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Abstract

Fuel-cell flying vehicles suffer from limited endurance, while ammonia, decomposed on-
board to supply hydrogen, offers a carbon-free, high-density solution to extend flight mis-
sions. However, the system’s performance is governed by a multi-scale coupling between
propulsion and control systems. To this end, this paper introduces a novel optimization
paradigm, termed physics-informed gradient-enhanced multi-objective optimization (PI-
GEMO), to simultaneously optimize the ammonia decomposition unit (ADU) catalyst
composition, powertrain sizing, and flight control parameters. The PI-GEMO framework
leverages a physics-informed neural network (PINN) as a differentiable surrogate model,
which is trained not only on sparse simulation data but also on the governing differential
equations of the system. This enables the use of analytical gradient information extracted
from the trained PINN via automatic differentiation to intelligently guide the evolutionary
search process. A comprehensive case study on a flying vehicle demonstrates that the PI-
GEMO framework not only discovers a superior set of Pareto-optimal solutions compared
to traditional methods but also critically ensures the physical plausibility of the results.

Keywords: physics-informed optimization; system coupling; fuel-cell flying vehicle; gradient-
enhanced search; Pareto-optimal solutions

1. Introduction

The advent of flying vehicles signals a potential paradigm shift in urban and regional
transportation, promising to alleviate terrestrial traffic congestion, accelerate logistics, and
enable a host of novel aerial services [1]. Despite significant progress in aerodynamics,
materials science, and autonomous control, the widespread deployment of flying vehicles
is fundamentally constrained by a persistent and critical challenge: the design of the high-
energy-density propulsion system. The current state-of-the-art energy source for electric
vertical take-off and landing (eVTOL) and flying vehicles, the lithium-ion battery, possesses
a gravimetric energy density [2]. While sufficient for short-duration flights, this value falls
dramatically short of the estimated 1000-1200 Wh/kg required for missions of commercially
viable range and payload capacity [3]. The energy-intensive takeoff and hover phases of
flight rapidly deplete stored energy, relegating most current designs to intracity operations
and limiting their economic feasibility. Furthermore, issues of long charging times and
battery degradation over cycle life present additional significant barriers to the scaling pf
flying vehicle operations [4].

In response to the limitations of battery-only propulsion, the research community has
begun exploring alternative energy vectors to extend the operational envelope of electric
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aviation. Gaseous hydrogen, when used in conjunction with a proton-exchange mem-
brane fuel cell (PEMFC), offers an exceptional gravimetric energy density (33.3 kWh/kg,
LHYV), far exceeding that of batteries [5]. PEMFC is superior in terms of of cleanliness,
with low noise and high energy density, and is considered the preferred energy source
for transportation vehicles [6]. However, the limited lifespan of PEMEFC still hinders its
commercialization. Specifically, fuel cells experience a gradual decline in performance
during long-term operation. Performance degradation not only affects the efficiency and
output power of fuel cells but also shortens their service life and increases maintenance
and replacement costs [7]. Moreover, their practical application in mass-sensitive aerial
vehicles is severely hampered by their extremely low volumetric density. Storing hydrogen
onboard requires either heavy, high-pressure composite tanks (e.g., 700 bar) or complex and
energy-intensive cryogenic liquid storage systems [8]. Amidst these competing technolo-
gies, ammonia (NH3) has emerged as a highly compelling carbon-free hydrogen carrier
and energy vector for propulsion applications [9]. As a molecule, ammonia possesses
a high gravimetric (17.6 wt%) and exceptional volumetric hydrogen density, enabling it
to be stored as a liquid at moderate pressures [10]. Moreover, ammonia benefits from a
well-established global infrastructure for its production, transportation, and storage, which
could be adapted to support a future energy economy [11]. However, the transition from a
conceptual powertrain to a functional, optimized system for an eVTOL introduces a design
challenge of formidable complexity.

An ammonia-powered aerial vehicle is not merely a collection of components but a
deeply integrated, multi-physics system characterized by strong, bidirectional couplings
across multiple domains and scales [12]. A critical chemical-thermal coupling exists be-
tween the ammonia decomposition unit (ADU) and the PEMFC [13]. The catalytic decom-
position of ammonia is an endothermic process, requiring a continuous heat supply to
maintain the catalyst at its optimal operating temperature (typically >400 °C) [14]. The
performance of the catalyst is a non-linear function of temperature, which, in turn, depends
on the power output and, thus, the efficiency of the fuel cell [15]. Furthermore, a tight
power-dynamic coupling links the powertrain’s output to the vehicle’s flight mechanics.
Moreover, the control strategy for the vehicle’s flight path directly dictates this power
profile, meaning the controller’s design parameters are intrinsically linked to the energy
consumption of the powertrain [16]. In addition, for an aerial application, a pervasive
mass-performance coupling dominates the entire design. Unlike ground vehicles, where
mass is a secondary consideration [17], components such as the ADU reactor, the PEMFC
stack, the motors, and the battery pack contribute directly to the gross takeoff mass [18].
Addressing such a tightly coupled system necessitates a holistic, co-design optimization
approach [19]. Traditional sequential design methodologies, where the powertrain is first
optimized for a static power profile and a flight controller is subsequently designed for the
resulting hardware, are inadequate, as they fail to capture the critical feedback loops be-
tween the subsystems [20]. A feasible co-design approach should simultaneously optimize
variables from all domains: microscopic catalyst composition in the ADU, macroscopic
sizing of the PEMFC and battery, and control-law parameters for the flight management
system. Direct optimization using high-fidelity models is therefore computationally in-
tractable, often requiring years of compute time. This computational barrier necessitates
the use of surrogate models—computationally cheap mathematical approximations of the
high-fidelity model [21].

One prevailing paradigm in engineering design optimization is the use of data-driven
surrogate models. Techniques such as Gaussian processes, polynomial chaos expansion,
and standard artificial neural networks have been widely employed [22]. These methods
function by learning a statistical mapping from input design parameters to output per-
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formance metrics based on a limited set of high-fidelity data points [23]. While effective
in many contexts, their application to complex, safety-critical systems like flying vehicles
reveals a fundamental flaw [24]. As black-box models, they possess no intrinsic knowledge
of the underlying physics governing the system [25]. To overcome this critical limitation, a
paradigm shift in surrogate modeling is required, moving from purely data-driven meth-
ods to those that are physics-informed. Physics-informed neural networks (PINNs) have
recently emerged as a powerful tool for this purpose [26]. A PINN is a neural network that
is trained to minimize a composite loss function. This function includes not only the con-
ventional data-misfit term but also a physics-based residual term that penalizes deviations
from the system’s governing ordinary or partial differential equations [27]. This physics loss
acts as a powerful, continuous form of regularization, constraining the network’s output to
lie on the manifold of physically admissible solutions [28]. While the adoption of a PINN
as a surrogate represents a significant advancement, this paper argues that its full potential
is unlocked only when its unique properties are leveraged to innovate the optimization
algorithm itself [29]. A trained PINN is not just a fast and accurate calculator but a fully
differentiable, analytical representation of the complex input-output relationship of the
system [30]. This differentiability, enabled by the automatic differentiation capabilities
inherent in modern deep learning frameworks, allows for the instantaneous and precise
computation of the gradient of any performance metric with respect to any design parame-
ter [31]. However, it is crucial to acknowledge that the “physical plausibility” enforced by a
PINN is inherently limited by the completeness of the governing equations. Unmodeled
physical phenomena, such as long-term catalyst sintering deactivation or complex fuel-cell
water management dynamics, represent a challenge that requires explicit declaration of the
model’s boundary conditions and scope [32].

This work aims to fill this methodological gap by proposing a novel optimization
framework that deeply integrates the differentiable nature of PINNs into the search process.
This paper introduces physics-informed gradient-enhanced multi-objective (PI-GEMO)
optimization, a new class of hybrid intelligent optimization designed explicitly for complex,
multi-physics engineering systems. PI-GEMO synergistically fuses two distinct search
strategies within a single evolutionary loop. It retains the powerful, gradient-free global
exploration operators of traditional genetic algorithms to ensure population diversity and
prevent premature convergence. Critically, it introduces a novel gradient-guided local
search operator that uses the analytical gradients extracted from the PINN to perform
efficient, multi-objective gradient descent on promising candidate solutions, rapidly pro-
pelling them towards the true Pareto-optimal front. The main contributions of this paper
include the following: (1) A high-fidelity, multi-physics dynamic model of an ammonia-
powered fuel cell flying vehicle is developed, capturing the tight couplings between the
chemical, thermal, electrical, and aerodynamic domains. (2) PI-GEMO leverages a differ-
entiable PINN surrogate to create a hybrid algorithm that synergizes gradient-free global
exploration with gradient-based local search for enhanced efficiency and precision. (3) Com-
prehensive tests demonstrate the application of the proposed PI-GEMO, with comparisons
with conventional approaches, and provide critical insights into the co-design trade-offs of
propulsion and control systems for flying vehicles.

The remainder of this paper is organized as follows: Section 2 describes the fly-
ing vehicle powertrain model and control system. Section 3 formulates the proposed
physics-informed co-optimization methodology. Section 4 discusses the results of coupled
optimization. Conclusions are summarized in Section 5.
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2. Flying Vehicle System Modeling

This section details the high-fidelity, multi-physics dynamic model of an ammonia-
powered flying vehicle. The hybrid electric flying vehicle investigated in this study adopts
a hexacopter configuration, driven by six independent electric motors. The propulsion
system is supported by a dual-fuel-cell architecture, in which two PEMFC stacks operate
in parallel to provide a stable and continuous power supply throughout the flight, which
can be seen in Figure 1. The high-fidelity model serves a dual purpose: it is used to
generate the sparse dataset for training of the surrogate model; in addition, its governing
equations are embedded directly into the PINN’s loss function to ensure the predictions
adhere to physical laws. The model is decomposed into interconnected sub-models for
the vehicle power demand, the ammonia-hydrogen propulsion system, and the power
management system.

|

I

Figure 1. Drivetrain and powertrain configuration of the flying vehicle.

2.1. Vehicle Power Demand Model

To accurately quantify the instantaneous power required for flight, a quasi-steady-state
aerodynamic model is employed, which captures both vertical and horizontal components
of rotor power. Figure 2 depicts a schematic of the flying vehicle. The total rotor power
demand (Pje;an4) is the sum of its vertical (Py) and horizontal (Py) components, which
depend on the effective vertical (v,) and horizontal (vy,) flight velocities:

Pdemund(t) = PV(t) + PH(t)
Uy = Upjy SING 1)

V) = Uyjr COS P

Figure 2. Quasi-steady-state dynamics model of the flying vehicle, showing forces and velocity
components. The colored arrows refer to the forces and the dashed black lines refer to the axles.

The vertical component (Py) reflects the balance between thrust and gravity during
climbing or descent. Following rotorcraft theory [33], it can be expressed as follows:



Electronics 2025, 14, 4150

50f 25

o+ L 02+ pzflfz, climbing
Py = : 2)

mg., _mg [.o _ 2mg ;
> U0 — 54 /05 prRE descending

where p is air density and Ry is the rotor radius.

The horizontal component (Py) represents the power required to overcome parasitic
drag (Pp) and lift-induced effects (P;). These components are calculated based on aero-
dynamic principles, where the induced inflow ratio (¢) is found by implicitly solving a
momentum theory equation [33]:

Py =Pp+ P
P; = mgwRop )
Y is solved from: 2pnw2R‘é¢<leg0)2 Y2 —mg=0

where Cp ; is the parasitic drag coefficient, N; is the number of blades, ¢, is the blade
chord length, C;; is the blade-profile drag coefficient, and w is rotor angular velocity.
This quasi-steady-state approach is adopted to ensure the optimization problem remains
computationally tractable, though we acknowledge it does not capture high-frequency
transient effects such as gust disturbances.

2.2. Ammonia—Hydrogen Propulsion System

The propulsion system generates the required electrical power by converting chemical
energy from ammonia. It consists of a catalytic ADU and a PEMFC stack, which are
benchmarked and calibrated against experimental data from authoritative literature and
manufacturer datasheets. It is critical to note that the high-temperature ADU and the
low-temperature PEMFC are thermally decoupled systems. The ADU’s catalyst bed is
maintained at its high operating temperature (>400 °C) via an integrated electrical heater,
while the PEMFC stack operates within its optimal lower temperature range (60-80 °C)
using a separate liquid cooling loop. The mass of the ADU reactor, including the necessary
high-temperature insulation, is accounted for in the overall system mass model.

2.2.1. Ammonia Decomposition Unit

The design and performance model of the ammonia decomposition unit is central to the
entire propulsion system, whose structure can be found in Figure 3. The core of the system is
a multi-catalyst reactor, where the key design variables for optimization are the composition,
cost, and selection of catalysts. The performance maps and kinetic parameters used in
this model were benchmarked against a comprehensive set of experimental data from
authoritative literature to ensure physical fidelity. The unit costs for precious metals are
based on the average market prices over a recent three-year period (2022-2024), referenced
from major commodity market indices like the London Metal Exchange (LME), to provide a
stable economic baseline. We acknowledge that this model simplifies costs by not including
detailed carrier processing expenses or end-of-life degradation costs; these factors are noted
as important considerations for future, more detailed techno-economic analyses.
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Figure 3. Schematic diagram of the physical structure of the ADU.

Catalyst Selection and Performance Characterization

The ADU'’s efficacy is fundamentally dictated by the judicious selection of its catalysts.
The detailed properties and costs, summarized in Tables 1 and 2 respectively, are collated
from a comprehensive review of recent experimental literature and manufacturer specifica-
tions. While the cited data provide a strong basis for our optimization, it is acknowledged
that catalyst performance and precious metal costs can vary; the robustness of our final
design choices to such uncertainties was confirmed via the sensitivity analysis presented
in Section 4.3. In the ammonia decomposition reaction, the catalyst’s role is to lower the
activation energy required to break the strong N-H bonds. The detailed properties are
summarized in Table 1 for specifications and Table 2 for costs [4]. These catalysts, rang-
ing from precious metal-based to non-precious metal-based, exhibit diverse performance
characteristics in terms of activity, stability, and cost [34].

Table 1. Catalyst specifications with values of main parameters [4,35].

No Catalyst Temp GHSV X «
' (A-E/F/G-X/Y) (@) (mL/g/h) (%) (wlw%)

A « 400-500 15,000 84-100 5
B « 400-500 36,000 40-84 7.8
C « 400-500 30,000 10-65 100
D « 400-500 7200 17-100 100
E « 400-500 30,000 18-72.4 60
F « 400-500 13,800 (Ar:NH3 = 1.3:1) 14-95 10
G « 400-500 13,800 (Ar:NH3 =1.3:1) 77-100 2
H « 400-500 6000 9-73.8 34.7
I « 400-500 18,000 32-65 4.8
J « 400-500 15,000 49.7-99.2 2.74

The central performance metric is the ammonia conversion efficiency (#¢onv), which is a
complex function of operating temperature (T 4py;), the specific catalyst mixture (pcqt), and
the gas hourly space velocity (GHSV) [36], which greatly simplifies the model, although
it may understate rapid transient dynamics, which can be ignored in this work for the
systematic design of the powertrain. GHSV is defined as the ratio of the volumetric
ammonia flow rate (VNHS) to the catalyst volume (V). These relationships are captured
by the following equations:

GHSV = /s
cat

4)
Heonv = fmap,cat(Pcatr Tapu, GHSV)
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where the conversion efficiency is determined based on multi-dimensional lookup tables
derived from empirical data and p.s is a key set of decision variables in the optimiza-
tion problem.

Catalyst Cost Model

The cost of the catalyst bed is a critical objective function in the optimization. The total
cost is calculated based on the mass fraction (o4,;) and unit cost (P, ;) of each constituent
component, including promoters, active materials, and supports:

N,
Ccat,totul = Mcat,total Zj:cbit Pcat,i * Pcat,i 5)
Pcat,i = Ppronro + PactWacer + Psupwsup

where m4 10141 is the total catalyst mass and, in the second equation, P and W represent
the unit cost and mass fraction of the promoter, active component, and support material.

Table 2. Costs of catalyst with components [4,37].

No Catalysts o B 0% Cost Cost
' (A-E/F/IG-X/Y) (wlw%) (CNY/g)  (w/w%)  (CNY/g)  (CNY/g)

A o 1.38 (8 =3.62) 9.07 95 1134.83 66.63
B o 7.8 55.54 92.2 33.92 53.85
C % 100 - 0 13.36 13.36
D % 100 - 0 5.44 5.44
E o 60 45.13 40 2.39 19.49
F % 10 2.39 90 45.13 6.66
G 1% 2 2.39 98 1134.83 25.04
H o 34.7 10.55 65.3 0.57 7.09
I % 4.8 5.78 95.2 1134.83 59.97
J % 2.8 2.39 97.2 180.6 7.38

Quasi-Steady-State Thermal Model

A quasi-steady-state thermal model is adopted for the ADU, assuming the temperature
control system maintains a constant setpoint (T.;). Under this assumption, the instanta-
neous electrical power required by the heater (Pj.us,(t)) must balance the heat consumed
by the endothermic reaction (Qreqct(t)) and the heat lost to the environment (Qjoss(#))-
This power balance represents a direct electrical load on the battery and is governed by
the following:

Pheater(t) = Qreact(t) + Qloss(t)
Qreact(t) = mNHg,(t) : ﬂconv(t) : AHdec (6)
Qloss(t) = Neono (Uuir)Asurf(Tset — Tamp)

This quasi-steady-state model provides a robust and physically grounded mapping
from the required hydrogen production rate to the necessary electrical heating power,
forming a self-consistent and differentiable component model suitable for integration into
the PINN framework.

2.2.2. Proton-Exchange Membrane Fuel-Cell System

To provide a detailed physical basis for the PINN, a high-fidelity, semi-empirical
electrochemical model is employed instead of a simplified efficiency map. The model
calculates the stack voltage by subtracting the primary irreversible voltage losses from the
ideal thermodynamic potential (Nernst voltage). The output voltage of the fuel-cell stack
(Vistack), which consists of N individual cells connected in series, is given by the following
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set of equations, which includes the Nernst voltage (Enernst) and the voltage losses due to
activation (Vjt), ohmic resistance (Vypm), and reactant concentration (Veonc):

Vstack(t) = Ncell(Enernst(t) - VaCt(t) - Vohm(t) - VCOI\C(t))

Enernst = 1229~ 0.85 x 10~ (T — 298.15) + 4.308 x 10Ty [In(pi,) + 4 In(po, )]
Vact = €1 + 62 Trc + §3Trc In(Co, ) + C4Trc In(i)

Veone = —Bln(l - i)

(7)

(1) Ohmic polarization (Vonm), is the voltage drop due to resistance to the flow of
protons through the polymer electrolyte membrane and electrons through the electrodes
and current collectors. It is governed by Ohm’s law. The membrane’s proton conductivity
(o) is highly dependent on its water content (A,;) and temperature:

Vohm:i'Rohm:i'(%
o = (0.005139A,, — 0.00326) exp 1268 (5t — 7 )| ®
FC

(2) The fuel-cell temperature (Trc) is a critical state variable that influences all polariza-
tion losses. Its dynamic behavior is governed by the first law of thermodynamics, balancing
heat generation and heat dissipation. The heat generation rate (Qgen) is the total chemical
energy released minus the electrical work done, and heat dissipation (Qgiss) primarily
occurs through the coolant loop:

mFCCp,FCdz;% = Qgen(t) - Qdiss(t)
Qgen(t) = stack(t) (Ncell% - Vstack(t)> )

Qdiss (t) = QFC,waste ( t) = mcoolantcp,coolant ( Tcoolant,out - Tcoolant,in)

This set of coupled, non-linear equations forms the high-fidelity physical model of the
PEMFC, providing a detailed basis for the PINN’s physics loss function.

2.2.3. Battery Model and Energy Management System

The battery pack is modeled using a zero-order Rint equivalent circuit model, a neces-
sary trade-off for maintaining computational tractability at the mission-level optimization
stage. The battery current () is calculated according the battery power (Py,;(t)), and the
state of charge (SOC) is then updated using the ampere-hour integration method. These
two dynamics are described by the following coupled equations:

_ Yoc(SOC) —/ Vo (SOC)2—4Ryy Prat (1)
Ibat(t) - 2R;u¢ (10)
d4(SOC) Tpat (1)
dat Cbat,mted

where the open-circuit voltage (V,.) and internal resistance (R;,;) are functions of the SOC
and are determined from lookup tables, as shown in Figure 4. The internal resistance also
depends on whether the battery is charging or discharging. Cp 404 is the rated capacity of
the battery in ampere-hours.

The HEVTOL in this paper is equipped with the adaptive equivalent consumption
minimization strategy (A-ECMS) for its energy management. A-ECMS is an optimization-
based control method that minimizes fuel consumption by converting electrical energy
into an equivalent fuel cost using an equivalence factor (EF), denoted by A. The goal is
to find the optimal battery power output (P,,;) at each moment to meet the total power
demand (Ppr).
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Figure 4. Battery characteristics as a function of SOC and temperature during during charging (a)
and discharging (b).

The core of the strategy is to minimize an instantaneous cost function, the Hamiltonian,
which represents the total equivalent fuel rate. This rate is the sum of the engine’s actual
fuel consumption (ritge;) and the equivalent fuel consumption of the battery power. To
ensure the battery’s SOC tracks a reference value (SOC,), the equivalence factor is made
adaptive. A proportional-integral (PI) controller dynamically updates the EF at each time
step (A¢) based on the SOC deviation.

The entire A-ECMS optimization problem, which aims to minimize the cumulative
equivalent fuel consumption over a mission, can be summarized as follows [38]:

e . t .
Minimize | = ftgf (mfuel(PICE) + LI/}I—‘VPbaO dt

Pbat
where At = Ao+ Kp(SOC — SOCyef) + K; [(SOC — SOCref) dT (11)
Subject to  Ppa + Picg = Ppr. and other physical limits (e.g., SOCin, Pn*)

In this unified framework, the objective is to minimize the total equivalent fuel burn
(J). The adaptive mechanism is the PI controller that updates A;. The primary constraint is
that the power from the battery and the engine (Picg) must meet the total demand (Ppr).
The key control parameters to be optimized are the initial equivalence factor (Ap) and the
PI gains (K, and K;).

2.3. Power-Source State-of-Health Model

The durability of the power source in heavy-duty fuel-cell vehicles is crucial, as power
fluctuations during operation significantly affect the lifespan of both the fuel cell and
the power battery. To quantify their degradation, this section establishes semi-empirical
state-of-health (SOH) models for both components.

2.3.1. Fuel-Cell SOH Model

The performance degradation of a fuel cell primarily stems from material aging and
improper operating conditions. Key accelerated aging conditions include start-stops, load
fluctuations, low-power operation, and high-power operation. The SOH degradation
amount (ASOHpc) can be evaluated by the following equation [39]:

ASOHpc = Yeor(Gsstss + Cictie + Sty + Cnitnr) (12)

where ¢, is the correction coefficient; Css, ¢, Gj;, and ¢y, are the degradation rates corre-
sponding to start-stop, load change, low-power, and high-power conditions, respectively;
ngs and nj. are the number of start-stops and load changes, respectively; and t;; and ¢}, are
the operating times under low and high power, respectively. The values for each parameter
are shown in Table 3.
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Table 3. Parameters for the fuel-cell degradation model [39].

Parameter and Symbol Value and Unit
Correction coefficient (pcor) 1.47
Start-stop decay rate ((ss) 0.00196%/ cycle
Load-change decay rate (g;.) 0.0000593%/ cycle
Low-load decay rate (j;) 0.00126%/h
High-load decay rate () 0.00147%/h

2.3.2. Battery SOH Model

Frequent charging/discharging and extreme temperatures accelerate battery aging. A
semi-empirical model for its capacity loss (Qﬁfsts) is expressed as follows, where the « and j3
coefficients depend on the current state of charge (SOC):

~31700-163.31c =1287.6, B = 6356.3 if SOC < 0.45
QU = (a-SOC+B)e Fm AR’ where{ P 1 _ (13)

foss a =1385.5, p = 41932 if SOC > 0.45
where I, is the charge/discharge rate, Ty,; is the battery temperature, Ah is the ampere-hour
throughput, and R is the molar gas constant.
To account for the difference between actual and nominal operating conditions, a

severity factor (0y,) is introduced, and the effective ampere-hour throughput (Ah,y) is
defined as follows:

L
~ Thom _ Jo ' | Tnom |dt
real fOLb“t |It|dt

.tf
Ay = | ol (14

The end of the battery’s life is defined as occurring when its capacity degrades to 80%.
At this point, the total life-cycle ampere-hour throughput (I';9) can be calculated using
Equation (6) under nominal parameters (IS, = 2.5,SOCyom = 35%, and T5%, = 25 °C).

Finally, the SOH degradation of the battery can be expressed as the ratio of the effective
ampere-hour throughput to the total throughput:

Aheff

ASOHbﬂt == FZO

(15)

3. The PI-GEMO Optimization Framework

To solve the complex co-design problem defined by the tightly coupled, multi-physics
model presented in Section 2, a novel optimization framework is proposed, as shown in
Figure 5. The inherent conflict between the maximization of flight endurance and the
minimization of system mass, coupled with a high-dimensional design space and com-
putationally expensive simulations, necessitates a specialized approach. This section first
formulates the co-design task as a multi-objective optimization problem (MOP). Subse-
quently, it details the architecture of our proposed PI-GEMO, a framework designed to
synergize the global search capabilities of evolutionary algorithms with the efficiency of
gradient-based methods, enabled by a bespoke physics-informed surrogate model.

3.1. Problem Formulation

This study focuses on the co-optimization of the ammonia—electric propulsion sys-
tem’s component sizing and the ADU’s catalyst design. Let the optimization parameters
collectively form a decision vector (x € RN). We aim to simultaneously minimize three
conflicting objectives under the real-world driving scenarios shown in Figure 6. The ob-
jectives include the hydrogen consumption (J,.1), the power-source degradation (Json),
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and the total powertrain cost J.ost. Combining the objectives, variables, and constraints, the
co-design task is formally stated as the following MOP:

ggg F(x) = Ufuel(x)/]SOH(X)/]cost(x)}T (16)

st. gi(x)<0, i=1,...,C

where () is the feasible design space defined by the variable ranges in Table 4 and g;(x)
represents the set of equality and inequality constraints. The decision vector (x) includes
powertrain sizing parameters, ADU catalyst design variables, and placeholder control-
strategy parameters:

__ [pmax pmax cat_type cat_type cat_type cat_type cat_type
X = [PPC + Prot » Qbut/pl 70> /03 104 /P05 ’ (17)

cat_prop _cat_prop cat_prop cat_prop _cat_prop T
101 ,P2 /P3 /P /P5 /AOrkp/ kd]

Table 4. Definition of multi-objective co-optimization problem.

Parameters Definition

Objective functions min [f = (]fuel/ Json, ]mst>]

'tf .
]fuel :/t mHz(t) dt
0
Json = ASOHpc + ASOHy,,

i
] cost = Z Ccost
i=FC,mot,bat,...

Decision variables 150 kW < Ppé* < 350 kW
50 kW < Pl < 150 kW
50 Ah < Qpy < 100 Ah
oS € (A,B,.., ]}, i€ {LILIILIV,V}
0 <P <1, ie{lILIILIV,V}
Ao € [-3,3]
ky € [0,20]
K} €10,2]

C . v
onstraints Z plqat -1
i=I

min max
Picg < Prce < Picg
Py < Ppum < Ppy

min max

bat = Poat < Ppgy
SOC,in < SOC < SOCpax

The high dimensionality of the decision space, the non-linear and tightly coupled na-
ture of the system dynamics, and the computationally expensive nature of full-mission simu-
lations render direct optimization intractable. Traditional surrogate-assisted multi-objective
evolutionary algorithms typically follow a decoupled paradigm: a data-driven surrogate
model is trained to approximate the fitness landscape, and a gradient-free multi-objective
evolutionary algorithm, such as NSGA-II, uses this surrogate for fitness evaluations. This
approach suffers from two critical limitations in the context of flying vehicle design:

1. Physical inconsistency: Black-box surrogates have no intrinsic knowledge of the
system’s governing laws. In data-sparse regions, their predictions can violate funda-
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mental principles like energy conservation, leading the optimizer towards physically
unrealizable local optimality.

2. Inefficient search: Gradient-free evolutionary algorithms operate via stochastic opera-

tors (crossover and mutation). While robust for global exploration, this “blind” search
is inefficient for the fine-tuning of promising solutions. They lack a sense of direction
and do not exploit the local topology of the fitness landscape to accelerate convergence.

/Hybrid System Model (High—Fidelity)\
e ODEs + non-differentiable maps
(lookup tables)
e Components: PEMFC, Battery,
ADU Catalyst

e Example maps: nrc(Prc,T),
V,e(SOC, T), Rint(SOC, T)

.-
e

o l J
(- . . Y
Differentiable Manifold Construction

e Replace lookup tables with small
MLPs ("map-nets”, tanh)

e Train: Adam, MSE loss, target
R*>0.9

e Compose with analytical equations
to obtain unified differentiable M

~

(I’L\"N Surrogate (Differentiable Oracle)

Inputs: [x,t] — Outputs: ynn(x,t)

Loss: L = wdataLldata + WphysLphysics + WicLic
® Laata: match sparse high-fidelity anchors
e Lic: enforce ynn(x,0) = yo
o Lonysies: [|0:ynn — M(x,ynn)|* at

collocation points
Oracle outputs: full-mission trajectories & analyti-

. OF .
cal Jacobian o (via AD)

] _PiGEMOHybria L\

/ PI-GEMO for Pareto-Optimal Solutions \

(Mechanism 1: Global

N J Exploration
l e Simulated Binary
Crossover (SBX)
(Unified Differentiable Model M ) * Polynomial Mutation
o Maintain diversity; explore
y(t) = M(x,y(t)) disconnected /multi-modal
State: y(t) = regions J
[distance, velocity, SOC, Trc, That, - - - | © v 1
Design: x = [Neetts, Arc, Coat - - -~ Mechanism 2: e
mmmmmemmmmmm———a _— Gradient-Guided Local Search e
1 Automatic Differentiation : Solve
1
- i M 2 7
. n:’iln Z iV fr(xi) z‘ °
JyNN | k=1 e ®
at : \descent dir: d; = — 2 ap Vr(xi) _—Ji

Figure 5. The overall conceptual design of the PI-GEMO framework for the co-optimization of the
ammonia-powered flying vehicle propulsion system and control parameters, where the start refers to
the optimal solution.

Cruising

DI
Preceding vehicles Obstacles ‘

Figure 6. Scenario setting of a typical 2condition for HEVTOLSs.

3.2. The Physics-Informed Differentiable Surrogate Model

The fidelity of the PIFGEMO framework is fundamentally tied to the physical model
embedded within the PINN. For this study, the model is defined by the governing equations
detailed in the modeling methodology. We explicitly state that this model does not account
for certain second-order or long-term degradation effects, and its scope is therefore focused
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on the co-design of component sizing and control based on the dominant, well-understood
physics of the system [40]. The cornerstone of the PI-GEMO framework is a surrogate
model that is not only computationally efficient but also physically consistent and fully
differentiable. The construction is a two-stage process: first, transforming the entire hybrid
system model into a continuously differentiable manifold and, second, training a PINN
to learn the system’s dynamic response on this manifold. This approach ensures that the
powerful tools of gradient-based optimization can be fully leveraged.

3.2.1. Construction of the Differentiable System Manifold

The high-fidelity model developed in Section 2 is a hybrid system, comprising a mix
of analytical ordinary differential equations (ODEs) and non-differentiable, map-based
components (e.g., lookup tables for PEMFC efficiency, battery SOC-dependent internal
resistance, etc.). To enable the use of gradient-based methods, it is imperative to first
construct a fully differentiable representation of the entire system. This is accomplished by
replacing each discrete lookup table and other non-analytical components with a continuous
and smooth function approximator. We utilize small, fully-connected neural networks for
this task, which we term “map-nets”.

Each map-net is an independent, shallow multi-layer perceptron (MLP) with hy-
perbolic tangent (‘tanh’) activation functions in its hidden layers. The ‘tanh’ function
is specifically chosen over alternatives like the rectified linear unit ‘ReLU” because it is
infinitely differentiable (C*°-continuous). This property is crucial for the numerical stabil-
ity and accuracy of the higher-order gradient computations required by both the PINN
training and the subsequent multi-objective optimization steps, avoiding issues like van-
ishing or exploding gradients. Each map-net, parameterized by weights and biases (¢), is
trained via standard backpropagation using the Adam optimizer to minimize the mean
squared error (MSE) against the original map data until a high degree of fidelity is achieved
with an indicator of R2. For a generic map where a set of outputs (z) is a function of
inputs (u), the corresponding map-net (fyn(u; ¢)) is trained by solving the unconstrained
optimization problem:

Ninap
min Lyap(¢p) = min Y Ilfun (i @) — zill3 (18)
4 ¢ Nmap

i=1

This process is meticulously applied to all map-based components, yielding a library
of differentiable sub-models that seamlessly integrate into the larger system dynamics.

3.2.2. Physics-Informed Surrogate Learning

The PINN, denoted by yxn(x,t;0), is a deep neural network with parameters ()
designed to learn the solution trajectory of the system’s ODEs for a given design vector
(x) over the entire mission time horizon (¢ € [0, T]). Its architecture is a deep MLP, again
using ‘tanh’ activation functions to ensure high-order differentiability. The network takes
the concatenated vector ([, t]) as input and outputs the predicted state vector (yny) at
that time.

The PINN is trained by minimizing a composite loss function that balances fidelity to
known data with adherence to the governing physical laws:

ﬁ(@) = wdataﬁdata(e) + wphysﬁphysics(e) + wicﬁic(e) 19)

where W40, Wppys, and wj, are hyperparameters that weight the contribution of each loss
term. The data loss term (Lg,t,) anchors the model to reality using a sparse set of N;
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high-fidelity simulation results. This ensures that the PINN learns to match the true system
trajectories at specific anchor points, preventing divergence.

Ns

1
Laaa = 7 2 ynn (%3, £5:0) = Yaim (xi, 1) |5 (20)
5 i=1

The initial condition loss term (L) specifically enforces the requirement that the PINN
solution satisfy the known initial state of the system (yp) for any given design (x).

Lic = — Y |lynn(x;,t = 0;0) — YoHi (21)

In addition, the physics loss (Lphysics) enforces the system’s governing dynamics by
penalizing the residual of the ODEs defined by our differentiable manifold (M). This
residual is computed at a large number of N random collocation points (x;, t;) sampled
from the design and time domains. The time derivative of the PINN’s output (aya#) is
calculated analytically using automatic differentiation (AD), not numerical approximation,
which is key to its accuracy.

1 Nejloynn(xj, t;;0) ?
Lohysics = 7 3 ||t — M(x;, ynn (x;, £ 8)) (22)
N. & ot 2

By minimizing this composite loss, the PINN is forced to learn a continuous func-
tion that is not just close to the data points but is also a valid solution to the system’s
governing equations across the entire design time space. The trained surrogate provides
near-instantaneous predictions of the full mission trajectory and, crucially, the analytical
Jacobian of the objective functions (F(x)) with respect to the decision variables (x). For a set
of M objectives (f1,..., fm) and D design variables (x1, ..., xp), the Jacobian matrix (J) at a
point (x;) is computed via AD through the network:

oh A .. OA
won oG
OF (x: a2 22 ... 22
Ji — a(xl) — ai‘l ai‘Z . anD (23)
Xi : : o
fm  Im ... m
oxq oxy 0xp | x=x;

3.3. The PI-GEMO Hybrid Optimization Algorithm

PI-GEMO integrates the gradient information from the PINN directly into its search
loop, creating a hybrid algorithm that synergizes two complementary search mechanisms:
gradient-free global exploration and gradient-guided local search. This hybrid nature
allows it to balance the need for broad exploration of the design space (exploration) with
rapid convergence to high-precision solutions on the true Pareto front (exploitation).

3.3.1. Mechanism 1: Gradient-Free Global Exploration

To ensure the algorithm thoroughly explores the design space and avoids premature
convergence to local or non-convex regions of the Pareto front, PI-GEMO employs robust,
gradient-free genetic operators. This mechanism is responsible for maintaining popula-
tion diversity and discovering new, potentially disconnected regions of the Pareto front.
Drawing inspiration from natural evolution, we use two well-established operators:

e  Simulated binary crossover (SBX): This operator takes two parent solutions (x(!) and
x(?)) and creates two offspring (c(!) and ¢(?)) by simulating the behavior of a single-
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point crossover on binary strings. The process for each variable (j) is governed by a
spread factor f; derived from a random number (u; € [0,1]) and a distribution index
(). SBX is adept at combining features from good solutions to generate potentially
superior new ones within the hyper-rectangle defined by the parents. The offspring
are generated as follows:
cj(.l) —05 [(1 - ﬁj)x](” T+ ﬁj)x/@)} 9
P =05 [(1 + BV (1 - /s‘)x@] -
] 177 177

*  Polynomial mutation: This operator introduces small, localized perturbations to a so-
lution vector (x), mimicking the effect of random mutation in nature. For each variable
(xj), a perturbation (4;) is calculated based on a random number and a distribution
index (#;). The mutated variable (x;.) is given as follows, where x]-u and x].L are the
upper and lower bounds for the variable. This operator is crucial for the fine-tuning
of solutions and the exploration of the immediate neighborhood of existing points on
the Pareto front.
X; = Xj + (5j(x]-u — x]L) (25)
These stochastic operators require no gradient information, making them effective at
navigating the global and potentially deceptive and multi-modal landscape of the multi-
objective problem.

3.3.2. Mechanism 2: Gradient-Guided Local Search

For a given non-dominated solution (x;) in the current population, this mechanism
uses the gradient information from the PINN to identify the most efficient path towards
the Pareto front. The theoretical basis for this search lies in the Karush—-Kuhn-Tucker (KKT)
first-order necessary conditions for multi-objective optimization. A point (x;) is Pareto-
optimal only if there exists no single descent direction (d) for which all objectives can be
improved simultaneously. This implies that the negative gradients’ convex cone must not
have a common intersection or, equivalently, that the convex hull of the objective gradients
{VAK), ..., Vim(x;)}) must contain the zero vector. If it does not, a common descent
direction exists. We find this direction by solving the following quadratic programming
(QP) sub-problem, which seeks the minimum-norm vector in the convex hull of the objective
gradients [41]:

2

min
14

M
YV fi(xi)
=1

2 (26)
M
s.t. Zﬂékzl, ap >0 VkE{l,...,M}
k=1
where M is the number of objectives and V fi(x;) is the k-th row of the Jacobian matrix

(J:). The solution to this QP problem («* = [a], ..., a}A]T) provides the optimal weights to
combine the gradients. The resulting vector (d;) is the steepest common descent direction:

M
di =~ ) g Vfi(x) (27)
k=1

Once the descent direction (d;) is found a backtracking line search is performed to
find an appropriate step size (8 > 0). The search starts with an initial step size of By and
iteratively reduces it (B < pp with p € (0,1)) until the new point (x'; = x; + Bd,) satisfies
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the multi-objective Armijo condition. This condition ensures a sufficient decrease in the
directionally weighted objective function without unduly worsening others:

max }{fk(xi+5di)—fk(xi)} <cp max }{ka(xi)Tdi} (28)

ke{1,..M ke{l,...M

where ¢ € (0,1) is a control parameter. This gradient-guided step allows the solution to
move rapidly and efficiently towards the true Pareto front, dramatically accelerating the
convergence of the algorithm.

The complete workflow of the PI-GEMO algorithm, which integrates the PINN sur-
rogate with the hybrid search mechanisms, is rigorously defined in Algorithm 1. In each
generation, the algorithm begins by evaluating the current population using the PINN.
It then performs non-dominated sorting to identify the current Pareto front. For the elite
solutions on this front, the gradient-guided local search (Mechanism 2) is activated. The
gradients are queried from the PINN; the QP sub-problem (Equation (26)) is solved for each
solution to find the optimal descent direction; and a line search is performed to produce a
new, improved set of elite solutions. Concurrently, the rest of the population undergoes
gradient-free global exploration (Mechanism 1), where SBX and polynomial mutation
operators are applied to generate a diverse set of offspring. Finally, the improved elites
and the exploratory offspring are combined to form the population for the next generation.
This cycle of evaluation, gradient-based refinement, and global exploration continues until
a termination criterion, such as a maximum number of generations or a convergence metric
on the Pareto front, is met.

Algorithm 1 The PI-GEMO Algorithm.

Require: MOP, Population size N, Max generations Gy, Local search frequency Fjq
Ensure: Final Pareto-optimal set Py;yg
1: Create differentiable system representation M by training map-nets on all lookup
tables.

2: Generate a sparse high-fidelity dataset D;,,, using Latin hypercube sampling.
3: Train the PINN surrogate ynn (X, £; 0) by minimizing Equation (19) using M and Dgj,.
4: Initialize a random population Py of size N.
5: Evaluate F(x) for all x € Py using the trained PINN.
6: for g =1 to Gy do
7: Generate offspring population Q. from P, using SBX and polynomial mutation.
8: Initialize Ry = @.
9: if ¢ (mod Fj5;) == 0 then
10: Determine the non-dominated front Pé from P,.
11: for each individual x; € Pé’, do
12: Compute Jacobian J; = %}:’) using the PINN and AD.
13: Solve Equation (26) to find weights a*.
14: Compute descent direction d; = —JTa*.
15: Perform line search along d; to find step size B.
16 Create improved individual X'; = x; + d;.
17: Rg + Ry U {X';}.
18: end for
19: end if

20: Combine populations: Cg = P; U Qg U Rq.

21: Evaluate all new individuals in C¢ using the PINN.

22: Select the next generation Py of size N from Cg using the standard NSGA-II
selection mechanism (non-dominated sorting and crowding distance).

23: end for

24: return The non-dominated set from the final population Pg, _ .
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4. Results and Discussions

This section presents a comprehensive evaluation of the proposed PI-GEMO frame-
work. The analysis is structured to first define the case study and experimental setup,
then validate the foundational PINN surrogate model and subsequently compare the
optimization process and final results against a state-of-the-art NSGA-III benchmark.

4.1. Case Study and Experimental Setup

The optimization and validation processes are conducted for representative flying
vehicle missions, combining both flying and road-driving conditions, as depicted in Figure 7.
All optimizations are performed with a population size of 100 and run for a maximum of
150 generations. The cost of flying vehicle development is summarized in Table 5. The
proposed PI-GEMO framework is benchmarked against a standard NSGA-III algorithm. To
ensure a fair comparison, ablation experiments were conducted to examine the differences
between combining PINN with the standard NSGA-III (PI-NSGA) and integrating the PINN
with the proposed GEMO framework (PI-GEMO). The benchmark algorithm, PI-NSGA,
uses the exact same trained PINN for its fitness evaluations but lacks the gradient-guided
local search mechanism, relying solely on stochastic crossover and mutation operators.

Table 5. The cost of flying vehicle development [42].

Components Cost Price C;ize (USD)

Body and chassis 85,000

Fuel cell and control system 175 PES,

Motor and control unit 21.775 PMOt 4 425

Battery and control unit 200 Epy¢

500 Driving Modes

— —— Ground Mode 1
E 400 —— Ground Mode 2
\.E/ —— Ground Mode 3
3 300 —— Ground Mode 4
% Flight Mode 1
S 200 Flight Mode 2
g
a

5}

z

o
(=¥

0 200 400 600 800 1000 1200 1400 1600
Time (s)

Figure 7. The employed drive cycles integrating both terrestrial and aerial modes.The defined flight-
mission profile for the flying vehicle logistics case study, including takeoff, cruise, hover, and landing
phases, used to evaluate the objective functions.

4.2. Validation of the Physics-Informed Surrogate Model and Gradient-Enhanced
Pareto Optimization

The credibility of the entire optimization framework hinges on the accuracy of the
PINN surrogate. To validate its performance, a separate set randomly sampled from the
design space and not used during training was generated using the high-fidelity simulator.
Figure 8 compares the PINN's predictions for the two primary objective functions against
the true values from the simulator. The coefficient of determination (R?) was found to be
0.971 for hydrogen consumption prediction and 0.953 for total SOH loss. This confirms
that the PINN, by leveraging both data and the underlying physical equations, successfully
learned the complex, non-linear mapping from the high-dimensional design space to the
performance space. This high accuracy validates its use as a reliable and computationally
efficient surrogate for the subsequent optimization algorithms.
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Figure 8. Validation of the trained PINN surrogate model: (a) predicted vs. real fuel consumption;
(b) predicted vs. real SOH loss; (c) statistical histogram of model deviation for fuel consumption;
(d) statistical histogram of model deviation for SOH loss.

With the surrogate validated, we now compare the optimization efficacy of the pro-
posed PI-GEMO against the benchmark NSGA-III during the evolutionary process. The
final non-dominated fronts obtained after 150 generations are shown in Figure 9. The PI-
GEMO front clearly and substantially dominates the final NSGA-III front, extending further
towards both the maximum endurance and minimum mass objectives. To understand the
physical implications of these results, we select three representative solutions from each
front for detailed analysis: the design that maximizes flight endurance (‘Max Endurance’),
the design that minimizes takeoff mass (‘Min Mass’), and a balanced ‘Trade-off” solution.
Figure 9 illustrates the evolution of the Pareto fronts for both algorithms at different gener-
ational milestones. It is visually evident that the PI-GEMO framework achieves a superior
distribution of solutions from a very early stage. By the 20th generation, PI-GEMO has
already identified a front that significantly dominates the one found by NSGA-III at the
same stage. This demonstrates the immediate impact of the gradient-guided search in
rapidly identifying promising regions of the design space.
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Figure 9. Comparison of the final optimization solutions obtained by PI-GEMO, PI-NSGA, and the
NSGA-III benchmark after 60 generations.

To quantitatively assess the convergence and quality of the Pareto fronts, the inverted
generational distance (IGD) metric is employed. The IGD measures the average Euclidean
distance from a set of uniformly distributed reference points on the true (or best-known)
Pareto front to the solutions found by the algorithm. A lower IGD value signifies that
the algorithm’s solutions are both closer to the front and more evenly distributed along it.
Figure 10 plots the IGD values for both algorithms over the 80 generations. The PI-GEMO
algorithm exhibits a much steeper initial drop in IGD, reaching a low value within the
first 30 generations, after which it continues to make steady fine-tuning improvements. In
contrast, the NSGA-II algorithm shows a much slower, more gradual decrease in IGD and
plateaus at a significantly higher value. This quantitative result confirms the visual evidence
from Figure 9 and powerfully demonstrates the effectiveness of the gradient-guided local

search mechanism.
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—+- NSGA-III
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30 40 50 60

IGD value in log scale (-)
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Figure 10. Convergence dynamics of the inverted generational distance metric for PI-GEMO, PI-
NSGA, and the NSGA-III benchmark.
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4.3. Comparisons of Optimization Results and Sensitivity Analysis

The trade-offs and the dominance of the PI-GEMO results are visualized in Figures 11
and 12, which compare the normalized performance of the ‘Trade-off” solutions from both
algorithms. The larger area covered by the PI-GEMO solution graphically illustrates its
superiority in achieving a better balance between the conflicting objectives. The design
parameters and corresponding objective values for these selected points are presented in
Table 6. The PI-GEMO algorithm converges to a distinctly different powertrain architecture.
It selects a smaller fuel cell (PES, = 249.2 kW) compared to both PI-NSGA (255.7 kW) and
NSGA-III (271.4 kW). This reduction in fuel-cell size is a primary driver for the lower
system cost (Jsize) and mass. To compensate for the lower peak power from the fuel cell,
the system relies on a well-sized battery pack (Qpqat = 84.5 Ah) and motor (PR = 91.9 kW)
to handle transient power demands, reflecting a more optimized power-sharing strategy.

I NSGA-III [ PI-NSGA I PI-GEMO

271.40 10 9.53
55.7

Value (-)
(=)

93.2095.70 91 90 93.80

0.18 0.28 0.24
Ao () kp (-) ki (-)

PIC. (kW) PMot (kW) Qbat (Ah)

Figure 11. Normalized performance comparison of the trade-off solutions found by PI-GEMO,
PI-NSGA, and NSGA-III.

BN NSGA-IIT B PI-NSGA s PI-GEMO

S
)
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92

Performance Relative to NSGA-III Baseline (%)

90

Jruer (Fuel) Jsou (Degradation) Jsize (Cost)

Figure 12. Normalized performance comparison of the trade-off solutions found by PI-GEMO,
PI-NSGA, and NSGA-III.

The control strategy parameters show a clear trend. The PI-GEMO solution features a
significantly lower initial power-sharing factor (Ag = 0.19) compared to NSGA-III (0.92).
This indicates a control strategy that is inherently more reliant on the battery for initial
power response, preserving the fuel cell for more stable, high-efficiency operation. This
is coupled with a more aggressive proportional gain (k; = 9.53), suggesting a controller
that can react more swiftly to changes in power demand, a strategy likely enabled by
the accurate gradient information. The optimization of the catalyst composition provides
fascinating insights. The baseline NSGA-III solution utilizes a mix including catalyst ‘B’. In
contrast, both gradient-enhanced methods, i.e., PIE-NSGA and PI-GEMO, discard catalyst
‘B’ in favor of a combination involving higher-activity catalysts like ‘D’, ‘E’, ‘G’, and ‘I". The



Electronics 2025, 14, 4150

21 of 25

PI-GEMO solution further refines this by settling on a [D, E, E, E, G] vector, suggesting
that a higher proportion of catalyst ‘E’ is optimal for this balanced design. Moreover, the
PI-GEMO solution exhibits a more uniform catalyst proportion vector, with all components
near 20%. This suggests that the gradient information guided the search away from uneven

distributions towards a more homogenized and synergistic catalyst blend, maximizing
overall efficiency and longevity.

Table 6. Performance and design parameters of the “Trade-off” solutions found by the benchmark
and proposed optimization algorithms.

Parameter NSGA-III PI-NSGA PI-GEMO
PEC (kW) 271.4 255.7 249.2
POt (kW) 93.2 95.7 91.9
QObat (Ah) 93.8 82.3 84.5

Ao () 0.92 0.66 0.19

ky (=) 4.60 8.73 9.53
k() 0.18 0.28 0.24
Catalysts Type Vector (-) [B,D,E E, G] [D,E,E, G,I] ID,E,E E, G]
Jewel (kg) 7.903 7.691 7.504
Jsor (%) 0.0246 0.0241 0.0237
Jsize (k USD) 150.917 147.464 145.105

To further understand the design space and validate the optimization results, a local
sensitivity analysis was performed. By leveraging the auto-differentiable nature of the
PINN surrogate, we can instantaneously extract the gradients of the objective functions with
respect to each normalized design variable from the PINN’s Jacobian matrix. This analysis

was centered around the PI-GEMO “Trade-off” solution, and the results are visualized in
Figure 13.
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Figure 13. Sensitivity analysis of catalyst design for system efficiency.

The analysis reveals that different parameters exhibit vastly different levels of influence
on the system’s performance and cost. For system efficiency (inversely related to Jqer),
the analysis highlights the catalyst ratios as highly influential. As shown in Figure 14
(adapted from the general sensitivity analysis of Figure 13), the proportion of catalyst type
‘D’ exhibits the highest positive sensitivity, meaning an increase in its proportion yields
the most significant gain in efficiency. This finding strongly corroborates the design choice
made by the PI-GEMO algorithm, which selected a catalyst combination rich in types ‘D’

and ‘E’. This confirms that our conclusions are not arbitrary but are rooted in the physical
sensitivities of the system.
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Figure 14. Gradients of the 10 selected ADU design results of the PI-GEMO-optimized solutions in
the 60th generation.

5. Conclusions

This paper addresses the formidable challenge of co-designing ammonia-powered
fuel-cell flying vehicles, a problem characterized by tight multi-physics couplings, a high-
dimensional design space, and computationally intensive simulations. To this end, a novel
optimization paradigm, i.e., PI-GEMO, was proposed and validated. The PI-GEMO frame-
work uniquely integrates a differentiable PINN surrogate model into a hybrid evolutionary
algorithm, synergizing the global exploration capabilities of genetic algorithms with the
rapid convergence of gradient-based local search. Key contributions and findings include
the follow:

¢ A high-fidelity, multi-physics dynamic model of an ammonia-powered fuel-cell flying
vehicle was developed, holistically capturing the critical couplings between the physi-
cal, thermal, electrical, and aerodynamic domains. This model formed the basis for
the training of a differentiable PINN surrogate, which not only accelerates fitness eval-
uations but, by incorporating the system’s governing equations into its loss function,
critically ensures the physical plausibility and accuracy of the optimization results.

*  The proposed PI-GEMO framework introduces a new class of hybrid intelligent op-
timization. It combines traditional, gradient-free genetic operators for robust global
exploration with a novel gradient-guided local search mechanism. This mechanism
leverages analytical gradients extracted from the trained PINN via automatic differen-
tiation to efficiently propel promising solutions towards the true Pareto-optimal front.
The superiority of this hybrid approach was demonstrated through a significantly
faster convergence rate and a lower final IGD value compared to the benchmark
NSGA-III algorithm.

* A comprehensive case study demonstrated the practical efficacy of the PI-GEMO
framework. The co-optimization of ADU catalyst composition, powertrain component
sizing, and energy management control parameters yielded a set of Pareto-optimal
solutions that substantially dominated those found by conventional methods. Specifi-
cally, the PI-GEMO-derived ‘Trade-off” design achieved a simultaneous reductions
in hydrogen consumption of 5.1%, power source degradation SOH of 3.7%, and total
system cost of 3.9% when compared to the solution from a standard NSGA-III op-
timization, providing critical insights into the synergistic design of next-generation
aerial propulsion systems.

*  While this study focused on a hexacopter architecture, the proposed PI-GEMO method-
ology is highly generalizable. The framework’s core—the synergistic integration
of a physics-informed differentiable surrogate with a hybrid gradient-enhanced
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algorithm—is fundamentally model-agnostic. It can be readily adapted to other
complex engineering systems, such as eVTOLs with different rotor counts, fixed-wing
hybrid aircraft, or even terrestrial vehicles, by simply replacing the underlying set of
governing equations within the PINN’s physics loss function. This scalability makes
PI-GEMO a powerful and versatile tool for a wide range of multi-domain co-design
problems. Future work will also focus on incorporating higher-fidelity transient mod-
els for both the ADU thermal dynamics and battery electrochemistry to further refine
the design of the control strategy.
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