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Abstract
The rising temporal mismatch between energy supply and demand increases the need
for large-scale energy storage. Carnot batteries offer a location-independent energy
storage option and rely on readily available components. However, the low round-trip
efficiency is an issue. Also, Carnot batteries have many degrees of freedom, making
their optimal design and operation challenging. Additionally, the process is highly
dependent on the working fluids used for the charging and discharging process. We
optimize the Carnot battery design and nominal operation, including the working fluid
selection. We perform deterministic global optimization to maximize the round-trip
efficiency. Extending our previous work, we formulate a hybrid mechanistic/data-
drivenmodel in reduced space.We propose amodel formulation for the thermal energy
storage that is tailored to our problem and demonstrate that it results in substantial
computational savings. We also extend our previously used surrogate model training
procedure, by choosing surrogate models based on their relaxation tightness, strongly
improving worst-case computational performance. These model improvements allow
us to screen working fluids for the charging and discharging process by enumera-
tion, globally optimizing each flowsheet with MAiNGO v0.7.2. Optimal round-trip
efficiencies vary between 30% and 60% and are typically found in the root node (mul-
tistart) but for some cases during branch-and-bound. However, the top working fluid
combinations include fluids with a strong environmental impact, indicating the need
to include environmental objectives.
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1 Introduction

The increasing fraction of renewable energy sources in the electricity mix, combined
with the reduction of conventional base-load power plants, results in a growing need for
electricity storage in the range of multiple hours to days (Cebulla et al. 2018). While
various technologies are considered for such storage time frames, so-called Carnot
batteries (CBs) are a particularly promising option due to their high energy density,
location independence, and long lifetime. Several recent works reviewed different
aspects of CBs (Dumont et al. 2020; Novotny et al. 2022; Vecchi et al. 2022; Liang
et al. 2022; Ma et al. 2022). CBs provide energy storage for the electric grid in the
required time range by combining three technologies: power to heat P2H, thermal
energy storage (TES), and heat to power (H2P). During times of low electricity prices
or high electricity availability, the P2H process is used to store electrical energy as
thermal energy via transferring heat froma low-temperatureTES to a high-temperature
TES. When the electricity price increases or there is a low electricity availability, heat
flows back from the high-temperature TES to the low-temperature TES via the H2P
process which converts a part to electricity.

Although individually P2H, TES, and H2P are all well-established technology
classes, the chosen technologies from each of the three technology classes need to be
optimally adapted to each other to ensure economic feasibility. Two major options are
available for the TES (Liang et al. 2022). So-called “sensible” TES utilize a storage
medium that changes its temperature depending on the amount of thermal energy
stored (e.g., pressurized water). In the “latent” TES, storage is based on phase-change
material (PCM), and thus the temperature remains mostly constant over the entire
operating range. Different storage concepts can also be combined, e.g., proposed
by Palacios et al. (2020). For charging, several planned and existing grid-scale CB
projects use electric heaters (Novotny et al. 2022; Vecchi et al. 2022), as they are
simple, cheap, allow for fast response times, and enable high storage temperatures,
improving the possibility of high discharge efficiencies. However, direct electrical
heating is exergetically disadvantageous, as heat is exclusively obtained from the
conversion of electricity. Hence, the ratio of usable heat to input power is at most
one. Alternative CBs variants, also called pumped thermal energy storage (PTES),
use heat pumps (HPs), which generally have higher heat-to-power ratios, and thus
enable overall round-trip efficiencies (RTEs) above the efficiency of the chosen H2P
technology. The RTE is defined as the ratio of the total released electricity during the
entire discharging process to the total absorbed electricity during the charging process.

PTES can be classified depending on the thermodynamic states the working fluid
(WF) experiences during the cycle. Brayton-based PTES systems use a reverse Bray-
ton cycle as a HP for charging and a standard Brayton cycle for discharging. To ensure
small temperature differences during heat transfer, they are typically combined with
a high-temperature sensible TES, most commonly with direct heat transfer from the
gaseous WF to packed beds (Dumont et al. 2020). This class of CBs draws its advan-
tages from themature technology of gas turbines, allowing for large temperature ratios,
enabling a highRTE and storage density. However, with the temperature ratio, the pres-
sure ratio also increases, resulting in a pressurized (and thus more costly) hot storage
in the case of direct contact ofWF and storagemedium. This can be partlymitigated by
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using mono-atomic gases as WFs (White et al. 2013). While theoretical works predict
high RTEs above 70% (Desrues et al. 2010; McTigue et al. 2015; Laughlin 2017), a
major limitation is the maximum compressor operating temperature of about 500◦C
(Dumont et al. 2020). High compressor efficiencies (> 90%) can, however, still lead
to high RTEs (Desrues et al. 2010). Higher operating temperatures may be achieved
by combining a reverse Brayton cycle with an electrical heater (Benato and Stoppato
2018).

Supercritical cycles operate in the regime of supercritical fluids, i.e., above critical
pressure, during the entire cycle and are most similar to Brayton-based cycles. PTES
concepts based on these types of cycles frequently use CO2 as a WF, as it has a
reduced susceptibility to isentropic efficiencies of the rotating equipment (McTigue
et al. 2020).

The third class of PTES uses a vapor-compression HP for charging and a Rankine
cycle for discharging. In general, these cycles require smaller mass and volume flows,
compared to Brayton-based PTES (Steinmann 2014) and benefit from the fact that
pumps are used instead of compressors in the discharge cycle, as the WF is a liquid
after leaving the condenser (i.e., the low-temperature TES). A subclass of Rankine-
based CBs are Organic Rankine cycle (ORC)-based CBs, for which a wide variety
of alternative WFs are considered, several of which are already in industrial use, as
refrigerants or in power applications such as geothermal plants andwaste heat recovery.
IsentropicWFs (i.e., nearly vertical slope of the saturated vapor line in the T -s diagram)
are of particular interest for ORC-based PTES as they do not require superheating in
charging or discharging mode (Hassan et al. 2020). Due to the lower temperatures,
ORC-based PTES generally achieve smaller power outputs, with maximum values in
the range of 10 MW to 100 MW (Novotny et al. 2022; Vecchi et al. 2022).

Several other CBs concepts have been proposed. These include transcritical cycles
and cryogenic or adsorption-based PTES. All CBs variants can achieve only limited
RTEs due to efficiency losses in the charging and discharging process. An option
to improve the RTE without improving the charging/discharging efficiency is the
use of low-temperature waste heat streams for charging. This can result in a RTE
≥ 100% (Jockenhöfer et al. 2018). Other options to improve RTE include internal heat
regeneration, multiple expansion (and compression) stages, multiple storage tanks, or
WF mixtures (e.g., Steinmann 2014; Sanz Garcia et al. 2019).

The WF properties have a large effect on all of the listed variants. In Liang et al.
(2022),WF selection is identified as one of the key influences onCBs performance. For
ORCs, WF selection has also been thoroughly investigated (e.g., Bao and Zhao 2013;
Huster et al. 2020b,d). This investigation also included WF mixtures. For CBs, Koen
et al. (2021) investigated a WF mixture consisting of four different alkanes, achieving
a RTE of over 50% while utilizing storage temperatures under 100◦C. However, most
of CBs literature focuses on pure WFs.

Summing up, many different CB configurations are proposed in the literature.
Choosing the best option for each of the three technology types together with the
optimal WF (i.e., optimizing the CB design) is still an open research question, as the
optimal P2H process, TES, H2P process, and WFs all depend on each other. For this,
a model of the CB, to embed into the optimization problem, is required. This opti-
mization problem will be nonlinear and nonconvex due to accurate thermodynamic
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relations of theCBmodel. The optimization problem can be solved via local, stochastic
global, or deterministic global solvers (Locatelli and Schoen 2013). Only determinis-
tic global solvers can guarantee finding the best possible solution. Local solvers can
get stuck in local minima, while global stochastic solvers cannot give a guarantee for
optimality. Therefore, deterministic global optimization (DGO) is preferable for the
comparison of different CB designs or WFs. To our knowledge, no work on DGO of
CB design has been published so far.

Morandin et al. (2013) use a genetic algorithm (GA) for determining the system
structure of a transcritical CO2-based CB, capable of supplying 50MWe of power
over 2 h, and a nested linear programming subroutine for determining the required
sizes of the charging machinery. Fan and Xi (2022) extend the scope of optimization
to the selection of CB technology and WF using a GA to optimize the levelized cost
of storage (LCOS), RTE and exergy efficiency as objective functions. Eppinger et al.
(2020) simulate the influence of WF and type of storage on the CB RTE. However,
they do not optimize. Tillmanns et al. (2022) perform a thermo-economic optimization
of a ORC-based CB, including the WF selection. Frate et al. (2020) investigate 8
different WFs for a CB that utilizes a waste heat stream. Also, they consider the use
of recuperators.

Process models require accurate thermodynamic relations, especially when the
influence of the WF needs to be investigated. While thermodynamic libraries such as
CoolProp (Bell et al. 2014) or REFPROP (Lemmon et al. 2018) exist, they cannot
directly be integrated into models for global deterministic optimization due to their
black-box nature. To deal with this issue, we have proposed a framework in which
the thermodynamic libraries are used to generate data, on which surrogate models are
trained, which can then be integrated into the process model (Schweidtmann et al.
2019). Integrating the surrogate models into the optimization problem is handled by
our open-source MeLOn toolbox (Schweidtmann et al. 2020). Combining mechanis-
tic model equations with data-driven sub-models results in a so-called hybrid model
(Psichogios and Ungar 1992; Kahrs and Marquardt 2007). This approach enables us
to formulate the problem in reduced space (RS), strongly improving computational
performance. In later publications, we used this method for the optimization of various
aspects of ORCs, including theWF screening (Huster et al. 2020a, b, c, d). Many other
groups have publishedwork on hybridmodeling for process optimization. For compre-
hensive reviews on hybrid modeling, we refer the readers toMcBride and Sundmacher
(2019); Bradley et al. (2022); Pistikopoulos and Tian (2024). Asprion et al. (2019)
consider using surrogate models to optimize a large process flowsheet where nomodel
is available for some process units. Winz et al. (2021) replace expensive equilibrium
calculations with surrogate models for process optimization. Ceccon et al. (2022) pro-
pose a framework which allows the inclusion of (ANNs) and gradient-boosted trees
in optimization problems. Zhang et al. (2024) extend this framework with the ability
to solve optimization problems with Graph Neural Networks (GNNs) embedded.

In this work, we extend our previous framework for the WF screening for ORCs
to CBs. For this, we consider pure, but possibly different, WFs for the P2H and
H2P process. We focus on ORC-based CBs as the required equipment is already
technically mature (Dumont et al. 2020). Since a big advantage of CBs is location
independence, we do not consider the use of a waste heat stream for charging. For
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improved efficiency, we consider using a recuperator for both HP and ORC. We aim
to establish a computationally feasible model formulation that allows us to screen
the RTE of a large number of WF combinations by DGO. For this, we develop a
reduced-space formulation of the TES. The core concept behind this approach is
that, in the given optimization problem, the TES temperatures do not directly impact
the objective function. Their role is solely to ensure the feasibility of heat transfer
between HP and TES and between TES and ORC. Therefore, we eliminate them from
the set of optimization variables and introduce constraints, guaranteeing the existence
of feasible TES temperatures that maintain a minimum temperature difference at the
pinch. Additionally, we propose an improvement to the previously used ANN training
procedure that aims to generate ANNs that are especially suited to DGO. For the
optimization,we use the parallel version of our open-source global deterministic solver
MAiNGO (Bongartz et al. 2018).

The remainder of this article is structured as follows. First, we briefly describe the
CB process in Sect. 2. We then explain our modeling approach in Sect. 3. Next, we
detail the training of the thermodynamic surrogate models and the RS formulation
of the CB in Sect. 4. Implementation details are given in Sect. 5. Afterward, we
analyze the results of the WF screening in Sect. 6 and comment on the computational
performance. Finally, we summarize the paper and provide an outlook in Sect. 7.

2 ORC-based Carnot battery

A flowsheet of the investigated CB structure is shown in Fig. 1. We consider a CB,
which uses the environment as the low-temperature TES as such a layout reduces
capital cost compared to a two-storage solution. Thus, the evaporator of the HP and
the condenser of the ORC are connected to the environment. For this work, we do not
specify the mechanism of this heat transfer (e.g., via air or cooling water). Instead,
we later assume a representative environmental temperature to which we ensure a
minimum temperature difference. Additionally, we neglect parasitic losses that might
occur due to the heat transfer to/from the environment. Exemplary T -s-diagrams are
presented in Fig. 2. For the charging process (Fig. 1a and Fig. 2a), a HP with a
recuperator is used. The WF exits the ambient heat exchanger as a saturated vapor
(1a). It is then preheated in the recuperator (1a→ 2a). In the compressor, the pressure
is increased from the low pressure level pHPL to the high pressure level pHPH (2a →
3a). In- and outlet of the compressor lie in the vapor region. The fluid then enters the
heat exchanger to the hot storage, where it is cooled down to saturation temperature
(3a → 3a’), condensed (3a’ → 3a”), and subcooled (3a” → 4a). The fluid is then
further subcooled in the recuperator (4a → 5a). Afterward, a valve expands the fluid
into the two-phase state (5a → 6a). To close the cycle, the ambient heat exchanger
fully evaporates the two-phase flow (6a → 1a).

For the discharging process, an ORC with recuperator (Fig. 1b and Fig. 2b ) is
operated. The WF leaves the ambient heat exchanger as a saturated liquid (1b). This
liquid is then pumped up from the low pressure level pORCL to the high pressure level
pORCH (1b → 2b). Afterwards, the fluid is preheated in the recuperator (2b → 3b)
before entering the hot storage. The fluid is brought up to saturation temperature (3b
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Fig. 1 Flowsheet of the modeled CB

Fig. 2 T -s-diagram of the modeled CB

→ 3b’), evaporated (3b’ → 3b”), and superheated (3b” → 4b) by the storage
medium. The fluid is then relaxed in the turbine (4b → 5b). In- and outlet of the
turbine are superheated vapors. Next, the fluid is cooled down in the recuperator (5b
→ 6b). Finally, the fluid is condensed in the ambient heat exchanger (6b → 1b).

3 Model

We aim to screen possible WF candidates for HP and ORC according to the RTE that
the optimal CB with these WFs can achieve. Therefore, equipment sizing and capital
costs are not of interest and are thus not included in the model. To calculate the RTE,
we assume that the CB has an equal charging and discharging time during nominal
operation (i.e., the heat flow from HP to TES is equal to the heat flow from TES to
ORC and there is no heat transfer from the TES to the environment). Doing so, we can
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Table 1 Overview of trained
ANNs for a single WF

Phase Inputs Output

Vapor p, h T

p, h s

p, s h

Liquid p, h T

p, s h

Saturated p T

p h′
p h′′
p s′

define the RTE as a power ratio instead of an energy ratio. This allows us to skip the
relative sizing of HP and ORC as optimization variables in the optimization problem.
Thus, we calculate the RTE ε as the ratio of the nominal ORC power (PORC

turb − PORC
pump)

to the HP compressor power (PHP
comp):

ε = PORC
turb − PORC

pump

PHP
comp

= COPHPηORC (1)

3.1 Working fluid

We consider pure WFs for HP and ORC. We allow for WF combinations that use the
same WF for HP and ORC. Following the approach in Schweidtmann et al. (2019),
we model the WFs via ANNs that are trained on data from a thermophysical property
database. While the underlying data is generated using an equation of state (EoS),
which is explicit only for density and temperature, we train ANNs for every combina-
tion of inputs that are required by the CB model. This results in explicit expressions
for all required thermodynamic relations, which was shown to lead to significant com-
putational savings compared to the use of implicit expressions (Schweidtmann et al.
2019).We train an individual ANN for every combination of inputs, output, phase, and
WF. We then directly include these ANNs in the model formulation. For example, we
calculate the temperature of gaseous isobutene as a function of pressure and enthalpy
as:

T = f ANN,Isobutenevap,(p,h)→T (p, h). (2)

This results in 9 different ANNs for each WF as shown in Table 1. In Section 4, we
provide details regarding the training and data generation procedure.
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3.2 Rotatingmachinery

We model the rotating equipment via isentropic efficiencies, which we assume to be
constant. First, we calculate the isentropic reference state hisout for the considered state
and WF based on the output pressure pout and inlet entropy sin:

hisout = f ANN,<WF>
<state>,(p,s)→h(pout, sin) (3)

Then, we calculate the real output hrealout based on the inlet enthalpy hin, the isentropic
reference state, and the isentropic efficiency ηis. For the compressor and pump, this
results in

hrealout = hin + hisout − hin
ηispump/comp

, (4)

and for the turbine in

hrealout = hin + ηisturb(h
is
out − hin). (5)

3.3 Recuperator

We model the recuperator via an enthalpy balance, assuming no heat transfer to the
environment. We further assume that the pinch can only occur at either the in- or
outlet of the recuperator. To ensure the minimum temperature difference ΔT recup

min at
the in-/outlet we add inequality constraints:

T cold
out + ΔT recup

min − T hot
in ≤ 0 (6)

T cold
in + ΔT recup

min − T hot
out ≤ 0 (7)

3.4 Thermal energy storage

For the TES we assume no heat transfer to the environment (i.e., no heat loss) and
storage characteristics that are independent of the state of charge. For the storage
medium, we assume either a PCM with an isothermal phase change or a fluid that
exhibits a constant heat capacity over the considered operating range. This is equivalent
to a straight line in the T -Q-diagram of the TES. We assume that the pinch occurs at
either the in-/outlet of the TES or at the saturated states of the WFs. We ensure that
at the pinch the minimum temperature difference ΔT TES

min is not exceeded through the
use of inequality constraints.

The storage medium determines the valid range of the storage temperature. How-
ever, we assume that suitable sensible storage media can always be found for any
storage temperatures. This is motivated by the small temperature ranges of ORC-
based CBs, compared to the large usable temperature ranges of sensible storage media
(e.g., Therminol 66 supports a range from −3◦C to 345◦C, Liang et al. (2022)).
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PCMs release/absorb heat at an almost constant phase change temperature, which
is determined by the PCM. It follows that for latent storage, only discrete storage tem-
peratures are available when using a pure PCM. However, mixing allows a continuous
adjustment of phase change temperatures. E.g., Durth et al. (2019) show that a mixture
of KNO3 and NaNO3 results in melting temperatures ranging from 220◦C to 330◦C.
Thus, we assume that a matching PCM can be found or engineered for every desired
latent storage temperature. Therefore, we consider no constraints on the storage tem-
perature. From a DGO viewpoint, this assumption is a relaxation of a CB model that
considers the storage medium selection problem.

4 Method

This section outlines the main components of our approach. We first perform a WF
preselection to determine a set of WF candidates. Next, we generate thermodynamic
data, whichwe later use in the customANN training loop. Following this, we introduce
our tailored RS TESmodel formulation. Finally, we describe the full CBmodel, which
we optimize subsequently. In Fig. 3 we show an overview of the proposed method.

4.1 Working fluid preselection

Similar to Huster et al. (2020d), we perform a WF preselection to exclude unsuitable
fluids from the study. For this, we start with a list of all fluids that are available
in the thermodynamic library. Since this work focuses on subcritical processes, we
filter out all fluids with a critical pressure pcrit ≤ 10 bar (Huster et al. 2019b). The
equations the thermodynamic library uses to generate data are only valid for pressures
larger than a fluid-dependent pmin. Thus, in the next step, we filter out WFs where
pmin ≤ 0.2 bar. For the fluids that are removed in this step, we would not be able to
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Fig. 3 Overviewof themethod proposed in thisworkwith intermediate results and tools used. The individual
steps are described in the following subsections

generate training data at low pressures. For the operation of the HP, the WF must be
capable of condensing at the high pressure level, at a temperature above the ambient
temperature. To ensure this, we screen all fluids based on the criterion:

Tsat (p = 10 bar) ≥ 323.15K (8)

Additionally, at the low pressure level, the fluid must be evaporated at ambient tem-
peratures, even during winter conditions:

Tsat (p = 0.2 bar) ≤ 258.15K (9)
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4.2 Data generation

After theWFpreselection, we generate training data for eachWF candidate. Following
the approach of Schweidtmann and Mitsos (2018), we use latin hypercube sampling
(LHS) to generate data points consisting of pressure and temperature. We apply the
following bounds for the data generation:

T ∈ [250K, 600K] (10)

p ∈ [0.1 bar, 0.9pcrit] (11)

Within these bounds, we create 10 000 data points. For every data point (p, T ), we
compare the temperature T against the saturation temperature Tsat(p). We build a
liquid phase dataset from all points with T ≤ Tsat(p). The remaining data points are
used to assemble the vapor phase data set. We calculate enthalpy and entropy for every
data point via the thermodynamic library.

For the saturated state, we consider 1000 pressures in [0.1 bar, 0.9pcrit]. For every
pressure, we calculate the enthalpy and the entropy of the saturated liquid and vapor
state (h

′
, h

′′
, s

′
, s

′′
).

4.3 ANN training

We aim to train ANNs to a sufficient accuracy while still allowing for fast convergence
of the process optimization. MAiNGO uses McCormick relaxations (McCormick
1976) to construct convex underestimators and concave overestimators of constraints
and the objective. The tightness of these relaxations affects the computational perfor-
mance of the DGO. Huster et al. (2019a) show that ANN size (i.e., number of neurons)
has a large influence on the relaxation tightness. While the ANN accuracy improves
with increasing ANN size, the relaxation tightness (and thus the computational perfor-
mance) decreases. Thus, our training process aims to find the smallest possible ANNs
that still reach appropriate accuracies.Additionally, due to the non-deterministic nature
of the training process, each run produces a differentANN.Therefore, conductingmul-
tiple training runs may be advantageous. With these considerations, we arrive at the
following training procedure:

Before training, we normalize the data tomatch better the input/output ranges of the
chosen activation function (tanh). We normalize the inputs to the interval [−1, 1] and
the target output to a mean of 0 and a standard deviation of 1. We choose Levenberg-
Marquardt (LM) as the training algorithm.Compared to the commonly-used first-order
training methods (e.g., Adam), LM exhibits faster convergence, higher robustness,
and achieves more accurate ANNs (Hagan and Menhaj 1994). This comes at a higher
computational cost which is, however, neglible due to the small ANN sizes that we
consider. Also,we deploy early stopping to prevent overfitting.As performancemetric,
we choose the mean squared error (MSE).

All ANNs are fully-connectedwith a single hidden layer. This simple architecture is
sufficient since the ANNs are only used for a small part of our hybrid model (mapping
of thermodynamic properties). The architecture of the resulting hybrid model is much
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more complex. While the ANNs architecture is simple, it enables universal approxi-
mation and there are no spatial or temporal patterns in the thermodynamic data that
could be exploited by a specialized architecture. Also, the low number of parameters
compared to the size of the dataset makes overfitting unlikely.We iteratively determine
the size of the hidden layer as described in the following. Initially, we set a target MSE
for every ANN. We employ a custom training loop that, for each ANN which needs
to be trained, starts at a small initial layer size (number of neurons). First, we train the
ANN until either the maximum number of epochs is reached or the training is stopped
due to early stopping. Then, we check whether the target MSE was reached. If this is
not the case, we increase the layer size and restart the training. If the target MSE was
reached, we save the ANN as a potential candidate. We repeat the procedure k-times,
which results in a set of k ANNs candidates that all achieve the target MSE. For the
results presented in this work, we use k = 5. Then, for each ANN, we compute the
convex and concave McCormick relaxation over the entire input range. We evaluate
the relaxations at N = 100 (if the ANN has 1 input) or N = 400 (for 2 inputs) points.
We calculate a relaxation score as follows:

score =
∑N

n

(
f ANNcc (xn) − f ANNcv (xn)

)

∑N
n f ANN (xn)

(12)

This score represents the average distance between concave and convex relaxation,
normalized by the average ANN output, thus indicating the relaxation’s tightness. We
rank the k ANN candidates according to their relaxation score and choose the ANN
with the tightest relaxations (i.e., the lowest score) to be included in the CB model for
the subsequent process optimization.

4.4 TESmodel formulation

Due to assuming no heat transfer from the TES to the environment and equal nominal
charging/discharging times, the heat flow between the TES and WF Q̇TES is equal
during charging and discharging:

ṁHP
(
hHPin − hHPout

)
= Q̇TES = ṁORC

(
hORCout − hORCin

)
(13)

Next, we must guarantee feasible heat transfer conditions by formulating inequality
constraints that enforce the minimum temperature difference ΔT TES

min in the TES. For
this, we present two approaches. The first one is commonly used in literature but
does not follow the RS modeling paradigm. The second approach is our proposed
modeling approach that is tailored towards the CBmodel and exploits its assumptions.
For the first approach (called T -approach from here on), two optimization variables
describe the TES medium. As we assume a constant heat capacity for the medium,
two variables are sufficient to describe the storage medium temperature profile for a
given heat flow to/from the TES (Q̇TES). These variables could be the minimum and
maximum storage temperature T TES

min , T TES
max (e.g., Frate et al. 2020). Another option

would be one TES temperature and the heat capacity rate CTES = ṁTEScTESp (i.e.,

123



WF screening for ORC-based CBs… 599

Fig. 4 T -Q-diagram for the TES

the slope of the TES in the T -Q-diagram). This option was used by Tillmanns et al.
(2022). We implement the two-temperature variant for our TESmodel. However, both
variants result in similar model equations. We show an exemplary T -Q-diagram in
Fig. 4. Due to the assumptions taken in Sect. 3.4, the pinch between WF and TES
can only be located at the TES in-/outlet or at the saturated WF states. To ensure the
minimum temperature difference between HP and TES at the pinch point candidates,
we add the following constraints:

T TES
min + ΔT TES

min − THP
out ≤ 0 (14)

T TES
min +

(
T TES
max − T TES

min

) hHPsat,liq − hHPout

hHPin − hHPout
+ ΔT TES

min − THP
sat ≤ 0 (15)

T TES
min +

(
T TES
max − T TES

min

) hHPsat,vap − hHPout
hHPin − hHPout

+ ΔT TES
min − THP

sat ≤ 0 (16)

T TES
max + ΔT TES

min − THP
in ≤ 0 (17)

For the heat exchange between TES and ORC, we formulate similar constraints:

TORC
in + ΔT TES

min − T TES
min ≤ 0 (18)

TORC
sat + ΔT TES

min −
(

T TES
min +

(
T TES
max − T TES

min

) hORCsat,liq − hORCin

hORCout − hORCin

)

≤ 0 (19)
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Fig. 5 T -Q-diagram of the TES for the RS modeling approach. All points where constraints ensure the
minimum temperature difference are marked. For the shown example, yTES is 0

TORC
sat + ΔT TES

min −
(

T TES
min +

(
T TES
max − T TES

min

) hORCsat,vap − hORCin

hORCout − hORCin

)

≤ 0 (20)

TORC
out + ΔT TES

min − T TES
max ≤ 0 (21)

Note that (15) and (20) are redundant as a constraint violation of these constraints is
impossible without violating other constraints.

The second approach is a new approach that we call RS-approach, which is
motivated by the RS modeling method. For an optimization of the RTE, the TES
temperatures do not directly influence the objective. Instead, they are used to guaran-
tee theminimum temperature difference betweenHP/TES and TES/ORC respectively.
For given WF states, there can only be two outcomes: Either a set of feasible TES
temperatures or not. Thus, we eliminate the TES temperatures from the model and
instead add constraints that ensure the existence of feasible TES temperatures. When
looking at the T -Q-diagram, existence of feasible TES temperatures is equivalent
to linear separability of the HP and ORC states with an offset of 2ΔT TES

min (ΔT TES
min

between HP and TES plus ΔT TES
min between TES and ORC).

First, we connect HPout with HPsat,vap, skipping HPsat,liq, and ORCsat,liq with
ORCout, skipping ORCsat,vap (dashed lines in Fig. 5). In doing so, we make the shape
of the HP curve concave and the shape of the ORC curve convex. To guarantee linear
separability it is now sufficient to ensure the minimum temperature difference at every
vertex of the new curves.
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For the in- and outlet of the TES, this is straight-forward and results in the following
constraints:

TORC
in + 2ΔT TES

min − THP
out ≤ 0 (22)

TORC
out + 2ΔT TES

min − THP
in ≤ 0 (23)

The first constraint can also be derived by combining (14) and (18) through the elim-
ination of T TES

min . For the second constraint, we would eliminate T TES
max from (17) and

(21).
Next, we add constraints to ensure the minimum temperature difference at the two

remaining vertices (HPsat,vap and ORCsat,liq). Here, we need to consider two differ-
ent cases based on the relative position of HPsat,vap and ORCsat,liq as this influences
which opposing line we need to check the temperature difference against. For this,
we introduce the binary variable yTES. For yTES = 0, ORCsat,liq is left of HPsat,vap.
For yTES = 1, ORCsat,liq is right of HPsat,vap. When ORCsat,liq and HPsat,vap share
the same x-coordinate in the T -Q-diagram, yTES can be either 0 or 1. We ensure this
relationship by the following Big-M constraints:

ṁORC
(
hORCsat,liq − hORCin

)
− ṁHP

(
hHPsat,vap − hHPout

)
≤ yTESM (24)

−ṁORC
(
hORCsat,liq − hORCin

)
+ ṁHP

(
hHPsat,vap − hHPout

)
≤ (1 − yTES) M (25)

While Big-M constraints exhibit weak relaxations, they have little influence in our
case. Our final CB model has only one binary variable (yTES). MAiNGO branches
first on the binary variables. Thus, after the first branching step the relaxations of the
Big-M constraints are no longer considered. Therefore, the value ofM has no influence
on the computational performance. Another optionwould be to create two independent
optimization problems that only consider yTES = 0 or yTES = 1, respectively (i.e.,
enumeration). These optimization problems are identical to those encountered after the
first branching step of MAiNGO. Thus, enumeration for the TES model formulation
was not further investigated. For the vertex HPsat,vap, we add constraints ensuring
the minimum temperature difference to the corresponding line of the ORC. These
constraints are active/inactive based on the value of yTES:

TORC
sat +

(
TORC
out − TORC

sat

) ṁHP

ṁORC h
HP
sat,vap − hORCsat,liq

hORCout − hORCsat,liq

− THP
sat + 2ΔT TES

min ≤ yTESM

(26)

TORC
in +

(
TORC
sat − TORC

in

) ṁHP

ṁORC h
HP
sat,vap − hORCin

hORCsat,liq − hORCin

− THP
sat + 2ΔT TES

min ≤ (1 − yTES) M

(27)
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Fig. 6 Optimization variables of the CB model

For the vertex ORCsat,liq, we add similar constraints:

TORC
sat −

⎛

⎝THP
out +

(
THP
sat − THP

out

) ṁORC

ṁHP hORCsat,liq − hHPout

hHPsat,vap − hHPout

⎞

⎠ + 2ΔT TES
min ≤ yTESM

(28)

TORC
sat −

⎛

⎝THP
sat +

(
THP
in − THP

sat

) ṁORC

ṁHP hORCsat,liq − hHPsat,vap

hHPin − hHPsat,vap

⎞

⎠ + 2ΔT TES
min ≤ (1 − yTES) M

(29)

In doing so, we have replaced two continuous variables with a single binary variable
with the RS-approach.

4.5 Process optimization

Bongartz and Mitsos (2017) show that for global optimization of flowsheets, reducing
the number of optimization variables up to the number of degrees of freedom (i.e.,
following the RS modeling approach) is frequently computationally superior to a
full-space modeling approach where all model variables are optimization variables.
However, keeping a limited number of intermediate variables as optimization variables
is potentially beneficial (Najman et al. 2021). Therefore,we aim to set up amodelwith a
low number of optimization variables that exhibits a high computational performance.

As we do not consider sizing and capital cost of the CB, the absolute values of
the mass flows are not of interest. Thus, we use only the ratio between the mass
flow in ORC and HP rORC = ṁORC/ṁHP as an optimization variable. Further, the
pressure levels of both processes (pHPL , pHPH , pORCL , and pORCH ), the thermal energy
transferred/released to/from the TES (Q̇TES), and the enthalpy increase/decrease in the
recuperators (ΔhHPrecup andΔhORCrecup) are optimization variables.We addmore optimiza-
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Table 2 Description of optimization variables used in the CB model

Optimization variable Description

pHPL Low pressure level of HP

pHPH High pressure level of HP

pORCL Low pressure level of ORC

pORCH High pressure level of ORC

rORC Ratio of mass flows in ORC and HP

Q̇TES Heat flow to/from TES

ΔhHPrecup Enthalpy increase in HP recuperator

ΔhORCrecup Enthalpy increase in ORC recuperator

ΔhHPcomp Enthalpy increase in HP compressor

T -approach:

TTES
min Minimum temperature of TES medium

TTES
max Maximum temperature of TES medium

RS-approach:

yTES Binary variable for TES temperature profiles

tion variables depending on the modeling approach for the TES. For the T -approach,
we add the minimum and maximum storage medium temperatures as optimization
variables (T TES

min and T TES
max ). For the RS-approach, we add the binary variable yTES.

Motivated by the work of Najman et al. (2021), we look for intermediate variables
that improve computational performance by reintroduction as optimization variables.
For this, we investigate the enthalpy differences of HP compressor, ORC turbine, and
ORC pump as they directly influence the objective function. We find that only the HP
compressor enthalpy difference improves computational performance. Thus, we add it
together with a matching equality constraint. Overall, we obtain 9 or 10 optimization
variables depending on the TES model formulation. A summary is given in Fig. 6 and
Table 2. The variable bounds are listed in the appendix (A.1).

While the WF selection could be directly integrated into the optimization model,
we apply enumeration. Although this leads to a large number of problems that need to
be solved (one for each possible WF combination), the resulting problems are much
smaller. Also, this approach provides an optimal CB design and RTE for every WF
combination.

Following the approach of Huster et al. (2020a), we add relaxation-specific con-
straints to the problem formulation to tighten relaxations. The relaxation-specific
constraints ensure increasing/decreasing temperatures and enthalpies in rotating equip-
ment and heat exchangers.
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Table 3 Isentropic efficiencies
of rotating equipment used in the
case study

ηis Source

Compressor 85% Liang et al. (2022)

Pump 85% Tillmanns et al. (2022)

Turbine 90% Tillmanns et al. (2022)

5 Implementation

We implement the proposed framework in Python. We use the thermodynamic library
CoolProp (Bell et al. 2014, 2023) for all thermodynamic data. We train all ANNs
using Tensorflow (Abadi et al. 2016). As Tensorflow does not natively support the LM
training algorithm, we use the open-source implementation by Di Marco (2020). We
split up the training data for the ANNs with two-dimensional input into minibatches
of∼ 1000 data points. For the custom training loop, it is required to evaluate the ANN
relaxations. For this, we use a utility function available in theMAiNGO repository.We
parallelize the training process using a straightforward parallelization method. This
approach distributes the WFs are distributed across the available cores. Each core is
responsible for training all ANNs associated with its designated WF. We implement
the hybrid CB model and both TES model formulations utilizing the Python interface
to MAiNGO (maingopy v0.7.2). Using the MeLOn toolbox (melonpy v0.0.10), we
integrate the ANNs into the model formulation. We run the optimizations on 20 cores
of a CLAIX-2023 node of the high performance cluster (HPC) of RWTH Aachen
University using the parallel implementation of MAiNGO. During pre-processing,
we perform 25 local searches. Also, we adjust the optimality tolerance to an absolute
value of 0.001. This is equivalent to a final gap of 0.1% in the RTE. For the remaining
settings, we use the MAiNGO default values.

6 Results

6.1 Case study

As RTE increases with decreasing cold storage temperature, we assume a moderate
ambient temperature of Tenv = 15 ◦C. We set the minimum temperature difference
in the TES, the recuperator, and the ambient heat exchangers to 5K. CBs are heavily
dependent on the isentropic efficiencies of the rotating equipment. Table 3 shows
the efficiencies we use for our case study. We select values that were also used by
Tillmanns et al. (2022). However, we decrease the compressor efficiency from 88% to
85% as the original value lies outside of the range for compressor efficiencies reported
in Liang et al. (2022). The other efficiencies are within the reported intervals.
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Fig. 7 Heatmap of maximum RTEs for all WF combinations. The combination R1233zd(E) / Isobutene
(investigated in Sections ??, 6.4, and A.2) is highlighted

Table 4 Top 5 and Bottom 5 WF
combinations according to their
RTE

HP WF ORC WF ε

Ethylene oxide Sulfur dioxide 60.3%

Ethylene oxide cis-2-Butene 59.0%

R11 cis-2-Butene 58.6%

Ethylene oxide R21 58.6%

R11 Sulfur dioxide 58.4%

R227EA R245fa 37.4%

R227EA Ethylene oxide 37.2%

RC318 Sulfur dioxide 34.7%

R1234ze(E) Sulfur dioxide 32.5%

R227EA Sulfur dioxide 28.8%

6.2 WF screening

CoolProp provides thermodynamic data for a total of 123 fluids. The WF preselection
results in 20WFcandidateswhichwe consider for the screening. Thus,we optimize the
CB for 400 different WF combinations. The results of the WF screening are presented
as a heatmap in Fig. 7. Overall, we observe efficiencies in the range 30% to 60%.
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Fig. 8 T-s-diagrams of the optimized CB using R11 as HP WF and cis-2-Butene as ORC WF

Fig. 9 T-s-diagrams of the optimized CB using RC318 as HP WF and sulfur dioxide as ORC WF

In the heatmap, it can be seen that the HP WF has a larger influence on the RTE
than the ORC WF. For example, ethylene oxide, R11, and R21 generally lead to high
RTEs when used as HP WF. For the ORCWFs, such a trend can only be observed for
R227EA and RC318, which lead to generally low RTEs. In Table 4 the 5 best and 5
worst WF combinations are given. Sulfur dioxide appears multiple times as an ORC
WF in both lists, again highlighting the larger influence of the HP WF on RTE. We
further investigate this topic by plotting the T -s-diagrams of a member of the top 5
and bottom 5WF combination in Fig. 8 and Fig. 9 respectively. For R11 / cis-2-Butene
(Fig. 8, ε = 58.6%) we see that HP and ORC operate close to their critical pressure.
Also, the critical temperature of the HP WF is around 35K higher than the critical
temperature of the ORCWF. Both processes exhibit only a small evaporation enthalpy
at the high pressure level. This allows for a close match of the temperature profiles in
the TES. Also, large amounts of heat are recovered in the recuperator during charging
and discharging. For RC318 / sulfur dioxide (Fig. 9, ε = 34.7%) the processes look
very different. Overall, the CB operates at lower temperature levels, constrained by the
low critical temperature of RC318. These lower temperatures prevent the ORC from
operating close to the critical pressure as the ORCWF has a larger critical temperature
than theHPWF (∼ 42K). Thus, theORChas to overcome a large evaporation enthalpy
at the high pressure level, leading to a mismatch of temperature profiles in the TES.
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Fig. 10 Histogram of wall-clock times of optimization runs

Besides performance, several other criteria are relevant for the WF selection (e.g.,
safety, toxicity, ozone depletion potential (ODP), global warming potential (GWP)).
Arpagaus et al. (2018) summarize these characteristics for most of the considered
WFs. The topWFs that we identified in this study do either exhibit high ODP or GWP
or are unsafe. The best safe WF combination with low ODP and GWP is R1233zd(E)
for the HP and Isobutene for the ORC with an RTE ε = 55.1%. Thus, we focus on
this WF pairing for Sections ?? and 6.4.

Figure 10 shows a histogram of the wall-clock times for all 400 optimization runs.
The vast majority of runs converge to global optimality in less than 200 s (89%).
However, there are outliers up to a wall-clock time of almost 2h. In total, the WF
screening took 17.61h.

To determine the necessity of DGO, we investigate the difference between solu-
tions found by local searches and the global solution. Most optimization runs find the
global solution during the initial multistart. However, out of 400 WF combinations,
37 improve the RTE by an absolute value of at least 1%. For 6 WF combinations,
the multistart does not result in any feasible solutions at all. In Fig. 11, we present
the evolution of local solutions during the B&B for the 20 WF combinations with
the largest gap between initial solution and global solution. It can be seen that only
considering local optimization for the screening leads to overlooking promising WF
candidates which would be found via DGO. Processes that are infeasible according to
the local solver can, in reality, exhibit high RTEs.

6.3 Influence of proposed ANN training procedure

We compare the proposed multi-candidate ANN training procedure (cf. Sect. 4.3)
to a conventional approach, where a single ANN candidate is trained and selected
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Fig. 11 This figure compares the best local solution found during the initial multistart with the global
solution. We present the 20 WF combinations with the largest gap between those solutions. Also, local
solutions found during branch-and-bound (B&B) are shown. For the six rightmost WF combinations, no
feasible solution is found during multistart

based solely on its MSE. The conventional approach is equivalent to the proposed
approach when only one ANN candidate is trained (k = 1). To account for the ran-
domness in ANN training, we perform multiple runs of the conventional approach
using different random seeds for the ANN training. We compare the approaches for
the WF combination R1233zd(E) / Isobutene. Each run results in a single set of all
ANNs required for the CB model. For every set of trained ANNs, we solve the CB
model to global optimality. As we are testing entire sets of ANNs, the effect of ANNs
with tight relaxations might be counteracted by ANNs with loose relaxations in the
same set. However, this testing gives a realistic estimate of the expected performance
improvement of the proposed method.

Table 5 shows the wall-clock times for the proposed procedure, and 5 runs with
the conventional approach. Two runs (# 1 and # 4) converge slightly slower than
the proposed method. Another two runs (# 3 and # 5) are between 3 and 6 times
slower. Run # 2, however, does not reach convergence after 1h with a large remaining
relative gap. Overall, the proposed procedure can lead to a large improvement in
computational performance. Also, we observe a large variation in wall-clock times
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Table 5 Influence of proposed ANN training procedure with k = 5. The WF combination R1233zd(E) /
Isobutene is used for demonstration. In the second run (*) of the conventional approach, a time-out occurred
after 1h. At that time, the remaining relative optimality gap of the DGO was 162%

Method Conventional Approach (5 Runs) Proposed Approach

# 1 # 2 # 3 # 4 # 5

Wall-clock Time 106s 1h* 273.98s 95.5s 572.3s 94.5s

Table 6 Comparison of
optimization runs using the two
different TES modeling
approaches for the WF
combination R1233zd(E) /
Isobutene

RS-approach T -approach

Wall-clock time [s] 94.48 5327.11

Iterations [-] 4.15 × 105 2.54 × 106

ε [%] 55.07 55.07

with the conventional approach. It appears that the ANN training can sometimes
(depending on the random initialization) result in a set of ANNs that make the final
CB model much more challenging to optimize. Due to the extreme outlier (run # 2),
we assume that some ANNs of the set have a larger influence on the wall-clock time
than others. If all ANNs had a similar influence, we would expect a tighter distribution
of wall-clock times as the influence of a single outlier ANN would be smoothed out
by the other ANNs.

6.4 Influence of TESmodel formulation

We compare both TES modeling approaches in Table 6. A T -Q-diagram of the TES
for both approaches is shown in Fig. 12. We see that both approaches result in exactly
the same global optimum. However, the RS-approach requires a wall-clock time that
is smaller by a factor of ∼ 56. For both approaches, the global optimum is found
during the initial multistart. Besides the computational advantage, the RS-approach
does not require bounds on the maximum/minimum TES temperature. In a small
subsequent optimization problem, the TES temperatures can be determined based on
the optimal point given by the RS-approach. However, during the optimization of the
CB, information about the TES temperatures is no longer directly available. Thus, the
RS-approach can only be used to optimize for efficiency. Optimizing the TES sizing
requires information such as the storage size and pressure, which are functions of
storage temperatures and storage medium. This information is unavailable during the
optimization with the RS-approach.

7 Conclusion

We used DGO to screen WF combinations for ORC-based CBs with a single high-
temperature TES, considering accurate fluid properties. Even this simple CB layout
allows for RTEs of up to 60%. When limiting the WF selection to non-toxic, low
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Fig. 12 T -Q-diagram of global optimum for both TES modeling approaches. The CB uses the WF combi-
nation R1233zd(E) / Isobutene

ODP, and low GWP WFs, RTEs of up to 55% are possible. To make the DGO of
all 400 WF combinations computationally tractable, we had to make the following
improvements to the model formulation.We proposed a RSmodeling approach for the
TES that enables significant savings in computational timeby replacing twocontinuous
optimization variables by a single binary variable. However, it can only be applied
when storage sizing is not included in the model, as information regarding the TES
is no longer explicitly available during optimization. We observed that McCormick
relaxations of ANNs of similar size and accuracy can vary strongly and have a large
influence on computational performance. Thus, we proposed a new ANN training
procedure that considers the McCormick relaxations and reduces worst-case wall-
clock times compared to a conventional approach. This allowed us to solve all 400
optimization problems to global optimality in less than 24 h, demonstrating that DGO
can be used for such high-level screening tasks if one uses a tailored model. Further,
we demonstrated that without DGO promising WF candidates are overlooked as the
local solver fails in identifying the global optimum.

Alternative process variants that minimize exergy losses can achieve further RTE
improvements. As we already take optimistic assumptions for the efficiency of the
rotating equipment, minimizing the exergy loss of heat transfer to and from the TES is
one of themost promising options. For this, a better match ofWF and TES temperature
profile is required. Options to modify the WF temperature profile include transcritical
operation or the use ofWFmixtures. Previous work of our group has investigated both
of these options for ORCs (Huster et al. 2020b, c). The TES temperature profile can
be modified by allowing for multiple storage tanks (e.g., Steinmann 2014). Also, the
CB investigation can be broadened by considering the use of waste heat as the HP
heat source, the use of a designated cold storage instead of the environment, or the
direct use of thermal energy stored in the TES. Modeling these CB variants can be
done with only minor modifications to the presented work. Expanding the model by
incorporating cost correlations is of high interest for future work. This would enable
DGO of CB design via an economic objective function. The most promisingWF com-
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binations identified in this work should be subjected to such an investigation. Further,
consideration of off-design operation should be included in the process optimization.
Dumont et al. (2020) identify off-design operation as one of the main challenges in CB
development. For ORCs, Langiu et al. (2022) consider multiple ambient temperatures
for the simultaneous optimization of design and operation of an air-cooled ORC. This
work can be extended to the considered CB. The reason for the sometimes loose ANN
relaxations and ways to prevent it (besides our proposed method) need to be further
investigated. While the proposed TES model formulation is very specific to the CB,
it might be applicable to other application within energy engineering. E.g., one could
imagine a process, in which a heat transfer fluid (HTF) is utilized to transfer heat
between an evaporator and a condenser. Generalizing the RS TES model formulation
to other WF and TES temperature profiles besides the ones used in this work, could
also improve the computational tractability of the DGO of more complex CB layouts.

A Appendix

A.1 Optimization variable bounds

For the CB model, we use WF dependent optimization variable bounds. We take the
values used in Huster et al. (2019b) for the bounds on the pressure levels. For the ratio
of mass flows rORC, we first calculate the ratio between average evaporation enthalpy
of HP and ORC WF as a reference value. The lower and upper bound of rORC we
set to 2/3 and 3/2 of this reference respectively. These factors give a good trade-off
between computational performance and the size of the search space.

pHPL ∈ [0.2 bar, 10 bar]

pHPH ∈
[
0.5 bar, 0.8 ∗ pHPcrit

]

pORCL ∈ [0.2 bar, 10 bar]

pORCH ∈
[
0.5 bar, 0.8 ∗ pORCcrit

]

rORC = ṁORC

ṁHP ∈
[
2

3

ΔhHPevap,avg
ΔhORCevap,avg

,
3

2

ΔhHPevap,avg
ΔhORCevap,avg

]

Q̇TES ∈
[
ṁHPΔhHPevap

(
pHPmax

)
,

ṁHP
(
hHPvap

(
pHPmax, Tmax

)
− hHPliq

(
pHPmax, Tamb

))]

ΔhHPrecup ∈
[
0, hHPsat,liq(p

HP
max) − hHPliq (pHPmax, Tamb)

]

ΔhORCrecup ∈
[
0, hORCsat,liq(p

ORC
max ) − hORCliq (pORCmax , Tamb)

]

ΔhHPcomp ∈
[
0, hHPvap(p

HP
max, s

HP
sat,vap(pmin)) − hHPsat,vap(p

HP
min)

]

T-approach:
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Table 7 Influence of adding
compressor enthalpy difference
as additional optimization
variable for the WF combination
R1233zd(E) / Isobutene. The
optimization run without the
additional optimization variable
(*) terminated after 1h with a
remaining relative gap of 22.7%

Wall-clock time # Iterations

RS-Comp 94.5s 415167

RS-Base 1h* 1 560 000

T TES
min ∈ [320K, 450K]

T TES
max ∈ [350K, 520K]

RS-approach:

yTES ∈{0, 1}

A.2 Influence of HP compressor optimization variable

As described in Sect. 4.5, we add the HP compressor enthalpy difference as an addi-
tional optimization variable. Here, we investigate the influence of this variable on
the computational performance. Both model formulations result in the same solution
point. However, they differ in the wall-clock time as shown in Table 7. Without the
additional optimization variable (RS-Base), the optimization terminates after the max-
imum time of 1h. As a drawback, adding it requires setting valid bounds on the new
optimization variable.
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