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ABSTRACT

Thermal response tests are essential for determining ground thermal properties required for optimal design of ground heat exchanger
systems in shallow geothermal applications. This paper presents a novel Multiple-Input Deep Neural Operator variant for rapid and
accurate thermal response test analysis across standard, constant temperature, and oscillatory protocols. The approach directly maps heat
injection and fluid temperature time series to soil thermal conductivity, borehole thermal resistance, and (for the oscillatory case) soil
volumetric heat capacity, without requiring iterative optimization. Models trained on synthetic samples generated by simulations
generalize to six real-world datasets from Canada, Denmark, Japan, and the United States. For two-parameter inversion, mean absolute
percentage errors are 4.98% for soil thermal conductivity and 2.75% for borehole thermal resistance. In the three-parameter oscillatory
case, errors are 0.58% and 5.79% for the same parameters and 9.33% for soil volumetric heat capacity. The models cut interpretation time
to seconds and generalize across different input functions without retraining, making it particularly valuable for rapid site assessment and
ground-source heat pump system optimization. Future extensions include noise augmentation and physics-informed training.

1. INTRODUCTION

Ground-source heat pumps (GSHPs) represent a proven low-carbon technology for building heating and cooling by harnessing stable
subsurface temperatures. In vertical configurations common on space-constrained sites, ground heat exchangers (GHES) in boreholes
extend tens to hundreds of meters deep to access a consistent geothermal resource, thereby minimizing seasonal fluctuations. Optimal
GSHP deployment requires precise site-specific characterization of subsurface thermal properties, including soil thermal conductivity,
soil volumetric heat capacity, and borehole thermal resistance (which is influenced by grout, pipe configuration, and geometry). Inaccurate
estimates lead to oversized or underperforming fields, elevating upfront drilling costs, and risking long-term soil thermal imbalance from
underbalanced heating/cooling loads (Fry et al., 2023). Thermal response tests (TRTs) have become the standard in-situ characterization
technique because they provide a cost-effective alternative to core sampling and laboratory analysis, and are routinely analyzed based on
simplified analytical models such as line source and cylindrical source formulations under constant heat injection conditions. However,
modern practice increasingly employs variants such as constant-temperature TRTs and oscillatory TRTs to improve design flexibility and
probe an additional parameter, which substantially complicates data interpretation due to time dependent boundary conditions, stronger
parameter coupling, and the need to account for both injection and recovery phases.

In parallel, advances in scientific machine learning have created new opportunities to learn mappings between function spaces via neural
operators, enabling data-driven surrogates for parametric partial differential equation (PDE) models that can directly operate on input and
output fields rather than on hand-crafted features (Kovachki et al., 2023). Architectures such as Deep Operator Network (DeepONet) and
its extensions, including Multi-Input Operator Network (MIONet), have demonstrated strong approximation capabilities and
generalization across diverse operator learning tasks (Lu et al., 2019; Jin et al., 2022). These advancements enable operator surrogates for
forward PDE solutions, but TRT inverse problems, mapping measurements back to parameters, typically retain iterative optimizer coupled
to forward models.

This work proposes a novel inverse-operator framework for TRT interpretation in which a GRU-based MIONet learns the direct mapping
from heat injection and fluid temperature time series, together with selected scalar descriptors, to key thermal parameters without requiring
an external optimizer. By training a synthetic dataset generated using GHEtool and literature-based parameter ranges, the two proposed
neural operator models tackle two-parameter inversion (soil thermal conductivity and borehole thermal resistance) in standard and
constant-temperature TRTs, alongside three-parameter inversion (including soil volumetric heat capacity) in oscillatory TRTs. Applied
to six real-world TRT datasets from different operational settings across Canada, Denmark, Japan, and the United States, the approach
aims to demonstrate that neural operators can achieve field-relevant accuracy, handle heterogeneous test protocols, and provide a flexible
foundation for future extensions such as physics-informed training and real-time TRT analysis.

2. BACKGROUND

2.1 Thermal Response Test

GSHPs use the ground as a stable temperature heat source in winter and a heat sink in summer. GHEs serve as the interface between the
ground-coupled heat pump (GCHP) systems, a subset of GSHP also known as a closed-loop heat pump, and the surrounding soil or rock.
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In vertical closed-loop systems, one or more boreholes are drilled to depths of a few tens to several hundred meters, and polyethylene U-
tubes or coaxial pipes are installed and backfilled with thermally conductive grout to ensure optimal thermal contact and groundwater
protection (Sarbu and Sebarchievici, 2014). A circulating fluid transfers heat rejected from the building in cooling mode and the heat
extracted from the ground in heating mode.

GHE performance depends mainly on ground thermal properties, borehole and pipe geometry, and grout thermal properties (Khaleghi and
Livescu, 2023). Proper GHE design, therefore, requires reliable values of these site-specific thermal properties. TRTs provide a cost-
effective means to determine these parameters, serving as an alternative to core sampling and core analysis (Reuss et al., 2009). TRTs
involve injecting a controlled heat load into a test borehole while monitoring inlet and outlet fluid temperatures (Figure 1). Electrical input
power, fluid temperatures, and flow rate are measured over time and recorded typically every 1-10 minutes.
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Figure 1. Schematic of standard TRT setup (Alberdi-Pagola et al., 2018).

In standard TRTSs, heat is injected at a constant rate for 48—72 hours. Input power is recommended to maintain a standard deviation below
1.5% and a maximum variation under 10% of the mean value (Javed and Fahlén, 2011). These strict power requirements enable the use
of simplified analytical solutions, such as line-source and cylindrical-source models, to estimate ground thermal conductivity and borehole
thermal resistance from TRT data. The recovery period, the phase where heat injection ceases but fluid circulation continues with
temperature monitoring, is optional.

One variant of TRT, often called thermal performance test (TPT) or constant temperature thermal response test (CT-TRT), is where fluid
temperature is held constant by adjusting heat injection rate using proportional-integral-derivative (P1D)-controlled heaters. TPT data
analysis, which involves Bayesian inference and Markov chain Monte Carlo of the temporal superposed form of an infinite line-source
model (Choi et al., 2018), is significantly more complex than the standard TRT analysis.

Another variant of TRT, called oscillatory TRT (OTRT), applies a periodic heat injection function rather than constant power. This enables
estimation of ground heat capacity alongside ground thermal conductivity and borehole thermal resistance. The analysis of OTRT data,
however, involves additional steps of linear trend removal and oscillatory amplitude and phase analysis, and the recovery period is no
longer optional (Giordano et al., 2021).

2.2 Neural Operator

Neural operators constitute a class of deep learning architectures designed to learn mappings between function spaces, unlike traditional
neural networks, which operate on finite-dimensional vectors. This function-to-function approach offers two key advantages. First, it
aligns naturally with the mathematical structure of scientific problems where inputs and outputs are functions, such as boundary conditions
and the solution field of a boundary value problem. Second, it allows a single trained model to capture the full solution operator
representing the intrinsic dynamics of a system and to accommodate input variations without retraining (Kovachki et al., 2023).

DeepONet is a prominent neural operator architecture that comprises two subnetworks: a branch net that encodes the input function by its
values at sensor locations and a trunk net that encodes the output query location. In its standard unstacked form, DeepONet employs a
single branch net for the input function and fully connected layers for both branch and trunk nets. DeepONet achieves lower test error,
faster convergence, and better generalization compared to fully connected neural networks across various ordinary and partial differential
equation examples (Lu et al., 2019).
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MIONet extends DeepONet by incorporating multiple branch nets to handle multiple input functions. In its standard low rank
configuration, the trunk output matches the dimension as each branch output and fully connected architecture is used for all branch nets
and trunk net. This design enables efficient learning of multiple input operators and MIONet outperforms concatenated DeepONet across
various examples (Jin et al., 2022).

3. METHODOLOGY

3.1 Overview

TRT analysis is fundamentally an inverse problem in which thermal properties are inferred from measured fluid temperature after applying
a known heat injection at the borehole. The forward problem, where heat injection and thermal properties are given, and the temperature
field is to be solved, has been studied extensively. Commonly used forward models (e.g., infinite line source, infinite cylindrical source,
finite line source) represent different approximations of the same transient heat conduction initial-boundary value problems with a
controlled boundary condition at the borehole. For example, the governing equation, boundary conditions, initial condition, and analytical
solution for the infinite cylindrical source model (Carslaw and Jaeger, 1959) are shown in Equations 1-5.
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In a TRT, the controllable aspect is the boundary condition at the borehole, for instance, a Neumann boundary in standard TRTs (Equation
2), a periodic boundary in oscillatory TRTs, and a Dirichlet boundary in TPTs. Even when the governing equation (1) remains the same,
different borehole boundary conditions (2) lead to different solutions. The mapping from borehole boundary condition functions to
solution functions can be learned by a neural operator which takes the heat injection function as input for the branch net, scalar parameters
as input for the trunk net, and the fluid temperature function as output. Using this forward operator approach, however, will require an
external optimizer to iteratively estimate the ground and borehole thermal properties (Figure 2, left).

initialise

X By
—>
A 4
A By D CuH T a(t) Ty(t) Co, H, 14, Tom a(t) Ty(t)
trunk_net branch_net trunk_net branch_net_1 branch_net_2
A4
Ty(t) = Gla(t)) (Res Bo, s Hy 1o, Tom) G(a®), T)(Co Hy iy Tom)
} Y
ff vs. Ty ‘ Ao, Ry

optimizer

update :\}, fl;,

Figure 2. Forward operator with an optimizer (left) and inverse operator without an optimizer (right) in two-parameter inversion
scenario; for three-parameter inversion, soil volumetric heat capacity is moved from trunk net input to output.
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The inverse operator approach eliminates the need for this external optimizer. In this method, a neural operator takes heat injection and
fluid temperature functions as inputs for branch nets and scalar parameters as input for the trunk net. The two input functions can be either
concatenated and fed into a single branch net, or they can be fed separately into two branch nets (Figure 2, right). Although the former
requires less memory, the latter provides a more systematic and flexible solution as each input function is treated independently. Therefore,
this paper focuses on the use of MIONet for direct inversion without relying on an external optimizer. Specifically, two inversion scenarios
involving two parameters (soil thermal conductivity and borehole thermal resistance) and three parameters (soil thermal conductivity,
borehole thermal resistance, and soil volumetric heat capacity) are examined.

3.2 Training Data Generation

Generating training datasets first require soil and borehole thermal properties, including soil thermal conductivity, soil volumetric heat
capacity, far-field temperature, borehole length, borehole radius, and borehole thermal resistance. These scalar parameters are uniformly
sampled within the ranges reported in published literature (Table 1).

Table 1. Ranges of scalar parameters.

Parameters Minimum | Maximum | Unit Source

Soil thermal conductivity As 15 35 W/(m.K) | Tarnawski et al., 2015
Soil volumetric heat capacity Cs | 1.5e6 3.0e6 JI(m2.K) | Kodesova et al., 2013
Far-field temperature Tom 5 25 C Grasby et al., 2011
Borehole length H 10 160 m Yang et al., 2010
Borehole radius rp 0.075 0.225 m Yang et al., 2010
Borehole thermal resistance R, | 0.05 0.25 m.K/W Tarrad, 2021

Heat injection functions are generated as time series using truncated Chebyshev series (Equation 6) with coefficients ax uniformly sampled
within interval [-1, 1], maximum injection rate gmax and injection duration T uniformly sampled within common ranges of 25-175 W/m
and 50-150 hours (Laloui and Loria, 2019), respectively (Figure 3, left and Figure 4, left).

q(t) = qmaxzaka (t) (6)

Fluid temperature functions are obtained as time series using GHEtool, given combinations of scalar parameters and heat injection time
series. This fluid temperature is computed from borehole wall temperature obtained by convolving the heat injection with appropriate g-
functions (Peere and Blanke, 2022). For two-parameter inversion, recovery periods are trimmed, and the fluid temperature time series are
zero-padded to 200 hours (Figure 3, right) while for three-parameter inversion, the recovery periods remain unaltered (Figure 4 right).
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Figure 3. Examples of generated heat injection (left) and corresponding simulated fluid temperature (right) used for training for
two-parameter inversion.
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Figure 4. Examples of generated heat injection (left) and corresponding simulated fluid temperature (right) used for training for
three-parameter inversion.

The training datasets consist of the Cartesian product of all scalar parameters and heat injection time series, along with their corresponding
fluid temperature time series. Extreme combinations that cause GHEtool to produce missing values in the fluid temperature are pruned.
After pruning, the total number of training combinations is approximately 6.5 million. Scalar parameters are divided into input for trunk
net (Cs, Tom, H, 1o for two-parameter inversion and Tom, H, o for three-parameter inversion) and output (4s, Rp for two-parameter inversion
and Zs, Cs, Ry for three-parameter inversion). Heat injection and fluid temperature time series are packed into appropriate shapes to serve
as inputs of respective branch nets separately.

3.3 Model Architecture and Training

As illustrated in Figure 2, we aim to approximate operator G that maps input functions q and Tt, along with input parameters x to output
parameters y. The MIONet used in this study is the low-rank variant consisting of two independent branch nets, a trunk net, and an output
merger net. The operator G can be regarded as a function of x conditioned on g and Tt (Equation 7).

G(a,T,)(x) =h(g,(a)-9,(T,)-f(x)) @)

Each data sample includes g, Tt, and x. Heat injection function g, represented discretely at m sensor locations (i.e., time steps) as [, g2,
... qm], is passed into branch net g: to output g1(q). Similarly, fluid temperature function Ts, given as [Ts, Tr, ... Trm], is fed into branch
net gz yielding gz(Ts). The trunk net takes input X, which represents query locations. In the two-parameter inversion case, x is the vector
[Cs, Tom, H, o, p] While in the three-parameter inversion case, it is [Tom, H, o, p] with p being an integer used to encode the position of
the parameters to be inverted. The trunk net f processes x to generate f(x). Outputs of the two branch nets and the trunk net are combined
through element-wise multiplication before being passed into the output merger net h. The output y of each data sample is either {4s, Rv}
or {4s, Cs, Ru} depending on the number of parameters being inverted.

In this work, branch nets are based on Gated Recurrent Unit (GRU), a type of recurrent neural network architecture (Figure 5). The two
branch nets are identical, each consisting of a stacked GRU network with five layers where each layer has a hidden size of 190. A fully
connected layer with 190 neurons follows the GRU layers. This fully connected layer ensures that branch net outputs match the dimensions
of trunk net output, as the element-wise product requires this alignment. The trunk net is a fully connected neural network with five layers,
each containing 190 neurons. The output merger net is a two-layer fully connected neural network, with the first layer having 95 neurons
and the second layer having one neuron. The GRUs in branch nets use standard GRU activation functions: sigmoid for update and reset
gates, and tanh for candidate hidden state). The trunk net uses tanh as activation functions on all layers, while the output merger net uses
sigmoid activation function. The same architecture is used for two-parameter inversion and three-parameter inversion cases.

The network is trained with 10 cycles of alternate Adam and L-BFGS optimizers. Each cycle begins with 5,000 iterations using Adam,
then 20,000 iterations using L-BFGS, optimizing for mean square error (MSE) (Equation 8). The learning rate for Adam is set to 5e-5,
while L-BFGS uses a history size of 100. Adams performs well during initial training phases with fast convergence through noisy loss
landscape through adaptive momentum and first order gradients. L-BFGS, on the other hand, excels in fine tuning for precise minimization
using second-order information (Lu et al., 2021). Therefore, alternating between Adam and L-BFGS accelerates reaching a minimum
reliably. The training/validation split is 0.8/0.2 and the optimal iteration is selected based on validation loss.

MSE :%Zwi gy (®)
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Figure 5. Schematic of the MIONet variant used in this work.

4. RESULTS

The test set consists of six real-world datasets with their corresponding sources, inversed parameters, test types, and test locations detailed
in Table 2.

Table 2. Metadata of test datasets.

Test | Test type Inversed parameters | Location Source

1 Standard 4s, Rb Denmark Alberdi-Pagola et al., 2018
2 Standard As, Rp United States | Beier et al., 2011

3 Standard As, Ro Canada This paper

4 Performance | As, Rp Japan Choi et al., 2018

5 Performance | 4s, Ro Japan Choi et al., 2018

6 Oscillatory | Zs, Rp, Cs Canada Giordano et al., 2021

All datasets are preprocessed to ensure consistent format. The heat injection and fluid temperature measurements are resampled to an
hourly resolution. For both two-parameter and three-parameter inversions, heat injection data are zero-padded to a total length of 200
hours (Figure 6, left; Figure 7, left). Fluid temperature data, however, require different padding approaches because the recovery period
is of varying importance and availability across inversion types. In the case of two-parameter inversion, the recovery period is not critical
for inversion process and is not consistently available across all datasets; therefore, fluid temperature data are zero-padded to a length of
200 (Figure 6, right). For three-parameter inversion, the recovery period plays a key role and must be included in fluid temperature record
(Figure 7, right). To eliminate the near-borehole effect, the first 10 hours of both heat injection and fluid temperature data are trimmed,
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resulting in a dimension of 190 for each. Finally, scalar input parameters are assembled into a vector following the same sequence
described in Subsection 3.3.
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Figure 6. Heat injection and fluid temperature of Tests 1-5.
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Figure 7. Heat injection and fluid temperature of Test 6.

The model predictions are evaluated against the corresponding true values listed in Table 2 using mean absolute percentage error (MAPE)
defined in Equation 9. The predicted values and the true values alongside their uncertainty ranges for s and Ry are visualized in Figure 8.

N
MAPE = %Z 9)

i=0
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Table 2. Test set labels, predictions, and absolute percentage errors.

Test | True As | Predicted As | Error | True Rp | Predicted R | Error | True Cs | Predicted Cs | Error
1 2.30 2.40 4.15% | 0.174 0.177 1.54%

2 2.82 3.01 6.81% | 0.173 0.174 0.39%

3 2.08 2.19 5.51% | 0.149 0.153 2.53%

4 1.86 197 6.18% | 0.140 0.152 8.40%

5 1.92 1.88 2.24% | 0.137 0.138 0.87%

6 1.74 1.73 0.58% | 0.081 0.086 5.79% | 1.80e6 | 1.96e6 9.33%
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For the two-parameter inversion cases (Tests 1-5), the overall MAPE is 4.98% for /s and 2.75% for Ry, indicating good predictive
performance. The individual test results show consistent performance with As errors ranging from 2.24% to 6.81%, and Ro errors ranging
from 0.39% to 8.40%. Notably, the model performs well across different test types, successfully handling standard TRTs as well as TPTs.

The three-parameter inversion case (Test 6) presents a more complex scenario as it requires estimation of an additional parameter, the
volumetric heat capacity Cs. For this test, the model achieves particularly good accuracy for s with an error of only 0.58%, suggesting
that the inclusion of recovery period data significantly improves thermal conductivity estimation. The error for Ry is 5.79%, which remains
within acceptable bounds and is consistent with the performance observed in two-parameter inversion cases. However, the error Cs is
notably high at 9.33%, reflecting inherent challenges in estimating soil heat capacity from OTRTs where parameter sensitivity and
coupling effects can complicate the inversion process.

The visualization of uncertainty ranges alongside predicted values provides additional insight into model reliability (Figure 8). For both
Js and Ro, predicted values consistently fall within or close to the true uncertainty ranges across all tests.
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Figure 8. True values with corresponding uncertainty ranges and predicted values of soil thermal conductivity and borehole
thermal resistance (uncertainty ranges for Test 2 were not reported, the whiskers represent 5%o).

5. CONCLUSIONS

This paper presents a novel variant of the MIONet that incorporates GRU-based branch nets for inverse analysis of TRT data. This
architecture enables direct estimation of soil thermal conductivity and borehole thermal resistance from heat injection and fluid
temperature time series, bypassing the need for external optimization. The model exhibits robust generalization across diverse TRT
variants, including standard TRTs and TPTs, delivering consistent predictive accuracy on real-world datasets. Challenges remain in
accurately estimating soil volumetric heat capacity using OTRT data.

The proposed MIONet achieves MAPES of 4.98% and 2.75% for soil thermal conductivity and borehole thermal resistance, respectively,
across five real-world tests spanning standard TRTs and TPTs. Model predictions consistently align with or fall close to reported
uncertainty ranges confirming model’s robustness without needing an external optimizer. For three-parameter inversion including soil
volumetric heat capacity, the model handles OTRT data effectively for soil thermal conductivity (0.58% error) and borehole thermal
resistance (5.79% error). Estimating soil volumetric heat capacity proves challenging, yielding a 9.33% MAPE in the case of three-
parameter inversion using OTRT data. Data preprocessing which involves resampling of heat injection and fluid temperature may
introduce minor artifacts what amplify errors in complex inversions.

Future work could incorporate physics-informed losses to improve heat capacity estimations. Model extensions to different borehole types
or real-time deployment would broaden applicability. Training on diverse, noise-augmented synthetic datasets mirroring field conditions
could improve generalizability. Additionally, investigating cases with errors exceeding 5% could reveal some clues to model architecture
refinements.



NOMENCLATURE

n Estimate

as Soil thermal diffusivity

n Dimensionless radial coordinate

As Soil thermal conductivity

ak Chebyshev coefficient

Cs Soil volumetric heat capacity

Fo Fourier number

f Trunk net

G Operator

g Branch net

H Borehole length

h Output merger net

Jo Bessel function of first kind, order 0
J1 Bessel function of first kind, order 1
m Branch net input dimension

N Number of data samples

q Heat injection rate

Qmax Maximum heat injection rate

r Radial coordinate

1) Borehole radius

Ro Borehole thermal resistance

T Injection duration

t Temporal coordinate

Tt Fluid temperature

Tk Chebyshev polynomial of first kind
Tom Far-field temperature

X Trunk net input

Yo Bessel function of second kind, order 0
Y1 Bessel function of second kind, order 1
y Operator output
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