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Abstract

Reconstructing a thermal model capable of efficiently simulating the behavior of a spacecraft from sparse and local-
ized temperature measurements remains a challenging task. To address this, we introduce a physically-constrained
calibration framework for Lumped Parameter Thermal Models (LPTMs), formulated as a trajectory-based inverse
problem for graph dynamical systems. The model reconstructs thermal dynamics directly from temperature measure-
ments and known inputs, without relying on a priori parameter values derived from material properties or geometric
assumptions. Physical admissibility is enforced at the parameterization level: positivity of nodal coefficients and
symmetry of conductive interactions are imposed by construction. This guarantees stable dynamics and restricts the
identification problem to a physically meaningful parameter space, improving conditioning without the need of ad-
ditional regularization. The identification problem is addressed through trajectory matching, ensuring stable rollout
over extended time horizons. The methodology is validated on synthetic datasets generated from high-fidelity finite
element simulations under progressively complex forcing conditions. The calibrated LPTMs accurately reproduce
long-term temperature evolution and exhibit robustness to measurement noise. The proposed framework provides a
systematic approach to the calibration of reduced-order thermal models by combining physical structure with data-
driven identification. The numerical results show a favorable balance between accuracy and computational efficiency,
making the models suitable for integration in spacecraft thermal Digital Twin applications.

Keywords: Inverse problems, Graph dynamical systems, Lumped thermal models, Structure-preserving methods,
Continuous-time system identification, Reduced-order modeling, Spacecraft Thermal Modeling, Digital Twin

1. Introduction

Thermal modeling of spacecraft involves the prediction of energy transfer in heterogeneous environments governed by
the heat equation and radiative exchange mechanisms [[1}[2|3]]. In the absence of atmospheric convection, satellites are
subject to strongly time-dependent boundary conditions, including solar irradiation, albedo, and eclipse phases, lead-
ing to nonlinear and non-stationary temperature dynamics. As a result, inadequate thermal management under such
conditions may compromise subsystem functionality, reduce mission lifetime, or ultimately lead to system failure.
The Digital Twin (DT) paradigm, initially developed in the aerospace sector to support real-time monitoring and
predictive maintenance of complex systems [4], aims to combine physics-based models with real-time data for mon-
itoring, prediction, and control. In thermal applications, a DT must remain accurate over long prediction horizons
while retaining computational efficiency compatible with real-time deployment and robustness across varying operat-
ing conditions.

High-fidelity models based on the finite element method (FEM) provide accurate solutions but are computation-
ally expensive and unsuitable for real-time DT applications. Reduced-order modeling techniques offer a systematic
alternative by approximating high-dimensional systems through low-dimensional representations while preserving es-
sential dynamical properties. In this context, projection-based model order reduction techniques derived from FEM
discretizations have been proposed to accelerate large-scale simulations while preserving physical fidelity [5} 16} [7, I8]].
Lumped Parameter Thermal Models (LPTMs) can be also interpreted as reduced-order models of the underlying heat
equation, where the thermal field is approximated by a network of interacting nodes. From a structural perspective,



LPTMs can be interpreted as diffusive dynamical systems defined on graphs, where thermal interactions are governed
by Laplacian operators. Such systems belong to the broader class of network dynamical systems, extensively studied
in control theory and multi-agent systems [9]. However, unlike projection-based methods, their parameters usually do
not directly inherit physical meaning (except in very simple settings, with homogeneous materials, simple geometries,
and clearly defined heat transfer paths) and must be inferred from data [[10].

Data-driven approaches, including neural networks and operator learning methods [[11], have been proposed to ap-
proximate complex dynamical systems at reduced computational cost. In recent years, physics-informed machine
learning has expanded the range of possible approaches by embedding physical structure into learning architectures
to enhance robustness and generalization in dynamical systems [[12,[13]. In parallel, system identification techniques
for continuous-time dynamics have been revisited through sparse regression methods such as SINDy [14] and Neural
Ordinary Differential Equations (Neural ODEs) [[15]. Hybrid approaches, such as Universal Differential Equations
(UDEs), further combine mechanistic models with data-driven components, enabling the integration of prior physical
knowledge within the learning process [[16]. Structure-preserving approaches such as Hamiltonian neural networks
have also been proposed to enforce physical invariants in learned models [[17]. Among these, reduced representations
such as Dynamic Mode Decomposition (DMD) have been successfully applied to approximate complex dynamical
systems at lower computational cost [18} [19]]. Despite their flexibility, these approaches often suffer from poor ex-
trapolation capabilities, lack of physical interpretability, and instability over long prediction horizons, with stability
preservation becoming particularly critical in data-scarce regimes [20].

These limitations highlight a gap between physically interpretable reduced-order models and flexible data-driven
approaches. In particular, the identification of reduced thermal models from sparse measurements remains an ill-
posed inverse problem, due to limited observability and non-uniqueness of the parameters [21} 22].

In this work, we propose a physics-constrained identification framework for lumped thermal models formulated as
graph dynamical systems. The approach combines: (i) a graph-based representation of thermal interactions, (ii) a
continuous-time system identification formulation inspired to Neural ODEs, (iii) a structure-preserving parameteri-
zation enforcing positivity, symmetry, and dissipativity by construction. This formulation ensures that the identified
model remains within the class of physically admissible thermal systems, improving stability and generalization with-
out requiring explicit regularization.

The remainder of this paper is organized as follows. Section [2] introduces the theoretical background, including
the LPTM formulation, its graph representation, and the connection with Neural ODE models. Section 3] presents the
inverse calibration framework and the associated learning problem. Section[]describes the computational architecture
and the enforcement of physical constraints. Section [5] reports numerical results on synthetic test cases, including
sensitivity analyses and robustness assessments. Section[f]concludes the paper and outlines future research directions.

2. Background and Problem Formulation

We consider a thermal subsystem equipped with a finite number of temperature probes placed at specific locations
within the structure. These sensors provide temperature measurements over time and represent the primary informa-
tion available for reconstructing the thermal dynamics of the system. Let {tk}kN=0 denote the discrete sampling times. At
each time instant, the probes provide a vector of temperature measurements y; € R”, where p is the number of probes.
Internal heat sources are assumed to act at the same probing points. These sources account for heater activations
or thermal dissipation generated by electronic components, whose power levels are typically known from telemetry.
Their values are collected in the input vector u; € R” and the available dataset can be written as D = {u, yk}sz o- BX-
ternal thermal interactions, such as radiative exchanges with the surrounding environment, are not directly included
in this description and will be introduced separately in the following sections.

We distinguish between the number of measured outputs p and the number of thermal states n used in the model.
In general, the graph-based thermal model may include additional nodes beyond sensor locations, corresponding to
lumped components or internal thermal masses. Therefore, the state dimension n does not necessarily coincide with
the number of measurements p. The observation operator is implicitly assumed to map the full state 7(r) € R" to the
measured outputs y(f) € R”. In the numerical experiments presented in this work, we consider the case n = p, that is,
one state per sensor, for simplicity.



2.1. Lumped Parameter Thermal Models (LPTMs)

LPTMs are reduced-order models that approximate heat transfer problems by aggregating the domain into a finite set
of control volumes (nodes) connected by lumped thermal couplings (edges). The evolution of the temperature 7 in a
domain Q c R is described by the heat equation arising from conservation of energy and Fourier’s law of conduction
(L 121

oTr
pC”E =p+V.-(AVT),

where p denotes the mass density, ¢, is the volume specific heat at constant pressure, p represents any volumetric heat
source and A is the conductivity. The domain Q is partitioned into disjoint control volumes €;, such that Q = |J_, Q;.
The node temperature is defined as the volume average over a control volume, namely

1
T:(t) := — T(x,t)dV,
® IQfIfQ,( )

while the lumped thermal capacitance is defined as

C; :=fp(x)cp(x)dV.
Q;

LetI[;; := 0€;n0Q; be the interface between nodes i and j, with outward normal n;; from Q; to ;. The net conductive
heat flow from i to j is

(D,»j(t)zf —AX) VT (x,1)-n;dS.
Lij

Under the usual lumped approximation, this interfacial flow is approximated as

©ij(1) ~ Gij (Ti(1) - T;(1)),

where G;; = 1/R;; > 0 is an effective conductance that aggregates geometry, materials, and contact properties.
External heat inputs acting on node i (heaters, absorbed radiation) are collected in P;(#). The nodal energy balance
becomes

dT;

Ci=t=PiO+ Y Gy(T;-T), i=1,....n,
dt A
JEN(D)

where N (i) is the set of neighbors of node i.

2.2. Graph-based description: nodes, edges, and matrices

We consider a thermal graph G = (V, E), where the thermal system is represented as a network of interacting compo-
nents [23}24]]. This graph-based formulation is naturally connected to dynamical systems representations, including
structural controllability and observability concepts [25]], and is closely related to recent graph-neural and message-
passing approaches for multi-component physical systems. In this framework, nodes (vertices) represent control
volumes €; associated with physical components or subsystems. Each node is associated with a single temperature
state T; and a capacitance C; corresponding to the integral of pc,, over ;. Meanwhile, edges encode lumped thermal
couplings between nodes. Each edge (i, j) is weighted by a symmetric conductance G;; = Gj; > 0 that aggregates
conduction paths. We define the weighted adjacency W = [w;;] with w;; = G;; for i # j and w;; = 0, the degree matrix
D = diag(d;) with d; = 3, j#i Gij» and the (combinatorial) Laplacian L:

L=D-w,  L;={ 00 F)
' ’ Y\ Sk G i=

For simplicity, we aggregate both controlled fluxes (heaters) and external excitations (orbital fluxes, disturbances) into
a single input vector u(¢). Thus, we obtain:

CT(t)=-LT(t) + u(?), C =diag(Cy,...,Cp). (1)



2.3. Radiative fluxes and linearization

In addition to conductive exchanges between nodes, satellites experience radiative heat transfer. Two main cases can
be distinguished:

¢ Radiative exchange with an external sink (deep space)
The net flux between a node i at temperature 7; and a radiative sink is governed by the Stefan—Boltzmann law [3]:

PR = qoA (T - T2),

where ¢; is the emissivity, A; the radiating area, and o the Stefan—Boltzmann constant. In most satellite applications,
the sink is deep space with T, = 0, so that

P;ad ~ oA ,~Ti4 .

Typically, for satellite thermal monitoring, all quantities A;, €, and T, are known or fixed by design, and the corre-
sponding radiative conductance can be computed analytically without ambiguity. Therefore, this contribution does
not require calibration.

e Radiative exchange between two components
For two nodes i and j with view factor F;;, emissivities ¢;, €;, and areas A;, A;, the net radiative power exchanged
is:

4 4

ofT}! - 7})
1-¢ + 1 + 1- € ’
eiAi A,‘F,‘j ejAj

rad _
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where ¢ is the Stefan-Boltzmann constant. We introduce an effective emissivity ¢;; defined by:

1 . 1-¢ 4 1 - €j
E*AIFU ' El‘Ai AlFl] E]A]

L

so that the net exchange can be compactly written as:
P = o AF; (T} =T},

An equivalent conductance between nodes i and j, can be obtained linearizing the radiative exchange around a
reference temperature 7° (e.g. the mean of 7; and T';), namely

P~ GRUT) (T - T)),

where
GPNT) =40 T €,A;F;j.

These parameters cannot be fully determined analytically and require calibration based on measurements or high-
fidelity simulations. Related data-driven approaches for modeling and correcting radiative thermal couplings in
reduced-order spacecraft models have been explored [6, [26].

In the following, radiative exchanges with the external environment that can be reliably estimated from design data
are treated as known exogenous inputs. Conversely, unresolved or uncertain radiative interactions between compo-
nents may be absorbed into the effective conductive coeflicients to be identified. This choice is consistent with the
interpretation of the model parameters as effective quantities rather than exact physical properties.
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2.4. Limitations of direct lumped reductions

The parameters in Lumped Parameter Thermal Models (LPTMs) are often challenging to estimate from nominal ma-
terial data and geometric specifications. Variations in material properties, uncertainties in geometry, and neglected
interactions lead to differences between the idealized model assumptions and the observed effective behavior. The key
assumption underlying our approach is that, despite these simplifications, the reduced-order model retains the funda-
mental structure of thermal physics: heat exchanges between lumped nodes are governed by temperature gradients,
energy is conserved, and the dynamics remain consistent with thermodynamic principles. Under this assumption, the
LPTM can be interpreted as a physics-constrained surrogate, where the governing equations define the functional form
of the dynamics and the parameters are treated as effective lumped coefficients to be identified from observed thermal
trajectories. Rather than deriving these coefficients from first principles, we learn them from data while enforcing
the structural constraints imposed by the thermal network topology. This motivates the formulation of parameter
identification as a data-driven inverse problem, constrained by the physical structure of the thermal network.

3. Inverse Parameter Identification Framework

The objective of the proposed framework is to identify a compact and lumped thermal model from partial observations,
which naturally leads to a parameter estimation problem within the theory of inverse problems [21, 22]. Rather than
deriving directly the lumped model parameters as defined in Section 2.1} we reinterpret the lumped formulation
introduced in Section 2 as a parameterized dynamical system whose coefficients are inferred directly from data.

3.1. Effective Lumped Thermal Model

Let ¢ := {C;,G;;} denote the physical parameters that would characterize an ideal lumped thermal model derived
from the underlying heat-transfer problem. In practice these quantities are not directly accessible and cannot be
reliably determined from geometry and material properties alone. Instead, we introduce a set of effective coefficients
6 = {yi,0;;} that parameterize a reduced dynamical system reproducing the observed temperature evolution at the
sensor level. These coefficients play the role of nodal (inverse) capacitances and edge conductances within the proxy
model, but they should not be interpreted as exact physical quantities.

Let T'(r) € R” denote the vector of nodal temperatures. The reduced thermal dynamics are described by the system

T(0) = fo(T(0), u(®), 1),

which can be written in the equivalent lumped form

COT (1) = -LOT@) + u®.

Here C(6) collects the effective nodal capacitances and L(6) is the weighted graph Laplacian associated with the
thermal network. At the node level, the dynamics can be written as

Ti=vi [Mi + Z 6ii(T; - Ti)] ,
JEN()
where N(i) denotes the set of neighbors of node i. The coefficients y; and ¢;; represent effective thermal properties
that must be estimated from data. The coefficient y; can be interpreted as an effective inverse thermal capacitance, i.e.,

Vi & Ci“, while 0;; represents an effective thermal conductance between nodes i and ;.

3.2. Supervised Learning Perspective

The dynamical system introduced in Section 3.1 naturally inherits the graph structure of the underlying thermal
network. Each temperature state corresponds to a node of the graph, while thermal couplings between components
are represented by edges. Within this representation, the evolution of each node results from the combination of local
power inputs and pairwise heat exchanges with neighboring nodes. The conductive interaction between two nodes i
and j can be written as



mij(T;, T3 0) = 6;(T; = T)),

which represents the heat transfer along the edge connecting the two nodes. The total contribution acting on node i is
obtained by aggregating the interactions with all adjacent nodes,

D mi(T3,T530)

JENG)

The nodal dynamics therefore take the form

Ti=yi|u + Z m;i(T;,T;;0)].
JEN()

This formulation coincides with the message-passing structure commonly used in graph-based dynamical systems.
The same functional form of the interaction law is applied across all edges of the network, while the parameters ¢;;
remain edge-specific and are learned from data. From this perspective, the lumped thermal model can be interpreted
as a structured graph dynamical system in which the interaction functions are fixed by the physical heat transfer law,
while the associated coefficients are unknown parameters to be identified.
This observation establishes a direct connection with the framework of Graph Neural Ordinary Differential Equations,
which generalize Neural ODE models to structured systems [[13} 27]. In that setting, the state evolution is described
by a parameterized vector field defined on a graph, and the unknown parameters are identified from trajectory data
through gradient-based optimization.
Although the present model does not introduce neural network parametrizations for the interaction functions, its
structure matches that of a Graph Neural ODE with physically prescribed message functions. In contrast to fully data-
driven approaches such as Physics-Informed Neural Networks, the proposed framework retains an explicit physical
structure and focuses on parameter identification rather than function approximation [[12} [13]. This reinterpretation
allows the calibration problem to be treated within the standard supervised learning setting commonly adopted for
Neural ODE models.

3.3. Inverse Problem Formulation

Let {tk}kN:O denote the sampling times and {uk,yk}kN:O the available dataset, where u; represents the known thermal
inputs and y; the measured temperatures at the sensor locations. Given a parameter vector 6, the effective thermal
model introduced in Section 3.1 defines a dynamical system whose evolution is governed by

T(t) = fo(T (1), u(t), 1).

For a prescribed initial condition T(fy) and input trajectory u(f), this system generates a temperature trajectory
{Tk(H)}kNZO, where we denote Ty(0) := T(#;0). The identification task consists in determining the parameter vector
6 that best reproduces the observed trajectories. This leads to a trajectory-matching optimization problem, consistent

with classical system identification approaches based on time-series data [28]],

N
6* = argmin ) [|7(6) — yul3- )
k=0

From the perspective introduced in Section 3.2, this problem can be interpreted as a supervised learning task on
dynamical systems defined over a graph. The model parameters 6 play the role of trainable weights, while the tem-
perature trajectories represent the training targets.

In practice, solving this optimization problem requires a number of additional design choices, including the parame-
terization of the coefficients, the strategy used to compute gradients of the trajectory loss, and the numerical structure
adopted to enable efficient training. These aspects are addressed in the next section, where we describe the computa-
tional architecture used to make the inverse problem numerically tractable while preserving the physical structure of
the thermal model.



The trajectory matching differs from standard regression settings, as the supervision is provided through the evolution
of the system rather than pointwise targets. In practice, for computational and stability reasons, the trajectory matching
loss will be evaluated over multiple shorter time windows, as described in Section 4. The proposed framework
can therefore be interpreted as a structured neural differential model on graphs, where physical constraints such as
positivity, symmetry, and dissipativity are enforced by construction, while retaining end-to-end trainability from data.

4. Computational Architecture for Stable Calibration

The inverse problem formulated in Section 3 corresponds to the identification of the parameter vector 6 of a graph
dynamical system from observed trajectories. While conceptually simple, solving this optimization problem in prac-
tice requires several architectural choices to ensure numerical stability and efficient training. Stability considerations
mirror known challenges in the training of Neural ODE models over long time horizons [27,29].

In particular, trajectory-based optimization of Neural ODE systems can become unstable when parameters temporarily
leave the physically meaningful regime or when gradients are computed over long time horizons. For this reason the
calibration framework adopts a number of structural design choices that guarantee stability of both the dynamics and
the optimization process.

4.1. Parallel Trajectory Batching

The trajectory-based loss requires repeated integration of the dynamical system over multiple time intervals. For long
telemetry sequences evaluating the loss over the entire trajectory at each optimization step would be computationally
too expensive and may lead to unstable gradients, since prediction errors accumulate over long horizons.

To address this issue, the available time series is partitioned into multiple shorter temporal segments that are processed
simultaneously during training. Let Np denote the number of batches and T}, the temporal length of each segment.
The dataset is partitioned as

N
Dy, = {up i, Yoo

where each batch corresponds to a trajectory initialized from a different time window of the telemetry sequence.
Each trajectory segment corresponds to a contiguous time window extracted from the full dataset. In this work,
non-overlapping segments are used, although overlapping windows could also be considered.

Instead of evolving each trajectory independently, the system is extended to a larger disconnected graph obtained
by replicating the original thermal network Ny times. If L(#) denotes the graph Laplacian of the original network,
the corresponding operator for the composite system takes a block-diagonal form and corresponding state vector is
constructed by concatenating the temperature states of all batches,

L©) = diag (LO).....L©O), T=[17.75.....77%,| .
The resulting system evolves according to )
T = fy(T,u0), 3
where each subgraph evolves independently but shares 6.

This formulation allows all trajectories to be propagated within a single forward pass of the graph-based Neural ODE
solver. Since the graph operations involved in the vector field evaluation consist primarily of sparse matrix—vector
products and local message computations along edges, the resulting workload can be executed efficiently using parallel
computing architectures.

In addition, processing multiple trajectories simultaneously improves the conditioning of the optimization problem.
Gradient updates are aggregated across batches corresponding to different initial conditions and forcing scenarios,
providing a more informative training signal and reducing the risk of overfitting to individual trajectory segments.



4.2. Bounded Parameter Embedding

The physical parameters of the thermal network are collected in the vector = {y;,0;;}. These coefficients have
two structural properties that make direct optimization very difficult. First, they are all strictly positive. Second,
their admissible values may span several orders of magnitude, since they correspond to thermal processes occurring at
different characteristic time scales. Very small coeflicients correspond to thermally inactive nodes or edges, effectively
removing interactions from the network. Conversely, very large coefficients represent increasingly fast heat-transfer
processes. The high regime is problematic both numerically and conceptually: extremely large parameters introduce
stiff dynamics that require very small integration timesteps, while from a modeling perspective they correspond to
resolving thermal processes that fall outside the intended resolution of the lumped approximation.

To enforce physical constraints such as positivity and boundedness of the parameters, we introduce a smooth mapping
from unconstrained variables p € R to physically admissible parameters p.

Specifically, we define

Sp
p=Y(p) = > (tanh(2p) + 1),

where s, > 0 is a characteristic scale representing the maximum admissible value of the parameter.

This transformation ensures that p € (0, s,) for all € R, while preserving smoothness and enabling gradient-based
optimization in the unconstrained space. The choice of the hyperbolic tangent provides symmetric saturation and
avoids excessively small gradients near the origin, thereby improving numerical stability during training. Similar
constrained parameterizations are commonly adopted to enforce positivity and boundedness in neural differential
models [30, [31]. The scale s, is selected based on prior physical knowledge or expected orders of magnitude of the
parameters.

4.3. Bounded Evolution During Training

Even with the bounded parameterization introduced in Section[4.2] the optimization process may temporarily explore
parameter values far from those corresponding to a stable thermal network. In such situations the predicted trajectories
can diverge rapidly during the numerical integration of the dynamical system. This issue is particularly critical when
the trajectory loss is evaluated through long forward rollouts, since unstable intermediate dynamics may lead to
exploding states and corrupted gradient estimates.

To address this issue, we introduce a stabilization strategy that limits the range of admissible temperatures during the
forward propagation of the model. Specifically, after each integration step of the unrolled dynamics, a smooth limiting
function is applied to the temperature states. The transformation is designed so that it does not modify the dynamics
within the physically relevant operating range, while providing bounded dynamics when the trajectory moves outside
this region.

7uLet T denote a generic nodal temperature. The limited value 7" is defined through a piecewise smooth transformation
constructed using hyperbolic tangent functions

vtanh(T/v—-1)+1v, T <v
T, v<T<2v (€]
vtanh (T/v-2)+2v, 2v<T

The mapping is linear within the nominal operating interval 200K < 7' < 400 K using v = 200 K, so that temperatures
in this range remain unchanged. Outside this interval the function transitions smoothly toward asymptotic bounds
using hyperbolic tangent branches. In particular, the transformation approaches the lower asymptote at 0 K and the
upper asymptote at 600 K.

This choice ensures that the transformation behaves as the identity in the physically meaningful temperature range,
while preventing unbounded growth of the state variables during unstable intermediate phases of the optimization.
The temperature limiter acts only outside the physically relevant operating range and is primarily used to prevent
numerical instabilities during the early stages of training, consistent with the numerical stability issues discussed in
[32], when parameters may take unrealistic values. As training progresses, the learned dynamics remain within the
linear region of the limiter, making its effect negligible. In all reported experiments, the limiter is removed during
evaluation, ensuring that the final model corresponds to the original unconstrained dynamics.



4.4. Energy Conservation and Dissipation

Beyond the numerical stabilization strategies introduced in the previous sections, the thermal model must preserve
the structural properties of passive heat-transfer networks. In particular, conductive couplings between nodes are
symmetric and cannot generate energy internally. Symmetry of conductive exchanges is enforced by construction
through 6;; = ¢;, while nodal coefficients satisfy y; > 0. Under these conditions the associated graph Laplacian L(6)
is symmetric positive semidefinite.

Two energy-related quantities can be associated with the thermal network. First, the total thermal content of the
system is defined as

H(T) = Z C.T, =17CT. (5)

This quantity represents the total thermal content of the system relative to a chosen reference temperature. In the
absence of external inputs, conductive exchanges only redistribute heat between nodes and therefore preserve this
quantity. Indeed, using

COT = -LOT, (©6)
one obtains
H=1"COT = -1"LOT =0, @)
since the Laplacian satisfies
L)1 =0. ®)

In addition to the conserved thermal content, it is convenient to introduce the quadratic functional

E(T) = %TTC(H)T. ©)

Although not representing the physical thermal energy, this quantity acts as a Lyapunov function for the conductive
dynamics. Differentiating along system trajectories yields

E=T"C@OT =-T"L©O)T. (10)

Using the structure of the graph Laplacian, the quadratic form can be written explicitly as
1 2
TLOT = 5 Zj §i(Ti = T;), (11)

which is always non-negative since d;; > 0. Such properties are consistent with classical passivity-based formulations
of networked physical systems.

Consequently, £ < 0. Equality holds only when all connected nodes have identical temperatures, corresponding to a
state of internal thermal equilibrium with no conductive heat fluxes.

Embedding symmetry and positivity directly in the parameterization therefore guarantees that the calibrated model
preserves the passive and dissipative nature of thermal conduction throughout the entire training process. This ensures
that the identified model remains within the class of passive and dissipative systems. Structure-preserving formula-
tions of dynamical systems similarly aim to enforce consistency with underlying physical principles in learned models,
including energy conservation and dissipation properties [117} 133]].



5. Numerical Results

We first describe the test cases used to assess the proposed hybrid calibration framework. The computational domain
represents a simplified yet physically meaningful cross-section of a satellite thermal subsystem. Let Q ¢ R? denote the
spatial domain under consideration. Specifically, we consider a square two-dimensional domain €, whose boundary
0Q is surrounded by a strongly insulating layer, mimicking the presence of multi-layer insulation and minimizing heat
exchange with the external environment. Within Q, four disjoint regions {Q,-};‘:1 corresponding to internal subsystems
are considered; three of these subsystems, 1, Q,, Qs, are monitored and have different thermal properties, while Q4
is thermally isolated and unmonitored. Each region €Q; is assumed homogeneous, with constant thermal conductivity
A; and volumetric heat capacity p;c;, as shown in Figure([I]
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Figure 1: Computational domain Q = [0, 2] m2. Thermal conductivity field (left) and volumetric heat capacity field (right).

Ground truth data are generated by solving the transient heat conduction problem for the temperature field 7'(x, ) on Q
using a Finite Element Method (FEM), a standard discretization approach for heat transfer problems. The temperature
field T'(x, 7) is governed by:

crdT =V -(VT) = ) fix,0xa,(0) inQ, (12)
J

where ¢y and ky denote the thermal capacity and conductivity, respectively. The terms f;(x,t) represent localized
volumetric heat sources acting on subdomains Q; C Q. On the boundary 6Q = Uj‘zll",», nonlinear Neumann boundary
conditions are imposed:

—AfVT - n = qi(t) + T&Zen (T4 - T:m) onl;, (13)

accounting for surface heat fluxes ¢;(¢) and radiative heat losses linearized towards an external temperature Tey;.

5.1. Weak Formulation and Data Generation

The synthetic dataset is generated by solving the two-dimensional heat equation with volumetric sources, prescribed
boundary heat fluxes, and radiative cooling. Using an IMEX scheme for time discretization with timestep At, the
weak formulation reads as follows: find u € H'(Q) such that for all test functions v € H'(Q)

4 4
fchvdx+Atf/lfVT-Vvdx—AtZf(USZ]enTgld)Tvdszfcholdvdx+Athifvds+Athjf vdx.
Q Q = Jrn Q P T; 7 Q;

i J

Here T denotes the temperature at the current time step and 7,4 the temperature at the previous one. The terms g;
correspond to prescribed heat fluxes on the boundary segments I';, while f; denote volumetric heat sources acting
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on subdomains Q; C Q. Radiative cooling is modeled through a boundary contribution derived from the Stefan—
Boltzmann law. The nonlinear T* dependence is linearized around the previous state and assuming T, ~ 0K, leading
to the coefficient oezjep Tgl d and yielding a stable fully implicit formulation.

The computational domain is Q = [0, 2] x [0, 2] m? and is discretized with a structured 64 x 64 mesh of rectangular
elements. Continuous Galerkin finite elements of degree one (P1) are employed, resulting in 65 X 65 = 4225 degrees

of freedom. Time integration is solved by direct LU factorization.

5.2. Generation of Time Series and Heat Sources

The resulting FEM solution serves as a surrogate for ground-truth physics, from which synthetic measurements are
extracted. All results presented in this work are obtained using simulated data in a controlled setting [5.1} where the
thermal dynamics, material properties, and boundary conditions are known. High-fidelity FEM simulations provide a
reference solution that is not available in real telemetry, allowing us to quantify to what extent the proposed framework
is able to recover a consistent lumped thermal model from sparse temperature measurements.

To emulate a realistic operational scenario with sparse sensing, only a limited number of temperature sensors is
assumed to be available. All sensors provide pointwise temperature measurements and constitute the only observable
data used by the proposed model. From each sensor location {xk}fzo, a discrete temperature time series {7 (xy, t”)}nN;O
is extracted, and the collection of these sparse observations forms the input dataset for the hybrid model.

In these test cases, 4 sensors are located on the boundary of the square domain, one on each side, and are referred to as
boundary nodes. These sensors define the interface through which radiative heat exchange between the corresponding
satellite face and deep space is applied. Accordingly, the boundary nodes are endowed with the known geometric and
optical properties of the associated satellite face, such as radiating area and emissivity. The remaining sensors are
placed inside the monitored subdomains, with some subdomains containing more than one sensor.
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0.50 +

0.25 +
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0.0 0.5 1.0 1.5 2.0
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Figure 2: Thermal graph on the computational domain. Boundary nodes (1-4) handle radiative exchange with deep space; internal nodes (5-8)
correspond to sensor locations within the monitored subdomains. Green edges denote conductive couplings.

The thermal forcing time series were generated using two methodologies to represent deterministic and stochastic
phenomena. Periodic forcings, simulating solar irradiation, were modeled through sinusoidal functions with charac-
teristic orbital period, allowing to reproduce the solar exposure and eclipse phases typical of low Earth orbit missions.
For stochastic forcings, representing both heating lines and thermal dissipations from internal electronic devices, a
Gaussian process approach with radial basis function kernel was employed. This choice is motivated by the intrinsi-
cally variable and unpredictable nature of internal thermal loads, which depend on the non-deterministic activation of
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electronic components, payload operational cycles, and variable usage conditions during the mission. In the test be-
low, Tests A, B, and C refer to configurations with different characteristic periods of the internal sources, respectively
a correlation length of 700, 840 and 560.

5.3. Training Strategy

The training and validation dataset is processed in parallel according to the block-diagonal formulation of Section[d.T}
Batch length B is chosen to be sub-orbital, i.e. shorter than the characteristic thermal period of approximately 100
minutes. The sensitivity of the results to the choice of T}, is later investigated in Section[5.6]

To prevent numerical divergence during early optimization phases, we apply a smooth saturation (@) to nodal tem-
peratures at each integration step. The transformation coincides with the identity within the physically admissible
operating range [200 K, 400 K], and smoothly compresses values outside this interval through a differentiable map-
ping with bounded asymptotes. As training progresses and the identified parameters enter a physically meaningful
regime, predicted temperatures remain within this interval and the saturation acts as the identity. Consequently, it does
not alter the learned dynamics in the operational regime and serves as a stabilization mechanism during early training.

Model parameters are optimized by minimizing the trajectory-based loss defined in (2). Each run is trained for
a maximum of 5000 epochs, with early stopping applied when the validation loss ceases to decrease over a fixed
patience window. Parameters are optimized using an adaptive first-order gradient method (ADAM [34]), applied to the
ODE-constrained trajectory mismatch functional, without learning rate scheduler; runs are conducted independently
at fixed learning rates of 1072 and 1073 to explore the sensitivity of convergence to this hyperparameter.

Model performance is evaluated on the long-horizon test segment Dy, Which spans several complete orbital cycles
and two metrics are reported: the root mean squared error (RMSE) between predicted and reference temperature tra-
jectories and the Pearson correlation coefficient (PCC) (T4), which quantifies the linear correlation between predicted
and observed time series independently of amplitude offsets.

cov(X,Y) _ 2 (i = B — )
Ox 0y YL (-0 2 i - )

PCC =

(14)

5.4. Computational complexity

Let G = (V, E) denote the thermal graph. Each evaluation of the vector field f consists of local message computations
along edges followed by node-wise aggregation. Therefore, the computational cost per timestep scales as

O(E| + VD),

since each edge contributes a constant-cost interaction and each node performs a constant-cost update.
Under the block-diagonal batching strategy of Section .1} B independent trajectories are propagated in parallel,
leading to an overall cost

O(B(E| + V)

per timestep, while sharing the same parameter vector ¢. Memory requirements scale linearly with B(|E| + |V).

5.5. Test Case Configurations

Three test configurations are considered to assess the proposed framework under progressively complex thermal sce-
narios. The first (Table[T) involves only external radiative forcing applied at the domain boundary, representing orbital
heat fluxes in the absence of internal dissipation. The second (Table [2) features two internal volumetric heat sources
acting on distinct subdomains, mimicking the activation of heater lines used in practice to maintain onboard com-
ponents within their safe operating temperature ranges. The third configuration (Table [B) combines both external
and internal forcings simultaneously and constitutes the reference benchmark for all subsequent analyses reported in
Section 5.6l

Convergence is consistently achieved within a small number of iterations, often well below the maximum allowed.
This is due to to three structural properties of the proposed framework. First, the strong physical constraints embed-
ded in the neural field architecture (positivity, symmetry, and energy conservation) substantially reduce the effective
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dimensionality of the optimization landscape by confining the search to the physically admissible parameter space
from the first iteration. Second, the bounded parameterization introduced in Section (@.2)) prevents gradient explosion
and ensures smooth differentiability throughout training. Third, the parallelization strategy described in Section [4.1]
provides gradient updates averaged over multiple initial conditions and input scenarios simultaneously, yielding a
more informative and stable training signal per iteration compared to single-trajectory optimization.

Representative results for the three configurations are reported in Figures 3}4}{5} Each panel displays the predicted and
reference temperature trajectories over the full time horizon considered. The background shading identifies the three
data partitions: the green region corresponds to the training segments, the yellow region to the validation segments,
and the red region to the long-horizon test set Dy In each panel, the reference FEM temperature is shown in blue
and the model prediction in orange.

Dataset Iterations Max Iter Learning Rate  Train Loss  Valid Loss Test RMSE Test PCC

Test A 2000 2000 1.00x 1072 1.43x1072 1.66x 1072 2.66x 1072 9.98x 107!
Test A 2073 5000 1.00x 1072 143x1072 1.65x 1072 2.66x 1072 9.98 x 107!
Test A 5000 5000 1.00x 107 1.50x 1072 1.75x 1072 2.71x 1072 9.98x 107!

Table 1: Calibration results for the external forcing configuration.

Dataset Iterations Max Iter Learning Rate  Train Loss  Valid Loss Test RMSE Test PCC

Test A 2000 2000 1.00x 1072 2.00x1072 2.03x1072 216x 1072 9.79x 107!
Test A 4210 5000 1.00x 1072 1.93x1072 1.96x 1072 2.08x 1072 9.81x 107!
Test A 5000 5000 1.00x 1073 231x1072 231x1072 241x1072 9.75%x 107!
TestB 2000 2000 1.00x 1072 2.08x1072 1.99x 1072 240x 1072 9.73x 107!
TestB 4195 5000 1.00x 1072 1.96x 1072 1.88x 1072 2.15x102 9.79x 107!
TestB 5000 5000 1.00x 1073 227x1072 225x1072 279%x 1072 9.64x 107!
TestC 2000 2000 1.00x 1072 1.60x 1072 225x 1072 3.96x 1072 9.38x 107!
TestC 4753 5000 1.00x 1072 1.40x 1072 230x 1072 3.44x107% 9.50x 107!
TestC 5000 5000 1.00x 107 1.82x1072 333x1072 398x 1072 9.34x 107!

Table 2: Calibration results for the internal heater line configuration.

Dataset Iterations Max Iter Learning Rate  Train Loss  Valid Loss Test RMSE Test PCC

Test A 2000 2000 1.00x 1072 1.74x1072 2.18x 1072 203x 1072 9.86x 107!
Test A 2456 5000 1.00x 1072 1.72x 1072 2.12x1072 197x 1072 9.87x 107!
Test A 5000 5000 1.00x 1073 1.93x1072 243x1072 223x107% 9.82x 107!
TestB 2000 2000 1.00x 1072 1.77x1072 191x1072 213x1072 9.85x 107!
TestB 2336 5000 1.00x 1072 1.76x 1072 1.90x 1072 2.11x 1072 9.85x 107!
TestB 5000 5000 1.00x 1073 1.92x1072 207x1072 237x107% 9.82x 107!
TestC 2000 2000 1.00x 1072 1.53x1072 2.18x 1072 2.09x 1072 9.85x 107!
TestC 5000 5000 1.00x 1072 1.28x1072 1.97x1072 193x 1072 9.88x 107!
TestC 5000 5000 1.00x 107 1.73x 1072 243x1072 232x1072 9.81x 107!

Table 3: Calibration results for the benchmark configuration.
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Figure 3: Predicted (orange) and reference (blue) temperature trajectories for the external source configuration.
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Figure 4: Predicted (orange) and reference (blue) temperature trajectories for the internal heater line configuration.
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Figure 5: Predicted (orange) and reference (blue) temperature trajectories for the benchmark test, combining external and internal forcings.
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The convergence history and the evolution of the learned parameters over training iterations are reported in Figure [§]
for the benchmark configuration combining external radiative forcing and internal heater line activations. The train-
ing and validation losses decrease monotonically and reach a stable plateau within a limited number of iterations,
consistent with the early stopping counts reported in Table[3] The learned physical parameters converge smoothly to
well-defined values without oscillations or instabilities, confirming that the bounded parameterization of Section .2
effectively conditions the optimization landscape. An analogous convergence behavior is observed across all other
test configurations, indicating that the framework is robust with respect to the thermal forcing.

“ —— TrainLoss

\ ValidLoss

T T T T T 1 T T T T I T T T T

0 500 1000 1500 2000 0 500 1000 1500 2000 0 500 1000 1500 2000
(a) Training and validation loss versus epoch (b) Evolution of the learned nodal capacitances 7; (c) Evolution of the learned edge conductances ;.

Figure 6: Training diagnostics for the benchmark configuration.

5.6. Sensitivity Analysis and Robustness Assessment

All analyses reported in this section are conducted on the benchmark configuration introduced in Section [5.3] which
combines simultaneous external radiative forcing and internal heater line activations. Starting from this common
reference setting, the training configuration and the properties of the input data are systematically varied in order to
assess how each factor affects the behavior of the calibrated model.

Effect of Training Window Length

In this experiment, the total amount of data available for training and validation is kept fixed, while the number of
batches B is varied. Since the total dataset length is held constant, increasing B directly reduces the temporal length
T, of each individual training window, and vice versa. This setup allows the effect of the window length on the
identification process to be isolated without altering the overall information content of the dataset. The numerical
results are summarized in Table @

When using the trajectory-based loss, each window is integrated from a single initial condition, so that prediction
errors accumulate over the rollout horizon. Longer windows therefore introduce a more challenging optimization
problem in the early training stages, reflected in slower convergence and in a computational cost per epoch that grows
approximately linearly with T}, as confirmed by the training times reported in Table[d] At the opposite extreme, very
short windows provide only local supervision, leaving the model insufficiently constrained by long-range thermal
dynamics and exposing it to overfitting, as evidenced by the markedly higher test error obtained at 7}, = 500.

Beyond a minimum threshold, however, further increases in window length yield diminishing returns in predictive
accuracy while substantially increasing computational cost. Results show that an intermediate window length provides
the best trade-off between long-horizon generalization and computational efficiency. The optimal choice can therefore
be identified as the shortest window that still guarantees stable performance on the test set.
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T, Train Loss  Valid Loss TestRMSE  TestPCC  Training Time

500 1.67x1072 1.63x1072 505x 1072 9.04x 107! 5m 56s
1000 1.72x 1072 1.82x102 2.00x 1072 9.87x 107! 10m 26s
2000 1.74x 1072 2.18x1072 2.03x 1072 9.86x 107! 21m 30s
4000 1.97x1072 239x1072 192x107% 9.87x 107! 35m 54s

Table 4: Effect of the number of training batches B on model performance and computational cost. Total dataset length is held constant.
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(a) Result 7, = 500 (b) Result 7, = 1000
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(¢) Result T, = 2000 (d) Result T}, = 4000

Figure 7: Effect of training window length on the predicted temperature trajectories. Each panel corresponds to a different value of Tj, with
background shading identifying training (green), validation (yellow), and test (red) segments.
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Noise Robustness

In this experiment, the robustness of the identification procedure is assessed in the presence of measurement noise.
Gaussian white noise is added both to the initial conditions and to the temperature labels used for training and valida-
tion. Two noise levels are considered, equal to 1% and 5% of the mean temperature value x. More precisely, at each
time step a perturbation is sampled from a normal distribution with zero mean and standard deviation equal to 0.01 x
and 0.05 X, respectively. The corresponding results are reported in TableEl alongside the noiseless baseline.

In the 1% noise regime, model performance remains essentially unchanged with respect to the noiseless case. The
trajectory loss, test error, and PCC values are all comparable to the baseline, indicating that the calibration framework
is not sensitive to small-amplitude perturbations. When the noise level is increased to 5%, the test error increases
accordingly but remains bounded and consistent with the noise magnitude, suggesting that the residual discrepancy
is dominated by label uncertainty rather than model mismatch. Importantly, no divergence or instability is observed
during training or autoregressive rollout in either regime.

To assess whether errors accumulate over the test horizon, the test segment is partitioned into sequential windows
and the distribution of windowed errors is analyzed through box plots. The resulting distributions remain statistically
stable across all segments in both noise scenarios, confirming that the learned dynamics do not amplify measurement
noise and that long-horizon robustness is preserved even under perturbed observations.
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Figure 8: Noise robustness results. Top: predicted (orange) vs. reference (blue) trajectories under 1% (left) and 5% (right) measurement noise.
Bottom: box plots of windowed test errors for each noise level, confirming the absence of error accumulation over long horizons.
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Noise  Train Error Valid Error Test RMSE Test PCC Time Total
0% 1740 x 1072 2.177x 1072 2.028x 1072 9.855x 107" 21m 30s
1% 2.013x 1072 2319x1072 2201 x1072 9.832x 107! 18m 15s
5% 5757x 1072 6.045x 1072 5.679x 1072 8.960 x 107! 18m43s

Table 5: Performance metrics under different levels of measurement noise added to training labels and initial conditions.

5.7. Training Stability Analysis

A reliable calibration framework must produce consistent results across repeated training runs, even in the presence
of measurement noise. In this section, training stability is evaluated from two complementary perspectives: the
reproducibility of the performance metrics and the consistency of the learned physical parameters across runs.
The benchmark configuration is trained ten times on independently generated datasets, each corrupted by Gaussian
white noise at a fixed level of 1% of the mean temperature value x as described in Section 5.6, To quantify parameter
stability across runs, we adopt a metric based on the signal-to-noise ratio. Such variability analysis is related to
identifiability issues in nonlinear system identification [28]. For a given learned parameter 8 estimated across K
independent training runs, we define

SNR(9) = X2

o

where g and o denote the sample mean and standard deviation of 6 across runs, respectively. Large values indicate
that the parameter is consistently estimated and well concentrated around its mean, while small values signal that
training variability is comparable to or exceeds the identified level. The following thresholds are adopted for interpre-
tation: SNR < 1 indicates that variability dominates and the parameter is not stably identified; 1 < SNR < 2 denotes
marginal stability; SNR > 2 corresponds to a structurally stable estimate; and SNR > 3 indicates strong concentration
around the mean.
The performance metrics across the ten runs exhibit very high reproducibility. Training loss, validation loss, test
RMSE, and test PCC all present SNR values well above 30, confirming that the trajectory-based loss leads to consistent
convergence regardless of the specific noise realization in the dataset.
At the parameter level, the thermal graph comprises 37 learnable parameters, collecting nodal capacitances y; and edge
conductances ¢;;. Of these, 31 exceed the stability threshold of SNR > 3. Six parameters fall below this threshold, of
which two present SNR < 2, with a minimum observed value of 1.1.

The larger variability observed for a small subset of parameters is consistent with limited information content in
the available excitation/measurement setup. As a consequence, multiple parameter values can yield nearly indistin-
guishable trajectories on the observed components, leading to larger run-to-run variability without affecting predictive
accuracy. This behavior reflects intrinsic practical identifiability limitations of the inverse problem, rather than insta-
bility of the training procedure.

6. Conclusions

In this work, we proposed a physics-constrained graph-based identification framework for Lumped Parameter Thermal
Models (LPTMs), designed to bridge the gap between physics-based reduced-order models and purely data-driven
approaches for spacecraft thermal systems. The methodology formulates thermal dynamics within the formalism of
graph-based Neural ODESs, while preserving a physically interpretable message-passing structure and without relying
on black-box neural parametrizations, enabling continuous-time parameter identification directly from temperature
measurements and known thermal inputs.

A key feature of the proposed approach is the explicit enforcement of the physical structure of the thermal network.
The model is constructed so that all admissible parameters satisfy by construction fundamental properties of conduc-
tive heat transfer, including positivity of nodal coefficients, symmetry of interactions, and dissipativity of the resulting
dynamics. These properties are enforced by construction through a bounded parameterization, without requiring addi-
tional regularization terms. The inverse calibration problem is formulated as a trajectory-matching optimization over
a graph dynamical system, and solved within a Neural ODE framework using adjoint-based gradient computation. To
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ensure numerical stability and computational efficiency, the training pipeline combines bounded parameter embed-
dings, trajectory batching through block-diagonal graph replication, and controlled forward evolution. This design
enables robust training even in the presence of long time horizons and stiff thermal dynamics.

The proposed framework was validated on synthetic datasets generated from high-fidelity FEM simulations under
progressively complex forcing conditions. The results demonstrate accurate long-horizon predictions, with high cor-
relation between predicted and reference trajectories and stable autoregressive behavior over multiple orbital cycles.
Sensitivity analyses show limited degradation under measurement noise and highlight the role of the training window
length in balancing optimization difficulty and generalization. Repeated training runs confirm that most parameters
are consistently identified, while residual variability is confined to weakly excited thermal interactions, reflecting
intrinsic identifiability limitations rather than instability of the method.

From a modeling perspective, the framework provides a modular, interpretable, and physically grounded approach
to the calibration of reduced-order thermal models. The identified parameters retain a clear physical meaning as
effective thermal properties, while the graph-based Neural ODE formulation enables flexible integration of data and
prior structural knowledge. This combination allows the construction of computationally efficient models suitable for
predictive tasks in operational environments.

In the context of spacecraft thermal Digital Twins, the proposed methodology provides a promising basis for con-
tinuous calibration from telemetry data, supporting real-time monitoring, anomaly detection, and predictive thermal
control. The resulting models can be used to assess deviations from nominal behavior and to evaluate alternative
control strategies under varying operational scenarios. The proposed identification framework aligns with current
digital-twin initiatives for spacecraft thermal management [4, [35]].

Validation of the presented approach on real telemetry data remains an important direction for future work,together
with its integration into onboard real-time temperature control systems.
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