)
Overall 0.061 0.077 0.39
End regions 0.055 0.073 0.39
Mid-span 0.065 0.080 0.36

Two independent physics checks corroborate the reconstruction. First, the mid-span
conductor rise of 16.19 K in the reference data (at ¢ = 591 min) agrees to within 3%
with the thermal-circuit prediction of 15.73 K obtained from the line heat rate at 600 A
and the radial resistances of the second configuration. Second, the end-region conductor
plateau of 11.76 K falls below the lateral-only local equilibrium of 13.31 K; the deficit is
the direct signature of the additional heat extracted through the convective end faces, and
the transition between the two plateaus occurs over a length consistent with the analytical
width of Jax =~ 0.38 m. Together with the extended envelope, the study demonstrates
that one condition-embedded surrogate accommodates a genuinely three-dimensional
temperature field, a second material configuration, and a spatially varying convective
coefficient without structural changes to the framework.
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Figure 10. Predicted temperature of the end-effect configuration over the r—z plane at t = 591 min
(near steady state) under the held-out condition (10 °C, 600 A); the enhanced cooling of the end
sections and the axial transition layers adjacent to z = 1 and z = 8 m is reproduced.
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Figure 11. Axial centerline temperature (T(0,0,z)) of the end-effect configuration at 61, 301, and
591 min: PINN (solid) versus FEM reference (dashed) under the held-out condition (10 °C, 600 A).

5. Conclusions

This paper presented a physics-informed neural network for XLPE HVDC cable
temperature-field modeling, combining a layer-aware material mapping, a temperature-
dependent Joule source with a convergent Picard treatment, a physics-based output
parametrization, and a condition embedding spanning a continuous current-ambient
envelope. Against finite-element references under fifteen operating conditions, it achieved
an RMSE of 0.0024 K (mean over five training seeds) relative to the discrete finite-element
reference (mesh-discretization error of about 0.04 K) under a held-out condition while re-
ducing the governing-equation residual by approximately 28-fold relative to an identically
sized data-driven network, at about 18% extra training cost and with no inference overhead.
The data-free ablation exposed a residual-accuracy trade-off rooted in the non-uniqueness
of the problem under soft constraints.

The physics prior made degradation under data reduction more graceful and improved
ambient-temperature extrapolation within the studied quasi-linear window; current ex-
trapolation, acting through the nonlinear Joule source, is not resolved by the soft constraint
alone. At below 9 ms per 10° queries, the surrogate identified the load current to 0.49%
and the unmeasurable conductor hotspot to within 0.0025 K from ten noise-free virtual
sensors. Under realistic sensor noise, the ambient estimate and hotspot soft sensing remain
robust, whereas single-snapshot current identification in this low-load envelope becomes
noise-limited, and sensor calibration matters more than sensor precision. The reported
spreads are seed-to-seed variability over five independently trained surrogates rather than
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calibrated predictive uncertainty, and the evidence covers two fixed cable designs with
prescribed convection and purely numerical reference data. Future work will parameterize
geometry and convection as additional operator inputs, strengthen current extrapolation,
develop calibrated uncertainty quantification, and validate the framework on experimental
cable-loop data.
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