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ABSTRACT

Surrogate models are widely used to approximate complex
simulation models, reducing computational costs in real-world
applications. However, models based exclusively on simulation
data can be inaccurate due to factors like missing real-world
effects and discrepancies between simulated and actual perfor-
mance. Similarly, relying solely on experimental data is costly,
time-consuming, and prone to measurement noise and incon-
sistencies. To overcome these limitations, hybrid modeling has
emerged as a promising approach, which integrate both simu-
lation and experimental data, improving the accuracy and re-
liability of surrogate models. This study investigates methods
like transfer learning and adaptive weighting to combine simula-
tion and experimental data effectively, evaluating them in terms
of accuracy, robustness, and training time. Specifically, we ex-
amine how different hybrid methods perform depending on the
amount of available data, dimensionality of the problem, and dis-
crepancy between simulation and experimental data. By testing
these techniques on both analytical cases and a real-world high-
temperature heat pump, we identify the scenarios in which each
method is most effective. Our results demonstrate that hybrid
models outperform traditional models based solely on simulation
or experimental data, offering improved predictive accuracy and
better robustness. These findings highlight the potential of hybrid
modeling in real-world industrial applications.

Keywords: Surrogate models, Hybrid modeling, Adap-
tive weighting, Transfer learning

1. INTRODUCTION

Surrogate models, also known as metamodels or response
surface models, play a crucial role in various applications such as
design and operational optimization [1, 2]. Their primary advan-
tage lies in their ability to approximate complex and computa-
tionally expensive simulation models with significantly reduced
computational effort, capturing their input-output behavior and
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enabling rapid evaluations.

While modeling based on physical equations remains the
gold standard for capturing system behavior, it can become ex-
tremely complex when applied to systems with many interact-
ing components [3]. In such cases, deriving detailed physical
models for each subsystem is not only time-consuming but of-
ten impractical due to limited knowledge of internal processes
or unmeasurable variables. As a result, data-driven approaches
such as surrogate modeling have emerged as attractive alterna-
tives or complements to physics-based models. Surrogate models
aim to approximate system behavior using available data, thereby
reducing modeling effort while maintaining sufficient predictive
accuracy.

Surrogate models can be broadly categorized based on the
source of data used to construct them. Simulation-based sur-
rogate models are widely used to approximate complex sys-
tems, leveraging simulations to generate data on which predictive
frameworks are built, and reducing the dependency on costly and
time-consuming experimental measurements. Commonly em-
ployed techniques include statistical methods such as Gaussian
process regression (GPR, also known as kriging), radial basis
functions (RBF), and polynomial regression (PR), as well as ma-
chine learning approaches like artificial neural networks (ANNs),
support vector regression (SVR), and random forest regression
(RFR) [4]. Depending on the application, different types of sur-
rogate models are preferred. For black-box optimization, where
the internal structure of the model is not required and the focus is
purely on the predictive accuracy, non-parametric models such as
GPR, RBF, ANN, and SVR are typically favored. These models
are particularly effective for guiding optimization algorithms like
Bayesian optimization or evolutionary strategies. In contrast, for
applications that demand equation-based representations, PR or
other nonlinear transformations, including exponential, logarith-
mic, ratio, and trigonometric functions [5] are more appropriate.
Despite their advantages, simulation-based surrogate models can
still face challenges in capturing real-world behavior. Simula-
tions inherently rely on assumptions and idealizations that may
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not hold in practice, leading to discrepancies between the surro-
gate predictions and actual system responses.

On the other hand, surrogate models constructed solely from
experimental data can more accurately capture complex physical
effects that might be oversimplified or omitted in simulations.
However, this approach presents its own set of challenges. Ex-
perimental data is often noisy, which can degrade the predic-
tive accuracy of the surrogate model if not properly addressed
[6]. Additionally, acquiring high-quality experimental data is
typically expensive, time-consuming, and sometimes logistically
constrained—especially for systems requiring high-fidelity mea-
surements, extreme operating conditions, or specialized facilities.
Furthermore, the number of data points is usually limited, lead-
ing to sparse coverage of the input space. These limitations make
purely experimental surrogates less practical for many applica-
tions. Consequently, hybrid approaches that combine simulation
and experimental data are increasingly favored, leveraging the
strengths of both while mitigating their individual weaknesses.

To combine the advantages of simulation- and experiment-
based surrogate models, hybrid modeling can be applied, lever-
aging the efficiency and scalability of simulations along with
the realism and fidelity of experimental data. This approach
overcomes the limitations of using only simulations or experi-
ments by combining them into a single, more robust surrogate
model. A notable example of this approach involves the use of
neural networks with transfer learning, where knowledge gained
from simulation-based pretraining is fine-tuned using experimen-
tal data [7]. In this study, we introduce, explore, and compare
several forms of hybrid modeling, including transfer learning and
adaptive weighting, the latter of which are used to dynamically
balance the contribution of experimental and simulated data dur-
ing model training and prediction. Specifically, we investigate
how factors such as the amount of available simulation and ex-
perimental data, the dimensionality of the problem, and the level
of discrepancy between simulations and experiments influence
the effectiveness of each hybrid approach. These methods are
applied to both analytical test functions and a real-world case
study involving a high-temperature heat pump, providing insight
into their robustness and applicability in practical scenarios.

This paper is organized as follows: Section 2 introduces the
hybrid methods whose performance is investigated in this work.
In Section 3, these methods are evaluated based on two test func-
tions that vary in dimensionality, the number of simulation and
experimental data points, and the level of discrepancy between
simulations and experiments. Section 4 demonstrates the per-
formance of the hybrid methods on a real-world problem — a
high-temperature heat pump. Finally, Section 5 summarizes the
main conclusions and provides a perspective for future work.

2. HYBRID MODELS

In this section, we present and describe the hybrid surro-
gate modeling approaches explored in this work, which aim to
combine the strengths of simulation-based and experimental data-
driven models.

ANN with Transfer Learning The first hybrid modeling ap-
proach investigated in this work is an ANN framework that incor-
porates transfer learning to effectively integrate simulation and

experimental data [7]. In this method, a base neural network
is initially trained using a large dataset generated from simula-
tions, enabling it to learn general patterns and trends inherent in
the simulated system behavior. This pretraining phase captures
the broad structure of the system with relatively low computa-
tional cost. Subsequently, the pretrained model is fine-tuned
using a smaller, high-fidelity dataset derived from experimental
measurements. This fine-tuning step adjusts the network’s pa-
rameters to better reflect the actual system dynamics, correcting
for discrepancies between simulations and reality.

Weighted Surrogate Models The second hybrid modeling
approach investigated in this work is based on a weighted com-
bination of surrogate models trained separately on simulation
and experimental data. This method allows for leveraging the
strengths of both model types while maintaining flexibility in
adjusting their contributions depending on data availability and
reliability.

The hybrid surrogate model Jyy, is constructed as a com-
bination of a simulation-based model js, and an experimental
model Jexp as follows:

)A)hyb = wsni?;mysim + w:;;myexp (D
where wg "+wp™ = 1. The normalized weights wi ™, wep™ re-
flect the trust or availability of each data source. In this work, both
$sim and Pexp, are either ANNs or PR models. The degree of the
PR depends on the complexity of the problem at hand—simpler
systems may require only a low-degree polynomial, while more
complex relationships may need higher-degree terms to achieve
an accurate approximation.

A critical aspect of this approach is the determination of the
weights wi™ and wg™. Simple hyperparameter tuning may not
always be sufficient or appropriate—particularly in cases where
a model performs well on experimental validation but poorly on
simulation data, or vice versa. This can occur due to differences
in noise levels, data quantity, or systematic modeling errors.

To address this challenge, this work proposes an adaptive
weighting scheme that accounts for both the number of available
data points and the variance (as an indicator of uncertainty or
noise) within each dataset. The weights are computed as:

W = Nsimvarexp )
sim (Nsim + Nexp) (Vargm + Varep)
Nexp Vary;
wexp _ exp sim ( 3)

(Nsim + Nexp)(varsim + Vareyp)

Here, Ngim and Nexp denote the number of simulation and experi-
mental samples, while Var;y, and Varey, represent the variance in
each respective dataset. The normalized weights are determined
as follows:

norm Wsim norm & ( 4)

= - w, =
sim > ex
Wsim + Wexp P Wsim + Wexp

This formulation favors the model trained on the data source that is
both more abundant and more reliable (i.e., less noisy), while still
ensuring that both sources contribute proportionally to the final
prediction. This adaptive scheme ensures a robust and principled
combination of models, reducing the risk of overfitting to noisy
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experimental data or under-representing accurate simulation data,
as shown in Sections 3.

Surrogate Model with Weighted Cost Function The third hy-
brid modeling approach explored in this work avoids the need
for two separate surrogate models by fitting a single model that
minimizes a weighted cost function combining both simulation
and experimental data. The loss function to be minimized is:

Nsim Nexp
1 R 2 R R
/= Nsim LZ:]‘A (i = ysim.i) "+ /lNexp ; (97 = Yexp.j) (5

Here, J; and J; denote the model prediction for the i-th and j-th
data point in the simulation and experimental dataset, while ygim ;
and yexp, j are the corresponding target values from the simulation
and experimental datasets. The parameter A controls the relative
importance of the experimental data in the training process.

To ensure balanced learning that reflects data quality and
quantity, 4 is calculated adaptively as:

1= Nexpvarsim
(Nsim + Nexp) (Vargm + Varexp)

(6)

This unified modeling approach is conceptually inspired by the
physics-informed neural networks [8], where physical laws guide
learning. However, instead of relying on governing equations,
we incorporate domain knowledge through simulation data and
calibrate the model with experimental measurements using data-
informed regularization rather than equation-based constraints.
The proposed strategy ensures that the surrogate model is not bi-
ased toward the dominant dataset, taking into account not only the
number of data points but also the variance within each dataset.
This allows the model to generalize effectively across both sim-
ulation and experimental domains. This unified approach is par-
ticularly appealing when a single, compact model is preferred for
deployment or interpretability.

3. TEST FUNCTIONS

In this section, we evaluate the performance of the pro-
posed hybrid surrogate modeling strategies using two well-known
benchmark functions.

3.1. Function Definition and Setup

The benchmark functions considered in this work are the
Rosenbrock and the Goldstein—Price function [9]. These func-
tions are selected due to their distinct levels of nonlinearity [10].
While the Rosenbrock function exhibits moderate nonlinearity,
the Goldstein—Price function is significantly more nonlinear and
complex. To assess the scalability and robustness of the hybrid
models, we vary the input dimensionality as d = 2, 5, 10, 15, 20.
The goal is to test how well the surrogate modeling methods
generalize across varying levels of complexity and input space
dimensionality. The Rosenbrock function in d dimensions is
defined as:

U

-1
[100(x,41 —x2)? + (1 =x,)?], xeRY (D)
1

fx) =

n

where x is the input vector of the decision variable x. The original
Golstein-Price function is limited to two dimensions. To extend
it to higher-dimensional input spaces, we define a composite
version by applying the standard 2-D Goldstein—Price function to
overlapping pairs of consecutive inputs and summing the results.
This captures the complex pairwise interactions across the input
space and increases the function’s nonlinearity with dimension.
The generalized form is defined as:

U

-1

fx) =

n

[1 + (X + X1 + 1) (19 — 14, + 352 — 14xpy
1

+0X, X471 + 3x,21+1)

(30 + (2% = 3xpe1)? (18 320, + 1202 + 484

=368, 001 + 2752, ) )|
®)

with x € R?. To mimic real-world scenarios where both simu-
lations and experiments are available, we generate two types of
data. The experimental data are considered as the ground truth
and are obtained by directly evaluating the benchmark function,
i.e., Yexp = f(x). The simulation data are generated by varying
the true function values with Gaussian noise to reproduce model-
ing inaccuracies, i.e., ysim = f(x) + € with € ~ N'(0, o). Here,
o is the standard deviation of the noise and serves as a parameter
for controlling the simulation fidelity. This setup allows us to
investigate the influence of the simulation noise on the prediction
quality.

Another parameter, which is varied across the investigated
scenarios, is the number of simulation and experimental data
points. By altering both the data quantity and quality (via noise),
we can systematically study the robustness and adaptability of the
hybrid surrogate models.

3.2. Results

In the following, we compare the performance of three hybrid
surrogate models on the benchmark functions described above.
Hybrid model 1 is based on ANN with transfer learning, hybrid
model 2 on the weighted surrogate models, and hybrid model 3
on the surrogate model with weighted cost function. For hybrid
model 2, both PR and ANN are explored as underlying surro-
gate models. PR has been selected as a representative white-box
model due to its simplicity, analytical tractability, and computa-
tional efficiency, making it particularly fast to train and evaluate.
ANN, on the other hand, was chosen as the black-box model be-
cause it can flexibly learn complex, nonlinear relationships from
data, even in high-dimensional spaces. The models are evaluated
across a range of input dimensions, number of simulation and
experimental data, and noise levels to systematically assess their
accuracy (R?), robustness, and scalability. In each figure, the
left subfigure shows the prediction accuracy tested on the exper-
imental data, while the right subfigure presents the results based
on simulation data. As in all investigated cases in this section, a
third-degree PR is used for the Rosenbrock and Goldstein-Price
function. This choice applies both to hybrid model 2 with PR
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FIGURE 1: R2 VALUES OF THE HYBRID MODELS EVALUATED ON EXPERIMENTAL (LEFT) AND SIMULATION (RIGHT) DATASETS
AS A FUNCTION OF THE NUMBER OF DIMENSIONS FOR DIFFERENT NUMBER OF EXPERIMENTAL POINTS, EXEMPLIFIED FOR
THE ROSENBROCK FUNCTION WITH AN ERROR OF 0.8. THE LEGEND INDICATES THE NUMBER OF DATA POINTS CONSID-
ERED: THE FIRST NUMBER REFERS TO EXPERIMENTAL DATA AND THE SECOND TO SIMULATION DATA.
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FIGURE 2: R? VALUES OF THE HYBRID MODELS EVALUATED ON EXPERIMENTAL (LEFT) AND SIMULATION (RIGHT) DATASETS
AS A FUNCTION OF THE NUMBER OF DIMENSIONS FOR DIFFERENT NUMBER OF EXPERIMENTAL POINTS, EXEMPLIFIED
FOR THE GOLDSTEIN-PRICE FUNCTION WITH AN ERROR OF 5. THE LEGEND INDICATES THE NUMBER OF DATA POINTS
CONSIDERED: THE FIRST NUMBER REFERS TO EXPERIMENTAL DATA AND THE SECOND TO SIMULATION DATA.

and hybrid model 3, where the underlying surrogate model in the
weighted cost function is a third-degree polynomial for Rosen-
brock and for Goldstein-Price function. For hybrid Model 3, the
optimization of the unified objective function is performed us-
ing the BFGS algorithm from SciPy. Differential Evolution was
also tested but it did not show any improvement in the prediction
accuracy, while significantly increasing the CPU time; therefore,
it is not considered further here. All models are implemented in
PyTHON 3.10 and we use the TENSORFLOW library for ANN and
SKLEARN for PR. Computations are performed with an INTEL(R)
Core(TM) i7-8665U CPU. To ensure comparability and stable
training behavior, all input and output data are normalized to the
range [0, 1] prior to model fitting across all surrogate models.

Figures 1 and 2 show the R? values across different input
dimensions with 5,000 simulation data and varying number of

experimental data for both the Rosenbrock and Goldstein-Price
functions. As seen, hybrid model 1 and hybrid model 2 with ANN
demonstrate high accuracy for all number of experimental data
in low-dimensional spaces. However, as the dimensionality in-
creases, both models require more experimental data to maintain
high accuracy; otherwise, the R? drops. Hybrid model 2 with
PR exhibits almost similar accuracy across the dimensions for
all investigated number of experimental data in the Rosenbrock
function, but in the case of the Goldstein-Price function, where
the nonlinearity and complexity increase, the accuracy on the ex-
perimental test set begins to decrease below 90 % when only 50
experimental data points are used, starting from 10 dimensions.
With 5,000 and 50,000 experimental data points, the accuracy
on this test set remains high. When testing on the simulation
data, the prediction accuracy remains consistently high across all
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FIGURE 3: R? VALUES OF THE HYBRID MODELS EVALUATED ON EXPERIMENTAL (LEFT) AND SIMULATION (RIGHT) DATASETS
AS A FUNCTION OF THE NUMBER OF DIMENSIONS FOR DIFFERENT NUMBER OF SIMULATION POINTS, EXEMPLIFIED FOR THE
ROSENBROCK FUNCTION WITH AN ERROR OF 0.8. THE LEGEND INDICATES THE NUMBER OF DATA POINTS CONSIDERED:
THE FIRST NUMBER REFERS TO EXPERIMENTAL DATA AND THE SECOND TO SIMULATION DATA.
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FIGURE 4: R? VALUES OF THE HYBRID MODELS EVALUATED ON EXPERIMENTAL (LEFT) AND SIMULATION (RIGHT) DATASETS
AS A FUNCTION OF THE NUMBER OF DIMENSIONS FOR DIFFERENT NUMBER OF SIMULATION POINTS, EXEMPLIFIED FOR THE
GOLDSTEIN-PRICE FUNCTION WITH AN ERROR OF 5. THE LEGEND INDICATES THE NUMBER OF DATA POINTS CONSIDERED:
THE FIRST NUMBER REFERS TO EXPERIMENTAL DATA AND THE SECOND TO SIMULATION DATA.

levels of experimental data due to the large and fixed number of
simulation points (5,000), which dominates the training and sta-
bilize the model performance. For hybrid model 3, the accuracy
follows a similar trend as hybrid model 2 with PR, but for the
Goldstein-Price function with experimental data, hybrid model
3 outperforms hybrid model 2, showing higher robustness and
scalability, especially when 50 experimental data points are used.
This indicates that the surrogate model with a weighted cost func-
tion is more effective in handling the increasing complexity of the
Goldstein-Price function, particularly when limited experimental
data is available, as it is often the case in real-world scenarios.
The advantage of hybrid model 3 lies in its integrated training
process, where simulation and experimental data are considered
through a single weighted loss function. This enables the model

to automatically balance the influence of each data source, in con-
trast to hybrid model 2, which combines two separately trained
models. As a result, hybrid model 3 can better extract comple-
mentary patterns, leading to improved generalization. It is worth
noticing that the prediction accuracy of hybrid model 2 with PR
and 3 increases with rising dimensionality. This shows that the
increasing dimensions make the function easier to approximate
and allow the models to benefit from richer feature spaces.

Figures 3 and 4 present the R” values across different input
dimensions for both benchmark functions, this time with a fixed
number of 50 experimental data points and varying the number
of simulation data points. As expected, increasing the number
of simulation data helps the hybrid models 1 and 2 with ANN
to reach high accuracy, particularly in higher dimensions. This
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FIGURE 5: R? VALUES OF THE HYBRID MODELS EVALUATED ON EXPERIMENTAL (LEFT) AND SIMULATION (RIGHT) DATASETS
AS A FUNCTION OF THE NUMBER OF DIMENSIONS FOR DIFFERENT NOISE, EXEMPLIFIED FOR THE ROSENBROCK FUNCTION

WITH 50 EXPERIMENTAL AND 5,000 SIMULATION POINTS.
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FIGURE 6: R2 VALUES OF THE HYBRID MODELS EVALUATED ON EXPERIMENTAL (LEFT) AND SIMULATION (RIGHT) DATASETS
AS A FUNCTION OF THE NUMBER OF DIMENSIONS FOR DIFFERENT NOISE, EXEMPLIFIED FOR THE GOLDSTEIN-PRICE FUNC-
TION WITH 50 EXPERIMENTAL AND 5,000 SIMULATION POINTS.

demonstrates the models’ ability to leverage larger simulation
datasets for better generalization. Additionally, hybrid model 3
shows higher accuracy and robustness than hybrid model 2 with
PR on the experimental test set, maintaining competitive perfor-
mance even with limited experimental data. On the simulation
test set, hybrid model 3 exhibits similar accuracy to hybrid model
2 with PR, highlighting its stable behavior and scalability across
different simulation sizes.

Figures 5 and 6 examine the effect of varying noise levels
between simulation and experimental data, using 50 experimental
and 5,000 simulation data points. As expected, hybrid model 3
demonstrates strong robustness against noise, with its prediction
accuracy remaining almost unaffected across all tested levels.
In contrast, higher noise levels significantly reduce the perfor-
mance of hybrid models 1 and 2 with ANN, particularly in higher
dimensions. Notably, different noise levels were investigated for
the Rosenbrock and Goldstein-Price functions, with smaller noise

magnitudes used for the Rosenbrock function. This is due to the
significantly smaller range of y-values in the Rosenbrock function
compared to the Goldstein-Price function, ensuring that the noise
remains proportionally comparable across both test cases. The
performance of hybrid model 2 with PR remains close to that of
model 3, further supporting its reliability in noisy environments.

In addition to accuracy and robustness, the computational
efficiency of the models was also evaluated using the Rosen-
brock function with 50 experimental and 5,000 simulation data
points as an example. In low-dimensional settings such as 2-D,
hybrid model 2 with PR and hybrid model 3 exhibit very low
CPU time due to the simplicity of polynomial regression and the
efficiency of the optimization process (= 0.04 s for both mod-
els). Neural networks, on the other hand, require considerably
longer training times even in these small dimensions (107 s for
hybrid model 1 and 65s for hybrid model 2 with ANN without
considering the CPU time for hyperparameter tuning). However,
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FIGURE 7: R? VALUES OF THE HYBRID MODEL 3 EVALUATED ON SIMULATION AND EXPERIMENTAL DATASETS AS A FUNC-
TION OF THE WEIGHTING PARAMETER A, EXEMPLIFIED FOR THE 2-D ROSENBROCK FUNCTION WITH AN ERROR OF 5. EACH
SUBPLOT CORRESPONDS TO A DIFFERENT DATA DISTRIBUTION SCENARIO: (LEFT) 50 EXPERIMENTAL VS. 500,000 SIMULA-
TION POINTS, (MIDDLE) 5,000 EXPERIMENTAL VS. 5,000 SIMULATION POINTS, AND (RIGHT) 500,000 EXPERIMENTAL VS. 50
SIMULATION POINTS. THE RED POINT INDICATES THE A VALUE COMPUTED USING THE PROPOSED FORMULA (SEE EQ. (6)).
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FIGURE 8: R2 VALUES OF THE HYBRID MODEL 3 ON SIMULATION AND EXPERIMENTAL DATASETS AS A FUNCTION OF THE
WEIGHTING PARAMETER A, EXEMPLIFIED FOR THE 2-D GOLDSTEIN-PRICE FUNCTION WITH AN ERROR OF 5. EACH SUB-
PLOT CORRESPONDS TO A DIFFERENT DATA DISTRIBUTION SCENARIO: (LEFT) 50 EXPERIMENTAL VS. 500,000 SIMULATION
POINTS, (MIDDLE) 5,000 EXPERIMENTAL VS. 5,000 SIMULATION POINTS, AND (RIGHT) 500,000 EXPERIMENTAL VS. 50 SIMU-
LATION POINTS. THE RED POINT INDICATES THE A VALUE COMPUTED USING THE PROPOSED FORMULA (SEE EQ. (6)).

TABLE 1: COMPARISON OF R2 FOR PR TRAINED SOLELY TABLE 2: THE SAME AS TABLE 1, BUT WITH 500 EXPERI-
ON SIMULATION DATA, PR TRAINED SOLELY ON EXPER- MENTAL AND 5,000 SIMULATION DATA POINTS.
IMENTAL DATA, AND THE HYBRID MODEL 3. THE MOD-
ELS ARE EVALUATED ON SIMULATION AND EXPERIMEN- Models R* (exp) R (sim)
TAL DATASETS FOR THE 20-D GOLDSTEIN-PRICE FUNC- :
TION WITH 50 EXPERIMENTAL AND 5,000 SIMULATION DATA PR (sim) 89.4 % 95.8 %
POINTS (NOISE=5). PR (exp) 100.0%  43.3%
Hybrid Model 3 93.7 % 95.8 %
Models R2 (exp) R2 (sim)
PR (sim) 85.3 % 95.8 %
PR (exp) 100.0 % 0.0 % and hybrid model 2 with ANN and PR require 149s, 115, and
Hybrid Model 3~ 91.3%  95.8% 155, respectively. This is primarily due to the added complexity
of optimizing the weighted cost function using the BFGS algo-
rithm. While this model offers strong accuracy and robustness,
as the dimensionality increases, particularly beyond 10-D (e.g., its computational scalability may be improved in future work by
20-D), the CPU time of hybrid model 3 increases significantly exploring more efficient optimizers, implementing paralleliza-
and can exceed that of the ANN-based models (without consid- tion, or leveraging more powerful computing hardware. For the
ering the CPU time for hyperparameter tuning in the ANN-based ANN-based models, the CPU time does not increase as signifi-
models), leading to a CPU time of 598 s, while hybrid model 1 cantly with dimensionality as it does for Hybrid Model 3. This is
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mainly due to the use of early stopping, which limits the number
of training iterations once convergence is reached.

Another important aspect is how the hybrid models with self-
adaptive weights perform compared to cases where the weights
are manually fine-tuned as hyperparameters. This comparison
is illustrated in Figs. 7 and 8 for the Rosenbrock and Gold-
stein—Price function, respectively. Each plot shows the perfor-
mance of hybrid model 3 on both the experimental and simula-
tion test sets across a range of manually selected weight values,
alongside the performance using the self-adaptive weight com-
puted via Eq. (6). The three subplots represent different data
availability scenarios: 50 experimental and 500,000 simulation
data points (left), 5,000 experimental and 5,000 simulation data
points (middle), and 500,000 experimental and 50 simulation data
points (right). In all cases, the self-adaptive weighting approach
leads to balanced and consistent performance between the two
test sets. It avoids regions in which the performance diverges
significantly—particularly where over-reliance on either the sim-
ulation or experimental data would degrade generalization. The
adaptive method dynamically adjusts its trust in each data source
based on both variance and sample size. A similar pattern of
behavior is also observed in hybrid model 2 when using adaptive
weighting. However, these results are not shown here for brevity.

Tables 1 and 2 further illustrate the advantages of hybrid
modeling by comparing the performance of hybrid model 3
against traditional PR models trained solely on either simulation
or experimental data. The results, shown for the 20-D Goldstein-
Price function at a noise level of 5, clearly highlight the limitations
of using only one data source: while PR trained on simulation
data performs well on the simulation test set, it generalizes poorly
to experimental data; conversely, PR trained solely on experimen-
tal data overfits, achieving perfect accuracy on the experimental
set but failing on the simulation set. In contrast, hybrid model 3
achieves consistently high R? scores on both test sets, even when
the number of experimental samples is small (Table 1). With
more experimental data (Table 2), its accuracy further improves,
underscoring its ability to effectively combine information from
both sources.

4. HIGH-TEMPERATURE HEAT PUMP

In this section, we briefly introduce the high-temperature
heat pump considered in this study and present the results of the
hybrid modeling techniques applied to this specific use case.

4.1. Description

This work investigates a high-temperature heat pump
(HTHP) operating on a closed-loop Brayton cycle using air as
the working fluid [11]. The system, located at a test facility in
Cottbus, Germany, is designed to reach supply temperatures up
to 250 °C and consists of a combination of compression, heat
exchange, expansion, and recuperation stages. The core compo-
nents include a two-stage radial compressor, a high-temperature
heat exchanger (HTHX), a recuperator for internal heat recovery,
a turbine, and a low-temperature heat exchanger (LTHX). Flow
control is managed by a three-way valve, which directs the fluid
through the recuperator as needed, and a turbine bypass valve,

which adjusts the resistance within the loop, allowing control
over the operating points of the compressors.

The process begins as air is compressed, raising its tempera-
ture. Heat is then extracted in the HTHX and then partially used
for internal heat recovery in the recuperator before the fluid ex-
pands in the turbine, reducing both pressure and temperature. The
cooled air subsequently absorbs heat in the LTHX before being
preheated again in the recuperator and returning to the compres-
sor. This configuration allows for efficient thermal energy transfer
and makes the setup suitable for industrial applications requiring
high supply temperatures.

4.2. Results

In this section, we compare the performance of the hybrid
surrogate modeling approaches for the HTHP system introduced
above. For each hybrid model, two separate surrogate models are
developed: one predicts the outlet temperature on the sink side,
which represents the temperature available for industrial applica-
tions, based on five input variables: source-side inlet mass flow,
source-side inlet temperature, sink-side inlet mass flow, sink-side
inlet temperature, and motor speed. The other model predicts
the electric power consumption based on these five input vari-
ables. These two quantities—the outlet temperature and electric
power consumption—are also the output variables considered in
the surrogate-based optimization presented in [2]. A total number
of 26 experimental data points are available from the test facility,
while the simulation data are generated using a detailed model in
Modelica 4.0.0. To generate the simulation dataset, a one-at-a-
time sensitivity approach is used: for each input variable, its value
is systematically varied across a defined range while keeping the
remaining four inputs fixed. This procedure is repeated for each
input, enabling the characterization of the system’s response to
individual input variations and the capture of nonlinear depen-
dencies in the output variables. The impact of data availability
on the model performance is assessed by varying the number of
simulation data points: 50, 500, 5,000, and 25,000. As with
the test function study, all input and output data are normalized
to the range [0, 1] for consistency and to ensure comparability
across different model types. For hybrid model 2 with PR and
hybrid model 3, a third-degree PR model is trained for the outlet
temperature and the electric power consumption.

Figures 9 and 10 show the R? values for the outlet temper-
ature and electric power prediction, respectively, evaluated for
different numbers of simulation data points. Each model is tested
both on simulation data and on the available experimental data.
As seen in both figures, hybrid model 3 consistently achieves
high prediction accuracy on the simulation test set, even with 50
simulation samples. This highlights the benefit of its integrated
training strategy, where both data sources are used simultane-
ously through a unified weighted cost function. In contrast, the
other models require more simulation data to reach similar levels
of accuracy. This also happens with hybrid model 2, which relies
on two separately trained models, and if one of them (e.g., the
experimental-based surrogate) performs poorly (see Table 3, the
overall hybrid prediction also suffers.

When tested on the experimental dataset, hybrid model 3
again achieves high accuracy across all simulation data sizes in
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FIGURE 9: R? VALUES OF THE HYBRID MODELS FOR PREDICTING THE OUTLET TEMPERATURE OF THE HTHP, EVALUATED
ON EXPERIMENTAL (LEFT) AND SIMULATION (RIGHT) DATASETS AS A FUNCTION OF THE NUMBER OF SIMULATION POINTS.
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FIGURE 10: R? VALUES OF THE HYBRID MODELS FOR PREDICTING THE ELECTRIC POWER CONSUMPTION OF THE HTHP,
EVALUATED ON EXPERIMENTAL (LEFT) AND SIMULATION (RIGHT) DATASETS AS A FUNCTION OF THE NUMBER OF SIMULA-

TION POINTS.

TABLE 3: COMPARISON OF R2 FOR PR TRAINED SOLELY
ON SIMULATION DATA, PR TRAINED SOLELY ON EXPER-
IMENTAL DATA, AND THE HYBRID MODEL 3. THE MOD-
ELS ARE EVALUATED ON SIMULATION AND EXPERIMEN-
TAL DATASETS FOR THE OUTLET TEMPERATURE PREDIC-
TION OF THE HTHP WITH 26 EXPERIMENTAL AND 50 SIMU-
LATION DATA POINTS.

Models R? (exp) R2 (sim)

PR (sim) 83.2 % 99.8 %

PR (exp) 100.0 % 0.0 %
Hybrid Model 3 95.0 % 99.8 %o

Fig. 9 on the left, underlining its robustness and ability to gen-
eralize from the available data. The ANN-based models (hybrid
model 1 and hybrid model 2 with ANN) show improved accu-
racy as the number of simulation samples increases, reflecting
their higher data requirements and flexibility in learning from
large datasets. Hybrid model 2 with with PR demonstrates a
performance close to that of hybrid model 3 on the experimen-

tal test set. While its accuracy on the simulation test set is low
for small data sizes, its accuracy on the experimental test set is
higher because both underlying surrogate models (for simulation
and experiment) are well trained in this setting. This contrast
illustrates that the separate model training in hybrid model 2 can
be particularly vulnerable when either surrogate underperforms.
A similar trend can be observed for the power prediction in Fig.
10, but with lower accuracy. This happens because the simula-
tion model was calibrated in [11] based on the outlet temperature
but not on the electric power consumption, resulting in a bet-
ter match between simulated and experimental temperature data.
When evaluating hybrid model 2 with PR and hybrid model 3 on
the experimental dataset, the highest prediction accuracy is ob-
served at a simulation dataset size of 50 points. Beyond this, the
accuracy, especially for electric power prediction in hybrid model
3, declines. This drop is due to the self-adaptive weighting in the
unified loss function, which increases the influence of simulation
data as more of it becomes available. Since discrepancies exist
between the experimental and simulation datasets, the model be-
comes less accurate on the experimental data as it increasingly
prioritizes the simulation data.
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Regarding computational cost, hybrid model 3 starts with a
CPU time of 0.38 s with 50 simulation data points and increases
to 10 s with 25,000 simulation data points. In comparison, hybrid
model 1, hybrid model 2 with ANN, and hybrid model 3 with PR
require CPU training times between 43 s and 110s, 25s and 755
(without considering the CPU time for hyperparameter tuning
in the ANN-based models), and 0.02s and 0.30s, respectively.
As with the test functions, hybrid model 2 with PR consistently
achieves the lowest CPU time across all conditions. Although
the CPU times in the heat pump results fall within the expected
range, they can be reduced, as discussed in Section 3.2, and this
reduction will be explored in future work.

5. CONCLUSION

This work presents a hybrid modeling framework that ef-
fectively combines simulation and experimental data to improve
predictive performance in complex engineering systems. Within
this framework, we introduce and compare three hybrid model-
ing approaches: (1) a transfer-learning-based ANN model, (2)
a two-step weighted surrogate model, and (3) a novel surrogate
model trained via a unified weighted cost function. For the second
approach, both black-box (ANN) and white-box (PR) surrogates
are considered, allowing an investigation of interpretability and
training effort.

The performance of the proposed approaches has been tested
using the Rosenbrock and Goldstein-Price test functions under
varying conditions of dimensionality, data quantity, and noise,
as well as on the HTHP system under varying amounts of sim-
ulation data. Across all settings, hybrid model 3 consistently
achieves the best balance between accuracy, robustness, and gen-
eralization, particularly in higher dimensions or when simulation
and experimental data differ. Its integrated training and adap-
tive data weighting enable dynamic adjustment of trust in each
data source. Even with a small number of simulation data, hy-
brid model 3 demonstrates high accuracy, outperforming other
models. While hybrid model 2 with PR performs well in many
cases, hybrid model 3’s unified loss function offers superior per-
formance by considering both data types during training. In
contrast, ANN-based models require larger datasets to reach high
performance, especially in higher dimensions, making them less
practical in data-scarce settings. Regarding computational cost,
hybrid model 3 shows increased CPU time in higher-dimensional
spaces (>=15-D) but remains time-efficient in lower dimensions
and in cases with low number of data points.

In future work, other black-box models such as Gaussian
Processes could be explored as alternatives to ANN. Moreover,
the optimization of the weighted cost function in hybrid model 3,
currently performed using the BFGS algorithm, could be replaced
by alternative optimization methods to investigate their impact
on the model accuracy, robustness, and CPU time. Last, the
presented methodology can be applied to other real-world systems
to further validate its generalizability and practical relevance.
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