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ARTICLE INFO ABSTRACT

Keywords: Thermal energy recovery is being investigated by leading aerospace companies as a means to improve the
Heat exchangers efficiency of next-generation propulsion systems. The organic Rankine cycle (ORC) system, due to the flexibility
Design optimization of the concept, is arguably the best technology for waste heat recovery and, thus, a promising solution to

Surrogate model
Organic rankine cycle
Waste heat recovery

develop recuperated engines. In such systems, heat exchangers are arguably the most critical components,
as their design must balance thermal performance with constraints on weight and volume. Consequently,
integrating the optimization of heat exchangers into the overall system design may lead to substantial
performance enhancement compared to more traditional iterative design methods.

The objective of this study was the development of a systematic methodology for optimizing airborne
thermal systems, with a focus on addressing the computational challenges of integrated design. Three design
strategies are compared: (i) optimization of the sole cycle parameters while performing heat exchanger sizing
for values of the geometrical characteristics defined a priori based on a preliminary investigation of the design
space of these components, (ii) concurrent optimization of both the thermodynamic cycle and of the most
critical heat exchanger, e.g., the condenser, and, (iii) use of a data-driven surrogate model of the condenser to
predict the optimal heat exchanger geometry as a function of any feasible thermodynamic conditions to reduce
the number of optimization variables of the integrated design problem. The surrogate model is constructed
based on datasets of Pareto-optimal HX designs in the objective space defined by heat exchanger weight and
pressure drops.

The three design strategies are applied to two case studies featuring supercritical ORC systems utilizing
cyclopentane as the working fluid: a combined cycle auxiliary power unit (CC-APU) and a combined cycle
turboshaft (CC-TS) engine. Findings indicate that integrated optimization yields performance gains that
vary depending on the heat exchanger topology, application, and thermodynamic cycle. For instance, CC-
APU designs obtained with the integrated design optimization method are up to 15% lighter than designs
obtained with the optimization of the thermodynamic cycle parameters alone, for the same net power output.
Microchannel condenser designs with offset strip fins allow for obtaining a better performance than louvered
fin-based designs if a low-pressure drop is targeted, whereas louvered fins are advantageous if a higher pressure
drop is allowed. The design strategy employing the surrogate model considerably reduces the computational
cost, without significantly affecting accuracy: the relative deviation between the Pareto front obtained with
the surrogate model and that obtained with the integrated optimization strategy ranges between 1% and 2.9%.
These values are comparable to the uncertainty of the predictions of the heat exchanger model. The reduction
in computational time required to generate the Pareto fronts associated with the two case studies is up to

200%.
1. Introduction Aero Engines researched a water-enhanced turbofan (WET) concept,
which is designed to utilize residual heat from the engine’s exhaust.
In recent years, there has been a surge in research aimed at de- This system incorporates a steam generator that injects vaporized water
veloping innovative technical solutions to improve the efficiency and into the combustor to reduce NO, emissions [1,2]. Furthermore, the
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Pratt & Whitney HySIITE engine concept [3] is based on the com-
bustion of hydrogen as part of a thermodynamic cycle incorporating
steam injection. Thus, in this case, greenhouse gas emissions could
be reduced. Another promising solution involves the adoption of an
organic Rankine cycle (ORC) waste heat recovery (WHR) unit to har-
vest thermal energy from the gas turbine exhaust and convert it into
additional power [4]. The feasibility and performance of these engine
concepts depend on the optimal design of compact and lightweight heat
exchangers. According to conventional design practices, the prelimi-
nary design of heat exchangers of stationary ORC power plants is based
on specifications prescribed by the results of the thermodynamic cycle
optimization for the specific application. Established design guidelines
provide indications only if the optimal ranges for key variables, such
as minimum temperature difference and allowable pressure drop, are
prescribed [5]. In this case, the techno-economic performance of the
system depends on the weight and size of heat exchangers (HX), while
these factors are not critical for plant technical feasibility. Conversely,
weight and size are crucial for HXs of propulsive applications such as
automotive, marine, and aircraft engines. More specifically, selecting
an appropriate HX topology and determining the optimal geometry are
closely linked to the design of the thermodynamic cycle and imposed
space constraints. For instance, the performance and feasibility of ORC
WHR units depend not only on conversion efficiency — directly tied
to HX effectiveness and thermo-hydraulic performance — but also on
overall system weight and spatial constraints.

Currently, only a few studies document the integrated design of
HXs together with the associated thermodynamic processes of WHR
units. For instance, Lecompte et al. [6] studied the coupling of the
thermodynamic model of an ORC system serving as a bottoming unit of
a stationary gas turbine with a thermo-hydraulic design methodology
for plate heat exchangers. The integrated optimization of the system
and HX specifications (inlet temperatures, mass flow rates, etc.) allows
for the quantification of the trade-off between net power output and
investment cost. Similarly, Chatzopoulou et al. [7] investigated the
off-design performance of a medium power capacity ORC unit recov-
ering thermal energy from stationary internal combustion engines. The
subcritical non-recuperated ORC system was optimized to maximize
the net power output of the combined power plant for both nomi-
nal and off-design operations. The geometrical characteristics of the
HXs and the expander were fixed. The study compared the off-design
performance of the system featuring two different HX and expander
architectures. The optimal design procedures reported in Refs. [6,7]
rely on predefined values of the HX geometric parameters, while weight
and size are not constrained.

The optimization of the HX geometry is crucial for the effec-
tive design of aerospace thermal systems. For instance, Yu et al. [8]
demonstrated that optimizing the precooler of an unconventional air-
breathing engine operating at high Mach number is essential not
only for enhancing performance but also for ensuring the operational
feasibility of the engine. Ascione et al. [9] documented a method for
the design of vapor compression cycle systems in aerospace applications
based on the integrated optimization of the thermodynamic cycle and
the preliminary sizing of the main system components. The proposed
design approach allows for the optimization of the system performance
by simultaneously accounting for component performance and working
fluid characteristics. Results show that more efficient systems are only
possible at the expense of heavier components and that the constraints
on the condenser size impact the system efficiency. The results of this
study also show that the optimal HX size depends on the selected
thermodynamic conditions, working fluid, as well as the targeted figure
of merit for the optimization.

In this context, the work reported here is related to the development
of a computationally efficient methodology to predict the performance
of optimal HXs in the early design phase of aerospace thermal systems.
The performance benefit of the simultaneous optimization of the ther-
modynamic cycle and the most critical HX (the condenser) is assessed.
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Moreover, the procedure is improved from a computational point of
view by replacing the conventional preliminary sizing procedure of the
condenser with a data-driven surrogate model. The target is a reduction
in the degrees of freedom associated with the integrated optimization
procedure, with the consequent decrease in computational time and
complexity of the design problem.

The use of data-driven surrogate models to predict the perfor-
mance of thermodynamic systems or their components is documented
in the literature. Artificial neural networks (ANN) have been used
for estimating the thermal performance of HXs. Common ANN archi-
tectures employed for this purpose include multilayer feed-forward
networks [10], generalized regression neural networks, and adaptive
neuro-fuzzy interface systems [11]. The application of these models
ranges from predicting the overall HX thermal performance to simu-
lating the flow phase change. In particular, Yang et al. [10] developed
a neural network model to predict the performance of fin-and-tube
condensers used in air-cooled systems. A multi-layer perceptron (MLP)
with one hidden layer, also known as a three-layer perceptron, was
trained on a dataset obtained with a first-principle rating model to
predict the refrigerant- and air-side pressure drops, given the HX inlet
conditions. Though the data-driven model predictions show a good
level of accuracy if compared to experimental results, the range of
applicability is very limited, as the HX geometry was fixed in the defini-
tion of the training dataset. Gonzalez et al. [12] developed data-driven
models of a turbocharger and air intake for the dynamic simulation of
the gas exchange process of an internal combustion engine. Two MLPs
with one hidden layer are used to replace the models of the two com-
ponents and predict over time the charge flow and the intake manifold
pressure under varying engine operating conditions. Giuffre’ et al. [13]
reported a methodology to implement a data-driven model of single-
stage centrifugal compressors to facilitate the design optimization of
an electrically driven vapor compression cycle system for aircraft. The
surrogate model of the compressor is based on a MLP trained on a large
synthetic dataset of centrifugal compressor designs. Specifically, two
distinct regression models have been trained to predict the performance
of a compressor design for given geometrical and thermodynamic
specifications. The results demonstrated the computational benefit of
replacing the mean line design procedure of the centrifugal compressor
with a data-driven model, both in terms of the number of objective
function evaluations needed to converge to an optimal solution and
in terms of improved robustness of the system model. However, the
literature currently lacks the documentation of studies about the use
of ANN-based surrogate models to predict the performance of optimal
HXs with size constraints. The development of such models can yield
a significant reduction of the computational cost associated with the
integrated design optimization of a thermodynamic system and its
components.

The main objectives of this study are (i) to quantify the performance
improvements that can be obtained if the HX with the largest influence
on the system performance is optimized together with the thermo-
dynamic cycle and, (ii) to assess the computational cost reduction
associated with using a data-driven surrogate model of optimized HXs
to obtain the same optimal performance that is achieved through an
integrated system-and-HX optimization. This paper is structured as
follows. First, Section 2 introduces two case studies in which a super-
critical ORC system is used as a bottoming cycle to harvest thermal
energy from aerospace-grade gas turbines. The thermodynamic model-
ing of the ORC WHR unit and the HX design methodology are described
in Section 3. Subsequently, the differences between the three system
design approaches investigated in this study are discussed. Then, Sec-
tion 3 details how the HX design method was employed to generate a
dataset of optimized HX geometries for the ORC condenser. This dataset
is then used to train an ANN-based regression model that predicts
sets of Pareto optimal solutions of different condenser topologies over
varying thermodynamic design specifications. The results of the system
optimization employing the surrogate model in place of the detailed
condenser model are reported and discussed in Section 4. Finally, the
main outcomes of the study are summarized in Section 5 together with
an outlook on future developments.



F. Beltrame et al.

International Journal of Heat and Mass Transfer 253 (2025) 127502

<
\JossedeoQ/

Gas Turbine / APU ORC WHR Unit
intake uel Primary HX
X g P—
_/\/\/—<
Combustor

ORC Pump
Turbine

Y

AN~

Condenser
Fan

Fig. 1. Process flow diagram of the CC-APU system concept.

Source: Adapted from Ref. [14].

2. Case studies

The feasibility and advantages of the proposed method over the
conventional approach to system preliminary design are demonstrated
by solving the optimal design problem of an ORC system recovering
thermal energy from aircraft power and propulsion systems.

2.1. CC-APU

The first case study deals with the auxiliary power unit (APU)
of a short-medium range single-aisle aircraft. The APU is equipped
with a bottoming supercritical non-recuperated ORC WHR unit. Fig. 1
shows the process flow diagram of the combined cycle system [14].
The gas turbine is a single-spool turboshaft engine providing power
to a generator and an air compressor. The system operates only when
the aircraft is on the ground. The ambient conditions assumed for
system design correspond to atmospheric pressure and an ambient air
temperature of 40 °C. The temperature and mass flow rate of the hot
exhaust gases flowing through the primary HX are fixed at 847 K and
0.84 kg/s, based on the nominal operating conditions of the APU gas
turbine as reported by [14]. The exhaust gases are discharged to the
ambient after passing through the primary HX of the ORC unit, thus
heating up the working fluid, which is in a supercritical state. The ORC
turbine gross power is converted into electrical power via a dedicated
generator. The output of the system model, which is described in
Section 3.1, includes the net power output of the ORC unit (W orc)
and its mass (Mgrc)- The optimization variables associated with this
thermodynamic system correspond to the degrees of freedom associated
with the cycle configuration, which are the maximum temperature
(Trnax) and minimum temperature (7,,;,) of the working fluid, the max-
imum cycle pressure (P,,), as well as the evaporator and condenser
pinch point temperature differences (47, ., and T}, cnq)-

2.2. CC-TS

The second case study is about the design of a combined cycle
engine powering the fans of the turboelectric ONERA Dragon aircraft
concept [15]. More in detail, the proposed combined-cycle engine
features a non-recuperated two-spool turboshaft engine and a bottom-
ing supercritical ORC unit that harvests thermal energy from the gas
turbine exhaust. Krempus et al. [16] assessed the potential of this
propulsion concept, hereafter named CC-TS, via system simulations.
The combined-cycle engines, whose process flow diagram is reported in

Fig. 2, are placed in dedicated pods positioned aft of the aircraft. They
provide electrical power to the under-the-wing distributed propulsion
system consisting of electrically driven ducted fans. Each engine has
two ram air ducts symmetrically positioned above and below the
midplane housing the condensers of the ORC WHR unit. The thermal
energy rejected to the cold air by the condenser is partially converted
into thrust by accelerating the ram air through a nozzle. The generated
thrust offsets the drag of the ducts [16]. The primary HX is positioned
aft of the gas turbine and transfers thermal energy from the exhaust
gases to the working fluid in a supercritical state. The design point of
the combined-cycle engine corresponds to the cruise condition, which
is defined by a cruise speed of M, = 0.78 and an altitude of 10 km.
The net power that the combined cycle engines must generate (W,,,) is
determined by solving the following thrust-drag balance

M =D — Ty + 7}31)’ @

Vo
where 7, and #,. are the ducted fan propulsive and transmission ef-
ficiencies, D is the aircraft drag, Ty, is the thrust associated with
the ram air duct, T}, is thrust resulting from the discharge of the gas
turbine exhaust gases and v, is the cruise speed. In Eq. (1), (W) is
given by the sum of the net power generated by the turboshaft (W, 1s)
and by the ORC unit (W, orc). A Newton-Raphson gradient-based
solver is employed to solve the equations resulting from coupling the
gas turbine, ORC system, and ram air duct models. The optimization
variables of this system are the five degrees of freedom associated with
the thermodynamic cycle, plus the number of passes of the primary HX
(N p), the condenser tilt angle (9), and the ram air duct intake mass flow
rate ratio (MFR). These three additional design variables have been
included to optimize the main dimensions of the ram air duct and allow
for a wider range of primary HX designs.

3. Methodology: Models and design
3.1. Waste heat recovery unit

The two heat exchangers of the ORC system under consideration are
the primary HX, or supercritical evaporator, which recovers part of the
thermal energy of the exhaust of the gas turbine, and the condenser
which rejects to the ambient the thermal energy required to condense
the working fluid.

The ORC unit is modeled using an in-house tool for on-design ther-
modynamic cycle calculations. The Helmoltz-energy explicit equation
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Fig. 2. Process flow diagram of the CC-TS engine concept.

Source: Adapted from Ref. [16].

of state (HEOS) model implemented in an open source program [17] is
used for thermodynamic property modeling of the ORC working fluid,
while the ideal gas model [18] is adopted for the gas turbine exhaust,
whose mass-specific composition is fixed and assumed to be 74% N2,
15.9% 02, 6.4% CO2, 2.5% H20, 1.2% Ar for both test cases. The
ORC turbine power output Wogc rp 1S calculated assuming a constant
isentropic efficiency of 0.94 [14], a mechanical efficiency of 0.99, and
a generator efficiency of 0.97 for both test cases. The working fluid
is pressurized by a centrifugal pump, whose isentropic efficiency #;
and electromechanical conversion efficiency #,, , are assumed constant
and equal to 0.65 and 0.98, respectively [19]. The electromechanical
conversion efficiency is the product of the mechanical and electrical
motor efficiencies.

While for the CC-TS the ram air flows through the condenser duct
thanks to the dynamic pressure resulting from the aircraft motion, in
the case of the CC-APU the required condenser air mass flow rate s, is
provided by a dedicated fan, driven by electrical power generated by
the ORC turbo-generator. The isentropic efficiency of the electrically
driven fan is assumed to be 0.6, while the electromechanical conversion
efficiency is set equal to 0.98. As a result, the net power output of the
WHR unit W, . is obtained by subtracting the pump and, if present,
the fan power consumption from the turbo-generator power output.

The ORC system mass Mg is estimated as the sum of the mass
of the main ORC system components. The HX mass is an outcome of
the design procedure (see Section 3.2). Assuming that the primary HX
is fully flooded at start-up, the working fluid mass is estimated as the
product of the fluid density at standard ambient conditions times the
volume of the primary HX cold side, augmented by 20% to account
for system piping. The turbo-generator mass is estimated assuming a
specific power of around 5.5 kW/kg, based on the results reported
by Van Der Geest et al. [20]. The same approach is adopted for the
centrifugal pump, whose specific power is assumed to be 4 kW/kg
as documented by Kwak et al. [19]. The balance-of-plant weight is
assumed to be 5% of the overall system mass. This factor is increased
to 10% if the fan and its electric motor are present.

3.2. Heat exchangers

The preliminary design of heat exchangers is a procedure that
consists of finding the heat transfer area that satisfies the heat duty
requirement given the inlet temperature, pressure, and mass flow rate
of both the hot and cold streams. For this task, the in-house software
HeXacode is employed. HeXacode is written in Python and allows for
the sizing, rating, and optimization of heat exchangers as standalone
components or if placed in ram air ducts. Its accuracy has been verified
against the results of a widely adopted commercial software [21]. For

both the heat exchangers of the ORC unit, the gas-side height Y and
width X, which determine the frontal area, are input to the design
routine. The heat exchanger depth Z is instead calculated to meet the
design specifications.

The HX models are based on a discretization of the heat exchanger
in control volumes, or cells, encompassing a portion of the fluids on
each side and the core material acting as a dividing wall. These cells
are characterized by a specific heat duty and may differ in size. The
first guess of the heat transfer area in each cell is estimated to be
proportional to their heat duty. Heat and momentum balance equations
are solved for each cell to calculate the heat transfer area needed
to satisfy the imposed local thermal power load and the associated
pressure drops. The number of discretization cells of the condenser is
set to three, such that the enthalpy drop distribution among the cells
is characterized by only one working fluid phase at a time, e.g., super-
heated vapor, condensing fluid, or subcooled liquid. The enthalpy drop
associated with the control volumes is updated at each iteration based
on the estimated pressure drop to ensure that the fluid phase of the
cell remains the same. In the case of the primary HX, which features
multiple fluid passes in a counter-crossflow arrangement, the number of
cells is set equal to the number of passes, which is a degree of freedom
of the design problem.

In each cell, local heat transfer and pressure drop coefficients are
estimated using specific correlations, depending on the fluid phase and
adopted geometry. These are formulated in nondimensional terms and
listed in Table 1. The local gas side A} and working fluid side Ay,
heat transfer coefficients are used to calculate the overall heat transfer
coefficient of the cell relative to the working fluid area as

-1
n_ [ _Or ! R

O (ns,g i "W> ’ @
in which aj is the ratio between the heat transfer surface compact-
ness of the working fluid side and that of the gas side, 7, is the
surface efficiency, ay is the ratio between the heat transfer area of
the working fluid side and that of the separating wall, and Ry, is the
wall thermal resistance estimated according to the method described
by Ranganayakulu et al. [22]. Thus, the required cell heat transfer area
of the working fluid side is calculated as

n "

Aut = g prarT ®
wf Im

in which Q" is the cell heat duty, 4T,,," is the local mean logarithmic
temperature difference and F” is its correction factor [23]. Note that
F" is lower than unity for any flow arrangement different from the pure
counterflow and depends on the local effectiveness and heat capacity
ratio, except in the case of phase change and negligible pressure drop.



F. Beltrame et al.

@ODOOOO @)]

p
F.4 //////—‘ La

Wm c
P| mrrrrr——

Re + 2 tme

International Journal of Heat and Mass Transfer 253 (2025) 127502

Fig. 3. Sketch of the flat tube microchannels with louvered or offset strip fins.

Table 1 Table 2
List of correlations used in the HX models. Overview of the chosen HX geometry-specific parameters and their bounds.
HX Fluid Property Reference Variable Bounds Parameter Imposed value
Exhaust gas Nu Martin [24] Wy, [mm] 1-2.5 hy [mm] 1.8
Primary HX c, VDI [23, Ch. L1.4] HX AR [-] 0.5-2 fme [ern] (1).2
WF Nu Laminar: A (7]
Shan and Bhatti [25] F, [mm] 6-16 t; [mm] 0.2
Turbulent: . F, [mm] 1.2-4 L, [mm] 09 F,
P
Kang and Chang [26] Louvered fins L, [°] 10-30 -
(supercritical) f Laminar: » [mm] 1.2-3.6 -
Sha]}jl 527’_ Ch. 7] « -] 011 ¢ [mm] 0.2
Turbulent: Offset-strip fins & [-] 0.012-0.037 -
Colebrook-White [23, L1.2] v =] 0.038-0.122 _
Air J Chang and Wang [28]
(Louvered fins) f Chang et al. [29]
Air J Manglik and Bergles [30] . . .
Condenser (Offset-strip fins) f Manglik and Bergles [30] of the 3000 series, characterized by high levels of strength, good
WF Nu Gnielinski [31] formability, and corrosion resistance Kaltra GmbH [35] . While the core
(single phase) f Laminar: height Y and width X of the air side are input to the design routine, the
Shah [27, Ch. 7] heat exchanger depth Z is calculated to meet the design specifications.
Turbulent: In the case of the condenser, the depth is proportional to the number
Colebrook-White [23, L1.2] . . ci1s .
of microchannels of width w,,. within the flat tubes and can be directly
WE . Nu Shah [32] determined from the heat transfer area as
(condensation) dP/dZ Del Col et al. [33]

If this condition occurs, the heat capacity ratio is equal to 0, and it is
possible to demonstrate that F” is equal to 1. Moreover, as the number
of discretization cells increases, the change in temperature in the hot
and cold streams across a cell gets smaller, and the correction factor
tends to unity. The design routine updates the heat transfer area of
each cell until the relative difference in the calculated HX core depth
between two consecutive iterations is smaller than 1%. The output of
the design calculation is the heat exchanger size, total mass, and overall
pressure drops over both fluid sides.

3.2.1. Condenser

Two main topologies are considered for the ORC condenser: (1) flat-
tube microchannel compact heat exchangers with louvered fins, and (2)
flat-tube configurations with offset-strip fins (see Fig. 3). In both cases,
the working fluid flows in small rectangular channels within the flat
tubes, while the air flows through the fins. Both offset and louvered fins
enable high levels of compactness (over 1100 m?/m? [5]) at the expense
of larger pressure drops due to the recurrent breaking of the thermal
boundary layer, which also increases heat transfer performance. These
fin topologies promote small and light HX designs as shown by Guo
et al. [34], and are often used in the automotive and aerospace sectors.
The fin and flat tube thicknesses are both set to 0.2 mm, while the
height of the microchannels &, is set to 1.6 mm. The louver fin
length L, is fixed to 90% of the fin height. These fixed geometry-
specific parameters are chosen based on engineering judgment and
manufacturability considerations. All the other geometric parameters
(see Table 2) are degrees of freedom of the integrated design strategy.
The condenser core material is a manganese-based aluminum alloy

Neells T.(wo. + £..)

p ¥ me mc

Z=tmc+<ZAan>2XY(w tho) )
i=0 mc mc

where T, and 1, are the flat tube pitch and thickness, respectively.
Upon convergence of the design routine, the total weight of the heat
exchanger is estimated by summing the weight of the core and the
weight of the casing. The casing consists of four flat plates enclosing the
HX core and providing structural stability. The weight of the manifolds
is not accounted for.

3.2.2. Primary heat exchanger

The chosen topology for the primary HX consists of a multi-pass
bare-tube bundle where the working fluid circulates inside the tubes,
in a counter-crossflow arrangement with respect to the exhaust gases
(see Fig. 4). A nickel-based alloy named HastelloyX is chosen as the
material of the primary HX core due to its high oxidation resistance
up to 1200 °C and good mechanical properties up to temperatures
greater than the maximum exhaust temperature of aeroengine gas
turbines [36]. The tube outer diameter d, is fixed to 1.8 mm, while
the tube thickness is calculated given the pressure difference between
the working fluid and the exhaust gases, assuming 0.2 mm as the
minimum value. The optimal values of transverse x, and longitudinal
x, pitches between the tubes were determined through a sensitivity
study, in which the preliminary design of the primary HX was repeated
while varying the values of these variables along with the design spec-
ifications of the component. Fig. 5 shows the results of the sensitivity
study in terms of pressure drop on the exhaust gas side, normalized
by the dynamic pressure in this stream at the HX inlet, and the ratio
between the overall core weight and the heat duty. The trends in the
design map indicate that the optimal transverse x, and longitudinal x;
pitches between the tubes are 3 and 1.25 outer diameters, respectively.
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Fig. 5. Effect of the dimensionless circular tube pitches on the hot-side Euler number (Eu, and HX weight over the heat duty M,;/Q for an inline bare tube bundle HX.

These values minimize the hot-side pressure drop while ensuring a
lightweight HX design. As the frontal area of the core is fixed, the heat
transfer area requirement is satisfied by adjusting the depth of the heat
exchanger core, calculated as

Neelts A" x. d
_ wf 7t Yo
Z—dO+X1<§ I'Ol,lnd<m>—l>, (5)

where d, and d; are the outer and inner tube diameters, respectively.
Advantages of bare tube bundles with small tube diameters (<2 mm) in-
clude lighter designs if the working fluid inside the tubes is at medium
to high pressure, easier moisture removal, and lower susceptibility to
fouling than finned topologies. However, tube bundles exposed to cross-
flow are susceptible to flow-induced vibrations, which may compromise
the structural integrity of the HX core if they occur near the tubes’
lowest natural frequency [37]. A solution to this problem is to reduce
the unsupported length of the tubes by positioning ny, structural plates
that constrain the tube oscillations in the radial direction. These plates,
whose thickness is set to 0.5 mm, are evenly distributed along the
length of the tubes (X). The number of plates is such that the maximum
local flow velocity within the tube bundle is at least 1.5 times lower
than the critical velocity u;, estimated according to Gelbe et al. [38]
as

2,2
n-A; E I
pti oy
Uerit = ﬁ m_/thK MDP. (6)
t

In Eq. (6) 4; is the first natural frequency factor of a hinged-hinged
beam with negligible axial tension [39], E is the Young modulus of
the tube material, 7, is the tube moment of inertia considering it filled
with the working fluid, m/ is the mass per unit length of one tube filled
with the working fluid, while MDP and K are two empirical parameters
expressing the mass damping coefficient and the fluid elastic instability
constant. Guidelines for the estimation of these two coefficients are
reported by Pettigrew and Taylor [40] and Schroder and Gelbe [41].
Finally, the total weight of the HX is given by that of the dry core,
together with the weight of the structural stability plates and the casing.

3.3. Design strategies

The thermodynamic specifications and size constraints strongly af-
fect the maximum mass-specific performance and optimal configuration

of aerospace-grade HXs. Three design strategies are employed to opti-
mize two different ORC WHR units that harvest thermal energy from
the exhaust of gas turbines. While for all three design strategies the
primary HX core geometry is fixed, i.e., an inline tube bundle char-
acterized by tube pitches that minimize the gas side pressure drop,
the condenser geometry and model differ depending on the adopted
strategy. In the baseline design strategy, the combined cycle system
design is optimized for two different condenser topologies with fixed
core geometries. The values of these geometrical parameters were
selected based on a preliminary investigation of the design space of
the condenser and choosing a combination of parameters enabling a
trade-off between air-pressure drop and HX weight.

Conversely, in the integrated design strategy, the condenser geom-
etry is simultaneously optimized together with the CC-APU or CC-TS
system design variables. The decision to solely optimize the design of
the condenser, together with the system, stems from its critical effect
on overall system performance. The design variables associated with
each condenser topology vary depending on the selected topology and
can range from 3 to 6 or more. As a consequence, the total number
of design variables increases significantly for each HX whose geometry
is optimized, thus increasing the computational cost associated with
solving the integrated design problem.

The surrogate-model strategy is aimed at demonstrating the benefits
of employing a data-driven surrogate model to predict the optimal
performance of the condenser within the integrated system design opti-
mization framework. In this approach, the conventional condenser siz-
ing model is replaced by a data-driven surrogate model that estimates
the performance of an optimized condenser for given thermodynamic
design specifications. The surrogate model consists of neural networks
trained on datasets of optimized condenser geometries obtained using
the heat exchanger sizing tool described in 3.2.1. The advantage of
this design strategy is a drastic reduction in the computational cost.
The number of design variables associated with a heat exchanger being
replaced by the surrogate model is reduced from any number to always
one, as explained in 3.4.3, regardless of the topology.

The NSGA2 multi-objective optimization algorithm [42] is em-
ployed to obtain a set of Pareto-optimal solutions. The design space
is constrained in all the optimizations to ensure that this is consistent
with the validity range of the surrogate model. The objective functions
are tailored to the specific case study under consideration. For the
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CC-APU design optimization, the primary goals are the minimization
of the ORC system mass Mgy and the maximization of the net
power output, W, orc. Conversely, the CC-TS design optimization
objective is to identify a set of Pareto-optimal solutions that minimize
the thrust-specific fuel consumption TSFC = /T, while simulta-
neously maximizing the mass-specific power generated by the waste
heat recovery unit eggc = Wore/Mogre- The resulting Pareto front is
independent of the aircraft model and mission constraints, providing a
clear representation of the trade-offs between the fuel mass flow rate
and the corresponding mass-specific power of the ORC WHR unit.

3.4. Surrogate model

Fig. 6 shows the flow chart of the proposed methodology to derive a
data-driven surrogate model of an optimally designed heat exchanger.
Each action of the flow chart is described in the following. The first
action consists in generating a database of optimized HX geometries
for a range of process conditions and for each considered HX topology
(Section 3.4.1). The database contains n, number of samples, each
identified by a specific set of thermodynamic specifications, and a set
of Pareto solutions featuring minimum mass My and air-side pressure
drop AP,. After non-dimensionalizing the Pareto fronts in a so-called
fitting space, the data are post-processed by removing outliers and
Pareto fronts whose fit accuracy is too low (i.e., the R2 score is lower
than 0.95) until a dataset suitable for regression analysis is generated
(Section 3.4.2). This dataset is then used to train the surrogate model
in predicting the Pareto front of a heat exchanger topology for a given
set of dimensionless thermodynamic inputs (Section 3.4.3).

3.4.1. Dataset of optimal heat exchanger designs
First, to generate the dataset of optimal HX designs, the values of
geometric parameters that are not optimized, such as the flat tube
height and thickness of the fins and microchannels, need to be spec-
ified. Similarly, the lower x]]“) and upper xg bounds of the optimization
variables must also be defined, see Table 2. These values are normally
chosen based on structural and manufacturability considerations and
the applicability range of the adopted heat transfer coefficient and
friction factor correlations. The multi-objective optimization of the HX
design is subjected to two constraints. The working fluid pressure drop
AP,; cannot exceed 5% of the working fluid side inlet pressure Py ;,,
such that its effect on the performance of the system is negligible.
The value of the depth Z of the HX core, i.e., the flat tube width,
must be larger than 0.025 m, due to manufacturability considerations.
Thus, being xp, the array of geometry-related optimization variables,
the HX design problem can be formulated as the following constrained
multi-objective optimization problem
minimize Mpyx(xp) ; AP.(xp),
APy <005 Pyg i,

Z >0.025m,

subject to

)

xl[“) <xp < xg .

Next, the thermodynamic specifications obtained from the cycle
calculation and required to solve the HX design problem are nondimen-
sionalized to be independent of the HX size, working fluid, and ambient
conditions. These are

TDin = [Pg,im Pw(,im Tg,in’ Tw[,in’ mg! mwﬁ Q] . (8)

Assuming that the working fluid at the outlet of the condenser is
saturated liquid conditions, and that the working fluid side pressure
drop must satisfy Eq. (7), the number of required inputs decreases from
7 to 6, because the specified heat duty can be defined as

Q = mwf (wa(wa,in’ow,in)) - (wa(o-gspwf,in’ Uq = 0)) . (9)
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Table 3
Bounds of the dimensionless variables of the input vector TDi", Eq. (10).
R(‘g,m R P, g Tg Tcnd Bash
Min 600 0.075 0.4 1 1.13 0
Max 1200 0.16 1.01 1.148 1.21 0.2

In most cases, the working fluid pressure losses over desuperheating are
negligible; therefore, the input vector of Eq. (8) can be replaced with
a set of dimensionless inputs that reads

tgdyet
Re. . — _Madret
&I Ty in)Atr

R= ity g /mg

- P,=p,;,/P,

TDm _ ~(g g,m/ gref 10)
Tg = Tg,in/Tg,ref

Teond = Teona/ Thoil

Fy - Tt in—Tcond
dsh — T

cond

where A;, is the HX frontal area, d, is the reference dimension for
the Reynolds number, which for the considered condenser topology is
assumed to be equal to the flat tube height, and T;,; is the boiling
temperature of the working fluid. Moreover, the gas side reference
temperature 7, ..; and pressure P, are chosen to be 0 °C and 1 bar,
respectively. The chosen dimensionless groups are not only valid for
different HX topologies, sizes, and temperatures but also for different
working fluids. Table 3 reports the chosen range for the dimensionless
input quantities in Eq. (10). The upper and lower limits are defined
based on knowledge about the design space of ORC systems for airborne
applications (see Refs. [14,16]).

Note that not all the combinations of the parameters listed in Table
3 generate a valid set of design specifications. The outlet cold stream
temperature must be less than the working fluid outlet condensation
temperature. Thus, it can be demonstrated the input specifications are
constrained by

Awa (Tcnd’ 5dsh) _

T T, + R TonaTooit <0, 11)

= Cl
Crg
in which

Awa(Tcnd’ 5dsh) P‘ >

ra— B f
2¢,, (T P) gre

c;g =c, <TgTref +R
is an estimate of the isobaric specific heat capacity of the gas stream,
i.e., of the cold air in the case of the condenser. The working fluid
enthalpy drop AH; is estimated from Eq. (9). The dataset for each
HX topology is constructed using Latin hypercube sampling to generate
approximately 3000 samples of TD;,. The HX design is optimized only
if the constraint of Eq. (11) is satisfied.

3.4.2. Data reduction

Fig. 7 shows five exemplary sets of Pareto-optimal solutions in
terms of mass and air side pressure drop for flat tube microchannel
condensers with louvered fins. Each Pareto front is associated with a
different set of thermodynamic design specifications, while each point
of a Pareto curve is characterized by a different core geometry. Data
reduction is necessary to (i) facilitate the regression analysis, (ii) make
the optimal designs dimensionally independent of the HX size, and
(iii) identify and remove outliers. More in detail, the reduction of the
number of regression model outputs is achieved by fitting the Pareto
fronts with common basis functions and coefficients that are unique for
each curve. In mathematical form, an arbitrary set of Pareto optimal
solutions { PF} is approximated in a dimensionless plane (%, ) € R? as

=@, c*) , with X, <X < Xnae s (12)
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where ¢ is a fitting basis function, and ¢* are curve-specific coefficients.
The optimal basis function is obtained by testing all the functions of a
predefined set and identifying the one that fits the largest number of
Pareto curves with a coefficient of determination exceeding a specified
threshold. By normalizing the heat exchanger mass and the pressure

Fig. 6. Flowchart of the methodology used to train the HX surrogate model.
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Fig. 8. Pareto fronts in the dimensionless space.

the basis function form
A\
) = <12> +&P (14)
%
is capable of fitting over 90% of the Pareto fronts with R? scores above
95%. The optimal basis function selection depends on both the heat ex-
changer topology and the considered thermodynamic design space. Fig.
8 shows the sets of Pareto-optimal solutions of Fig. 7 in the dimension-
less plane; the solid black lines are the fits of the dimensionless Pareto
curves obtained with Eq. (14). As the accuracy of the basis function
depends on the number of data points used to fit its coefficients, the
Pareto fronts featuring fewer than 6 design points are discarded.

The range of validity of each fitted basis function is determined by
identifying the minimum and maximum Euler number of each curve,
i.e., the minimum and maximum value of the horizontal coordinate
of each Pareto Front. The datasets used to fit the surrogate model,
indicated in the flow chart of Fig. 6 as the regression database, are
constructed by associating to each set of design specifications used to
generate a Pareto front the coefficients ¢* and the two Euler numbers
that define the validity range of the fitted basis function.

3.4.3. Regression methodology

The objective of the surrogate model is to predict the set of Pareto-
optimal solutions given a feasible set of design specifications. It is
constructed by chaining three multi-layer perceptrons (MLP). The first
MLP predicts the maximum and minimum dimensionless gas-side pres-
sure drop, the second MLP predicts the corresponding dimensionless
mass, and the third MLP predicts the coefficients of the basis func-
tion ¢ that best fit the Pareto curves. The benefit of using cascading
perceptrons is the possibility of training simpler yet more specialized
models, which, despite the limited size of the training dataset, can
achieve higher accuracy over multiple dependency structures compared
to one single, more complex regression model. Each MLP comprises
multiple layers of interconnected nodes, including an input layer, one
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Table 4
Hyperparameter range and optimal set for the MLPs that predict the cold-side Euler
number (Eu), the dimensionless core weight (w), and basis function coefficients (c).

Hyperparameter Range MLP (Eu) MLP (w) MLP (c)
Layers 3-4 3 3 3
Hidden nodes 64-320 256 256 256
Regularization strength 105-1072 10-5 104 1074

or more hidden layers, and an output layer. Each connection between
nodes is associated with a weight, and each node within the hidden
layers incorporates activation functions that introduce non-linearity
into the model. This characteristic makes MLP particularly suitable for
strongly nonlinear regression problems. The MLP operates in a feed-
forward manner: the information flows from the input layer through
the hidden layers to the output layer. The training of the network is
conducted using the Adam algorithm [43], a gradient-based optimizer
with adaptive learning rate and momentum term, which leverages
gradients computed via backpropagation [44] to efficiently adjust the
network weights and biases. The accuracy of the regression models
depends on their hyperparameters, which need to be tuned in the
validation procedure. The hyperparameters are defined as parameters
external to the model and whose value cannot be estimated from the
data [45].

Due to the relatively small size of the MLPs, a grid search algorithm
was employed to determine the optimal settings for each network. This
required constructing a multi-layer perceptron for each combination
of the parameters in Table 4, using the open-source Scikit-learn li-
brary [46]. The optimal set of parameters for each MLP is selected as
the one that minimizes the mean squared error (MSE) loss function

Ny
MSE®) = - (5, - 3)* (15)
s i=1
in which 6 is the set of hyperparameters, ng is the number of samples,
and j; is the value estimated with the model.

The choice of input features for each neural network strongly affects
the accuracy of the model. To identify which variables are most suited
for the regression problem, the input vector for each MLP is obtained
by performing a variance-based sensitivity analysis using the first and
second-order Sobol indices [47]. The outcome of this analysis is sum-
marized here. The input vector of the MLP that predicts the minimum
and maximum Euler number of the Pareto front reads

ATy, OQusn AT, ) p
1m,1 Qdsh Im2 (1- Qc?sh) g s g.0ut

Xgy = | Re, - >
Q Tg,in Tg,in Q pg,in

gin > )

(16)

In addition to the dimensionless design variables Re,;,, R, and &,
used to generate the optimal datasets of HX designs, the input vector

of the first perceptron X, includes the gas-side density ratio across the

Pg.out

condenser and two terms that are proportional to the mean log-

arithmic terﬁ%grature difference associated with the two main sections
of the condenser, namely that of the desuperheating section ATj, ; and
that of condensation section AT}, ,. These temperature differences are
estimated as

wa,in - Tcnd - 5(1:1
ATy = — a7
' In |: wa,in - Tc.in. - Q/(mccp) :|
Tcnd - Tc,in (O sth)/(mccp)
Oysh — O
AT, = i as)

1 Tcnd - Tc,in - (sth - Q)/(mccp)
" Topa — T,

cny g.in
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Table 5 Table 6
Accuracy of the three MLP models. Values of baseline condenser geometric parameters.
Topology Output R2 score MPE % MAPE % Parameter Value Units Parameter Value Units
Eu 0.985 0.25 5.31 Wie 1.1 mm L, 2.6 mm
ft-1f w 0.977 -0.77 5.97 AR 1 - a 0.32 -
c 0.991 —-0.30 2.49 F, 9 mm 1) 0.03 -
Eu 0.969 ~0.24 6.85 ) 26 mm v 0.077 -
fit-osf w 0.934 0.29 8.39 La 26
c 0.984 0.81 4.16
Table 7
CC-APU cycle design variables and their corresponding bounds.
These equations imply the assumptions that the specific heat capacity Variables Description (Units) LB us
of the cooling air ¢, is constant and that the pressure drop has a Tonin Minimum ORC temperature (K) 367 379
negligible effect on ;he enthalpy decrease of the condensing fluid T Maximum ORC temperature (K) 317 349
8l X py R i : P/ Pusit Maximum over critical ORC pressure ratio (-) 1.04 1.48
These two temperature differences are used as input features to the AT, Evaporator pinch point AT (K) 10 50
first MLP by rescaling them with the corresponding fraction of thermal AT Condenser pinch point AT (K) 15 50

power exchanged in their corresponding section, i.e., desuperheating
or condensing, and are nondimensionalized with the gas-side inlet
temperature 7, ;.

The predicted Euler numbers are then added to X, together with a
dimensional scaling parameter, namely the heat duty per frontal area

of the HX, to form the input vector of the second MLP

XW = |:XEu > Eumin > Eumax - Eumin:| > (19)

Qo
Afr ’
which predicts the minimum w,;, and maximum w,,,, dimensionless
weight of the Pareto curves.

Similarly, the predicted dimensionless weights are included in the
input vector of the third MLP, which reads

ATlm,l

—_ml (20)
ATlm,Z

Xc = [Rec.in » R, ’ 6dsh ’ % ’ E“min > Wimax = wmin] .
T

The final outputs are the coefficients ¢* of the basis function ¢ which
approximates the shape of the Pareto front in the dimensionless space
for a given HX topology and a given set of design specifications. The
predicted dimensionless Pareto front can then be projected into the
physical space according to Eq. (13) by knowing the HX frontal area,
material density, gas-side inlet conditions, and reference diameter.

If the surrogate model is used to explore the design space of a
HX, the degrees of freedom associated with a given design reduce to
one, namely the dimensionless air side pressure drop AP.", which, in
the case of the condenser, is the metric that influences the overall
system performance the most. However, the use of this parameter is
impractical, as there is no way to know in advance if the value of
a selected dimensionless pressure drop is within the range of values
of the predicted Pareto front. To overcome this problem, an optimal
HX design on the predicted Pareto front is selected by specifying the
normalized optimal Euler number ratio

AP* — Eupy,

Eu* = 21

Eumax - Eumin ’
whose values range between 0 and 1. The lower value indicates a design
that minimizes the pressure drop associated with both sides of the HX
regardless of the weight, while the upper value represents a geometry
that minimizes the HX weight at the cost of high-pressure drops.

3.4.4. Model accuracy

Each MLP model is trained on 85% of the post-processed dataset,
of which 10% is used as a validation set. The remaining 15% is used
to assess the accuracy of the models. Fig. 9 allows for comparing the
prediction of each MLP corresponding to the surrogate model of the flat
tube and louvered fin condenser with the values of the whole dataset:
over 95% of the points are contained in a +15% relative uncertainty
interval. Table 5 reports the accuracy of the three neural networks
that constitute the surrogate model, in terms of mean percentage error
(MPE) and mean absolute percentage error (MAPE).

10

pp.cn

Although the neural network associated with the surrogate model
of the optimal louvered-fins condenser is affected by lower error com-
pared to that of condensers with offset-strip fins, the accuracy of both
surrogate models is deemed satisfactory. For given design specifications
of the condenser, the pressure drop and mass reduction that can be
achieved through design optimization of the geometry are usually
much larger than the uncertainty associated with the predictions of
the surrogate model. Moreover, the uncertainty related to the adopted
friction factor and heat transfer coefficient correlations is of the order of
10%-15%, thus also larger than the uncertainty related to the surrogate
models.

4. Results

This simulation and design optimization method has been applied
to two case studies, namely that of a combined cycle APU and that
of a combined cycle turboshaft aero-engine providing power to an
electrically driven distributed propulsion system. The objectives of this
study are (i) to investigate the performance improvements achievable
by simultaneously optimizing the HX geometry and thermodynamic
cycle for an airborne ORC WHR unit, (ii) to compare two condenser
topologies in terms of minimum weight and air-side pressure drop for
the considered applications, and (iii) to demonstrate the effectiveness of
the proposed surrogate modeling technique for the preliminary design
optimization of aerospace-grade thermal systems.

4.1. CC-APU

The results of the optimizations of the design of the CC-APU WHR
system according to the design strategies highlighted in Section 3.3 are
reported in Fig. 10 for two condenser topologies, namely a flat tube
microchannel condenser equipped with louvered fins (If) or with offset
strip fins (osf). The condenser geometry used in the design strategy # 1
(baseline) is reported in Table 6. These values were selected based on
previous results to enable a feasible design of the condenser across a
wide range of thermodynamic specifications [14]. Table 7 reports the
upper bounds (UB) and lower bounds (LB) of the thermodynamic cycle
design variables considered in all three design strategies.

Fig. 10 displays the Pareto fronts associated with the design of the
ORC system and highlights the relationship between the system net
power W, output and mass Mygc. The net power output is displayed
with negative values for visualization purposes: system designs featur-
ing condensers optimized for low pressure drops are on the leftmost
side of the Pareto front in analogy with the trend of the Pareto fronts
in Fig. 7. Several conclusions can be drawn by comparing the light blue
and black lines of Figs. 10(a) and 10(b).
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Fig. 9. Surrogate model predictions plotted against the values of the dataset for flat tube louvered fins condensers. The dashed lines indicate the +15% uncertainty band.
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Fig. 10. Pareto optimal designs of the CC-APU ORC WHR unit obtained by (i) optimizing the cycle with a fixed condenser geometry (base), (ii) performing an integrated condenser
geometry-and-cycle optimization (full), and (iii) using the optimal condenser surrogate model (SM).

1. For the same net power output, the value of the weight of
the WHR unit designed with a fixed condenser geometry is, on
average, 10%-15% larger than that of a system designed with
the integrated HX design optimization strategy, and this is valid
for both condenser topologies.

2. Offset strip fin condensers enable the design of systems that
feature a higher maximum net power output for similar weight
if compared to systems featuring a condenser with louvered fins.
However, condensers with louvered fins allow for the design
of lighter systems at the cost of larger pressure drops and thus
lower net power output. It follows that, depending on the chosen
trade-off between weight and net power output of the ORC
system, the optimal HX topology changes.

3. The set of Pareto optimal solutions obtained with the condenser
equipped with the offset strip fins covers a wider net power
output and weight range compared to the solutions obtained
with the louvered fins.

These results demonstrate that the optimization of the HX geome-
try together with the thermodynamic cycle, although computationally
more expensive, allows for obtaining preliminary system designs whose
performance is significantly improved with respect to designs obtained
via conventional methods. Moreover, this integrated system design
method allows for exploring a wider design space compared to a design
strategy for which the HX geometry is fixed a priori.

Regarding the accuracy of the surrogate models, it can be observed
that the mean relative deviation between the Pareto front associated

11

with the use of the condenser surrogate model and that associated with
the use of the detailed model is 1.1% and 2.3% for the louvered fins
and offset strip fin condenser topologies, respectively. This metric is
calculated as

Ncp

- 1
€r=N—CPZ

i=0

| Lsm(x;) = Ly ()|

22
Leu(x) 2

in which N¢p is the number of comparison points between the two
curves, Ly, is the linear interpolation of the Pareto front associated
with the integrated system optimization based on detailed models, and
Lgy is the Pareto front associated the integrated system optimization
based on surrogate models. The difference between the black and red
curves in Figs. 10(a) and 10(b) can be considered negligible from an
engineering point of view. This proves that, as fas as this study is
concerned, the surrogate model-based design strategy (SM) can be used
to generate system Pareto fronts that are analogous to the ones obtained
with the integrated optimization strategy employing detailed models,
but at a much lower computational cost, as highlighted in Table 8.

Two factors contribute to the computational time reduction: (1)
the dimensionality of the optimization problem is reduced, namely the
number of optimization variables N, decreases, together with the
population size and number of generations required for the genetic
algorithm to reach convergence; (2) since the surrogate model function
evaluation is two orders of magnitude faster than the evaluation of the
condenser sizing model, the evaluation time of the average objective
function decreases by about 20%.
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Table 8

Computational time of the three design optimization strategies applied to the CC-
APU test case. The optimization computations are performed with an 8-core personal
computer whose processor is an AMD Ryzen 4000.

Design strategy Nopt Population Generations Time /Min
Baseline 5 48 48 16
Detailed (If) 11 80 80 42
Detailed (osf) 10 88 80 45
SM 6 48 48 13

Table 9
Values of the geometric parameters of the condenser used in the baseline design strategy
for the CC-TS case study. The fins are of the louvered type.

Parameter Value Units Parameter Value Units

Wie 1.28 mm F, 1.4 mm

AR 0.66 - L, 29 °

F, 10 mm L, 1.4 mm
Table 10

CC-TS system design variables, excluding those related to the condenser geometry, and
their corresponding bounds.

Variables Description (Units) LB UB
Thin Minimum ORC temperature (K) 353 413
Tax Maximum ORC temperature (K) 520 570
P/ Perit Maximum over critical ORC pressure ratio (-) 1.15 1.45
AT ev Evaporator pinch point AT (K) 60 110
ATpp,cn Condenser pinch point AT (K) 30 90

b Primary HX number of working fluid passes (-) 7 10
MEFR Ram air duct intake mass flow rate ratio (-) 0.45 0.7
[ Condenser inclination angle (°) 50 70

4.2. CC-TS

The results of this design optimization case are reported in terms
of Pareto optimal solutions for minimum TSFC and maximum mass-
specific power of the system. Again, each curve in Fig. 11 corresponds
to the solutions of the multi-objective optimization problem defined by
the design strategies discussed in Section 3.3. The mass-specific power
eore is displayed as negative values to visualize a Pareto type IV distri-
bution in analogy with the condenser Pareto curve. The optimization
calculations have been performed for systems in which the condenser
is a flat tube microchannel heat exchanger with louvered fins, in
analogy to what is documented in the study of Krempus et al. [16].
The geometric parameters of the condenser used for design strategy
#1 (baseline) are selected based on the system optimization results
performed by Krempus et al. [16] and are reported in Table 9.

The range of the optimization variables associated with the ther-
modynamic cycle of the WHR unit is reported in Table 10. Fig. 11
shows the results of the three optimizations in terms of Pareto fronts.
The results show that solutions maximizing the mass-specific power
are characterized by larger specific fuel consumptions. These optimal
design points feature lightweight condensers, which, however, are
characterized by a significant pressure drop over the ram air path and
thus additional drag. As a result, the combined cycle engine power
requirement increases, and with it, the fuel consumption. Moreover,
the thermodynamic cycles associated with designs whose outcome is
lighter systems feature lower cycle efficiency. This effectively reduces
the benefit of harvesting thermal energy from the exhaust gases to
improve the combined cycle efficiency. As a result, for a fixed total
thrust requirement, the fuel consumption decreases as the ORC WHR
units are (i) more effective with respect to thermal energy recovery and
(ii) feature ram air duct designs that cause low additional drag.

Similarly to the CC-APU case study, the application of the integrated
system-HX design optimization method allows for obtaining significant
performance improvement and enables the exploration of a larger
design space. By fixing the ORC condenser geometry, the minimum
TSFC that can be obtained is 12.91 with an ORC unit weighing 0.87 kg
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Fig. 11. Pareto optimal designs of the CC-TS obtained by (i) optimizing the cycle with
a fixed condenser geometry (base), (ii) performing an integrated condenser geometry-
and-cycle optimization with detailed models, and (iii) using the optimal condenser
surrogate model (SM).

Table 11

Computational performance parameters associated with the three design optimization
strategies applied to the CC-TS test case. The optimization calculations were performed
with an 8-core personal computer featuring an AMD Ryzen 4000 processor.

Design strategy Nopt Population Generations Time/Min
Baseline 8 64 48 354
Detailed (If) 13 112 64 724
SM 9 98 48 399

for every kW of net power output. However, if the HX geometry
is allowed to change for every combination of system variables, the
minimum TSFC is 12.85 with a specific power of the ORC unit of
1.04 kW/kg. Furthermore, the results of this case study prove that
the Pareto optimal solutions in terms of system performance obtained
with a standard integrated system optimization are similar to those
obtained with the surrogate model at a much lower computational cost.
More in detail, taking the solution of the detailed system model as a
reference, the mean relative deviation between the two Pareto fronts
is 2.9%. Table 11 reports the size of the population and the number of
generations required to reach convergence for each design strategy. The
average objective function evaluation time is reduced by about 22%,
which is very similar to the improvement in computational efficiency
determined for the CC-APU test case. The overall computational time
associated with the design strategy with the surrogate model is slightly
more than half of the time required with that employing the condenser
sizing model. In the other case study, the total computational time
benefit is more significant due to the larger impact of reducing the
number of optimization variables on the total function evaluations
needed to reach convergence.

5. Conclusions

This work contributes to the definition of a surrogate modeling
methodology for optimal HX designs that can be used in concep-
tual design studies about advanced power and propulsion systems.
This methodology is particularly suitable for airborne thermal systems
whose performance is strongly dependent on the preliminary design
of HXs, as is the case for the applications analyzed in Section 4.
The optimal design of HXs for airborne thermal systems is inherently
conditional on the design of the thermodynamic cycle. It follows that
the maximum performance can be estimated only by means of an in-
tegrated system design optimization method. The computational effort
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of such a method is inherently large due to the large number of design
parameters that need to be treated as system optimization variables.
For the specific case documented here, a data-driven surrogate
model of a condenser was constructed using three chained multi-layer
perceptrons. The neural networks are trained to predict the optimal
design solutions in terms of minimum mass and pressure drop. Two
suitable HX topologies were considered. The dataset used for the train-
ing and validation of the surrogate model was generated by using an
in-house tool for the preliminary design and rating of heat exchangers.
The design strategy relying on the surrogate model was applied to
perform the preliminary design optimization of a bottoming ORC unit
that harvests thermal energy from the exhaust gases of a gas turbine
aeroengine. The first case study considers a combined cycle power plant
as an auxiliary power unit of a passenger aircraft, while the second test
case is about a combined cycle turboshaft engine providing electrical
power to the distributed propulsion system of a passenger aircraft.
The following conclusions are therefore drawn:

» Performance gains associated with the integrated optimization
method vary depending on HX topology, application, and ther-
modynamic cycle. For instance, the integrated optimization of the
combined-cycle auxiliary power unit (CC-APU) results in designs
of systems that are 10—15% lighter than the benchmark design
for the same net power output. Moreover, the microchannel con-
denser equipped with offset strip fins features lower weight than
its louvered fins counterpart for high net power outputs of the
ORC unit, while the adoption of louvered fins allows for obtaining
lighter system designs if higher pressure drops in the cooling air
stream are acceptable. This demonstrates that the optimal HX
topology depends on the system design specifications. Finally,
the results of the combined-cycle turboshaft (CC-TS) case study
highlight how the integrated optimization allows for obtaining
a much wider range of feasible system designs compared to an
optimization method for which the condenser geometry is fixed a
priori.

The proposed methodology to develop a surrogate model for the
prediction of the optimal design space of a HX has proven to
be effective. The use of the surrogate model enables a reduction
of the computational cost of the solution of an optimal system
design problem without compromising model accuracy. The aver-
age deviations between the Pareto fronts associated with system
designs obtained with the condenser surrogate model and the
ones obtained with the detailed HX model range from 1% to
2.9% depending on the case study and condenser topology. The
match between the results of the integrated and surrogate model-
based optimizations is deemed satisfactory as these deviations
are within the uncertainty range of the models. Furthermore,
the results indicate that the accuracy of the surrogate model is
comparable to that of the preliminary design tool, regardless of
the HX topology, although its predictive capabilities are affected
by the limited dataset size.

The benefit derived from the integrated system optimization ap-
proach is larger than the uncertainty of the surrogate model, and
the computational time reduction is significant. More in detail,
in addition to a decrease of ~ 20% of the time to evaluate the
objective function due to the surrogate model (its evaluation
time is two orders of magnitude shorter than that of the detailed
model), the total number of function evaluations required to
reach convergence decreases significantly. This occurs because
replacing the HX sizing model with the surrogate model reduces
the number of optimization variables associated with the HX
geometry, thus included in the system design vector, to just one,
regardless of the HX topology. For the analyzed test cases, this
variable is the normalized optimal dimensionless pressure drop
over the cooling air side. The replacement of more HX sizing
models with data-driven surrogate models is expected to further
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increase the advantage in terms of computational time at the
cost of increasing the uncertainty of the results. It is thus recom-
mended to use the surrogate model in place of the sizing model
for preliminary design assessments in case (i) the geometries
of heat exchangers are complex, thus the number of geometric
parameters to optimize is large, and (ii) the HX design has a
significant effect on system performance.

The predictive capabilities of the developed surrogate model are
limited by the size of the training dataset and the range of design
specifications considered for its generation. To increase the validity
range and accuracy of the model, future work should thus focus on the
generation of a larger dataset for the training of the surrogate model,
including different working fluids. Furthermore, the surrogate model
could be extended to deal simultaneously with multiple HX topologies.
This would eliminate the need to repeat the integrated system and
component design optimization for each HX topology.
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