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Abstract—Fast and generalizable field reconstruction from
sparse sensing is essential for Digital Twin (DT) models, yet
maintaining accuracy under varying operational conditions re-
mains a challenge. The challenge is especially pronounced in
enclosed equipment like Gas-Insulated Transmission Lines (GIL),
where changes in load and environment require models that
can generalize effectively. This work employs a parametric
Shallow Recurrent Decoder (SHRED) architecture for robust
multi-physics field reconstruction in a GIL, using only sparse
temperature measurements and key operational parameters.
The temperature and velocity fields are reconstructed from
noisy measurements across different operational scenarios. The
reconstruction uses the temporal dynamics learned by a Gated
Recurrent Unit (GRU) and the spatial mapping capabilities
of a Shallow Decoder Network (SDN). Results show that the
model achieves high reconstruction accuracy, maintaining a Mean
Absolute Percentage Error below 0.25% with noise and remains
stable under random sensor placement. Its lightweight design and
adaptability to varying parameters make it suitable for building
robust and efficient real-time DT applications for high-voltage
apparatus.

Index Terms—GIL, field reconstruction, parametric model,
digital twin, multi-physics simulation

I. INTRODUCTION

Revealing the internal state of high-voltage apparatus from
limited external measurements has been a long-standing chal-
lenge. With the ongoing digital transformation of modern
power systems, Digital Twin (DT) technologies integrated with
artificial intelligence (AI) have gained attention as a method to
support intelligent operation and maintenance [1], [2]. As key
components for high-capacity power transmission, the reliable
and efficient operation of Gas-Insulated Transmission Lines
(GIL) contributes to overall grid performance [3]. Developing
a DT for GIL that can perform full-state estimation in real
time with sparse sensor data is a promising direction.

To estimate the multi-physics behavior inside GIL, nu-
merical methods such as the finite element method (FEM)
and the finite volume method (FVM) can be employed [4],
[5]. Although the simulation method offers high accuracy,
it demands significant computational resources and is diffi-
cult to apply in real-time monitoring. This has led to the
development of Reduced-Order Models (ROMs) and other
data-driven surroates that lower computational costs. However,
much of the existing research focuses on accelerating forward
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simulations [6], while the inverse problem, which focuses on
reconstructing the full state from measurements, remains a
challenge.

Existing techniques for inverse problem have often been
static, relying on single-moment measurements and ignoring
the rich information in past sensor data. Methods such as
Gappy POD also often demand complex optimization algo-
rithms to identify ideal sensor locations for a well-conditioned
problem [7]. Additionally, models trained under specific con-
ditions tend to generalize poorly when operating conditions
change, thereby limiting their effectiveness in dynamic envi-
ronments [8].

To overcome these challenges, this work employs a para-
metric Shallow Recurrent Decoder (SHRED) architecture to
efficiently reconstruct a real-time digital twin for GIL [9]–[12].
It is composed of two computationally efficient components: a
Gated Recurrent Unit (GRU) for capturing temporal dynamics
with fewer parameters than other recurrent networks, and a
Shallow Decoder Network (SDN) for low-cost state recon-
struction. By leveraging this efficient architecture, the model
can incorporate physical couplings between fields and key
operational parameters to accurately reconstruct the full-field
temperature and fluid dynamic states from sparse temperature
measurements. This design enhances the model’s adaptability
under varying conditions, making it suitable for building
digital twin models of high-voltage apparatuses like GIL.

II. METHOD

A. Problem Setup

The overall modeling process can be framed as solving a
dynamic field reconstruction inverse problem [13]. Generally,
the forward problem uses a physical model F† to compute
the full physical field Φ(x, t) from a given set of system
parameters µ:

F† : µ 7→ Φ(x, t) (1)

Conversely, the inverse problem aims to establish a map-
ping G† that estimates the full field Φ(x, t) from time-series
sensor measurements {yk}tk=t−L and operating parameters
{µk}tk=t−L:

G† : ({yk}tk=t−L, {µk}tk=t−L) 7→ Φ(x, t) (2)
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Fig. 1. Parametric SHRED architecture for real-time multi-physics field reconstruction in a GIL. The model takes sparse time-series sensor measurements
and parameters as input and outputs the reconstructed temperature T and velocity u fields.

The objective of this work is to apply a parameterized surro-
gate model fSHRED that efficiently and accurately approximates
this complex inverse mapping G†. The core of this framework
is the parametric SHRED model, which integrates three key
technologies: Proper Orthogonal Decomposition (POD), a
parameter-aware input structure, and a recurrent decoder archi-
tecture. Fig. 1 illustrates the basic architecture of the model
studied in this work. Based on full-order model simulation
data of the GIL, a set of time-series sensor measurements and
initial parameters can be obtained. After processing by the
parameterized SHRED model, real-time state estimation of the
temperature field T and velocity field u can be achieved.

B. Data Preparation and Formulation

The model input is built to encapsulate both temporal infor-
mation and the physical operating state. For a given physical
field of interest, denoted by Φ, a full-field simulation snapshot
is represented as XΦ,µi ∈ RNt×Ns , where Nt is the number
of time steps and Ns is the number of spatial grid points. To
ensure the model generalizes across different conditions, data
is generated for Ntraj distinct trajectories, each defined by a
set of physical parameters µi = {µi,1, . . . , µi,Np

}. At each
time t, the input vector xi,t is constructed by combining the
sparse sensor readings yi,t = CsensX

Φ,µi

t + ϵt ∈ RNsens , where
ϵt represents measurement noise, Csens is the measurement
matrix, with the corresponding operating parameters µi. The
combined vector xi,t = [y⊤i,t, µ

⊤
i ]

⊤ ∈ R(Nsens+Np) is then
structured into overlapping time sequences of length L + 1,
such as Xseq = (xt−L, xt−L+1, . . . , xt), which serve as the
final input to the recurrent network.

For the model output, the prediction of a low-dimensional
representation of the high-dimensional physical fields is con-
sidered to ensure efficiency. The full-field data for each
physical quantity XΦ is first scaled and then compressed
using POD. Through Singular Value Decomposition (SVD),

XΦ = UΣV⊤ ≈ UrΦΣrΦV
⊤
rΦ , a low-rank approximation

is obtained by retaining the first rΦ most significant modes,
which capture the system’s essential dynamics. The neural
network’s prediction target is the set of temporal coefficients,
AΦ = XΦUrΦ ∈ R(Ntraj×Nt)×rΦ . To facilitate multi-
physics inversion, the standardized temporal coefficients for
all relevant fields (temperature T , velocity u, v) are concate-
nated into a single target vector: Aconcat = [ÃT , Ãu, Ãv] ∈
R(Ntraj×Nt)×(rT+ru+rv)

C. Parametric SHRED Model Architecture and Training

The parametric SHRED model is structured as a composite
function designed to map the input sequence directly to the
predicted POD coefficients:

Ât = fSHRED(Xseq) = fSDN(fGRU(Xseq)) (3)

The architecture consists of two main components: a GRU-
based encoder and a shallow decoder.

The GRU network serves as the encoder, chosen for its
ability to effectively capture temporal dependencies while
maintaining computational efficiency. Compared to more com-
plex architectures like Long Short Term Memory (LSTM)
networks, the GRU uses a simpler gating mechanism to control
the flow of information through time [14]. It iteratively updates
its hidden state via the process hk = (1−zk)⊙hk−1+zk⊙h̃k,
where the update gate zk and candidate state h̃k are computed
from the current input xk and the previous state hk−1. This
mechanism allows the GRU to effectively capture and com-
press the spatio-temporal dynamics of the system into the final
hidden state vector ht = fGRU(Xseq) ∈ RNhidden .

ht is then passed to the SDN, a feed-forward multi-layer
perceptron (MLP). The SDN decodes the features extracted by
the GRU to estimate the target POD coefficients. It performs a
mapping using 2 fully-connected layers, and the output is the
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final predicted vector of POD coefficients Ât = fSDN(ht) ∈
RrT+ru+rv .

The model’s parameters are optimized by minimizing the
difference between the predicted and true coefficients on the
training dataset. By repeating this process over the whole
dataset, the SHRED model learns the precise mapping from
the sparse, parameter-aware time-series input to the low-
dimensional representation of the high-dimensional physical
fields. These coefficients are used to reconstruct the full
high-dimensional fields, which is achieved by multiplying the
coefficients for each field by the transpose of its corresponding
POD basis matrix:

X̂Φ
t = ÂΦ

t Ψ
⊤
Φ ∈ R1×Ns , t = 1, 2, . . . , Nt (4)

III. FULL-ORDER MODELING OF GIL

This work focuses on a specific 550 kV GIL with a rated
current capacity of 8 kA. To reduce computation time, this
work uses a two-dimensional model, shown in Fig. 2, which
includes the key dimensions and thermal processes.
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Fig. 2. Illustration of the schematic configuration for the Full-Order Modeling
(FOM).

The temperature distribution inside the GIL is a result of
a complex interplay between electromagnetic heating, fluid
flow, and multiple modes of heat transfer. The main source
of heat is Joule heating, caused by the load current Icoil
flowing through the conductor. The heat transfer process in the
GIL includes thermal conduction, convection, and radiation. In
high-capacity GIL systems, the high temperature rise induced
by high currents leads to strong natural convection within the
insulating gas. To ensure efficient heat transfer, the gas flow
is often in a turbulent state. Consequently, the fluid dynam-
ics within the gas domain are described by the Reynolds-
Averaged Navier-Stokes (RANS) equations with the Shear
Stress Transport (SST) k−ω turbulence model. The SST model
is well-suited for this application as it accurately captures
flow characteristics both near the walls and in the free-stream
region, making it robust for internal flow simulations. The
heat exchange between the outer surface of the GIL enclosure
and the surrounding ambient air is modeled as a convective
boundary condition, which is implemented by using a heat
transfer coefficient hair and setting the external environmental

temperature to the ambient temperature Tamb. The specific
simulation settings can be found in reference [15].

By varying the two key input parameters—with the ambient
temperature Tamb ranging from 10°C to 40°C and the load
current Icoil from 1000A to 8800A, the full-order model was
used to generate a total of 25 distinct simulation trajectories.
Each trajectory representing an operational scenario was sim-
ulated for Nt = 999 time steps, with each step representing
an interval of 30 seconds. The full-field solution at each
time step comprises Ns = 8, 983 spatial degrees of freedom,
capturing the detailed temperature and velocity distributions.
All simulations were carried out on a desktop equipped with
an Intel Core Ultra 7 265KF CPU.

IV. NUMERICAL RESULTS AND DISCUSSION

To construct a low-dimensional representation of the system,
a randomized SVD was first employed on the snapshot matri-
ces for the temperature T , horizontal velocity u, and vertical
velocity v fields. This process extracted a latent space spanned
by the principal POD modes. As shown in Fig. 3, (a) illustrates
the decay of singular values for each field, while (b) visualize
the spatial patterns ΨΦ of the first three dominant POD modes.
To preserve over 99.9% of the total energy in the latent space,
the dimensionality was set to rT = 3 for the temperature field
and ru = 10 and rv = 10 for the velocity components.
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Fig. 3. Decay of singular values and the first 3 POD modes ΨΦ for the
temperature field and velocity components.

With the dominant POD modes identified, the sensor loca-
tions for the model input were determined. For this study, 3
sensor locations were selected randomly on the GIL’s outer
enclosure. The measurements from these randomly placed
sensors formed the sparse input for the model.

A. Model Performance and Reconstruction Accuracy

For the model training and evaluation, the 25 distinct simu-
lation trajectories were divided into three sets: 18 trajectories

979-8-3315-8138-1



were used for training, 5 for validation, and 2 for testing.
To assess the model’s performance under realistic conditions,
its robustness to sensor noise was evaluated. The noise ϵ =
N (0, 1) · σdata · l was added to the sensor measurements y at
each time step, scaled relative to the data’s natural variance.
N (0, 1) is standard Gaussian noise, σdata is the standard
deviation of the sensor training data, and l is the variable
noise level. To ensure statistical reliability, 10 independent
experiments were performed for each noise level.

Fig. 4 shows the predicted temporal evolution of the first
three temperature POD coefficients (ãT1 , ã

T
2 , ã

T
3 ) under noisy

conditions. The mean prediction (solid lines) accurately tracks
the ground truth from the full-order model (dashed lines),
even at high noise levels. The narrow 95% confidence interval
(shaded region) further confirms the model’s stability and its
ability to effectively filter measurement noise while capturing
the underlying system dynamics.
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Fig. 4. Comparison of the parametric SHRED output to the Ground Truth
for the first three temperature POD coefficients (ãT1 , ãT2 , ãT3 ).

The final step is the reconstruction of the high-dimensional
physical fields, achieved by combining the predicted temporal
coefficients with their corresponding spatial modes. Fig. 5 pro-
vides a visual comparison of the reconstructed fields against
the ground truth for a representative time instance from the
test set. The figure is organized into three panels: (a) displays
the temperature T and velocity u fields as predicted by the
SHRED model, (b) shows the corresponding ground truth
fields from the full-order model simulation, and (c) illustrates
the point-wise absolute error between the prediction and the
truth, confirming the high accuracy of the reconstruction.
Besides, the model exhibit good computational efficiency. The
average prediction time for all time steps was measured to
be around 0.2s, which satisfies the requirements for real-time
digital twin applications.

B. Generalization and Stability Analysis

To ensure the model’s reliability, two stability analyses were
performed to test its sensitivity to both the data partitioning
and the specific placement of sensors.
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Fig. 5. Comparison of reconstructed fields T and u: (a) SHRED model
prediction, (b) ground truth from simulation, and (c) the point-wise absolute
error.

First, the 25 trajectories were randomly split into training,
validation, and testing sets 15 different times, and the model
was retrained for each split. As shown in Fig. 6, the resulting
temperature Mean Absolute Percentage Error (MAPE) shows
low variation across the 15 trials, indicating that the model’s
performance is not dependent on a specific data partition.
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Fig. 6. Model stability analysis across 15 different data splits.

Second, the model was retrained using 10 different random
sensor configurations, as shown in Fig. 7. To isolate the effect
of sensor placement, the data partition (the division of the 25
trajectories into training, validation, and test sets) was kept
identical for all 10 trials. The model was then retrained and
evaluated for each of the 10 unique sensor layouts.
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Fig. 7. The 10 random sensor configurations used for stability testing.
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Fig. 8. Temperature MAPE results for the 10 sensor configurations.

The results are presented in Fig. 8, which shows the
distribution of the temperature MAPE for the 10 different
sensor configurations. The plot clearly shows a low variance
in performance across the different layouts. The narrow 95%
confidence interval provides evidence that the specific random
placement of sensors has a negligible impact on the final
prediction accuracy of the temperature field.

C. Ablation Study of Sequence Model Architecture

The GRU was initially chosen for its balance of efficiency
and performance. To validate this choice, an ablation study was
conducted by replacing the GRU component with the SHRED
architecture with two other prominent sequence models: the
LSTM network and a standard Transformer encoder. The
results of this comparison are summarized in Table I. The
GRU-based model not only achieves the lowest MAPE but
also boasts the fastest training time.

TABLE I
PERFORMANCE COMPARISON OF DIFFERENT SEQUENCE MODELS

Sequence Model Training Time (s) MAPE (%)
GRU (Proposed) 20.1 0.11
LSTM 22.0 0.14
Transformer 40.1 0.51

V. CONCULSION

This work applies a parametric SHRED architecture for
adaptable multi-physics field reconstruction in a 550kV GIL.
Based on only 3 sparse temperature sensors and key opera-
tional parameters, the model was trained to estimate the multi-
physics field. By learning the spatiotemporal relationships
embedded in the sparse data, the parametric SHRED model

accurately reconstructs high-dimensional fields with a MAPE
below 0.25%, even under noisy conditions.

The model’s stability against sensor noise and placement,
and its ability to adapt to different scenarios, makes it suitable
for real-world DT applications. This makes the parametric
SHRED a powerful tool for building efficient and adaptable
DTs for non-intrusive, real-time state estimation in high-
voltage apparatus. Future work will extend this parametric
approach to more complex equipment and a broader range
of operating conditions.
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