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 A B S T R A C T

To achieve globally optimal performance of industrial heat pumps, matching both thermodynamic cycle and 
component parameters is a complex challenge. The integration of multiple disciplines and design stages is 
required. Holistic design strategies, which simultaneously optimize thermodynamic cycle parameters together 
with detailed component optimizations are able to overcome the shortcomings of conventional sequential 
design. However, the complexity significantly increases with high dimensionality integrating all disciplinary 
analyses. Four optimization architectures are analyzed, integrating multi-stage compressor optimization and 
heat exchanger sizing with cycle optimization. Distributed structures that solve the component subproblems 
separately, yield higher reliability, better objectives, and faster convergence, though at increased computational 
cost. Surrogate models trained with active learning strategies are able to reduce function evaluations enabling 
integration of complex models. A collaborative optimization concept with distributed cycle optimization is 
identified as the most effective, achieving convergence in fewer than 500 evaluations and designing a Brayton 
cycle heat pump with a COP of 1.82 at a 260 K temperature lift. The trade-off with engine size is demonstrated 
in a multi-objective approach highlighting the potential of holistic optimizations for high-temperature heat 
pumps.
1. Introduction

The design process of industrial heat pumps (HP) is a complex 
challenge with the objective to find the globally optimal performance 
while matching both thermodynamic cycle and component parameters. 
High temperature heat pumps will play a major role to electrify process 
heat and have been identified as a key technology for decarbonization 
with the need for further demonstration of the technology [1–3]. 
Brayton heat pumps with high temperature lifts are novel technologies 
that can potentially be used for high temperature applications, drying 
processes or pumped thermal storage [4–6]. Frate et al. [7] investigated 
the impact of compressor designs for the Brayton cycle finding fea-
sible single stage configurations with sink temperatures up to 350◦C. 
Heat pumps depend very much on the efficiency of their components. 
Several disciplinary analyses and fidelity-levels with varying modeling-
depths need to be considered. The conventional design process is 
usually an sequential procedure which can be of high effort and very 
time consuming. Fundamental decisions are usually made during the 
conceptual phase of cycle design. In the following steps, matching 
component designs are developed with increasing level of detail. The 
components need to be matched on cycle level, which leads to an 
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iterative procedure. One major shortcoming of conventional design is 
the fact, that important decisions have to be made without knowing the 
exact performance capabilities of the components like turbomachines 
and heat exchangers. This means, that assumptions have to be made in 
earliest phases of design. This can lead to trial-and-error while mistakes 
made in cycle conceptualization will propagate through the design 
process and are hard to revert in the following steps. This sequential 
procedure makes it impossible to achieve a globally optimal heat pump, 
where each component is matched to perform in its best design point 
with regard to the overall engine efficiency.

The concept of holistic heat pump design is able to mitigate these 
issues as thermodynamic cycle and components are optimized simul-
taneously. Especially in closed cycles, the component performance 
parameters are highly interactive and matching on cycle level is of 
major importance. For holistic design, detailed physics based analy-
ses of the components are integrated in a single design process. In 
case of heat pump design, this can include aerodynamic modeling of 
turbomachines as well as heat transfer and pressure drop simulations 
of heat exchangers. Interfaces between all disciplines are defined to
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Nomenclature

Acronyms

AAO All-at-once optimization
CD Collaborative optimization
GPR Gaussian process regression
HEX, HE Heat exchanger
HTHP High temperature heat pump
LHS Latin hypercube sampling
MDO Multi-disciplinary optimization
NHX Nested heat exchanger design
OCD Cycle optimized collaborative optimization
PC Process chain
RS Response surface
SLC Streamline curvature
ttd Terminal temperature difference
Latin symbols
𝒄 Constant parameter vector
𝒉 Constraint vector
𝒑 Design vector
𝒔 Station value vector
𝒚 Output vector of analyses
𝑚̇ Mass flow [kg/s]
𝑄̇ Heat flow rate [W]
𝑊̇ Power [W]
 Gaussian distribution
𝐶𝑂𝑃 Coefficient of performance [–]
𝑒𝑎 Approximation error
𝑙 length [m]
𝑛 Number of
𝑃 Total pressure [Pa]
𝑅 Radius [m]
𝑅2 Coefficient of determination
𝑠1,2 Tube separation
𝑇 Temperature [K]
𝑡𝑡𝑑 Terminal temperature difference
Greek symbols
𝛼 Taper angle [◦]
𝛽 Outflow angle [◦]
𝜻 Tolerance vector
𝛿 Deviation from target value
𝜂 Isentropic efficiency [–]
𝜔 Rotational speed [1/min]
𝛱 Pressure ratio [–]
𝜎 Standard deviation
Superscripts and subscripts
∗ Optimized value
̂ Target value
̃ Predicted value
B Baffles, blades
C Compressor
cyc Cycle
h Hub
H, HTHX Heat sink heat exchanger
2 
L, LTHX Heat source heat exchanger
R Recuperator
s shell
T Turbine
t tubes

formulate the holistic optimization problem. Depending on the in-
tegrated methods and their dimensions, the complexity can largely 
increase. Holistic optimization problems are thereby difficult to solve. 
But in comparison to sequential design, a successful implementation 
of a holistic optimization strategy will balance cycle parameters and 
component performance for maximized efficiency. Another advantage 
is that geometric information is available throughout the design pro-
cess, so that additional objectives like engine size, weight or costs can 
be considered.

1.1. State of the art: Holistic optimization

In the field of multi-disciplinary optimization (MDO) some general 
concepts for holistic system optimization have been introduced. In most 
cases they are investigated with reduced problems and only few have 
been fully implemented for detailed design processes.  The challenge of 
MDO problems is to deal with local parameters of individual disciplines 
(components) and orchestrate the overall system optimization with 
the exchange of interface parameters. In this way, the interactions of 
all subproblems can be considered which allows to find the globally 
optimal system. Additionally, solving these kind of problems will im-
prove the coordination between involved individuals, departments or 
companies and thereby make the entire design process more efficient 
considering time and costs.

Martins et al. [8] compared and classified several architectures for 
MDO problems. They distinguish between monolothic structures, that 
solve a single optimization problem (e.g. all-at-once optimization AAO) 
and distributed structures, that introduce subproblem optimization. For 
the distributed problems, they considered (among others) concurrent-
subspace optimization (CSSO), collaborative optimization (CO), Bilevel 
Integrated System Synthesis (BLISS) and Analytical Target Cascading 
(ATC). They conclude that there is a high demand for further research 
to benchmark these architectures. Braun et al. [9] introduced the con-
cept of CO and there are several studies with further developments and 
investigations concerning its performance [10–12]. The optimization 
is split up into a master problem and subproblems for each disci-
pline. Sobieski and Kroo [13] introduced the integration of response 
surfaces (RS) in CO structures to improve the performance. Response 
surfaces are computationally inexpensive, which is important as the 
subproblems have to be solved numerous times. They applied quadratic 
RS for a test problem that is solved with a trust region approach. 
Integrated approaches for cycle design have been performed in the field 
of aero-engines, organic Rankine cycles (ORC) and heat pumps. Tacconi 
et al. [14] applied an holistic approach to the design of a semi-closed 
engine cycle of a propulsion system. They coupled fast methods of com-
ponent sizing with overall system design to minimize fuel consumption 
and engine weight. Hendler et al. [15] compared two optimization con-
cepts for coupled multi-stage compressor and combustor design. Both 
investigated holistic concepts improve designs concerning fuel con-
sumption and efficiency with an AAO architecture delivering the best 
results. System level parameters remain unchanged. Another field of 
applied MDO is the design of organic Rankine cycles. There are several 
studies that integrate meanline turbine design with the optimization of 
the thermodynamic cycle [16–18]. Integrated design leads to improve-
ments and time effort of the design process can be significantly reduced. 
Schuster et al. demonstrate that integrating mean-line radial turbine 
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model into ORC system optimization, including multi-stage turbine de-
signs for higher pressure ratios, enables high cycle efficiency [19].  For 
heat pump design, most studies focus on the integration of compressor 
meanline analysis: Meroni et al. [20] maximized cycle performance and 
heat flow rate for different working fluids by integration of a meanline 
based radial compressor design. Giuffre et al. [21] used a surrogate 
model for fast evaluation of integrated radial compressor analysis to 
speed up the multi-objective optimization process. An artificial neu-
ral network (ANN) is trained to predict the compressor performance. 
They continued their work in [22] and balanced system weight and 
power consumption, specifically through the design of the evaporator 
in a multi-point approach. Ascione et al. [23] also applied integrated 
system optimization to investigate the trade-off between engine weight 
and performance. Advantages of integrated design are highlighted and 
computational costs are kept moderate by using parameter reduction. 
Altogether, 57,600 function evaluations lead to convergence for 24 
variables Three design approaches are compared by Beltrame et al. [24] 
where two are integrated approaches with one using a surrogate to pre-
dict optimal condensers. Integrated design improves the performance 
and the surrogates reduce computational effort. Schaffrath et al. [25] 
evaluated the CFD based design of radial steam compressors in a 2-
stage cycle configuration of a reversed Rankine cycle. Convergence has 
been improved by using a multi-fidelity (co-Kriging) approach for the 
optimization. Yan et al. [26] have integrated a mean-line compressor 
analysis that links the thermodynamic cycle optimization to the aero-
dynamic compressor performance preventing wet compression in a heat 
pump.

1.2. Contribution, research gap and previous work

In the area of heat pump design, holistic optimization is a growing 
research field. If complex analysis is involved, mostly single compo-
nents are integrated in the design process and there is rarely a detailed 
focus on the architecture of the optimization itself. There is a lot poten-
tial, to investigate the optimization architecture to be independent from 
integrated tools and heat pump type. This is a key research objective 
of the present work, which aims to minimize function evaluations to 
make holistic concepts more accessible to integrate complex models 
to produce reliable results. This paper presents generalizable concepts 
for holistic heat pump optimization that integrate multiple detailed 
component analyses. The proposed concept is applicable to any heat 
pump problem and provides a pathway for improved decision-making 
in the design process. In earlier work by Gollasch et al., the optimiza-
tions of the compressor and heat exchangers were integrated with 
the cycle optimization of a closed Brayton-cycle heat pump, resulting 
in an optimization problem with up to 75 parameters [27,28]. Two 
optimization approaches were compared starting with an AAO archi-
tecture and decoupling the heat exchanger optimization in a second 
structure. In conclusion, the decoupled approach has been found to be 
suitable for single- and multi-objective optimization and is superior to 
AAO. The distribution of the component optimization has proven to 
be beneficial for stability and convergence rate. This work is extended 
in [29,30], with the investigation of a distributed CO structure focusing 
on the comparison of regression methods to approximate the compo-
nent analyses. Convergence for single- and multi-objective optimization 
is improved in relation to the initial studies.

1.3. Outline and research questions

This paper focuses on the comparative investigation of holistic 
optimization concepts. It builds on previous work and altogether 4 
different optimization architectures for a reversed Brayton heat pump 
are analyzed. First, the underlying methods for modeling and the 
optimization structures are introduced. A feature sensitivity and error 
propagation study is performed showing the impact of component 
efficiencies on cycle performance. This is followed by discussing the 
3 
Fig. 1. Layout of a reversed Brayton cycle heat pump with recuperation. 
Cycle station values are optimized to reach the required heat sink energy 
with minimum drive power. In holistic structures, component performance 
parameters in blue are determined by integrated analyses.

training of surrogate models, which are analyzed concerning their 
prediction accuracy. In the results section, the optimization concepts 
are compared with consideration of required function evaluations, ob-
jective function values and parameter similarity. The following research 
questions are addressed:

1. To what extent does the performance of individual components 
influence the overall efficiency of the heat pump?

2. To what extent does uncertainty about component performances 
propagate through the process of cycle optimization?

3. Which architectures for multi-disciplinary optimization are best 
suitable for closed cycle heat pumps?

4. What is the impact of distributed cycle optimization within a 
collaborative optimization concept with regard to convergence, 
stability and numerical efficiency?

5. Do local surrogate models reach sufficiently low approximation 
errors while reducing overall function evaluations?

6. How can structures be generalized to more cycles while mitigat-
ing the risk of local approximation errors?

2. Modeling: Disciplinary analyses for heat pump design

Fig.  1 shows the layout of a reversed Brayton cycle heat pump. 
This air cycle heat pump is based on the inverted gas turbine cycle. 
It mainly consists of compressor, turbine and heat exchangers (HEX) 
for heat source and heat sink. Additionally, a recuperator is applied to 
transfer heat to the compressor inlet preventing high pressure ratios, 
which are usually unfavorable for the 𝐶𝑂𝑃 . A detailed analysis of this 
cycle was performed in [31]. A more in-depths introduction of the basic 
working principle can be found in [28]. In the present work, a mass 
flow of 32 kg/s of dry air is heated up from 100◦C to 320◦C (9 → 10). 
A mass flow of 35 kg/s and 60◦C is available as heat source. These are 
the fixed boundary conditions for the holistic heat pump design studies 
performed in this work (also see Appendix  A). The process require-
ments were chosen to roughly match a reference compressor design, 
whose geometry is adapted in the holistic optimization process. All 
heat pump state points (1–6) are determined during the optimization 
procedure and depend on the matching of most suitable component 
designs. In this work, 4 components are designed simultaneously with 
the cycle: A multi-stage axial compressor and the 3 heat exchangers. 
Only the turbine design is not integrated and treated with a constant 
efficiency. First studies by Gollasch et al. focused on the integration 
of compressor design, as it is the core component of all heat pump 
cycles. Furthermore, no suitable method for aerodynamic performance 
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prediction of turbines was available to the authors at the time. For 
reasons of comparability with previous work, turbine integration is 
omitted in this paper. The integration of turbine models is further elab-
orated in Section 6.5. In Sections 2.1 to 2.3, the disciplinary analyses 
are introduced. For each discipline, the variable and constant input 
parameters as well as functional outputs are described. The integrated 
analyses are well-established methods that have been validated in the 
referenced literature.

2.1. Cycle analysis and integration in holistic design

Cycle analysis is based on 0D steady-state modeling. In this work, 
the performance simulations are performed with TesPy (Thermal En-
gineering Systems in Python) as introduced in [32]. With a suitable 
parameterization of the problem, an equation system is set up with vari-
able parameters and constant boundary conditions. The state variables 
at each stations are determined with a Newton–Raphson algorithm.
𝒚cyc = 𝑓 (𝒑cyc,𝒙, 𝒄cyc) (1)
𝒑cyc = [𝜂𝐶 , 𝜂𝑇 , 𝑇1,𝛱𝑐 , 𝑚̇1, 𝑡𝑡𝑑L, 𝛥𝑷 𝑗 ] ∈ R9

with 𝑗 ∈ {H, R, L}
𝒄cyc = [𝑇7, 𝑚̇7, 𝑃1, 𝑇9, 𝑚̇9, 𝑇10]

𝒚 = [𝐶𝑂𝑃 , 𝑄̇𝐻 , 𝑄̇𝐿, 𝑄̇𝑅] (2)
𝒙 = (𝒔𝑖)𝑛𝑖=1 with 𝒔𝑖 = [𝑇𝑖, 𝑚̇𝑖, 𝑃𝑖]

The approach for the cycle analysis as it is embedded in the holistic 
optimization concepts is shown in Eq. (1). The efficiency parameters of 
the components need to be accessible to be set as variable parameters 
𝒑cyc. This includes efficiency of compressor 𝜂𝐶 and turbine 𝜂𝑇 , pressure 
ratio 𝛱𝐶 and the HEX parameters 𝑡𝑡𝑑 (terminal temperature difference) 
as well as pressure drops 𝛥𝑷 𝑗 . Furthermore, the boundary conditions 
with the process demands for the heat pump are set as constant 
parameters 𝒄cyc. These are usually the conditions for the heat sink and 
the available inflow for the heat source. The system states 𝒙 and the 
outputs 𝒚 are computed. This includes the heat pumps coefficient of 
performance 𝐶𝑂𝑃 = 𝑄̇𝐻∕𝑊̇𝐶 and heat flow rates 𝑄̇𝑗 with 𝑗 ∈ {H, L, R}
for all heat exchangers, where H is the sink HEX, L the source HEX and 
R the recuperator. The exemplary parameterization needs to be adapted 
to match the holistic optimization architecture and its interfaces. In 
cycle design, values like the mass flow 𝑚̇1 and pressure ratio 𝛱𝐶 are 
optimized for the minimum driving power 𝑊̇𝑒𝑙.

2.2. Aerodynamic compressor analysis

A generic framework is applied to design compressors from scratch 
based on assembling stages from reference geometries. The design 
process uses automated scaling for varying inflow conditions, which is 
why this procedure is tailored to find feasible designs for a wide range 
of design points. This is a requirement for the integration in holistic 
optimization. Additionally, the analysis needs to produce a smooth 
functional response with reliable predictions of the performance. Ge-
ometry  generation and numerical setup are described in more detail 
in [28] and in the Appendix  C. The compressor analysis is based on 
aerodynamic simulations with the in-house throughflow software ACDC 
(Advanced Compressor Design Code). ACDC features a 2D streamline 
curvature solver and a database of pre-optimized airfoils that are 
automatically allocated [33]. Flow turning and loss correlations are 
tuned based on this airfoil family and accurate predictions of pressure 
ratio, efficiency and stability are enabled [34].
𝒚C = 𝑓 (𝒑𝐶 , 𝒄𝐶 , 𝒔1) (3)
𝒑𝐶 = [𝝅𝑟, 𝜷𝑠, 𝜔, 𝒓𝑖,𝜶ℎ] ∈ R35

𝒄𝐶 = [𝜶𝑠,𝒏𝑏, 𝒍𝑐ℎ.]

𝒚 = [𝜂 ,𝛱 ,𝒉 ] (4)
𝐶 𝐶 𝐶 𝐶

4 
Fig. 2. Generic compressor design for variable inlet conditions using concepts 
for dimensionality reduction. The compressor can be designed from scratch 
using automated scaling.

𝒉𝐶 = [𝒄dif., 𝒄flow, 𝒄Koch] (5)

ACDC is integrated in the generic design framework, where a multi-
stage compressor is generated for specified inflow conditions 𝒔1 =
[𝑇1, 𝑃1, 𝑚̇1] (Fig.  2). The geometry is defined by setting radii, flowpath, 
blade positions and design requirements for the blades. Spline inter-
polation is used for parameter reduction to set the blade parameters 
independently from the number of stages. The splines contain parame-
ters for blade design (𝜫𝐵 , 𝜷𝐵), hub taper angle 𝜶𝐻 , inlet radii 𝒓𝑖 and 
rotational speed 𝜔. For each compressor design, values for isentropic 
efficiency 𝜂𝐶 and pressure ratio 𝛱𝐶 are computed. Together with the 
inflow conditions 𝒔1 these are also the interface parameters to the cycle 
evaluation. Additionally, a vector of constraint functions 𝒉𝑐 is returned 
that ensures feasible compressor designs. These inequality constraints 
consist of stability parameters such as flow coefficients, diffusion factor 
and the Koch criterion [35]. The design vector for a single compressor 
in Eq. (3) consists of 35 parameters. To reduce complexity, constant 
parameters 𝒄𝐶 are used for the shroud taper angles, the blade count 
and chord lengths.

The effects of automated scaling are underlined in Fig.  3(a) where 
𝑁 = 8000 randomly generated compressor designs (latin hypercube 
sampling method - lhs) are evaluated:
{(𝛱 (𝑖)

𝑐 , 𝜂
(𝑖))}𝑁=8e3

𝑖=1 with 𝜂(𝑖),𝛱 (𝑖)
𝑐 = 𝑓 (𝒑(𝑖)𝑐 , 𝒔

(𝑖)
1 )

For the specified parameter bounds, the resulting pressure ratios range 
between 3.8 and 5.2. The black line highlights the trend of most 
efficient designs. Higher pressure ratios invoke a drop in efficiency, 
which is caused by aerodynamic loss mechanisms. For pressure ratios 
𝛱𝑐 ≤ 4.2 unfavorable designs are produced. Depending on the search 
space of holistic heat pump design, parameter bounds or number of 
stages might need to be adapted. The temperature requirements of the 
heat pump in this work are chosen to match this range of pressure 
ratios. Fig.  3 underlines that the best achievable compressor designs 
are independent from the inflow conditions of temperature 𝑇1 and mass 
flow 𝑚̇1. The trend of the maximum efficiency is constant for the entire 
range, which is the effect of automated scaling. The generation of a 
single compressor design and evaluation of stability can take up to 60 s. 
The compressor in this work is based on the existing DLR-Rig250 [36]. 
The initial geometry is scaled and modified by the optimizer to match 
the requirements of the heat pump cycle. ACDC has been validated 
against CFD results [34] and experimental data [37].

2.3. Heat exchanger analysis: Heat transfer and pressure drop

The heat exchanger analysis is performed with an in-house tool for 
the rating of shell-and-tube heat exchangers. It is mainly based on the 
widely established methods for calculating heat flow rates and pressure 



J. Gollasch and M. Lockan Applied Thermal Engineering 302 (2026) 131728 
Fig. 3. Scattered data showing the trade-off between efficiency and pressure ratio (a) and the independence of compressor designs from inflow conditions as the 
consequence of automated scaling (b), (c)
 

Fig. 4. Geometric parameters of shell and tube heat exchangers [38,40].

drop as described in [38]. Geometric parameters and inflow conditions 
are taken as inputs and heat transfer as well as pressure drop are 
computed. In this work, the heat flow rate 𝑄̇ is computed based on 
the 𝑃 -𝑁𝑇𝑈 method, where 𝑃  is the dimensionless temperature change 
and 𝑁𝑇𝑈 is the number of transfer units. Tube side pressure drop 
𝛥𝑃𝑡 is calculated with friction coefficients for turbulent and laminar 
flows based on their Reynolds numbers. Shell side pressure drop 𝛥𝑃𝑠
calculation is more complex and contains flow effects in cross flow and 
window zones of the tube bundles. The empirical correlations for heat 
transfer and pressure drop are provided in Appendix  B. Additionally, 
functions from the library ChEDL (ht: Heat Transfer component of 
Chemical Engineering Design Library) are applied for the calculation 
of the shell diameter based on established design rules as well as using 
geometrical constraints to prevent vibrations [39].

Fig.  4 shows the geometry of shell and tube heat exchangers. The 
design parameters 𝒑𝑗 used in this work are tube length 𝑙𝑡, tube diameter 
𝑟𝑡, number of tubes 𝑛𝑡, tube spacing 𝑠2 and baffle count 𝑛𝐵 .
𝒚𝑗 = 𝑓 (𝒑𝑗 , 𝒔in,hot, 𝒔in,cold) (6)
𝒑𝑗 = [𝑑𝑡, 𝑙𝑡, 𝑛𝑡, 𝑠2, 𝑛B] ∈ R5

𝒚𝑗 = [𝑄̇𝑗 , 𝛥𝑃j, t, 𝛥𝑃j, s, 𝒔j,t, 𝒔j,s] (7)
with 𝑗 ∈ {H, L, R}

For each heat exchanger 𝑗 ∈ {H, L, R}, heat flow rate 𝑄̇𝑗 , pressure 
drops 𝛥𝑷 𝑗 = [𝛥𝑃𝑡,𝑗 , 𝛥𝑃𝑠,𝑗 ] and the outflow states 𝒔out,𝑗 are returned from 
the analysis. For the recuperated Brayton cycle, three heat exchangers 
with an overall number of 15 design parameters are considered in this 
work. The inflow conditions on both sides are given as a boundary 
conditions. The analysis is of low computational cost and takes a 
fraction of a second. Nevertheless, as a preparation for future work 
the number of overall function evaluations is kept low to prepare the 
integration of more costly analyses.

3. Holistic optimization architectures

Each discipline brings an analysis with its design parameters into 
the holistic optimization problem. In closed cycles, all thermodynamic 
states are interactively affected by component performance, meaning 
that their design points are interdependent. The architecture of the 
optimization problem refers to the communication processes between 
the top-level optimizer and integrated disciplines to solve a holistic 
5 
Fig. 5. All-at-once optimization structure: All design parameters 𝒑AAO are 
handled by the top-level optimizer.

problem. Choice of interface parameters, splitting the design vectors 
to solve subproblems as well as selecting algorithms are part of the 
methodological framework.

3.1. All-at-once optimization

Algorithm 1 All-at-once optimization.
1: Top-level: Initial DoE and training of Kriging surrogates for all objectives 
and constraints

2: while 𝐶𝑂𝑃 [10] ≤ 𝐶𝑂𝑃 [1] + 1e−3 do
3: Set global 𝒑AAO = [𝒑C,𝒑cyc,𝒑j] with Bayesian optimization and genetic 
operators

4: Evaluate compressor design with 𝒑C ⊆ 𝒑AAO and inflow conditions 𝒔1 ⊆
𝒑AAO. Return 𝒉𝐶 to top-level and pass 𝒚𝐶 = [𝜂𝐶 ,𝛱𝐶 ] to cycle evaluation.

5: Evaluate the thermodynamic cycle with 𝒚𝐶 and 𝒑cyc ⊆ 𝒑AAO. Return the ob-
jective function value 𝐶𝑂𝑃  and 𝒉cyc. Pass design targets [ ̂̇𝑄, 𝛥𝑃𝑡,𝑗 , 𝛥𝑃𝑠,𝑗 , 𝒔j,in]
to HEX analysis.

6: Perform the HEX-analysis with 𝒑𝑗 ⊆ 𝒑AAO. Return deviation from the target 
values 𝜹𝑗 to top-level optimizer.

7: Update the Kriging surrogates for objectives and constraints.
8: end while
The first optimization architecture is all-at-once optimization (AAO).

In this non-distributed structure, a single large optimization problem 
is formulated. As shown in Fig.  5, all design variables are handled 
by the top-level optimizer, which results in high dimension of the 
design vector. The pseudo-algorithm is formulated in Algorithm 1 and 
starts with the execution of the compressor analysis. Each compressor 
design (𝜂𝐶 , 𝛱𝐶 ) is evaluated in the thermodynamic cycle analysis with 
the results of the aerodynamic modeling. Interfacing parameters are 
the inlet conditions 𝒔1, efficiency 𝜂𝐶 as well as pressure ratio 𝛱𝐶 . As 
a last step, HEX designs are evaluated with parameters 𝒑𝑗 also set 
by the top-level optimizer. As a consequence, these designs are not 
necessarily consistent with the targets of the cycle configuration in 
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Fig. 6. Nested heat exchanger design optimization structure: Heat exchangers 
are optimized in subproblems for target values.

terms of heat transfer ̂̇𝑄𝑗 and pressure drop 𝛥𝑷̂ 𝑗 . To meet these targets, 
constraint functions 𝒉𝑗 are introduced that restrict the feasible solutions 
to configurations where the HEX designs match the cycle simulation.

max
𝒑𝐴𝐴𝑂∈

𝐶𝑂𝑃 =
𝑄̇𝐻
𝑊̇in

s.t. 𝒉𝐴𝐴𝑂 ≤ 𝜻𝐴𝐴𝑂 (8)

𝒑𝐴𝐴𝑂 = [𝒑𝐶 ,𝒑𝐴𝐴𝑂𝑐𝑦𝑐 ,𝒑𝑗 ] ∈ R60 (9)

𝒑AAOcyc = [𝑚̇, 𝑇1, 𝑡𝑡𝑑𝐿, 𝛥𝑷 𝑡,𝑗 , 𝛥𝑃𝑠,𝑅]

with 𝑗 ∈ {H, L, R}
𝒉𝐴𝐴𝑂 = [𝒉𝐶 ,𝒉𝑗 = ‖𝜹𝑗‖2,𝒉cyc] (10)

𝒉𝐶 = [𝒄dif., 𝒄flow, 𝒄Koch] (11)

𝜹𝑗 = [|𝑄̇𝑗 − ̂̇𝑄𝑗 |, |𝛥𝑃𝑡,𝑗 − 𝛥𝑃𝑡,𝑗 |, |𝛥𝑃𝑠,𝑗 − 𝛥𝑃𝑠,𝑗 |] (12)

Eqs. (8)–(12) show the formulation of AAO. The approach is eval-
uated with direct integration of analyses in [28]. Overall 60 design 
variables are optimized, while 35 define the complex compressor de-
sign.

𝜹𝑗 (𝒑𝑗 ) =
⎧

⎪

⎨

⎪

⎩

(𝒚𝑗 − 𝒚̂𝑗 ) if |𝒚𝑗 − 𝒚̂𝑗 | > 𝜻𝑗

0 otherwise
(13)

with 𝒚𝑗 = [𝑄̇𝑗 , 𝛥𝑃t,j, 𝛥𝑃s,j] (14)

The constraint functions are the deviations 𝜹𝑗 between cycle target 
and HEX analysis and need to reach a tolerable threshold 𝜻 𝑗 . For AAO, 
there are deviation terms for the heat flow rate |𝑄̇𝑗 − ̂̇𝑄𝑗 | and pressure 
drops |𝛥𝑷 𝑗 − 𝛥𝑷̂ 𝑗 |, as formulated in Eq. (14). The AAO architecture 
is characterized by a fast evaluation of the process chain but low 
convergence rate. This is expected, as the constraints for matching HEX 
designs need to be controlled first. This is highly dependent on the 
initial database and it can take a high number of top-level evaluations 
until a feasible solution is found that can be improved by the optimizer. 
This concept will be considered in the discussions but apart from that 
not further analyzed in this work.

3.2. Nested heat exchanger design

In order to overcome the shortcomings of AAO, nested-heat-exchange
design (NHX) is introduced as a second optimization structure. Here, 
the heat exchanger optimization is solved as a distributed subproblem. 
The concept is based on reducing the top level problem and avoid 
infeasible HEX. The heat exchanger optimization is now performed for 
target requirements ̂̇𝑄, 𝑷̂ 𝑗 that are calculated by the cycle evaluation 
(Fig.  6). If feasible HEX are found, the designs are already matched 
to the cycle states. The feasibility is controlled with the deviation 
6 
Algorithm 2 NHX.
Top-level: Initial DoE and training of Kriging surrogates for all objectives 
and constraints
1: while 𝐶𝑂𝑃 [10] ≤ 𝐶𝑂𝑃 [1] + 1e−3 do
2: Set global 𝒑NHX = [𝒑C,𝒑cyc] with Bayesian optimization and genetic 
operators

3: Evaluate compressor design with 𝒑C ⊆ 𝒑NHX and inflow conditions 𝒔1 ⊆
𝒑NHX. Return 𝒉𝐶 to top-level and pass 𝒚𝐶 = [𝜂𝐶 ,𝛱𝐶 ] to cycle evaluation.

4: Evaluate the thermodynamic cycle with 𝒚𝐶 and 𝒑cyc ⊆ 𝒑NHX. Return the ob-
jective function value 𝐶𝑂𝑃  and 𝒉cyc. Pass design targets [ ̂̇𝑄, 𝛥𝑃𝑡,𝑗 , 𝛥𝑃𝑠,𝑗 , 𝒔j,in]
to HEX analysis.

5: Perform the HEX-optimization for target values with local 𝒑𝑗 ⊈ 𝒑NHX. Trace 
if feasible designs are found by returning minimized deviations 𝜹∗𝑗 .

6: Update the Kriging surrogates for objectives and constraints.
7: end while

terms 𝜹𝑗 that are returned to the top-level optimizer. This subproblem 
optimization needs to be repeated for each top-level iteration and 
therefore requires a fast analysis (Algorithm 2). In this work, the HEX 
analysis is a Python script and the optimization can be performed in 
less than 5 min. wallclock time.

𝐭𝐨𝐩-𝐥𝐞𝐯𝐞𝐥 𝐨𝐩𝐭𝐢𝐦𝐢𝐳𝐚𝐭𝐢𝐨𝐧:

max
𝒑𝑁𝐻𝑋

𝐶𝑂𝑃 =
𝑄̇𝐻
𝑊̇in

s.t. 𝒉𝑁𝐻𝑋 ≤ 𝜻𝑁𝐻𝑋 (15)

𝒑𝑁𝐻𝑋 = [𝒑𝐶 ,𝒑𝑁𝐻𝑋𝑐𝑦𝑐 ] ∈ R45 (16)

𝒑NHXcyc = [𝑚̇, 𝑇1, ̂𝑡𝑡𝑑𝐿, 𝛥𝑷̂ 𝑡,𝑗 , 𝛥𝑃𝑠,𝑅]

𝒉𝑁𝐻𝑋 = [𝒉𝐶 ,𝒉𝑗 = ‖𝜹∗𝑗 ‖2,𝒉cyc] (17)

𝒉𝐶 = [𝒄dif., 𝒄flow, 𝒄Koch] (18)
𝐬𝐮𝐛𝐩𝐫𝐨𝐛𝐥𝐞𝐦 𝐨𝐩𝐭𝐢𝐦𝐢𝐳𝐚𝐭𝐢𝐨𝐧:
heat exchanger optimization
min
𝒑𝑗∈R5

𝑙𝑗 + 𝝀⊤𝑗 𝜹2𝑗 , 𝑗 ∈ {H, L, R} (19)

𝜹𝑗 = [|𝑄̇∗
𝑗 −

̂̇𝑄𝑗 |, |𝛥𝑃
∗
𝑡,𝑗 − 𝛥𝑃𝑡,𝑗 |, |𝛥𝑃

∗
𝑠,𝑗 − 𝛥𝑃𝑠,𝑗 |] (20)

The optimization problem is formulated in (15)–(19). On top-level, 
the dimensions are reduced and the optimizer now handles only the 
compressor and cycle parameters. The constraint functions contain the 
euclidean norm of the deviation vectors 𝒉𝑗 = ‖𝜹∗𝑗 ‖2 returned from HEX 
design. For HEX optimization, a single-objective optimization problem 
is solved minimizing the heat exchanger length 𝑙𝑗 while deviations from 
targets are penalized in form of quadratic penalty terms 𝝀⊤𝑗 𝜹2𝑗 . Here, 𝝀
is a weight function for the constrained design targets. Similar to AAO, 
the deviations are activated above relaxation thresholds as introduced 
in Eq. (14). Previous work has shown, that reliability and convergence 
rate are significantly improved with this approach. Feasible designs are 
detected earlier and objective functions values are better compared to 
AAO.

3.3. Collaborative design

To follow this path, collaborative design (CD) is introduced as a 
fully distributed optimization structure. All components are optimized 
in subproblems for target values derived from the thermodynamic cycle 
analysis.

Fig.  7 shows the structure of collaborative optimization. In a first 
step, the cycle is evaluated by setting all component target parameters 
in 𝒑CDcyc. All system states are simulated and used as inputs for com-
ponent optimizations. The subproblems are executed to find feasible 
compressor and HEX designs. The process is described in Algorithm 3. 
Compressor optimization is performed with local parameters 𝒑 ⊈ 𝒑 . 
𝐶 CD
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Fig. 7. Collaborative design optimization structure: The cycle is evaluated in a 
first step. Compressor and heat exchanger optimization is performed for target 
values in subproblems.

Algorithm 3 CD.
Top-level: Initial DoE and training of Kriging surrogates for all objectives 
and constraints
1: while 𝐶𝑂𝑃 [10] ≤ 𝐶𝑂𝑃 [1] + 1e−3 do
2: Set global 𝒑CD containing target values with Bayesian optimization and 
genetic operators

3: Evaluate the thermodynamic cycle with target component efficiency pa-
rameters and mass flow rate. Return the objective function value 𝐶𝑂𝑃
and 𝒉cyc. Pass the design targets and station values to compressor and HEX 
analysis: [𝒔1, 𝜂𝐶 , 𝛱̂𝐶 ], [ ̂̇𝑄, 𝛥𝑃𝑡,𝑗 , 𝛥𝑃𝑠,𝑗 , 𝒔j,in].

4: Perform subproblem optimization with local 𝒑𝐶 ⊈ 𝒑CD to find feasible 
compressors. Return minimized deviation from targets 𝜹∗𝐶 .

5: Perform local target optimization with local 𝒑𝑗 ⊈ 𝒑CD to find feasible HEX. 
Return minimized deviation from targets 𝜹∗𝑗 .

6: Update the Kriging surrogates for objectives and constraints.
7: end while

Minimized deviations from targets 𝜹∗𝐶 are returned to the top-level. The 
heat exchanger subproblem optimization is identical to NHX.
𝐭𝐨𝐩-𝐥𝐞𝐯𝐞𝐥 𝐨𝐩𝐭𝐢𝐦𝐢𝐳𝐚𝐭𝐢𝐨𝐧:

max
𝒑𝐶𝐷

𝐶𝑂𝑃 =
𝑄̇𝐻
𝑊̇in

s.t. 𝒉𝐶𝐷 ≤ 𝜻𝐶𝐷 (21)

𝒑CD = [𝜂̂𝐶 , 𝛱̂𝐶 ,𝒑CDcyc] ∈ R9

𝒑CDcyc = [ ̂𝑡𝑡𝑑𝑗 , 𝛥𝑷̂ 𝑡,𝑗 , 𝛥𝑃𝑠,𝑅]

with 𝑗 ∈ {H, L, R}
𝒉CD = [‖𝜹∗𝐶‖2, ‖𝜹

∗
𝐻‖2, ‖𝜹∗𝑅‖2, ‖𝜹

∗
𝐿‖2] (22)

𝐬𝐮𝐛𝐩𝐫𝐨𝐛𝐥𝐞𝐦 𝐨𝐩𝐭𝐢𝐦𝐢𝐳𝐚𝐭𝐢𝐨𝐧:
heat exchanger optimization
min
𝒑𝑗∈R5

𝑙𝑗 + 𝝀⊤𝑗 𝜹2𝑗 , 𝑗 ∈ {H, L, R} (23)

𝜹𝑗 = [|𝑄̇∗
𝑗 −

̂̇𝑄𝑗 |, |𝛥𝑃
∗
𝑡,𝑗 − 𝛥𝑃𝑡,𝑗 |, |𝛥𝑃

∗
𝑠,𝑗 − 𝛥𝑃𝑠,𝑗 |] (24)

compressor optimization
min

𝒑𝑐∈R35
|𝜂𝑐 − 𝜂̂𝑐 | + 𝝀⊤𝐶 𝜹2𝐶 (25)

𝜹𝐶 = [𝛱𝐶 − 𝛱̂𝐶 , 𝜹{𝒉𝐶≤𝜻𝐶 }] (26)

The optimization problem is formulated in Eqs. (21)–(26). The 
top-level optimizer sets the target values with 𝒑CD, which drastically 
reduces the dimensions of the problem to 8 parameters. Additionally, 
the stability constraints of the compressor are also distributed to the 
compressor subproblem optimization. All subproblems are formulated 
as single objective optimizations treating the constraints as penalty 
terms so that the magnitude of deviations is traceable. On top level, 
vector norms of 𝜹  are kept below relaxation thresholds 𝜻  to account 
𝐶 𝐶

7 
Fig. 8. Cycle optimized collaborative design optimization structure: The cycle 
is optimized in a subproblem. Compressor and heat exchanger optimization is 
performed for target values and optimal cycle states.

the compressor design as feasible for the defined performance targets. 
This compressor subproblem is computationally expensive if performed 
directly with detailed throughflow analysis (Section 2.2). A single 
target optimization as a subproblem can take up to several hours, 
which is not suitable for integration in distributed holistic concepts to 
avoid extensive computation time. For this reason, the optimization is 
performed with computationally inexpensive surrogate models in the 
present work. The formulation of the subproblem is shown in Eq. (25). 
Deviations from the target efficiency |𝜂𝐶 − 𝜂̂𝐶 | are minimized as the 
objective function. Pressure ratio targets 𝛱̂𝐶 are considered as relaxed 
equality constraints and treated by using quadratic penalty terms that 
are activated if violation occurs. This represents a transformation to 
inequality constraints and the penalties are switched off if a threshold 
is reached, as described in Eq. (14). 

𝛿2(𝒑) =
⎧

⎪

⎨

⎪

⎩

(𝑐Koch − 𝑐Koch) if 𝑐Koch > 𝜁𝑐,2
0 otherwise

(27)

This is done in a similar way for the remaining 𝑐diff and 𝑐Koch in-
equality constraints for stability coefficients in Eq. (27). These penalties 
are only activated if threshold accuracy is not reached. In this way, the 
top-level optimizer gets a feedback 𝜹𝐶 if the design requirements invoke 
infeasible compressor designs. The distributed nature of this optimiza-
tion approach drastically reduces top-level complexity. It is initially 
investigated with focus on different regression methods in [29,30].

3.4. Cycle optimized collaborative design

Algorithm 4 OCD.
Top-level: Initial DoE and training of Kriging surrogates for all objectives 
and constraints
1: while 𝐶𝑂𝑃 [10] ≤ 𝐶𝑂𝑃 [1] + 1e−3 do
2: Set global 𝒑OCD containing target values with Bayesian optimization and 
genetic operators

3: Optimize the thermodynamic cycle with target component efficiency 
parameters. Return the objective function value 𝐶𝑂𝑃 ∗ and 𝒉cyc. Pass 
the design targets and station values to compressor and HEX analysis: 
[𝒔∗1 , 𝜂𝐶 , 𝛱̂𝐶 ], [ ̂̇𝑄∗, 𝛥𝑃𝑡,𝑗 , 𝛥𝑃𝑠,𝑗 , 𝒔∗j,in].

4: Perform the subproblem optimization with local 𝒑𝐶 ⊈ 𝒑OCD to find feasible 
compressors. Return minimized deviation from targets 𝜹∗𝐶 .

5: Perform target optimization with local 𝒑𝑗 ⊈ 𝒑OCD to find feasible HEX. 
Return minimized deviation from targets 𝜹∗𝑗 .

6: Update the Kriging surrogates for objectives and constraints.
7: end while
Cycle-optimized collaborative design is introduced as an upgrade 

to CD. Here, the cycle optimization is solved as a subproblem. Fig.  8 
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and Algorithm 4 show the structure of OCD. In a first step, the cycle is 
optimized for the target efficiency values of the components as defined 
by the top-level parameters 𝒑OCD. As a consequence, the component 
target optimizations are always performed for optimal cycle system 
states as these are passed as design points. The top-level optimizer 
orchestrates the deviations 𝜹 as constraints to find limits of feasible 
component targets that are usually near their maximum performance 
capability.

𝐭𝐨𝐩-𝐥𝐞𝐯𝐞𝐥 𝐨𝐩𝐭𝐢𝐦𝐢𝐳𝐚𝐭𝐢𝐨𝐧:

max
𝒑OCD

𝐶𝑂𝑃 =
𝑄̇𝐻
𝑊̇in

s.t. 𝒉𝑂𝐶𝐷 ≤ 𝜻𝑂𝐶𝐷 (28)

𝒑OCD = [𝜂̂𝐶 ,𝒑OCDcyc ] ∈ R8 (29)

𝒑OCDcyc = [ ̂𝑡𝑡𝑑𝑗 , 𝛥𝑷̂ 𝑡,𝑗 , 𝛥𝑃𝑠,𝑅]

with 𝑗 ∈ {H, L, R}
𝒉OCD = [‖𝜹∗𝐶‖2, ‖𝜹

∗
𝐻‖2, ‖𝜹∗𝑅‖2, ‖𝜹

∗
𝐿‖2] (30)

𝐬𝐮𝐛𝐩𝐫𝐨𝐛𝐥𝐞𝐦 𝐨𝐩𝐭𝐢𝐦𝐢𝐳𝐚𝐭𝐢𝐨𝐧:
cycle optimization
max
[𝑚̇]

𝐶𝑂𝑃 (31)

𝒄cyccyc = 𝒑OCDcyc ⊆ 𝒑OCD (32)

heat exchanger optimization
min
𝒑𝑗∈R5

𝑙𝑗 + 𝝀⊤𝑗 𝜹2𝑗 , 𝑗 ∈ {H, L, R} (33)

𝜹𝑗 = [|𝑄̇∗
𝑗 −

̂̇𝑄𝑗 |, |𝛥𝑃
∗
𝑡,𝑗 − 𝛥𝑃𝑡,𝑗 |, |𝛥𝑃

∗
𝑠,𝑗 − 𝛥𝑃𝑠,𝑗 |] (34)

compressor optimization
min

𝒑𝑐∈R35
|𝜂𝑐 − 𝜂̂𝑐 | + 𝝀⊤𝐶 𝜹2𝐶 (35)

𝜹𝐶 = [𝛱𝐶 − 𝛱̂𝐶 , 𝜹{𝒉𝐶≤𝜻𝐶 }] (36)

The optimization problem is formulated starting with Eq. (28). In 
comparison to CD, the cycle parameters 𝒑OCDcyc  changed, as the mass 
flow rate 𝑚̇ is a distributed parameter for the cycle optimization. 
Optimized results are mass flow 𝑚̇∗ and pressure ratio 𝛱∗

𝐶 that are 
now always perfectly matched with the process requirements. The top-
level optimizer solely has the task to find the best combination of 
components, which is the true nature of holistic heat pump design.

3.5. Optimization algorithms

Efficient optimization algorithms are required to solve complex 
problems of multi-disciplinary design strategies. For this reason, the 
DLR in-house suite AutoOpti is applied for the top-level optimiza-
tions. AutoOpti features metamodel assisted global optimization and 
has proven to be efficient for complex tasks like turbomachinery de-
sign [41]. For each optimization run, an initial database is generated 
e.g. by using a latin hypercube approach. Metamodels based on Kriging 
regression are generated for all terms in the objective and constraint 
functions. To create new candidates, several methods can be applied. 
If the updated candidate is generated by searching on the metamodels, 
acquisitions functions for Bayesian optimization like expected improve-
ment are evaluated based on the predictions. Additionally, genetic 
operators like differential evolution or mutation can be used to create 
new individuals. The chosen methods can be freely combined by setting 
weights for their application. After each evaluation of the process 
chain, the surrogate models are updated and promising candidates are 
stored in the database. This process is repeated until convergence is 
reached. For all inner component (subproblem) optimizations, differ-
ential evolution as implemented in the SciPy library is used [42,43]. 
Differential evolution is a well known method for black box optimiza-
tion and applicable to a wide range of problems. As a downside, the 
algorithm may require a large number of function evaluations. In this 
8 
Fig. 9. Global sensitivity analysis of component parameters affecting (a) the 
optimized cycle 𝐶𝑂𝑃 ∗ and (b) the optimized pressure ratio 𝛱∗, performed 
with the method by [44]. Overall parameter sensitivity: 𝜇∗. The error bar is 
the standard deviation 𝜎 indicating the presence of interactions.

work, the global search is limited to a specified number of generations 
and followed by a local refinement using gradient based SLSQP. The 
proposed concepts are applicable for both single- and multi-objective 
optimizations. Surrogate assisted optimization algorithms on top-level 
support good convergence and global exploration. This works best 
with a smooth functional response from the subproblems, which was 
considered in the proposed optimization concepts and the interaction 
between top- and subproblem level. There are many conceivable alter-
native combinations of algorithms for solving holistic design problems, 
whereby this investigation is not part of the present work.

4. Sensitivity studies and propagation of uncertainty

Holistic design strategies with integrated component analyses re-
duce uncertainty by calculating the performance based on physical 
modeling and geometric sizing.  To address the research questions 1 
and 2 in Section 1.3, a global sensitivity study is performed followed 
by propagation of uncertainty about target efficiencies. Fig.  9 shows 
the results of the sensitivity study performed with the method by 
Morris [44–46]. Compressor efficiency 𝜂𝐶 , turbine efficiency 𝜂𝑇  and 
terminal temperature differences of the heat exchangers 𝑡𝑡𝑑𝑗 are var-
ied together with the pressure drops 𝛥𝑃𝑗 . These inputs represent the 
component designs that are integrated in holistic cycle optimization. 
For each set of inputs, the cycle is optimized for the maximum 𝐶𝑂𝑃 . 
The parameter 𝜇∗ in Fig.  9(a) represents the feature importance. All 
components have a significant impact on the 𝐶𝑂𝑃 . Within the analyzed 
parameter bounds, the compressor efficiency shows the highest sensi-
tivity. For the HEX, the impact of heat transfer is dominant compared 
to the pressure drop. The turbine shows second highest impact but is 
not integrated in this study for the reasons discussed in Section 2. Fig. 
9(b) additionally shows the sensitivity of the optimized pressure ratio 
𝛱 . The compressor and recuperator show a high impact compared to 
the remaining HEX, which all interact, as indicated by the variance 
(error bars). The turbine has no impact, as its efficiency only affects 
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Fig. 10. Propagation of uncertainty about the component target performance. Input parameters are sampled from normal distributions (𝑝𝑖 ∼  (𝜇, 𝜎2)). Low 
variance: gray. High uncertainty: dark gray. The combined effects of target inputs (a–d) on the resulting distribution of optimized pressure ratio 𝛱∗ (e) and 
𝐶𝑂𝑃 ∗ (f) are shown.
Table 1
Input distributions for uncertainty propagation.
 Uncertainty high low

 Probability distribution 𝜇 𝜎 𝜇 𝜎  
 𝜂𝑐 0.87 0.02 0.87 5e−3 
 𝑡𝑡𝑑𝐻 15 K 3 K 10 K 1 K  
 𝑡𝑡𝑑𝑅 15 K 3 K 10 K 1 K  
 𝑡𝑡𝑑𝐿 10 K 3 K 7 K 1 K  

turbine work and outlet temperature. This study indicates that precise 
knowledge of the performance of each component is crucial for cycle 
design.

Fig.  10 shows the combined effect of uncertainty about component 
performance on the optimized results as well as the direction of their 
impact. For this study, performance input parameters are sampled from 
Gaussian distributions. For each component, two sets of inputs with 
low and high variances are sampled. The large variance represents 
an indicator for high uncertainty as it would appear in sequential 
optimization approaches with independent cycle design. Fig.  10(a) – 
Fig.  10(d) highlight the frequency distribution of overall  1000 input 
samples for each component. For the HEX, the 𝑡𝑡𝑑 values are shifted to 
smaller means to demonstrate their combined effect on result param-
eter distributions. All values used to define the normal distributions 
are summarized in Table  1. The effect on the optimized pressure ratios 
𝛱∗ of the cycle is visualized in Fig.  10(e). The mean of 𝛱∗ is shifted 
to lower values with the improved HEX performance (light gray bars). 
This means, that the design point of the compressor is also impacted, 
which emphasizes the interaction with HEX design. The optimized 
𝐶𝑂𝑃 ∗ shows a flat distribution with high variance in Fig.  10(f), which 
indicates the potential for errors caused by inaccurate assumptions. 
Improved HEX performances with lower 𝑡𝑡𝑑𝑗 shift the mean of the 𝐶𝑂𝑃
to higher values.

In summary it can be stated, that heat pump efficiency is very 
dependent on its component designs, which are also highly interactive. 
These characteristics make the optimization problem more challenging, 
as components are required to be perfectly matched to reach the best 
cycle performance. Their interactions additionally lead to complica-
tions: As an example, compressor efficiency tends to decrease with 
higher pressure ratios. In conclusion, the cycle should not be designed 
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independent of the components. Holistic design strategies can over-
come these shortcomings if the component performances are accurately 
predicted.

5. Surrogate model training and validation

Subproblem optimizations in distributed structures invoke a high 
number of function evaluations for the component analyses, as de-
scribed above. Using computationally inexpensive regression models 
to approximate their functional output enables to solve distributed 
problems in a reasonable time. In this work, surrogate models are 
trained to replace compressor and HEX analyses. Sampling strategies to 
minimize the training effort and global model accuracy are discussed. A 
low number of samples is important to demonstrate that the proposed 
holistic design concepts are also applicable when high dimensional 
simulations like CFD are integrated and function evaluations of the 
analysis become more costly.

Gaussian process regression (GPR) is capable to predict complex 
non-linear functions with a moderate amount of training data [47,48]. 
This agrees with the results of previous work by Gollasch et al. [29] 
showing that GPR is the most accurate method compared to linear 
regression and radial basis functions for both compressor and HEX 
approximation. For this reason, GPR models are used to investigate 
the optimization architectures in the present paper. GPR treats the 
functional output as a Gaussian distribution, yielding a predictive mean 
and variance: 𝑓 (𝒑) = 

(

𝜇(𝒑), 𝜎2(𝒑)
) [49]. The variance indicates the 

prediction error of the model and is essential for Bayesian optimiza-
tion or for active learning. Static (single-step) and adaptive training 
strategies are considered to minimize the amount of required function 
evaluations for surrogate training in this work. For all models, the
GaussianProcessRegressor class of scikit-learn [50] is applied. 
The radial basis function (RBF) kernel is used with vector length scales 
for each dimension. Training data is scaled (min–max scaler) and the 
kernel parameters are optimized during the fitting process.

5.1. Sampling strategies

The sampling strategy is crucial to train accurate surrogate models. 
Samples are aimed to be spread evenly throughout the design space 
with efficient space filling. As the dimensionality increases, a very 
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high number of samples may be required for high global accuracy. In 
methods for design of experiments (DoE), there are several approaches 
to distribute samples across the search space. An even distribution 
on a regular grid as in full factorial design is directly dependent on 
the number of design variables. For this reason, factorial design is 
not suitable as it scales exponentially with the dimensions [51]. A 
fully random distribution of samples on the contrary is inefficient, 
as sufficient space filling can only be achieved with a high training 
effort [52]. Algorithms like latin hypercube sampling (LHS) allow to set 
the sample size independent from the size of the parameter vector [53]. 
It is therefore a flexible approach to randomly sample data while 
spreading sampled points evenly in the design space [54,55]. In this 
work, LHS is used for single stage sampling, which means that all 
sample points are generated in a single step.

Another key aspect of surrogate model training is information about 
the estimated local error of the surrogate. With this information avail-
able, two active learning concepts are considered in this work: Adaptive 
global surrogate training and contour estimation for local refinement.

5.2. Active learning strategies: Global and local exploration

DoE methods like latin hypercube sampling are based on providing 
space filling but do not guarantee a globally accurate surrogate model. 
Active learning strategies based on adaptive sampling strategically add 
samples in unexplored areas.

Algorithm 5 Active learning with global adaptive refinement.
Train initial model with 𝑛 random samples
while 𝜎̂𝑚𝑎𝑥(𝒑) ≤ 𝜎𝑚𝑎𝑥(𝒑) do
1: optimize for max

𝒑
𝜎  on GPR model

2: 𝒑∗ = argmax 𝜎(𝒑)
3: Evaluate function at: 𝑦 = 𝑓 (𝒑∗)
4: Append sample to training data
4: Train GPR with updated database
end while

Algorithm 5 shows the active learning strategy used to train a global 
surrogate based on adaptive refinement. The initial GPR model is gen-
erated with a low number of sample points generated with LHS. Now, 
the iterative procedure to refine the model starts: The position of the 
maximum local variance 𝜎(𝒑) is detected by using optimization. This 
is the location with the highest assumed prediction error. Differential 
evolution is used to determine the parameter vector of the maximum 
standard deviation: 𝒑∗ = argmax 𝑓 (𝒑). This vector can be interpreted as 
the location of the design space, which is least explored. The function 
output 𝑓 (𝒑) of the analysis is appended to the training data set and the 
GPR model is updated. This procedure is repeated until a convergence 
criterion like a tolerable maximum variance is reached. As a downside, 
the repetitive training of the GPR models can create a bottleneck for 
larger databases, as the training effort scales in the order of (𝑛3) for 𝑛
samples. There are further global infill strategies like sequential LHS as 
discussed in [29]. This method applies epochal multi-sample updated 
but requires hyperparameter tuning and is not considered in this paper.

In some cases, high global model accuracy may not be required 
as only certain regions of the function are of interest. Local models 
that are only refined near target values may decrease training effort. 
The remaining space remains unexplored. First, local sub-spaces need 
to be identified, where the function is supposed to be approximated 
with highest accuracy. There are several ways to train local models 
using GPR. Contour estimation uses an acquisition function based on 
the expected improvement (EI) criterion [56]. It is formulated with 
the goal to identify sample positions that have the highest probability 
to improve the model near the target contour with a limited amount 
of global exploration [57]. The algorithm for contour estimation is 
equivalent to global active learning with one exception: The next 
sample is determined with the EI criterion: 𝒑∗ = arg max 𝐸 𝐼(𝒑) . 
( )
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Optimization of this function will provide the next sample location 𝒑∗
to improve the model near the contour value. This can also be extended 
for a wider region of interest by using multiple contour lines [58]. As 
a further note, contour estimation is a promising candidate for dis-
tributed holistic optimization strategies with online adapted surrogate 
models. This means the surrogates are refined in regions where the top-
level optimizer is guiding target values for component design. Local 
updates can potentially be refined by adding multiple samples near 
contour lines.

Fig.  11 shows an exemplary two dimensional adaptive training of a 
GPR model with the heat exchanger analysis. The heat flow rate 𝑄̇ is 
predicted based on the parameters tube length 𝑙𝑡 and number of tubes 
𝑛𝑡. A global model is trained with adaptive refinement in Fig.  11(a). 
The red points are initial LHS samples, which are clearly randomly dis-
tributed. Active learning is then placing new samples until convergence 
is achieved (Fig.  11(b)). As a downside of this approach, the borders are 
explored first as the highest variances usually occur there. Only after 
that, the inner space is filled with evenly distributed points keeping 
some distance to the initial samples. Fig.  11(c) shows sampling with 
the contour estimation criterion. Here, samples are exclusively placed 
near the target contour and the remaining area remains unexplored. 
Consequently, the amount of samples and therefore the training effort 
can be reduced. It is important to note, that both contour plots indicate 
a smooth functional response although the number of tubes is a discrete 
input. These results indicate that active learning for GPR training is 
suitable to approximate the HEX analysis.

5.3. Training of heat exchanger surrogate models

In a recuperated Brayton cycle, three heat exchangers need to be 
designed. As introduced in Sections 3 and 2.3, the heat flow rate 𝑄̇
and pressure drops 𝛥𝑷  on hot and cold side are the required functional 
output of the analysis. In addition to five geometric parameters, the 
inflow conditions of both sides are variable training parameters for 
the surrogate model. For the process sides of heat sink HEX (HTHX) 
and source HEX (LTHX) these inflows conditions are constant param-
eters. On HP cycle side, mass flow, temperature and total pressure 
are training parameters adding up to eight dimensions for HTXH and 
LTHX. For the recuperator, there are two more parameters, as the 
inflow on the secondary side is variable as well. Temperature and total 
pressure need to be included which adds up to 10 parameters. The 
mass flow rates on both sides are identical as they are both connected 
to the HP cycle. Offline models with individual training databases 
for each function are trained using GPR and the sampling strategies 
introduced in Section 5.1. In this work, local HEX models are applied 
in preparation of future studies with online adaptive models.

Fig.  12 shows the parity plots to visualize the prediction quality 
for the heat sink heat exchanger. 1500 test samples generated with 
LHS are evaluated. The scattered data compares the simulated values 
on the 𝑥-axis to the predicted values on the 𝑦-axis. If the prediction 
is perfect, simulated and predicted value are identical and the corre-
sponding point will appear on the gray diagonal line. The quality of 
the model for the heat flow rate 𝑄̇ is shown in Fig.  12(a). It has been 
trained using adaptive refinement with contour estimation, as the heat 
flow rate is a process requirement and thereby a constant value. As 
a consequence, the model needs to be most accurate near this target 
value of 7.24MW. Overall, a very high global accuracy is reached, even 
though it has been only locally refined. Near the highlighted contour 
value, predicted values are almost spot on. No outliers are detected. As 
an explanation for good global accuracy, the sensitivity of the training 
parameters can be considered. The heat flow rate is dominated by 
the inflow temperature followed by tube length and mass flow (see 
Fig.  D.19(a)). Remaining parameters only have minor impact, which 
can explain why the local sensitivities also apply globally. The GPR 
model for tube side pressure drop in Fig.  12(b) also reaches high global 
accuracy and has been trained with multi contour estimation for a 
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Fig. 11. 2D active learning test case with prediction of HEX analysis. Initial models are trained with LHS (red points) and refined until a threshold of the standard 
deviation 𝑦std, max is reached (a): Global refinement. (b): Convergence of the algorithm. (c): Local refinement for a target contour.
Fig. 12. Model accuracy of GPR for the prediction of heat sink 𝑄̇. Parity of simulations and model predictions with 1500 test samples (a), tube side pressure 
drop (b) and shell side pressure drop (c).
Table 2
Metrics to rate global model accuracy for heat exchanger surrogates.
 Sink HTHX Source LTHX Recuperator

𝑛train 𝑅2 𝑒abs, rel. 𝑛train 𝑅2 𝑒abs, rel. 𝑛train 𝑅2 𝑒abs, rel. 
𝑄̇ 45 0.998 0.25% 79 0.999 0.2% 74 0.999 0.29%  
𝛥𝑃𝑡𝑢𝑏𝑒 120 0.994 5.6% 150 0.998 3.7% 150 0.998 9.2%  
𝛥𝑃𝑠ℎ𝑒𝑙𝑙 112 0.991 7.2% 89 0.976 7.4% 150 0.992 5.3%  

ange of low pressure drops. As before for the prediction of 𝑄̇, the 
arameter sensitivity can explain the high global accuracy. In this case, 
he tube diameter is dominant followed by the number of tubes (see 
ig.  D.19(b)). The shell side pressure drop is visualized in Fig.  12(c). 
his model shows more deviation between simulated and predicted 
alues with increasing pressure drop. It has been refined locally for the 
elevant lowest predictions of 𝛥𝑃𝑠. For values outside of these refined 
ontours, the model accuracy decreases. On the one hand side this can 
e explained with similar sensitivity to multiple input parameters (see 
ig.  D.19(c)) as well as the large output range. The function appears to 
e more complex and harder to predict.
Metrics for global model quality are summarized in Table  2 for 

ll HEX. The coefficient of determination 𝑅2 and the mean absolute 
elative error 𝑒abs, rel. are computed with the test samples. The number 
f training samples 𝑛train results from the determination criterion of 
he active learning strategy. The heat flow rates reach highest global 
ccuracy while the database for the HTXH can be kept low with only 
5 samples. LTHX and Recuperator are trained with more evaluations, 
hich are limited to 150 samples. The recuperator model is of higher 
imension, which usually requires for more training data. The tube 
ide pressure drops reach good values even though global metrics are 
pplied to rate the local models. This also accounts for the shell side 
ressure drops. The local accuracy near refined areas is potentially 
igher, which is evaluated with the optimized configurations in Sec-
ion 6.2. Shell sides of HTHX and LTHX are connected to the process 
ide and their pressure drops have no impact on 𝐶𝑂𝑃  and are therefore 
ighlighted in gray. The local models are applied to investigate if there 
s potential for exploitation of local errors by top-level optimizers. Low 
11 
approximation errors of global models have been confirmed in [30]. 
Even though the HEX analysis is fast, the CPU-time for optimization is 
reduced from 3–5 min. to 30 s when surrogates are used.

5.4. Training of compressor surrogate models

Because of the high number of design parameters and the occur-
rence of convergence issues, the training of compressor offline sur-
rogates is challenging. The evaluation of a single generic compressor 
design can take up to 60 s as described in Section 2.2. For this rea-
son, the number of maximum function evaluations to generate offline 
models is limited to 1500. This number is below the average count of 
top-level evaluations in non-distributed optimization [28] and should 
not be exceeded to enable integration of more detailed analyses in 
future work. For global models, LHS is used to distribute samples in 
the 37-dimensional parameter space. All models are trained with the 
identical database. Active learning with global adaptive refinement 
as introduced in Section 5.1 is not applicable as it takes too many 
evaluations to reach global exploration. The tendency to explore the 
borders of the parameter space first, leads to 2𝐷 evaluations alone, 
before the inner space is refined. Consequently, only local models 
trained for the target contour of a specified pressure ratio are used as 
an alternative for comparison with global models. The optimal pressure 
ratio is unknown beforehand. An exemplary value of 𝛱𝐶 = 4.3 is 
selected for local refinement, which is based on previous results. The 
purpose of using this model is focused on analyzing the active learning 
strategy for high dimensions and its potential to detect contours and 
minimize the amount of costly function evaluations. In future studies, 
the compressor surrogates will be refined online and local contour line 
detection can be beneficial for multi-sample update strategies.

A set of 400 test samples is used to compare the prediction with 
the simulation for the pressure ratio 𝛱𝐶 and the efficiency 𝜂𝐶 in Fig. 
13. As expected, with the increased dimensions of the model, the 
overall accuracy of predicted pressure ratios is lower compared to HEX 
approximations in Section 5.3. This is indicated in Fig.  13(a) with the 
larger spread around the diagonal line and the occurrence of outliers. 
However, considering the complexity of the compressor analysis, the 



J. Gollasch and M. Lockan Applied Thermal Engineering 302 (2026) 131728 
Fig. 13. Parity of GPR predictions vs. ACDC simulations. Global models for pressure ratio (a) and efficiency (b) trained with 1500 LHS samples. Local model 
trained with active learning for contour estimation: Prediction of the pressure ratio using 462 samples (c).
Fig. 14. Histogram with the frequency of evaluated contour values for active 
learning with the target contour: 𝛱̂𝐶 = 4.3.

model accuracy appears to be high. The efficiency in Fig.  13(b) shows 
larger deviations while outliers appear in regions with lower values. 
In the relevant area of better efficiencies, a higher density close to 
the diagonal line indicates sufficient model quality. Larger spread 
compared to 𝛱𝐶 can be explained with the parameter sensitivity, as 
shown in the appendix, Fig.  D.20. With the exception of 𝑝34, which is 
the rotational speed, a variety of features evenly impact the efficiency. 
In comparison to that, the pressure ratio shows sensitivity to a smaller 
group of dominant features, which are the parameters that set the 
blade design of the rotors. The parity for the local model is shown in 
Fig.  13(c). The lower number of samples decreases global prediction 
quality, as expected. Near the refined contour, a higher density of 
accurate predictions can be observed. It should be noted that a clear 
effect is difficult to discern due to the high dimensionality relative to 
the limited number of 400 test samples.

The active learning strategy can be successfully applied, which can 
be seen in Fig.  14 showing the histogram of refined sample contours. 
A normal distribution centered around the target value is implying 
that the target contour 𝛱̂𝐶 = 4.3 has been detected. An indicator for 
increased model accuracy near the contour line is shown in Appendix 
B, Fig.  E.21. Averaged standard deviations near the contour value are 
decreased and reach similar values compared to the global model with 
almost 3 times the number of sample points. This result confirms, that 
contour line estimation can be a suitable update strategy to refine 
global models.

Table  3 summarizes the metrics for global model quality. Values for 
the GPR models to predict diffusion coefficients (𝑐𝑑,𝑚𝑎𝑥, 𝑐𝑑,𝑚𝑖𝑛) and the 
stability criterion 𝑐koch are additionally listed. The trends derived from 
the parity plots are confirmed: The larger database of the global model 
with 1500 samples leads to better coefficients of determination 𝑅2 and 
tends to smaller prediction errors. Overall, the efficiency 𝜂𝐶 alongside 
with 𝑐  seem to be the functions that are most challenging to predict 
koch
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Table 3
Metrics for global model accuracy of compressor surrogates.
 Sampling LHS 1500 samples CE 462 samples
 Criterion 𝑅2 𝑒abs, rel. 𝑅2 𝑒abs, rel.  
 𝛱𝑐 0.986 0.56% 0.97 0.87%  
 𝜂𝑐 0.883 0.53% 0.78 0.75%  
 𝑐𝑑,𝑚𝑎𝑥 0.916 5.1% 0.89 4.4%  
 𝑐𝑑,𝑚𝑖𝑛 0.895 14.5% 0.85 15%  
 𝑐koch 0.876 1.8% 0.8 2.2%  

with regard to 𝑅2. Lower 𝑅2 indicates larger variance and or the occur-
rence of outliers. Except for 𝑐𝑑,𝑚𝑖𝑛, mean relative absolute errors 𝑒abs, rel.
are below 5.1%. In conclusion, the models show sufficient correlation 
between simulated and predicted data and are thereby applicable for 
the investigation of the holistic optimization structures. As for the HEX 
regressions, the analysis of local models serves as a basis to apply online 
refined models in future work.

6. Results and discussion

The holistic optimization structures introduced in Section 3 are 
investigated comparatively with regard to objective function values, 
convergence and stability. The results are further discussed consid-
ering generalizability of the approaches. In previous work, the AAO 
architecture has been analyzed in comparison to the NHX structure. 
The distribution of HEX optimization in NHX enables easier search for 
feasible configurations, as the heat exchangers are optimized for target 
values. Building up on this, two additional structures are investigated 
in this paper that fully distribute component optimizations to sub-
problems. Collaborative design (CD) is extended with cycle-optimized 
collaborative design (OCD). Distributed structures require fast evalu-
ation of subproblems. For this reason, surrogate models replace the 
component analysis, as specifically the subproblem optimization of the 
compressor design is too costly if directly performed with the aerody-
namic analysis. The surrogate models are evaluated for local prediction 
errors to rule out the potential exploitation of model inaccuracy by the 
top-level optimizers. Finally, the results are discussed and an outlook 
to future work is given.

6.1. Comparison of  objective function values, convergence and solution 
similarity

The optimization concepts NHX, CD and OCD are repeated 5 times 
to assess their capability for holistic heat pump optimization. Fig.  15(a) 
shows a 2D box plot to visualize results for the spread of top-level eval-
uations as well as objective function value 𝐶𝑂𝑃 ∗ for the repeated runs. 
The shaded areas visualize the borders of min/max values and the black 
dot is the mean. Assuming normal distribution, the black lines indicate 
the 𝜇 ± 2 𝜎𝑠𝑡𝑑 confidence interval. The latter means, that based on the 
evaluated points 95% of the results of this optimization approach are 
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Fig. 15. Two-dimensional box plots with results of repeated holistic optimizations. (a) Comparison of objective function values and number of top-level 
evaluations. (b) Comparison of optimized values for compressor efficiency and pressure ratio. The scattered points represent the individual evaluations and 
the shaded area highlights the spread. The centered black point is the mean value and the black lines indicate the 95% confidence interval.
likely to be within this range. It can be seen, that both fully distributed 
architectures (CD, OCD) are able to significantly reduce the top-level 
evaluations compared to NHX. This is because NHX performs the 
complex compressor design with 37 variables on top-level. To enable 
direct comparison, component surrogates are used in NHX (RS) leading 
to similar results compared to direct tool integration in NHX. There is a 
slight trend that the number of iterations is reduced, which can be ex-
plained with the fact that surrogate models prevent convergence issues 
that can occur with physics based models. The number of necessary 
top-level evaluations for NHX strongly depends on the first detected 
feasible compressor design, which is then slowly improved. This is the 
reason for a large spread in top-level evaluations and some deviation in 
the optimized objective function values. Compared to this, CD invokes 
better objectives and improved heat pump designs. This trend is further 
recognizable with the OCD structure that is able to reduce the variance 
of results. High objective function values are achieved with better 
consistency. This can be explained by the embedded cycle optimization 
in this structure so that the top-level optimizer mainly deals with 
orchestration of target values and detection of feasible regions. Fig. 
15(b) shows the final, optimized compressor parameters 𝜂∗𝐶 and 𝛱∗

𝐶 for 
each run. Both CD and OCD detect compressors designs with higher 
efficiency compared to NHX. The NHX(RS) structure uses the iden-
tical surrogates, which excludes prediction errors as an explanation. 
This is a strong indicator, that distributed structures are beneficial to 
detect more efficient components. NHX shows a significant spread of 
optimized values, which is also caused by the complex compressor 
optimization performed on top-level. The variance of pressure ratios 
in the CD structure is of comparable magnitude. This is caused be the 
cycle parameters on top-level that require the optimizer to evaluate 
a wide range of mass flows which need to be matched with process 
flow rates and optimal component targets. As OCD deals with this as a 
subproblem, only two groups of results are found here with overall low 
variance. The subproblem optimization of the thermodynamic cycle in-
vokes that the temperature composite curves of the heat exchangers are 
always matched with the process side so that mass flow and pressure 
ratio are always optimal. Consequently, the top-level design space is 
reduced as well as parameter interactions. The reproducibility of the 
OCD results is therefore very high. In summary, it can be stated that 
both distributed structures invoke improved designs while requiring 
less top-level evaluations. OCD is the most promising structure with 
highest reliability for the optimization of a recuperated Brayton cycle 
HP.

Fig.  16(a) shows the convergence of these compressor parameters in 
a single run of OCD. The top-level optimizer increases the compressor 
efficiency simultaneously with the adaption of the optimal pressure 
ratio, which are interacting parameters. As the best feasible compressor 
designs are found, the targets are harder to achieve, which can be seen 
by the bar plots in the bottom right area. These are deviation values 
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Table 4
Local prediction errors of optimized HEX configurations. Gray values are on 
process side and not relevant for cycle performance.
 𝑄̇ Tube side Shell side 
 𝑒𝑎,𝑄̇ 𝑒𝑎,𝛥𝑃𝑡 𝑒𝑎,𝛥𝑃𝑠  
 HTHX 1.5e−3 1.5e−3 5.8e−2  
 LTHX 1.5e−3 3.4e−2 7e-2  
 Recu. 2.4e−3 4.8e−2 6.3e−2  

from targets and as the top-level optimizer gets closer to the globally 
optimal heat pump, the compressors targets approach the border of 
feasibility. Fig.  16(b) shows the terminal temperature difference 𝑡𝑡𝑑, 
which is the performance parameter for heat transfer in HEX, for the 
optimization of the recuperator. Here, the optimizer detects a high 
fraction of feasible designs below the acceptable deviation threshold. 
This can be explained with the lower dimensions, less complex function 
output and wide bounds compared to the compressor optimization. 
The HEX subproblem optimization minimizes the length 𝑙HEX within 
the defined bounds. The search space is fully used as indicated by 
the scattered normalized 𝑙HEX points located at the upper bound. This 
means that the available HEX design space is fully used by setting tar-
gets that lead to designs with high surface area enabling efficient heat 
transfer. In summary these findings support that the communication 
between top-level and subproblem optimizers is able to trace feasible 
and efficient component designs, which are simultaneously matched in 
their optimal operating points on cycle level.

6.2. Evaluation of local  prediction errors

The use of offline-trained surrogates carries the risk that local 
prediction errors are exploited by the subproblem optimizers. This 
would lead to falsely predicted component parameters and conse-
quently invoke false prediction of heat pump performance. Metrics for 
global evaluation of average prediction errors (see Section 5) give an 
indication about model quality but are very dependent on the test 
dataset. Specifically for locally refined models, like they are applied 
in this work, global evaluation needs to be supported with evaluation 
of local errors. In this work, local models are used in preparation for 
applying online refined models with similar characteristics in future 
studies. The prediction error 𝑒𝑎 = abs(1 − (𝑥∕𝑥̃)) is defined as the 
relative deviation of the predicted value 𝑥̃ from the simulated output 𝑥. 
These errors are evaluated for results from OCD holistic optimizations. 
The optimal design parameter vector 𝒑∗ for holistically optimal targets 
is first computed with subproblem optimization performed with the 
surrogates. Then, the identical 𝒑∗ is evaluated with the physics based 
component analysis to investigate differences.
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Fig. 16. Convergence of component target efficiency parameters for the compressor (a) and recuperator (b) with OCD. The black lines indicate the values set as 
targets for distributed holistic design. The gray bars are the target deviations that are handled as constraint functions on top-level.
Table 5
Target values and local prediction errors for optimized compressor designs.
 Global models 𝑦̂∗ 𝑦̃∗ 𝑒𝑎  
 𝜂𝑐 0.899 0.899 1.4%  
 𝛱𝐶 4.6 4.6 0.04% 
 𝑐koch ≤ 1 1.0 8%  
 𝑐df, max ≤ 0.6 0.6 1.6%  
 𝑐df, min ≥ 0.35 0.42 7.1%  
 Local models 𝑦̂∗ 𝑦̃∗ 𝑒𝑎  
 𝜂𝑐 0.898 0.898 2.3%  
 𝛱𝐶 4.534 4.534 1.2%  
 𝑐koch ≤ 1 0.99 4%  
 𝑐df, max ≤ 0.6 0.58 1,%  
 𝑐df, min ≥ 0.35 0.35 0.09% 

The local prediction errors 𝑒𝑎 for the heat exchanger surrogates are 
summarized in Table  4. As expected, predictions for heat flow rates are 
spot on, which is also indicated by global metrics. The prediction errors 
for pressure drops are higher but a maximum value of 𝑒𝑎 ≤ 6.3% is in 
the acceptable range. Generally, the shell side pressure drop shows the 
largest deviations.

Table  5 shows the prediction errors for global and local compressor 
surrogates. The optimized target values for pressure ratio 𝛱𝐶 , effi-
ciency 𝜂𝐶 , stability criterion 𝑐koch and extreme values of stage diffusion 
coefficients (𝑐df, max, 𝑐df, min) are listed. For the global model, high 
accuracy is reached for pressure ratio and efficiency prediction. The 
Koch-criterion shows the largest deviations. All these models haven 
been trained with the identical database. Same accounts for the local 
model, which has been refined near a target pressure ratio contour. 
It uses less samples but still provides sufficient accuracy for efficiency 
and pressure ratio approximation. In this case, it even provides better 
local predictions for the stability coefficients. These results generally 
indicate, that the offline surrogate approach is valid if models are 
trained accordingly. But to mitigate the risk of local prediction errors 
and their exploitation, these model can be locally refined with online 
updates in adaptive optimization concepts. This will also result in 
models with locally dense samples, as applied in this study. It is shown 
that these are suitable to be used in the distributed holistic optimization 
structures with no indication of exploitation.

6.3. Discussion of holistic optimization strategies

The results of this work underline that the architecture of holistic 
optimization concepts is decisive for its reliable performance. Table 
6 summarizes advantages and disadvantages of the considered opti-
mization concepts. OCD is proposed as the most suitable structure. It 
simplifies the problem for the top-level optimizer as the cycle states 
are always optimized in a subproblem. Distributed structures are gen-
eralizable to any kind of heat pump cycle or integrated analysis as 
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Fig. 17. Comparison of detected Pareto fronts for conflicting objectives of 
installation space and COP of the heat pump.

the subproblems just need to be formalized accordingly. These can be 
executed in parallel, which is why the number of integrated compo-
nents is only limited by the available computing power. Distributed 
structures can reduce overall computational effort, which is 47h for 
OCD. All optimization haven been performed using a Linux workstation 
with 250GB RAM and the Intel Xeon Gold Processor 5220 with 36 
cores. Direct tool integration with more costly analyses leads to high 
computational effort. For a fair comparison, surrogate training needs 
to be considered. With the fast HEX analysis, surrogates can be trained 
in less than 10 min. The low number of required samples indicates 
that higher dimensional HEX analysis could be integrated. Compressor 
training with 1500 samples to build global models is done in approx. 
10h. Local models with adaptive refinement can speed up the process 
as long as the continuous training of the surrogate does not create a 
bottleneck and is of similar effort than the analysis. Using surrogates 
has the additional advantage, that no issues with convergence can occur 
which is beneficial for the optimization.

The present work contributes to improve holistic design processes 
of closed cycle heat pumps compared to conventional approaches. The 
results indicate that integration of component designs can be applied 
with a moderate number of function evaluations even for complex anal-
yses. Holistic concepts invoke better heat pump designs with globally 
balanced component performance while trial and error of sequential 
processes is eliminated. The design process itself will be more efficient 
for potential users. Communication of the exchange of targets and 
interface parameters of each discipline are automatized during the 
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Table 6
Comparative overview of investigated optimization structures.
 AAO NHX CD OCD  
 Advantages Easy implementation. 

No subproblems and 
fast process chains.

Focused on cycle 
evaluated compressor 
design. Improved 
reproducibility. With 
fast HEX analysis no 
need for surrogates.

Fast and reliable 
convergence rate. 
Distribution of 
problems allows 
generalization to all 
types of heat pumps.

Improves CD as the 
cycle is always 
optimized in a 
subproblem for 
component targets.

 

 Disadvantages Slow convergence that 
is highly dependent on 
the initial feasible 
solution.

Not generalizable for 
heat pump systems. 
Complex compressor 
design on top-level.

Surrogate models are 
required. Risk of 
exploitation of 
approximation errors.

Surrogate models are 
required. Risk of 
exploitation of 
approximation errors.

 

 Function evaluations of 
analyses

Corresponds to the 
number of top level 
iterations: 𝑛fev > 5000

Corresponds to 
top-level evaluations 
for compressors: 
𝑛fev, C < 2000. Very high 
for HEX subproblems.

Corresponds to training 
samples of surrogates: 
𝑛fev, C < 1500
𝑛fev, HEX < 150

Corresponds to training 
samples of surrogates: 
𝑛fev, C < 1500
𝑛fev, HEX < 150

 

 CPU time 
1: tool integration 
2: surrogates

1: 𝑡CPU ≈ 100h
2: n. a.

1: 𝑡CPU ≈ 200h
2: 𝑡CPU ≈ 10h

1: n.a. 
2: 𝑡CPU ≈ 40h

1: n.a. 
2: 𝑡CPU ≈ 47h

 

optimization process. This helps to save time and avoid mistakes. It also 
helpful, that geometric information is available throughout the earliest 
phases of design. Consideration of additional objectives like engine 
size, installation space, weight and costs is beneficial for decision 
making and constraining designs. An example for this is shown in Fig. 
17 comparing multi-objective results for the trade-off between heat 
pump performance and installation space, which is quantified with HEX 
length: 
min
𝒑

[−𝐶𝑂𝑃 , max{𝑙𝑗}] (37)

Both distributed structures (OCD, CD) are able to capture the identi-
cal Pareto front supporting the validity of these optimization concepts. 
The scattered data points are the 𝑛opt ≈ 1000 OCD evaluations.

6.4. Limitations

Potential has been shown, but limitations of the proposed concept 
need to be considered. First, although the modular characteristic using 
surrogates in distributed approaches allows the integration of all kinds 
of simulation tools, a one-button approach to optimize a heat pump in a 
single process, without the need for subsequent design steps, has not yet 
been demonstrated. Holistic optimizations currently use preliminary 
design methods for an improved conceptual design. The benefits of 
this have been underlined in this paper, but additional steps with 
detailed CFD-based component design are still necessary. The potential 
for integrating CFD methods will depend on the computational training 
effort required to predict functional outputs with surrogates. Another 
limiting aspect is currently the consideration of off-design performance 
in holistic design. This will require predicting the part-load behavior 
of each component design to be evaluated at the cycle level. This is 
a major development step, and there are several conceivable methods 
to approach this. Preliminary methods can be integrated with the 
cycle solver, either directly or through robust matching of component 
maps, which has been demonstrated for ACDC [59]. Higher-fidelity 
methods like CFD will require prediction approaches to approximate 
off-design performance in order to avoid excessive computational ef-
fort. In the case of closed-cycle Brayton heat pumps, considering only 
the design point is a valid assumption, as concepts like fluid inventory 
control allow for part-load operation while aerodynamic conditions in 
turbomachines remain similar [31]. 

6.5. Outlook and future work

There remains substantial potential for further investigations in 
holistic heat pump optimization. Whether through new cycles, varia-
tion of integrated analyses, or the exploration of suitable optimization 
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algorithms and regression methods, numerous opportunities exist for 
future research. Computational effort can potentially be further reduced 
with minor improvements like using optimized designs as initialization 
in subsequent iterations. Alternative training strategies for surrogates 
with pre-optimized designs are conceivable, which would speed up the 
holistic optimization but drastically increase training effort. A portfolio 
approach could be pursued with holistic architectures using a collection 
of commercially available or previously optimized designs for technol-
ogy selection. Future research building up on the main findings of this 
paper will focus on two aspects: As a straightforward step, the integra-
tion of turbine design will be demonstrated with a suitable analysis. 
This will be an additional subproblem in distributed approaches. As 
part of the current work, the integration of turbine meanline analysis 
has proven to be compatible with the proposed optimization concept, as 
expected. Secondly, the holistic optimization strategy will be adapted to 
use online refined surrogates. During the optimization, initially trained 
coarse surrogates will be refined in areas the top-level optimizer is 
directing the design points. Using local surrogates in this paper is a 
preparatory step. Contour estimation can be applied as a potential 
multi-sample update strategy. These online updates will reduce the risk 
of local approximation errors. The findings of this work indicate moder-
ate training effort for the implemented surrogates, which is why future 
studies will also analyze holistic optimization with high-dimensional 
modeling like CFD. Another future direction is the consideration of mul-
tiple operating points. Automatizing the procedure for cycle off-design 
evaluation is challenging, as discussed in Section 6.4. 

7. Conclusions

This paper gives a detailed, comparative analysis of four differ-
ent optimization architectures for holistic, multidisciplinary design of 
Brayton cycle heat pumps. The optimization of thermodynamic cycle 
parameters is performed simultaneously with the complex multistage 
compressor design and geometric sizing of three heat exchangers. 
Single- and multi-objective optimizations are investigated. Overall, 𝒑 ∈
R[59,60] design parameters are optimized, which exceeds comparable 
studies that are usually restricted to integrated meanline compressor 
design (𝒑 ∈ R<20). Geometric information enables additional objectives, 
specifically engine size, installation space, weight or costs. The design 
process itself will be more efficient and reliable, bringing together 
individuals and departments in automatically coordinated processes. 
The main findings can be summarized as follows:

1. Component performance has a large impact on the COP and the 
optimal pressure ratio of the heat pump. Consequently, there 
are interactions and the cycle design benefits from integrated 
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component optimization to reach globally optimal results while 
avoiding the risk of infeasible component configurations.

2. Distributed structures with subproblem optimizations are benefi-
cial for convergence rates and reliability, reducing the number of 
top-level iterations from about 2000 to less than 500 compared 
to non-distributed concepts.

3. To integrate complex models, collaborative structures require 
surrogates for the repetitive subproblem optimizations to reduce 
numerical effort. Local Gaussian process surrogate models are 
suitable for approximating the complex function output of both 
compressor and heat exchanger analysis.

4. Function evaluations for surrogate training can be kept below 
150 for heat exchangers per predicted function and less than 
1500 for the 35 dimensional compressor analysis.

5. The proposed cycle-optimized collaborative design structure 
leads to the best objective function values and the fastest con-
vergence, with high reproducibility of results, including similar 
optimal compressor parameters such as target pressure ratios, 
efficiency and mass flow rates.

6. The modular structure of the proposed holistic optimization 
concept will be applicable to all types of heat pump cycles 
and together with the reduced number of function evaluations 
potentially allows to integrate high dimensional models.

7. A Brayton cycle heat pump with a second-law efficiency of 80% 
can be optimized from scratch in less than 50 CPU hours. A COP 
of 1.82 is attainable with a temperature lift of 260K, underlining 
the potential of very high temperature heat pumps.

This work advances holistic optimization strategies independent 
of cycle architecture and integrated models, enabling more efficient 
and reliable designs of future industrial heat pumps. As an outlook, 
distributed structures will be further analyzed using adaptive online-
trained surrogate models to mitigate the risk of local approximation 
errors.
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Appendix A. Thermodynamic cycle modeling

The basic state change equations for all relevant components are 
listed in Table  A.7:

Table A.7
State-change equations for Brayton heat pumps. Steady-state mass and energy 
balance.
 Component Mass balance Energy balance  
 Compressor 𝑚̇1 = 𝑚̇2 𝑊̇c = 𝑚̇1(ℎ2 − ℎ1)

𝛱𝐶 = 𝑝2∕𝑝1
ℎ2,𝑠 = ℎ(𝑝2 , 𝑠 = 𝑠1)

ℎ2 =
ℎ2,𝑠 − ℎ1

𝜂c
+ ℎ1

 

 Turbine 𝑚̇4 = 𝑚̇5 𝑊̇t = 𝑚̇4(ℎ4 − ℎ5)
𝛱𝑇 = 𝑝5∕𝑝4
ℎ5,𝑠 = ℎ(𝑝5 , 𝑠 = 𝑠4)
ℎ5 = ℎ4 − 𝜂t(ℎ4 − ℎ5,𝑠)

 

 Heat exchangers 𝑚̇′
in = 𝑚̇′

out𝑚̇
′′
in = 𝑚̇′′

out 𝑄̇ = 𝑚̇′(ℎ′in − ℎ
′
out)

𝑄̇ = 𝑚̇′′(ℎ(′′)out − ℎ
′′
in)

𝑇 ′
in − 𝑇

′′
in ≥ 𝑇ttd,min

𝑇 ′′
out − 𝑇

′
out ≥ 𝑇ttd,min
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Table A.8
Boundary conditions for holistic heat pump optimization study.
 Boundary condition Value  
 heat sink (process side)  
 𝑚̇9 32 kg/s  
 𝑇9 100◦C  
 𝑇10 320◦C  
 heat source (process side)  
 𝑚̇7 35 kg/s  
 𝑇7 60◦C  
 𝑇8 var.  
 cycle parameters  
 𝑝1 1.013 × 105 Pa 
 𝜂𝑇 0.93  

The boundary conditions 𝒄cyc for the case study are summarized in 
Table  A.8. All remaining cycle states are computed based on the com-
ponent performance parameters derived from integrated component 
analyses. The parameterization of the thermodynamic cycle evaluation 
in Tespy depends on its interfaces to integrated tools. In general, the 
component performance parameters in 𝒑cyc need to be accessible. The 
temperature requirements are chosen to match the pressure ratio range 
of the 4-stage axial compressor.

Appendix B. Heat exchanger correlations

P-NTU method and effectiveness
Tube-side heat transfer: Nusselt correlation [60] 

Nu =

⎧

⎪

⎪

⎪

⎨

⎪

⎪

⎪

⎩

0.0214
(

Re0.8 − 100
)

Pr0.4
⎛

⎜

⎜

⎝

1 +
(𝐷
𝐿

)

2
3
⎞

⎟

⎟

⎠

, if Pr ≤ 1.5

0.012
(

Re0.87 − 280
)

Pr0.4
⎛

⎜

⎜

⎝

1 +
(𝐷
𝐿

)

2
3
⎞

⎟

⎟

⎠

, if Pr > 1.5

(B.1)

𝛼 = Nu ⋅ 𝑘
𝐷

(B.2)

Shell-side heat transfer [61]. 

Nulam = 0.664
√

RePr1∕3 (B.3)

Nuturb = 0.037Re0.8 Pr
1 + 2.443Re−0.1

(

Pr2∕3 − 1
)

(B.4)

Nu0 = 0.3 +
√

Nu2lam + Nu2turb (B.5)

𝑓𝑎 =

⎧

⎪

⎪

⎨

⎪

⎪

⎩

1 +
0.7(𝑏∕𝑎 − 0.3)

𝜓1.5
[

(𝑏∕𝑎) + 0.7
]2
, square pitch

1 + 2
3𝑏
, triangular pitch

(B.6)

Nu = 𝑓𝑎 Nu0 (B.7)

𝛼 = Nu ⋅ 𝑘
𝐷𝑜 ⋅ 0.5 ⋅ 𝜋

(B.8)

𝑘𝐴 =
(

1
𝛼𝑖𝐴𝑖

+ 1
𝛼𝑎𝐴𝑎

+ 𝛿
𝑘𝑤𝐴𝑚

)−1
(B.9)

NTU = 𝑘𝐴 (B.10)

𝑚̇𝑐𝑝
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𝑃 =

⎧

⎪

⎪

⎨

⎪

⎪

⎩

NTU ⋅ 𝑓
1 + NTU ⋅ 𝑓

, if 𝑅 = 1

1 − exp
[

(𝑅 − 1) ⋅ NTU ⋅ 𝑓
]

1 − 𝑅 ⋅ exp
[

(𝑅 − 1) ⋅ NTU ⋅ 𝑓
] , otherwise

(B.11)

𝛥𝑇 = 𝑇𝑡,in − 𝑇𝑠,in (B.12)

𝑇𝑠,out = 𝑇𝑠,in + 𝑃𝑠𝛥𝑇 (B.13)

𝑇𝑡,out = 𝑇𝑡,in − 𝑃𝑡𝛥𝑇 (B.14)

𝑄𝑠 = 𝑚̇𝑠𝑐𝑝,𝑠(𝑇𝑠,out − 𝑇𝑠,in) (B.15)

𝑄𝑡 = 𝑚̇𝑡𝑐𝑝,𝑡(𝑇𝑡,out − 𝑇𝑡,in) (B.16)

Tube-side pressure loss [62]. 

𝛥𝑝𝑇 = 𝜁𝑇
𝑙
𝑑(𝑖)𝑇

𝜌𝑢2

2
, 𝜁𝑇 = 0.3164

4
√

Re𝑇
.

Shell-side pressure drop in cross-flow tube bundles [62] L1-5. 

𝑓𝑧𝑙 =
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)
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(B.19)

𝜁𝑙 =
𝑓𝛼𝑙
Re

(B.20)
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𝜁𝑡 =

⎧

⎪

⎨

⎪

⎩

𝑓𝛼𝑡
Re0.1 𝑏∕𝑎

, square

𝑓𝛼𝑡
Re0.25

(B.22)

𝜁 =

⎧

⎪

⎨

⎪

⎩

𝜁𝑙𝑓𝑧𝑙 + 𝜁𝑡𝑓𝑧𝑡
(

1 − exp
[

−Re + 1000
2000

])

,

𝜁𝑙𝑓𝑧𝑙 + 𝜁𝑡𝑓𝑧𝑡
(

1 − exp
[

−Re + 200
1000

])

triangular
(B.23)

𝛥𝑝cross = 𝜁𝑛𝑤𝜌
𝑢2𝑚
2

(B.24)

𝛾 = 2 arccos
(

1 −
2ℎ𝑤
𝐷𝑏

)

(B.25)

𝐴𝑓𝑔 =
𝜋
4
𝐷2
𝑠
𝛾
2𝜋

−
𝐷𝑏(𝐷𝑏 − 2ℎ𝑤)

4
sin

( 𝛾
2

)

(B.26)

𝐴𝑓𝑟 =
𝜋
4
𝑑2𝑜
𝑁𝑓

2
, 𝐴𝑓 = 𝐴𝑓𝑔 − 𝐴𝑓𝑟 (B.27)

𝑃𝑤 = 𝜋𝐷𝑠
𝛾

+ 𝜋𝑑𝑜
𝑁𝑓 , 𝑑ℎ =

4𝐴𝑓 (B.28)

2𝜋 2 𝑃𝑤
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𝑢𝑝 =
𝑚̇𝑆
𝜌𝑆𝐴𝑓

, 𝑢𝑧 =
√

𝑢𝑆𝑢𝑝 (B.29)

(𝛥𝑝𝑓𝑡)2 =
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) 𝜌𝑆𝑢2𝑧

2
(B.30)

𝛥𝑝window =
√

(𝛥𝑝𝑓𝑙)2 + (𝛥𝑝𝑓𝑡)2 𝑓𝑧𝑡𝑓𝑧𝑙 (B.31)
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Appendix C. Compressor design framework

Excerpt from ACDC documentation: The throughflow solver is based 
on radial equilibrium equations and mass balances as proposed by 
Denton [63]: 
𝑑
𝑑𝑞

(𝑣2𝑚
2
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𝑉

. (C.33)

The terms I–III assume that the total enthalpy ℎ𝑡, the entropy 𝑠, and 
the specific angular momentum 𝑟𝑣𝜃 are known for the current computa-
tional plane. By numerically integrating this differential equation along 
the computational plane, the distribution of the meridional velocity 𝑣𝑚
can be determined up to an integration constant. In this process, the 
curvature of the streamline surfaces is included through the radius of 
curvature 𝑅𝑚 (term IV), which is why the method is referred to as the 
streamline curvature method. Term V contains the derivative of the 
meridional velocity along the stream surface. The velocity distribution 
must additionally fulfill the continuity condition: 

𝑚̇ = ∫

casing

hub
2𝜋𝜌𝑣𝑚 sin 𝛼(1 − 𝑏)𝑑𝑞 (C.34)

where denotes the compressor mass flow and represents the local block-
age. ACDC uses its own pre-optimized profile family so that profiles are 
allocated for the flow conditions resulting from streamline curvature 
simulation. For blade losses and outflow angles, a neural network is 
trained using a correlation framework and data from 2000 optimized 
airfoils [34]. Three-dimensional flow effects are considered using em-
pirical models for tip and secondary losses. A detailed overview can be 
found in the dissertation by Schnoes [64].

ACDC is adapted for the use in holistic heat pump optimization 
with the generic design framework in Fig.  C.18. Compressors can be 
designed from scratch with minimal user input using automated scaling 
and user-defined reference stage geometries.

Appendix D. Sensitivity analysis

These figures show the feature importance for heat exchanger and 
compressor surrogate models.

Appendix E. Standard deviations of compressor surrogates

See Fig.  E.21.

Data availability

Data will be made available on request.
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Fig. C.18. Compressor design framework for integration in holistic heat pump 
design.

Fig. D.19. Feature importance for HTHX model training (5000 samples, 
random forest).
18 
Fig. D.20. Feature importance for compressor model (8000 samples, random 
forest).
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Fig. E.21. Comparison of 6-sigma interval for local and global sampling 
strategies. (a) Global model. (b) Local model.
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