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Abstract

Off-grid green hydrogen production couples photovoltaic generation, battery storage, and
proton exchange membrane (PEM) electrolysis on a shared DC bus. Advanced nonlinear
controllers are routinely proposed for this coupling, yet rarely compared against simpler
baselines under a framework covering aging and economics, and rarely decomposed
to show which element of the design produces the benefit. We compare a PI cascade,
input–output feedback linearization (IO-FL), and interconnection and damping assignment
passivity-based control (IDA-PBC) on a seven-state averaged model of a photovoltaic,
battery, and PEM electrolyzer system sized for northern Chile, together with three ablation
variants: a PI cascade with a model-based power-balance feed-forward, IO-FL with integral
action, and IDA-PBC retuned to the common damping ratio. All are tuned to the same
closed-loop bandwidth and tested under cloud drop-outs, 200 paired Monte Carlo runs
with ±20–30% plant perturbations, a second Monte Carlo set in which the controllers
operate with nominal models, measurement bias and sensor errors, a representative day
with supervisory start/stop operation, published degradation models, and a levelized
cost of hydrogen (LCOH) analysis. On the slow bus-voltage manifold, the IDA-PBC law
coincides with IO-FL augmented by an integrator, and the regulation benefit of both is
explained by the power-balance feed-forward: adding that single term to the PI cascade
lowers the peak DC bus deviation from 4.57% to 0.65%, below the 0.88% of IDA-PBC, and
it does so in every Monte Carlo realization. When the controllers operate with nominal
models and corrupted measurements, the four variants that combine the feed-forward
with integral action become indistinguishable and keep the ±2% target in every realization,
while the canonical IO-FL misses it in three realizations out of four. The three design routes,
however, are indistinguishable on cost and component life: under supervisory operation,
the battery throughput and the PEM start/stop count are set by the energy management
layer, and the six controllers give the same LCOH to the fourth decimal place. For the
architecture, supervisory strategy, and operating scenarios investigated here, the case for
a particular control law rests on regulation quality, robustness to model error, and the
availability of a stability certificate, not on longer component life or cheaper hydrogen.
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1. Introduction
Green hydrogen, produced through water electrolysis powered by renewable energy,

has become a central vector for the decarbonization of transportation, power generation,
and industry [1,2]. Photovoltaic (PV) production pathways are particularly attractive in
regions of exceptionally high irradiance such as the Atacama Desert in northern Chile,
which exhibits one of the highest global horizontal irradiance levels worldwide [3], and
benefit from the sustained cost reduction that has made utility-scale solar PV the most
cost-competitive new electricity source [4].

Continuous hydrogen production under intermittent irradiance requires energy
storage [5]. Batteries are the most mature option for covering short-term fluctuations:
they store surplus solar energy and release it when irradiance drops, improving the uti-
lization factor of the electrolyzer [6]. Their role is critical in off-grid installations, where
generation and consumption rely exclusively on local resources, and surpluses cannot
be exchanged with a grid [7]. Batteries also protect the electrolyzer: proton exchange
membrane (PEM) stacks degrade under abrupt current and voltage fluctuations, with
reported voltage degradation rates of 20–50 µV/h driven mainly by frequent ON/OFF
cycling, catalyst dissolution, and electrode delamination [8,9]. Frensch et al. [10] demon-
strated that the degradation rate scales linearly with current ripple density and cycling
frequency, and Rakousky et al. [11] characterized the role of fluctuating power profiles in
membrane degradation. A battery buffer that smooths these fluctuations can therefore
extend electrolyzer life and reduce replacement and maintenance costs [12].

The battery itself degrades with depth of discharge, temperature, cycling through-
put, and average state of charge [13]. For lithium iron phosphate (LFP) chemistries,
increasingly adopted in stationary storage, Naumann et al. [14,15] developed and ex-
perimentally validated calendar and cycle aging models as functions of these stress fac-
tors. Component durability and replacement frequency are, in turn, critical variables for
project profitability [16]: for the Atacama context, utility-scale techno-economic studies
report levelized costs of hydrogen (LCOH) between 2.12 USD/kg for direct solar–PEM
coupling [17] and 3.67–4.69 USD/kg for various configurations [18], with installed PEM
electrolyzer CAPEX of 1500–2500 USD/kW [19] and small stationary battery costs of
300–500 USD/kWh [20]. Control and energy-management design must therefore address
the coupled nonlinear dynamics of PV generation, battery storage, and electrolysis [21–23],
together with their degradation and cost implications.

A broad family of advanced control methods has been proposed for this class of sys-
tems. Model predictive control (MPC) anticipates system behavior through dynamic models
and has shown improved efficiency and reduced settling times in hydrogen-supported
microgrids [24,25], at the cost of detailed models and computational capacity that can limit
remote deployment. Fuzzy logic controllers reduce current ripple without requiring explicit
models [26], but their performance may deteriorate under conditions not considered at
design time. Sliding-mode control offers strong robustness to disturbances and parameter
variations of up to 30% [27], with recent hardware-in-the-loop validation of higher-order
variants [28], although chattering remains a concern for electrolyzer-grade current quality.
Adaptive and learning-based hierarchical schemes adjust to changing conditions and grad-
ual component degradation [29,30], at the price of computationally intensive training or
communication infrastructure.
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Simpler strategies remain competitive. The proportional–integral (PI) cascade is widely
used for its simplicity, low computational demand, and solid steady-state performance [26]
but degrades under fast irradiance transients. Feedback linearization (FL) transforms
the nonlinear converter dynamics into linear equivalents and has achieved precise dis-
turbance rejection in electrolyzer-feeding converters [31], although its effectiveness de-
pends on model quality. Interconnection and damping assignment passivity-based con-
trol (IDA-PBC) [32] exploits the port-controlled Hamiltonian structure of the physical
dynamics to guarantee stability without linearization and has been successfully applied to
DC–DC converters and isolated networks with storage [33]; unlike two-stage stochastic
optimization [34] or MPC-based energy management with hydrogen storage [35], it directly
addresses the closed-loop dynamic control of the converters while retaining a complexity
compatible with real-time implementation and hierarchical supervision [36]. Our previous
work [37] demonstrated an efficient DC–DC coupling architecture for off-grid green hy-
drogen production with PEM electrolysis, PV generation, and battery storage, although
without a comparative control evaluation or quantitative aging analysis.

Research Gaps and Contributions

Despite this body of work, we are not aware of a study that combines the three
elements needed to substantiate the practical case for advanced control in off-grid green
hydrogen systems: (i) a side-by-side comparison of multiple controllers under identical
conditions and matched tuning specifications; (ii) quantitative aging models for both the
battery and electrolyzer; and (iii) statistical robustness analysis coupled with a levelized
cost of hydrogen evaluation. The works we have reviewed address one or two of these
dimensions at a time. Recent contributions focus on either advanced control without
quantitative degradation impact [25,28,31,33], techno-economic analysis without controller
comparison [7,17,18], or sizing optimization without dynamic control evaluation [34]. Even
the most comprehensive prior assessment of off-grid solar hydrogen [7] applies Monte
Carlo uncertainty analysis to input parameters but does not compare control strategies.
This gap is relevant because the claim that advanced nonlinear control reduces the lifecycle
cost of hydrogen production is, as far as we know, seldom tested quantitatively against
simpler alternatives under matched conditions and well-dimensioned power electronics. A
second, more specific gap concerns attribution: comparative studies report that a nonlinear
controller outperforms a PI baseline but seldom separate the contribution of the model-
based feed-forward that every such controller embeds from that of its structural properties,
so the reader cannot tell which part of the design is doing the work.

The present article addresses these gaps through a comparative analysis of three
control approaches—PI cascade, input–output feedback linearization (IO-FL), and IDA-
PBC—and three ablation variants, applied to the converter-level control of an autonomous
system with solar panels, LFP battery storage, and PEM-based hydrogen production. The
controllers regulate the DC bus, the PV operating point, and the converter currents; the
electrolyzer set-point, start/stop decisions, and state-of-charge management belong to a
supervisory layer that is common to all of them. The main contributions are:

1. A full seven-state nonlinear dynamic model of the off-grid PV–battery–PEM system
that captures photovoltaic generation with maximum power point tracking, battery
state-of-charge dynamics, electrolyzer thermal behavior, and averaged converter
dynamics, providing a unified framework for the three control strategies tuned to
matched bandwidth specifications.

2. A quantitative degradation assessment using two post-processor models validated
by their authors on commercial cells and stacks: the Naumann cycle/calendar aging
model for LFP cells [14,15] and the Frensch voltage degradation model for PEM
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stacks [10], applied as published and identically to all controllers and to multiple
operating scenarios.

3. A Monte Carlo statistical analysis with paired hypothesis testing that establishes the
significance of the observed performance differences under randomized parameter
perturbations (±20–30% in converter inductances, capacitances, and resistances; ±5%
in the battery and electrolyzer electrochemical parameters), addressing controller
sensitivity to model uncertainty.

4. A levelized cost of hydrogen analysis with fully referenced parameters (IRENA,
DOE, IEA, and PNNL benchmarks) and sensitivity to capital expenditure, weighted
average cost of capital, project horizon, and operating hours, allowing transparent
comparison with the Atacama benchmarks reported by Gallardo et al. [18] and Armijo
and Philibert [17].

5. A decomposition of where the regulation benefit of nonlinear control comes from.
On the slow bus-voltage manifold, the IDA-PBC law is shown, analytically and
numerically, to coincide with IO-FL augmented by an integrator, and an ablation
study (PI with a power-balance feed-forward, IO-FL with integral action, IDA-PBC
retuned to ζ = 0.707) shows that the model-based feed-forward explains the 5–7-fold
reduction in the peak bus deviation, and the integrator explains the accumulated-error
ranking. A PI cascade with that feed-forward reaches 0.65% peak deviation, below
IDA-PBC, in every one of 200 perturbed plants.

6. A robustness assessment in which the controllers operate with nominal models while
the plant, the irradiance and temperature measurements, the stack and battery models
used by the controllers, and the voltage and current sensors are perturbed, showing
which of the six variants keep the ±2% regulation target under realistic model error
and which do not.

7. A demonstration that, for the investigated battery-buffered architecture operated
under a shared supervisory strategy, component life and LCOH are governed by the
architecture and the supervisory layer rather than by the converter-level controller:
under a representative day with PV-following set-point and start/stop events, the
battery throughput and the PEM cycling count are identical across controllers, and
the LCOH coincides across controllers to the fourth decimal in all tested sensitivity
scenarios, including battery sizing. This changes how the case for IDA-PBC should be
made in systems of this kind and gives concrete guidance for choosing a controller in
such deployments.

The remainder of this paper is organized as follows. Section 2 presents the system archi-
tecture, the component models, the three controllers tuned to matched closed-loop specifi-
cations, the degradation models, and the simulation, statistical, and economic methodology.
Section 3 reports the deterministic stress results, the Monte Carlo robustness analysis, the
component aging assessment, and the LCOH analysis. Section 4 discusses the implications
of the findings, and Section 5 concludes this paper.

2. Methodology
This section presents the system architecture, the component models, the three control

strategies, the degradation models, and the simulation, statistical, and economic methodol-
ogy. Compared with our previous study [37], the system operates at a 400 V DC link and
includes physics-based dynamic models of the photovoltaic array, the lithium iron phos-
phate (LFP) battery, and the proton exchange membrane (PEM) electrolyzer; the resulting
seven-state averaged plant provides a common reference for the three controllers, which
are tuned to matched closed-loop bandwidth specifications to enable a fair comparison.
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2.1. System Architecture

Figure 1 shows the schematic configuration of the off-grid hydrogen generation system.
It consists of three subsystems coupled to a common DC bus through dedicated DC–DC
converters: (i) a photovoltaic array connected through a boost converter operating under
maximum power point tracking (MPPT); (ii) an LFP battery energy storage system con-
nected through a bidirectional buck-boost converter; and (iii) a PEM electrolyzer connected
through a buck converter. The DC bus is stabilized by a capacitor Cbus that maintains the
reference voltage V∗

bus and acts as the common point of energy exchange between sources,
storage, and load.

PV

BESS

DC

DC

DC

DC

DC

DC

+

Cbus
Vbus

DCbus (V ∗
bus)

LOAD

H2O O2

H2

Figure 1. Proposed connection scheme for the off-grid green hydrogen production system.

Compared to the original 100 V configuration of our previous study [37], the bus
voltage has been raised to 400 V to align with typical industrial PEM stack voltage ranges
and to reduce conduction losses. The nominal ratings, summarized in Table 1, correspond
to a small off-grid hydrogen production unit for remote installations in the Atacama Desert.

Table 1. Nominal system parameters.

Parameter Symbol Value

PV array peak power Ppv 4.8 kWp
PV array MPP voltage (STC) Vpv,mpp 249 V
Battery nominal energy Ebat 10.24 kWh
Battery nominal voltage (64S) Vbat,n 204.8 V
Battery nominal capacity Qnom 50 Ah
PEM electrolyzer rated power Pel 4 kW
PEM stack cells in series Ncells 50
PEM active area per cell Acell 100 cm2

PEM thermal capacitance Cth 5000 J/K
DC bus reference voltage V∗

bus 400 V
DC bus capacitance Cbus 2200 µF
PV converter inductance Lpv 2 mH
PV converter input capacitance Cpv 220 µF
Battery converter inductance Lbat 1 mH
Electrolyzer converter inductance Lel 2 mH
Series resistance (all inductors) RL 0.05 Ω
Inner-loop bandwidth ωinner 1000 rad/s
Outer-loop bandwidth ωouter 100 rad/s
Damping ratio (current and voltage loops) ζ 0.707
Switching frequency fsw 20 kHz
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2.2. Photovoltaic Generation Subsystem

The photovoltaic array is modeled following the single-diode five-parameter formula-
tion of Villalva et al. [38], which captures the nonlinear current–voltage relationship as a
function of irradiance and temperature:

Ipv = Np Iph − Np I0

[︃
exp
(︃

Vpv/Ns + IpvRs/Np

a VT

)︃
− 1
]︃
−

NpVpv/Ns + IpvRs

Rsh
(1)

where Iph is the photogenerated current (proportional to irradiance G with temperature
correction), I0 is the diode saturation current, a is the diode ideality factor, VT is the thermal
voltage, Rs and Rsh are the series and shunt resistances, and Ns and Np are the numbers of
series and parallel cells. The array configuration is 2 parallel strings of 6 series modules
(each module comprising 72 series cells), yielding a nominal MPP voltage of 249 V under
standard test conditions. The model parameters are fitted by the iterative procedure of
Villalva et al. [38] to reproduce exactly the manufacturer-rated Voc, Isc, and (Vmpp, Impp)

points at STC.
The perturb-and-observe MPPT algorithm of Femia et al. [39] is implemented to drive

the PV operating voltage toward the maximum power point under varying irradiance:

V∗
pv(k + 1) = V∗

pv(k) + ∆V · sign
[︃

Ppv(k)− Ppv(k − 1)
Vpv(k)− Vpv(k − 1)

]︃
(2)

where Ppv = Vpv Ipv is the instantaneous photovoltaic array power, with perturbation step
∆V = 1.0 V and sampling period Ts,mppt = 10 ms; the reference V∗

pv is delivered to the
outer-voltage loop of each controller. Unlike our previous study [37], in which the PV
converter was abstracted as an ideal current source, the present model retains the full
dynamics of the PV-side capacitor and inductor, so the controllers interact with realistic
generator dynamics under fast irradiance changes.

2.3. Battery Storage Subsystem

The battery is modeled as a 64-cell LFP series string using the Tremblay–Dessaint
formulation [40], which captures the polarization, exponential, and ohmic behavior of the
cell voltage:

Vbat = E0 − K · Q
Q − q(t)

q(t)− K · Q
Q − q(t)

i∗bat + A e−B q(t) − Rint ibat (3)

where E0 is the open-circuit constant voltage, K is the polarization constant, Q = 50 Ah
is the nominal capacity, q(t) =

∫︁ t
0 ibat(τ) dτ is the extracted charge, i∗bat is a low-pass

filtered current, A and B are the exponential-zone parameters, and Rint is the internal
resistance. The pack-level parameters are obtained by scaling cell-level values from the per-
cell calibration (E0,cell = 3.28 V, Kcell = 1.56 · 10−4 V/Ah, Acell = 0.124 V, Bcell = 0.156 Ah−1,
Rcell = 1.56 · 10−3 Ω) against typical LFP discharge curves; the polarization constant K is
one order of magnitude smaller than for conventional NMC/LCO chemistries due to the
much flatter LFP voltage profile. The state of charge (SOC) evolves according to

d SOC
dt

= − ibat(t)
Q · 3600

(4)

with the sign convention ibat > 0 during discharge. Both the SOC dynamics and the
capacity-dependent voltage profile feed into the aging model presented in Section 2.7.1.
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2.4. PEM Electrolyzer Subsystem

The PEM electrolyzer is modeled following García-Valverde et al. [41], with the total
cell voltage given as the sum of the reversible potential, the activation overpotentials at both
electrodes, the ohmic losses, and the ionic overpotential associated with proton transport
across the membrane:

Vel,cell = Erev + ηact,a + ηact,c + ηohm + ηion (5)

where the reversible potential Erev is computed from the Nernst equation with temperature
correction, the activation overpotentials follow the Butler–Volmer kinetics at both the anode
(αa = 2.0, i0,a = 10−7 A/cm2) and cathode (αc = 0.5, i0,c = 10−3 A/cm2), ηohm lumps the
electronic resistance of the electrodes and bipolar plates, and ηion accounts for the ionic
(proton transport) resistance of the membrane, following the concentration/membrane
overpotential treatment emphasized in [41]. All η terms in Equation (5) denote overpoten-
tials expressed in volts, following standard electrochemical notation. The total stack voltage
is Vel = Ncells · Vel,cell with Ncells = 50 cells in series and an active area Acell = 100 cm2 per
cell, yielding a nominal stack voltage of approximately 96 V at the rated current of 40 A
(Pel = 4 kW). In the stress and Monte Carlo scenarios, the electrolyzer is operated at the
supervisory set-point i∗el = 30 A rather than at the rated current; in the representative-day
scenario of Section 2.8, the set-point follows the available PV power.

The Faraday efficiency ηF is modeled as a function of current density following
Yodwong et al. [42]:

ηF =
i2

f1 + i2
f2 (6)

with f1 = 250 mA2/cm4 and f2 = 0.98.
To capture the slow thermal dynamics relevant to long-term degradation, a lumped-

capacitance thermal balance is added:

Cth
dTel
dt

= Ncells iel (Vel,cell − Vtn)−
Tel − Tamb

Rth
(7)

where Cth = 5000 J/K is the lumped thermal capacitance, Rth = 0.167 K/W is the equivalent
thermal resistance to ambient, and Vtn = 1.482 V is the thermo-neutral voltage; Tel is the
electrolyzer stack temperature and Tamb is the ambient temperature (298.15 K, 25 ◦C). The
model reproduces the characteristic polarization behavior of PEM electrolyzers. In the
stress scenario, the stack starts at 60 ◦C and, dissipating only to ambient through Rth,
warms to 92 ◦C over the 10 min window (mean 79 ◦C); without active cooling, its steady
state at i∗el = 30 A would be about 130 ◦C, which is why the representative-day scenario of
Section 2.8 includes the thermal management of the balance of plant. Tre f = 60 ◦C is the
reference temperature of the degradation model in Section 2.7.2.

2.5. DC–DC Converters and Averaged Dynamic Model

The three DC–DC converters operate in continuous conduction mode and are de-
scribed by their state-averaged equations [43]. The seven state variables are the bus voltage
Vbus; the three inductor currents ipv, ibat, and iel ; the PV-side capacitor voltage Vpv; the
battery state of charge SOC; and the electrolyzer stack temperature Tel . The duty cycles of
the three converters are upv, ubat, and uel , taking values in [0, 1].
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The averaged dynamic equations are

Cbus
dVbus

dt
= (1 − upv) ipv + ubat ibat − uel iel

Lpv
dipv

dt
= Vpv − (1 − upv)Vbus − RL ipv

Lbat
dibat
dt

= Vbat − ubat Vbus − RL ibat

Lel
diel
dt

= uel Vbus − Vel − RL iel

Cpv
dVpv

dt
= Ipv(Vpv, G, Tamb)− ipv

(8)

augmented with the SOC dynamics (4) and the thermal dynamics (7). The sign convention is
ibat > 0 in discharge, ipv, iel > 0 unconditionally. The state-averaging assumption is justified
by the wide time-scale separation between the switching frequency ( fsw = 20 kHz, period
Tsw = 50 µs) and the outer-loop control bandwidth (ωouter = 100 rad/s, period ≈ 63 ms),
which differ by more than three orders of magnitude. The state-space model (8) corresponds
to the averaged power circuit shown in Figure 2, where each converter interfaces its energy
device to the common DC bus: the PV array (modeled as the current source Ipv with input
capacitance Cpv) is connected through a boost stage; the LFP battery is interfaced by a
bidirectional DC–DC converter; and the PEM electrolyzer is fed from the bus through a
buck stage. Each converter inductor carries the lumped series resistance RL, Cbus is the
DC-link capacitance, and the duty cycles upv, ubat, and uel are the averaged control inputs
of the three converters.

Ipv CpvVpv

Photovoltaic

plant

Lpv RL

ipv

DC

DC

upv

PV boost

ubat

Battery

(bidirectional)

PEM buck
PEM

electrolyzer

DC

DC

Vbat

Lbat RL

ibat

DC

DC

Lel RL

iel

Vel
uel

Cbus

Figure 2. Averaged power circuit of the off-grid PV–battery–PEM electrolyzer system associated with
the state-space model in Equation (8). The three DC–DC converters—PV boost, bidirectional battery
converter, and PEM buck—share a common 400 V DC bus. The duty cycles upv, ubat, and uel denote
the averaged switching functions of each converter.

2.6. Control Strategies

The three controllers (PI cascade, IO-FL, and IDA-PBC) and the three ablation variants
introduced in Section 2.6.4 share identical control objectives:

• Regulate the DC bus voltage at V∗
bus = 400 V using the battery as the actuator;

• Track the PV maximum power point through the reference V∗
pv delivered by the MPPT

algorithm;
• Deliver the reference electrolyzer current i∗el requested by the supervisory level (energy

management system).
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The controllers compared here are converter-level regulators. They do not decide when
the electrolyzer runs, at what set-point, or how the battery state of charge is managed; those
decisions are taken by the supervisory layer described in Section 2.8, which is identical for
all controllers. Statements about energy management in this paper therefore refer to that
layer, not to the control laws under comparison. Bus-voltage regulation is achieved through
the battery converter in all three controllers (the electrolyzer is treated as a load that follows
its own current reference). All controllers are tuned to the same nominal specifications:
inner-current loops with ωinner = 1000 rad/s, outer-voltage loops with ωouter = 100 rad/s,
damping ratio ζ = 0.707, yielding a 10:1 time-scale separation.

2.6.1. PI Cascade Control

The PI architecture uses five nested loops with conditional anti-windup integration:

• Two outer-voltage loops: one on Vpv that defines i∗pv, and one on Vbus that defines i∗bat;

• Three inner-current loops that produce the duty cycles upv, ubat, and uel from the
tracking errors of ipv, ibat, and iel , respectively;

• The electrolyzer current reference i∗el is provided directly by the supervisory level and
tracked only through the inner-current loop, without an outer-voltage loop.

The block diagram is shown in Figure 3.

MPPT PI
outer (Vpv )

PI
inner (ipv )

Boost
converter

PV
array

outer ref V∗
pv

−

i∗pv

−

upv

Vpv
ipv

V∗
bus

PI
outer (Vbus )

PI
inner (ibat )

Buck–Boost
converter

Battery
(LFP)

outer ref
−

i∗bat

−

ubat

Vbus

ibat

EMS PI
inner (iel )

Buck
converter

PEM
stack

supervisor i∗el

−

uel

iel

DC bus Vbus (shared)

Figure 3. Block diagram of the PI cascade control architecture. Five PI loops with conditional anti-
windup integration. Two outer-voltage loops (on Vpv and Vbus) generate the current references i∗pv and
i∗bat; three inner-current loops generate the duty cycles upv, ubat, and uel . The electrolyzer current ref-
erence i∗el is provided directly by the energy management system (EMS). The three power conversion
branches share the same DC bus (dashed grouping on the right). The same architecture also defines
the structural skeleton of the IO-FL and IDA-PBC controllers presented in Sections 2.6.2 and 2.6.3.

For the design of the PI gains, the plant (8) is linearized around the operating point with
equilibrium values upv,0 = 1 − Vpv,0/Vbus,0, ubat,0 = Vbat,0/Vbus,0, and uel,0 = Vel,0/Vbus,0.
Each inner-current loop reduces to a first-order plant of the form L i̇ + RL i = Ku u with
Ku = ±Vbus,0 depending on converter polarity. Closing the loop with the PI controller

GPI(s) =
Kp (s TI + 1)

s TI
(9)
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and matching the closed-loop response to a second-order prototype yields the analytical
gains

Kin
p =

2 ζ ωinner L − RL
|Ku|

, Kin
i =

ω2
inner L
|Ku|

(10)

For each outer-voltage loop, the inner loop is approximated as a unity gain in the bandwidth
of interest (justified by the 10:1 separation), and the resulting first-order voltage plant gives

Kout
p =

2 ζ ωouter C
|Ko|

, Kout
i =

ω2
outer C
|Ko|

(11)

where C is the relevant capacitance (Cpv or Cbus) and |Ko| is the steady-state gain of the
outer loop (1 for Vpv and ubat,0 for Vbus).

Conditional anti-windup integration (Figure 4) is essential: when the electrolyzer is
in standby (i∗el = 0), the integrator of the inner iel loop would otherwise undergo severe
windup within seconds. Padé first-order approximations model actuator delays up to 1 ms.

H(s)

ki
e esat

−

Figure 4. Schematic of the conditional anti-windup PI controller used in each of the five loops.

2.6.2. Input–Output Feedback Linearization

Feedback linearization is based on the work of Isidori [44]. The objective is to design a
nonlinear control law that renders the input–output behavior of the system linear. Let a
nonlinear SISO system be of the affine form

ẋ = f(x) + g(x) u

y = h(x)
(12)

with state x ∈ Rn, input u, and output y. The relative degree ρ is the smallest integer
such that LgLρ−1

f h(x) ̸= 0, where L f h denotes the Lie derivative of h along f [45,46]. The
feedback [47,48]

u =
−Lρ

f h(x) + v

LgLρ−1
f h(x)

(13)

renders the input–output map a chain of ρ integrators, y(ρ) = v; when ρ < n, only the
input–output relationship is linearized, leading to the input–output feedback linearization
(IO-FL) technique.

For the plant (8), three outputs are selected with different relative degrees:

h(x) =

⎡⎢⎣ iel

Vpv

Vbus

⎤⎥⎦, ρ =

⎡⎢⎣1
2
1

⎤⎥⎦ (14)

The electrolyzer current iel has relative degree ρ = 1 with respect to uel since ∂i̇el/∂uel =

Vbus/Lel ̸= 0 for Vbus > 0 (single-layer feedback linearization). The PV voltage Vpv has
relative degree ρ = 2 with respect to upv, requiring a cascade structure: the outer loop on
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Vpv generates i∗pv, and the inner layer linearizes ipv with respect to upv. The bus voltage
Vbus has relative degree ρ = 1 with respect to ubat (the actuator for Vbus regulation), since
∂V̇bus/∂ubat = ibat/Cbus; this input gain, however, vanishes whenever the battery current
crosses zero, so a direct single-layer inversion would be singular at ibat = 0. A cascade
structure is therefore adopted by design: the outer loop generates i∗bat and the inner layer
linearizes ibat via ubat, whose input gain Vbus/Lbat remains bounded away from zero.
Besides this singularity avoidance, the condition Vbus > 0 is the only restriction on validity,
and it is satisfied throughout normal operation.

Inverting the input–output maps yields the IO-FL control laws. For the single-layer
electrolyzer current loop

uel =
Vel + RL iel + Lel vel

Vbus
, vel = kel (i∗el − iel) (15)

For the cascade PV and battery loops, the outer-voltage layers compute the current
references, and the inner-current layers apply exact cancellation:

i∗pv = Ipv + Cpv kVpv (Vpv − V∗
pv)

i∗bat =
Vbus
Vbat

[︂
− (1 − upv) ipv + uel iel − Cbus kVbus (Vbus − V∗

bus)
]︂ (16)

with inner-layer gains kel = kipv = kibat = ωinner = 1000 rad/s and outer-layer gains kVpv = kVbus

= ωouter = 100 rad/s, chosen to match the same bandwidths as the PI controller. IO-FL does
not include integral action; this is a structural property of the standard formulation that has
direct consequences for steady-state accuracy under parametric uncertainty, as discussed
in Section 4. An integrator-augmented variant is evaluated alongside the canonical form
(Section 2.6.4).

2.6.3. Interconnection and Damping Assignment PBC

Passivity-based control (PBC) achieves stabilization by rendering the closed-loop
system passive with respect to a desired storage function with damping injection [49]; IDA-
PBC is its natural variant for systems with a port-controlled Hamiltonian (PCH) structure,
such as power electronic converters.

The system (12) can be expressed in PCH form as

ẋ = [J(x)− R(x)]∇H(x) + g(x) u (17)

where J(x) = −JT(x) is the skew-symmetric interconnection matrix, R(x) ≥ 0 is the
damping matrix, and H(x) is the Hamiltonian (total stored energy). The design selects a
desired Hamiltonian Hd(x) with an isolated minimum at the equilibrium x∗ and desired
matrices Jd = −JT

d , Rd ≥ 0, and solves the matching PDE [49]

g⊥(x) {[J(x)− R(x)]∇H(x)− [Jd(x)− Rd(x)]∇Hd(x)} = 0 (18)

with g⊥ a full-rank left annihilator of g, so that the closed loop becomes ẋ = [Jd − Rd]∇Hd.
Taking Hd as a Lyapunov candidate,

Ḣd = −[∇Hd]
T Rd(x)∇Hd ≤ 0 (19)

asymptotic stability of x∗ follows from LaSalle’s invariance principle [50].
In contrast with the 1 × 1 reduction employed in our previous study [37], the complete

port-Hamiltonian representation of the system (8) is derived here. Defining the energy-
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conjugate state variables q = [q1, q2, q3, q4, q5]
T with q1 = Cbus Vbus (charge in bus capacitor),

q2 = Lpv ipv, q3 = Lbat ibat, q4 = Lel iel (fluxes in inductors), and q5 = Cpv Vpv (charge in
PV-side capacitor), the total stored energy (Hamiltonian) is

H(q) =
q2

1
2Cbus

+
q2

2
2Lpv

+
q2

3
2Lbat

+
q2

4
2Lel

+
q2

5
2Cpv

(20)

The gradient is ∇H = [Vbus, ipv, ibat, iel , Vpv]T , recovering the physical voltages and
currents as co-energy variables. The PCH form of the plant is

q̇ = [J(u)− R]∇H(q) + g d (21)

with d = [Vbat, Vel , Ipv(Vpv, G, Tamb)]
T the external inputs, and

J(u) =

⎡⎢⎢⎢⎢⎢⎣
0 (1 − upv) ubat −uel 0

−(1 − upv) 0 0 0 1
−ubat 0 0 0 0

uel 0 0 0 0
0 −1 0 0 0

⎤⎥⎥⎥⎥⎥⎦, R = RL diag(0, 1, 1, 1, 0), g =

⎡⎢⎢⎢⎢⎢⎣
0 0 0
0 0 0
1 0 0
0 −1 0
0 0 1

⎤⎥⎥⎥⎥⎥⎦ (22)

By construction, J(u) = −JT(u) for all admissible duty cycles, and R ≥ 0. This
confirms the PCH structure of the full five-state plant and shows that the control action
enters through the modulation of the interconnection matrix, not through additive external
forces. This generalizes the 1 × 1 reduction employed in [37], where the full interconnection
structure was implicitly collapsed.

A direct IDA-PBC synthesis on the five-state plant would require solving a matching
PDE in five variables, which is intractable analytically. We instead exploit the time-scale
separation: the three inductor currents have natural time constants Lj/RL ≈ 20–40 ms
but are driven by the inner-current loops with effective bandwidth ωinner = 1000 rad/s
(time constant 1 ms), one order of magnitude faster than the outer-voltage loop band-
width (ωouter = 100 rad/s). Assuming the inner loops have reached their quasi-stationary
references i∗pv, i∗bat, i∗el , the slow manifold dynamics on Vbus become [49]

Cbus
dVbus

dt
= (1 − upv) i∗pv + ubat i∗bat − uel i∗el (23)

Substituting the quasi-stationary duty cycle expressions ubat,ss = Vbat/Vbus, uel,ss =

Vel/Vbus, (1 − upv,ss) = Vpv/Vbus (obtained by zeroing the inductor voltage equations
in (8)), this reduces to a power-balance equation that highlights the role of the battery
current i∗bat as the actuator for Vbus regulation. The IDA-PBC design then provides i∗bat as a
function of the bus-voltage error.

Defining the bus-voltage tracking error Ṽbus = Vbus − V∗
bus and an integral state ξ

with ξ̇ = Ṽbus, the desired closed-loop Hamiltonian on the reduced state xc = [Ṽbus, ξ]T is
chosen as the quadratic form

Hd(xc) =
1
2

Cbus Ṽ2
bus +

1
2

Ki ξ2 (24)

with the desired closed-loop matrices

Jd =

[︄
0 −1
1 0

]︄
, Rd =

[︄
Gd 0
0 0

]︄
(25)

https://doi.org/10.3390/hydrogen7040177

https://doi.org/10.3390/hydrogen7040177


Hydrogen 2026, 7, 177 13 of 40

where Gd > 0 is the damping injection gain (with units of conductance, A/V) and Ki > 0 is
the integral gain. The non-trivial Jd introduces a skew-symmetric coupling between the
voltage error and the integral state, contrasting with the 1 × 1 reduction of [37], where Jd

was absent. Matching the closed-loop dynamics yields the IDA-PBC control law for the
battery-current reference:

i∗bat =
Vbus
Vbat

[︁
−(1 − upv) ipv + uel iel − Gd Ṽbus − Ki ξ

]︁
(26)

which is then tracked by the inner battery-current loop via damping injection:

ubat =
Vbat − RL ibat − Rd,bat (i∗bat − ibat)

Vbus
(27)

where Rd,bat = Lbat ωinner = 1 Ω is the virtual damping resistance chosen to enforce the
inner-loop bandwidth. Analogous expressions are obtained for the PV and electrolyzer
inner-current loops. Stability of the closed loop is established by (19)

Ḣd = −Gd Ṽ2
bus ≤ 0 (28)

with asymptotic convergence to Ṽbus = 0, ξ = ξ∗ guaranteed by LaSalle’s principle whenever
Gd > 0 and the inner-current loops are stable. This certificate holds for the reduced two-state
system on the slow manifold, under the assumptions that (i) the inner-current loops track
their references with a time constant at least one order of magnitude shorter than the outer
loop, (ii) the plant model used in (26) matches the physical plant, (iii) the battery-current
reference is not saturated, and (iv) Vbat > 0 and Vbus > 0. It is therefore a stability result for
the slow dynamics of the nominal closed loop, not a global proof for the complete seven-
state system under saturation, model mismatch and time-varying disturbances. Robustness
to those conditions is assessed numerically in Sections 3.3 and 3.4; a Lyapunov analysis of
the full system with the anti-windup logic active is left for future work.

The damping gain Gd and integral gain Ki are not selected heuristically. The closed-
loop linearization around the equilibrium of (25) yields the characteristic polynomial

s2 +
Gd

Cbus
s +

Ki
Cbus

= 0 (29)

Matching this to the prescribed outer-loop specification ωn = ωouter uniquely deter-
mines the gains as a function of the desired damping ratio. In the present implementation,
Gd is selected such that the closed-loop crossover matches the PI cascade crossover fre-
quency, giving Gd = Cbus ωouter = 0.220 A/V, while Ki is selected slightly above the pure
second-order matching value to favor a faster rejection of bus-voltage offsets caused by
parametric uncertainty in Vbat, yielding Ki = 25 A/(V·s). This choice corresponds to
ωn ≈ 107 rad/s and ζ ≈ 0.47 on the linearized response, which is slightly underdamped
but ensures a faster integral correction without compromising stability. This analytical
tuning procedure ensures all three controllers operate with comparable bandwidth, provid-
ing a fair basis for comparison and avoiding heuristic selection of the damping parameter.
The deviation from the nominal damping target (ζ ≈ 0.47 instead of 0.707) is thus con-
fined to the outer loop and disclosed explicitly, while the crossover frequency remains
matched to the PI and IO-FL designs; the comparison is therefore performed at matched
bandwidth rather than at strictly identical damping. Because damping affects overshoot
and integral-error metrics, a retuned variant with Gd = 2ζωouterCbus = 0.311 A/V and
Ki = Cbusω2

outer = 22 A/(V·s), which places the outer loop exactly at ωn = 100 rad/s and
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ζ = 0.707, is included in the ablation study of Section 2.6.4 to verify that the ranking does
not depend on this choice.

Relation to IO-FL

Substituting the quasi-stationary duty cycles into (26) and comparing with (16) shows
that the two bus-voltage laws share the same structure: the same power-balance feed-
forward (Vbus/Vbat)[−(1 − upv)ipv + uel iel ] and a proportional term whose gains coincide
when Gd = Cbus kVbus , which is the case for the matched-bandwidth tuning adopted here
(Gd = 0.220 A/V, CbuskVbus = 0.220 A/V). The inner-current loops coincide as well, since
the damping injection Rd,j = Ljωinner reproduces the pole placement Ljk j of the feedback-
linearized loops, and the PV loops are identical. The only term that distinguishes the two
laws is the integral action Kiξ with its anti-windup. On this plant, therefore, IDA-PBC
is IO-FL with an integrator on the bus-voltage error, obtained through a different design
route: feedback linearization arrives at the law by exact cancellation, IDA-PBC arrives at
it by matching the closed loop to a target port-Hamiltonian structure, which in exchange
yields the energy-based stability certificate above and a physical reading of the gains (Gd as
a virtual conductance, Rd as a virtual resistance). The coincidence is not an implementation
artifact but a property of the problem: for a bus capacitor driven by a current actuator
through fast inner loops, the matching equation has a unique solution of the assumed
quadratic form, and that solution is the cancellation law plus integral action. Section 3.2
confirms the equivalence numerically.

2.6.4. Ablation Variants

Two questions cannot be answered with the three controllers alone: whether the
regulation benefit of the nonlinear designs comes from their structure or from the model-
based feed-forward they embed, and whether the IAE penalty of IO-FL is intrinsic to
feedback linearization or only to its canonical form without integral action. Three variants
are therefore added to the comparison, each changing a single element of a baseline
controller:

• PI+FF: the PI cascade of Section 2.6.1 with the power-balance feed-forward of (16)
added to the battery-current reference,

i∗bat =
Vbus
Vbat

[︂
− (1 − upv) ipv + uel iel

]︂
+ Kout

p Ṽbus + Kout
i

∫︂
Ṽbus dt (30)

where Vbat is obtained from the battery model (in practice, from the measured terminal
voltage). The outer PI acts on the residual of the power balance; all gains, inner loops,
and anti-windup logic are those of the PI cascade.

• IO-FL+I: the canonical IO-FL of Section 2.6.2 with an integral term −Kiξ, ξ̇ = Ṽbus,
inside the bracket of (16), with the same gain Ki = 25 A/(V·s) and back-calculation
anti-windup as IDA-PBC. By the argument of Section 2.6.3, this variant is expected to
reproduce IDA-PBC exactly.

• IO-FL+I (ζ = 0.707): the same variant with kVbus = 2ζωouter = 141 rad/s and Ki =
22 A/(V·s), i.e., the retuned IDA-PBC gains of Section 2.6.3.

All six controllers are evaluated under identical scenarios, solver settings, and metric
windows, and the degradation and economic post-processors are applied to all of them.

2.7. Component Degradation Models

Two post-processor aging models are integrated into the simulation pipeline. Both
operate on the simulated current, voltage, and temperature trajectories of the battery and
electrolyzer, producing the first-year capacity loss (battery) and the voltage degradation rate
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(electrolyzer) for each control strategy and scenario. Every stress factor that enters the two
models (mean state of charge, depth of discharge, RMS currents, mean temperatures, hours
of operation) is evaluated as a time-weighted integral of the trajectory, so that the results
do not depend on the distribution of the output points of the variable-step solver, which
differs between controllers. The two models were developed and validated experimentally
by their authors on specific cells and stacks under laboratory protocols; what is validated
is the functional form and the parameter values for those devices, not their application
to the present pack, stack, thermal conditions, and operating profile. They are used here
as published, with parameters representative of commercial LFP cells and Nafion-based
PEM stacks, and the absolute lifetimes they project should be read as model extrapolations.
Two further sources of uncertainty limit the confidence in those absolute figures: the
degradation coefficients carry the scatter of the source experiments, which the models do
not propagate, and the battery temperature is held at 25 ◦C in the aging post-processor
because the pack thermal dynamics are not modeled, whereas calendar aging is strongly
temperature dependent. The comparison across controllers, which is the object of this work,
relies only on the models being applied identically to all of them.

2.7.1. LFP Battery Aging

The battery aging model follows Naumann et al. [14,15], who developed and experi-
mentally validated calendar and cycle aging laws for commercial LFP/graphite cells. The
total capacity loss per year is decomposed as

∆Closs [%/yr] = ∆Ccal + ∆Ccyc (31)

The calendar component depends on the average state of charge SOC and an
Arrhenius-corrected temperature factor:

∆Ccal = kcal,re f exp

[︄
− Ea

Rg

(︄
1

Tbat
− 1

Tre f

)︄]︄
f (SOC)

√︁
tyr (32)

with kcal,re f = 0.11%/
√︁

day at Tre f = 25 ◦C and SOC = 0.5, activation energy Ea =
24,500 J/mol, and the SOC factor f (SOC) = 0.45+ 1.10 SOC. The cycle component depends
on the equivalent full cycles per year (EFC) and the mean depth of discharge:

∆Ccyc = (a + b DOD)
√︂

EFCyr (33)

with a = 0.015%/
√

EFC and b = 0.05%/
√

EFC. EFC is computed from the simulated current
trajectory as

EFCyr =
1

2 Qnom

∫︂ tsim

0
|ibat(t)| dt · 8766

tsim,h
(34)

The factor 8766/tsim,h in Equation (34) extrapolates the observed throughput to an
annual basis under continuous operation and is retained in Sections 3.2 and 3.6 for compa-
rability with the stress scenario. For the economic analysis (Section 2.8.4), the cycle term is
annualized instead with the operating hours of the techno-economic model, hop = 2400 h/yr,
so that the physical and economic calculations share one operating schedule; the calendar
term always accrues over the full year. Because the Naumann laws are proportional to

√
t

and
√

EFC, the quantity reported as “capacity loss per year” is the loss accumulated during
the first year, not a constant annual rate: the loss after t years is ∆Closs(1 yr)

√
t, and the

time to the 80% end-of-life criterion follows from that expression. The representative day
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of Section 3.5 provides, in addition, a direct estimate of the throughput under supervisory
operation that does not rely on extrapolating the stress window.

The end-of-life criterion is taken as 80% of nominal capacity, consistent with [15].

2.7.2. PEM Electrolyzer Degradation

The PEM degradation model follows Frensch et al. [10], who quantified the voltage
degradation rate as the sum of a baseline term and three accelerating contributions related
to current ripple, ON/OFF cycling, and excess temperature:

dVel
dt

⃓⃓⃓⃓
aging

= Ubase + k j jripple,RMS + kcyc ncycles/h + kT max(0, Tel − Tre f ) (35)

with Ubase = 5 µV/h baseline rate under steady operation, k j = 80 µV/h per A/cm2 ripple
sensitivity, kcyc = 2 µV/h per cycle/h from start/stop contribution [11], kT = 2 µV/h per K
excess above Tre f = 60 ◦C, and jripple,RMS computed as the time-weighted standard deviation
of the current density during operation (excluding standby periods). The cycling frequency
ncycles/h is the number of start/stop cycles divided by the hours of stack operation (current
above 1 A) in the simulated window, which is the same time basis on which the rate
is expressed and later annualized. The end-of-life criterion is taken as a 10% increase
in stack voltage above the initial value at nominal current, consistent with the standard
+10% criterion [11] and recent durability reviews [8]. The rate is expressed per hour of
operation. In Sections 3.2 and 3.6, it is annualized under continuous operation (8766 h/yr);
in the economic analysis, it is annualized with the 2400 h/yr operating schedule of the
techno-economic model. Expressed in operating hours, the +10% criterion is reached after
approximately 2.3 × 105 h, which exceeds the industrial stack lifetime specification quoted
below and confirms that the projection is not binding. It is applied at the stack level against
this criterion, and the corresponding projection is used as an effective end-of-life indicator
for the cross-controller comparison rather than as an absolute lifetime prediction; absolute
replacement timing in the economic analysis is governed instead by the calendar cap of
Section 2.8.4, consistent with industrial stack lifetime specifications of 40,000–80,000 h. The
ON/OFF cycling frequency ncycles/h is computed from threshold crossings (1 A) of the
simulated current rather than assumed; it is zero in the stress scenario, where the set-point
is constant, and non-zero in the representative day of Section 3.5, where the supervisory
layer starts and stops the stack. In that scenario, the ripple term is evaluated on the tracking
error iel − i∗el rather than on the deviation from the window mean, since the set-point itself
varies with the irradiance. Both aging models are applied identically to the trajectories
generated by the six controllers, ensuring a like-for-like comparison.

2.8. Simulation Scenarios and Performance Metrics
2.8.1. Operating Scenarios

The deterministic evaluation uses a stress profile superimposing six abrupt cloud drop-
out events of 5–20 s duration, with irradiance dropping to 150–400 W/m2—a standard
benchmark disturbance for PV-coupled hydrogen systems [7]. The electrolyzer set-point is
held at 30 A by the supervisory layer and the PV reference at V∗

pv = 249 V, so this scenario
isolates the converter-level response to irradiance disturbances.

Representative Day with Supervisory Operation

To represent the operating conditions that the stress scenario excludes (daily irradiance
variation, low-generation periods, electrolyzer start/stop, and state-of-charge limits), a
second scenario simulates the daylight hours of a representative day in the Atacama Desert,
from 05:30 to 20:30, with a synthetic irradiance model (clear-sky envelope for latitude
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24◦ S at the equinox, Gpeak = 1050 W/m2, multiplied by an Ornstein–Uhlenbeck cloud
index). Two days are considered: a clear day (cloud-index mean 0.88) and a cloudy day
(mean 0.75 and a larger diffusion coefficient), on which three deep cloud passages lasting
8–15 min are superimposed at 10:30, 13:15, and 15:40 to force deliberate start/stop events.
A supervisory layer common to all controllers provides the references. An ideal maximum-
power-point tracker computes V∗

pv(G, T) from the single-diode model. The electrolyzer
set-point follows the available PV power, i∗el = ηcPmpp(G)/Vel,nom with ηc = 0.95, bounded
to [Imin, Inom] = [4, 40] A and rate-limited to 2 A/s. The stack is started when G > 200 W/m2

for 120 s and stopped when G < 100 W/m2 for 120 s; the PV converter is enabled when
G > 80 W/m2 and disabled below 30 W/m2 with a 60 s dwell. The set-point is driven to
zero if the battery state of charge falls below 20%, and the PV current is curtailed above 95%.
Because the supervisory decisions are computed from the irradiance profile, the start/stop
schedule is identical for all controllers by construction, which is what a converter-level
comparison requires; the state-of-charge limits act in closed loop and could differ between
controllers but are not reached on either day. The lumped thermal model of the stack
dissipates only to ambient through Rth and would exceed 130 ◦C in sustained operation; a
proportional cooling loop (150 W/K above 60 ◦C), representing the thermal management of
the balance of plant, holds the stack near its operating temperature. This loop is irrelevant
over the 10 min stress window and is used only in the daily scenario. Three implementation
details of the PI cascade, exercised only by start/stop operation, were corrected for this
scenario. The duty-cycle feed-forward of the electrolyzer loop is anchored at the zero-
current duty VrevNcells/Vbus and rises linearly to its original value at 30 A; the original
feed-forward, proportional to the set-point, drove the duty cycle to zero in standby, and a
reverse current then circulated through the idle stack, which the averaged model does not
prevent. The standby limit on that duty cycle, which left a residual negative voltage across
the inductor resistance, was set to the zero-current equilibrium. An undefined gain name
in the anti-windup branch of the battery-current loop, reached only when the battery duty
cycle saturates, was corrected. The integrators of the PV and electrolyzer loops are reset at
each start, which is standard practice for a bumpless restart. None of these changes affects
the stress or Monte Carlo results, where the set-point is constant at 30 A, the feed-forward
takes its original value, and the duty cycle does not saturate; re-running the stress scenario
with the corrected PI reproduces the results of Section 3.2 exactly.

All scenarios use the MATLAB ode23tb stiff solver (relative tolerance 10−4 and abso-
lute tolerance 10−6 for the deterministic stress runs, 5 × 10−3 and 10−4 for the 2400 Monte
Carlo runs, and 10−3 and 10−5 for the representative-day scenario, with integration split at
the switching instants of the supervisory layer) with fixed random seeds for reproducibility.

2.8.2. Performance Metrics

The analysis adopts a comprehensive set of metrics computed from the steady-state
portion of each simulation (after discarding the first 5% of the trajectory as transient):

• The standard deviation σ and peak-to-peak excursion of Vbus;
• The maximum absolute deviation of Vbus from the reference, expressed in V and as a

percentage;
• The integral of absolute error (IAE) and the integral of time-weighted absolute error

(ITAE) of Vbus;
• The root-mean-square ripple of the electrolyzer current iel ;
• The root-mean-square value of the battery current ibat.
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2.8.3. Statistical Analysis

A Monte Carlo experiment of N = 200 paired runs is performed on the stress scenario:
converter series resistances are perturbed by ±30%, inductances and capacitances by ±20%,
and the battery EMF E0 and the electrolyzer ohmic resistance by ±5%, sampled from
independent uniform distributions with fixed seeds. The same perturbation set is applied
to the six controllers within each run, enabling paired two-tailed Student’s t-tests (d f = 199)
with 95% confidence intervals. In this set, the controllers use the perturbed parameter
values, so it quantifies sensitivity to plant variation with the controller retuned to each
plant. A second set of N = 200 paired runs addresses robustness to model error. The plant
is perturbed as above, but the controllers operate with the nominal parameters, and the
quantities that the model-based laws invert are corrupted inside the controller: the PV
short-circuit current (±5%), the stack ohmic resistance (±10%) and anodic exchange current
density (one half-decade), and the battery EMF (±3%) and internal resistance (±20%). The
measurements are corrupted as well: irradiance (±10%); ambient temperature (±5 K);
bus voltage (a bias of ±1 V plus a low-frequency error of 0.5 V RMS in the 0.05–5 Hz
band, representing drift and residual noise after the anti-aliasing filter); and the gains of
the three current sensors (±2%). All controllers see the same corrupted measurements
within a realization. The ±2% bus-voltage band used as the compliance criterion in both
sets is a design target adopted in this work, chosen so that bus excursions remain small
compared with the input-voltage margin of the electrolyzer converter; it is not prescribed
by an external standard, and Section 3.3 reports the compliance fraction over a range of
thresholds so that readers with a different target can read the result for it.

2.8.4. Economic Analysis Methodology

A net present value (NPV) model is implemented to compute the levelized cost of
hydrogen (LCOH) for each controller, defined as the ratio of the present value of total
system costs to the present value of hydrogen production over the project horizon:

LCOH =
CAPEX + NPV(OPEX) + NPV(Replacements)

NPV(mH2)
(36)

where each annual cash flow is discounted at the weighted average cost of capital (WACC)
over a T-year horizon. The total capital expenditure (CAPEX) is decomposed into PV array,
battery, PEM electrolyzer, DC–DC converters, balance of plant (15% of subsystem CAPEX),
and installation (10% of CAPEX plus balance of plant). The operating expenditure (OPEX)
includes annual O&M (2.5% of CAPEX), deionized water consumption, and fixed annual
costs. Replacement cash flows are triggered by the degradation rates obtained from the
Naumann (battery) and Frensch (PEM) models of Sections 2.7.1 and 2.7.2, applied to the
corresponding end-of-life criteria: 80% remaining capacity for the battery [15] and the lesser
of (i) +10% stack voltage [11] or (ii) a maximum calendar lifetime of 10 years [51] for the
PEM. Hydrogen production is computed from the Faraday law applied to the simulated
electrolyzer current of each controller, with the Faraday efficiency ηF of Equation (6)
evaluated at the instantaneous current density, so that any controller-dependent difference
in current tracking enters the LCOH; the production rate is referred to the 2400 h/yr
operating schedule. Replacement cash flows follow a convention that is consistent with
the project horizon: a component is replaced when its end of life falls strictly inside the
horizon, and the unused fraction of the life of a replaced component at the end of the
horizon is credited as a linear residual value. The alternative convention, which charges a
replacement falling exactly at the end of the horizon in full and credits no residual value,
is retained as a sensitivity case. The battery cycle term and the PEM degradation rate are
annualized with the same 2400 h/yr used for production (Section 2.7).
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All economic parameters and sources are summarized in Table 2; values correspond
to small-scale off-grid installations (4–10 kW), which exhibit higher unit costs than utility-
scale benchmarks. A 10-year calendar replacement cap is adopted for both the battery and
the PEM stack. For the battery, it corresponds to the ten-year product and performance
warranty offered for stationary LFP packs in the 5–25 kWh class [52]; for the PEM stack,
it corresponds to the lower end of the 50,000–80,000 h stack lifetimes reported for current
technology [51], which, at 2400 h/yr, span 21–33 years, truncated to the warranty horizon
that governs replacement decisions in remote installations. The aging models project longer
lives than this cap under the present operating profile (Section 3.6), so the replacement
schedule is controller-independent by construction: no controller reaches an aging-based
end of life inside the horizon. This is stated explicitly because it bounds what the LCOH
comparison can show. To make the result independent of the cap, a variant in which
replacement is governed solely by the aging models, with no calendar limit, is reported
alongside the base case. This cap pertains to managed stationary LFP storage operated
within controlled state-of-charge and thermal windows and should not be conflated with
automotive SLI or NMC batteries, whose 3–5-year field lives reflect harsher duty cycles,
wider temperature excursions, and a different cell chemistry. To assess robustness, sensi-
tivity scenarios are evaluated on CAPEX (±30%), WACC (5% and 10%), project horizon
(15 and 20 years), operating hours (3500 h/yr, Atacama with single-axis tracking), the
replacement convention, the calendar cap, and the battery size (5–20 kWh), reported in
Section 3.7.

Table 2. Economic parameters used in the LCOH analysis. All values correspond to small-scale
off-grid installations in northern Chile; 2024 baseline.

Parameter Symbol Value Source

Financing and horizon
Weighted avg. cost of capital r 7% [2]
Project horizon T 10 years [2]

Unit costs (small-scale 2024 baseline)
PV array cPV 1200 USD/kWp [4]
Battery LFP system level cbat 400 USD/kWh [20]
PEM electrolyzer installed cPEM 1500 USD/kW [19]
DC–DC converters cconv 150 USD/kW engineering estimate
Balance of plant (frac. of components) fBoP 15% [20]
Installation (frac. of CAPEX+BoP) finst 10% [20]

Operating expenditure
O&M (frac. of CAPEX/yr) fO&M 2.5% [19]
Deionized water cost cH2O 0.05 USD/kg H2 engineering estimate
Fixed annual OPEX C f ,yr 200 USD/yr engineering estimate

Replacement criteria
Battery EOL (remaining capacity) – 80% [15]
PEM EOL (voltage increase) – +10% [11]
PEM maximum calendar lifetime – 10 years [51]
Battery maximum calendar lifetime – 10 years [52]
Battery replacement cost factor frep,bat 1.0× CAPEX full system
PEM replacement cost factor frep,PEM 0.6× CAPEX [19]

Operation
Annual operating hours hop 2400 h/yr [3]
Electrolyzer operating current i∗el 30 A (simulated iel) system rating

Applying the unit costs of Table 2 to the system sizing of Table 1 yields a total CAPEX of
22,335 USD, decomposed as 5760 USD for the PV array, 4096 USD for the battery, 6000 USD
for the PEM stack, 1800 USD for the three DC–DC converters (rated 4 kW each), 2648 USD
for balance of plant, and 2030 USD for installation.
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3. Simulations and Results
The three control strategies and the three ablation variants are evaluated through five

complementary analyses: deterministic transient performance, statistical robustness to
plant variation, robustness to model mismatch and measurement error, a representative
day with supervisory start/stop operation, and long-term component degradation. All
simulations use the averaged converter model in MATLAB with V⋆

bus = 400 V. The deter-
ministic scenario consists of repeated cloud drop-out events (G: 900 → 250 W/m2) over a
10 min window, with the electrolyzer current set-point held constant at i∗el = 30 A by the
supervisory layer. The first statistical analysis comprises N = 200 Monte Carlo realizations
with electrical parameters perturbed by ±20–30% and electrochemical parameters by ±5%;
the second repeats it with the controllers operating on nominal models and corrupted
measurements. Component aging is computed with the Naumann LFP model [14,15] and
the Frensch PEM model [10]. The first 5% of each window is discarded from the metrics as
an initial transient.

3.1. Deterministic Stress Test

Figure 5 shows the response to a representative cloud drop-out at t = 60 s (G: 900
→ 250 W/m2). The PI controller exhibits a Vbus dip of 16 V (4.0%; the deepest of the six
events, at t = 240 s with G → 150 W/m2, reaches the 18.3 V reported in Table 3), returning
to within 1 V of the reference after 40 ms with a visible overshoot of about 1 V, whereas
IO-FL and IDA-PBC limit the excursion to 3.2 V (0.8%) and PI+FF to 2.2 V (0.55%). During
the transient, IO-FL and IDA-PBC restore maximum-power-point tracking within tens of
milliseconds, against a noticeably slower re-convergence for PI. The battery current steps
from −7 A (charging) to ≈+9 A (discharging): PI overshoots to ∼12 A and settles slowly,
IO-FL and IDA-PBC peak at ∼11 A and settle within 50 ms, and the feed-forward of PI+FF
commands a brief spike of ∼16 A at the instant of the drop-out, which is what buys its
smaller dip. The electrolyzer current iel is unaffected for IO-FL and IDA-PBC and deviates
by 0.2 A peak-to-peak for PI+FF and by 0.4 A for PI.

3.2. Quantitative Performance Metrics

Figure 6 summarizes four key indicators over the full 600 s stress window, and Table 3
provides the complete metric set for the six controllers. Three observations organize
the results.

First, the integrator-augmented IO-FL and IDA-PBC are the same controller. Their
trajectories differ by at most 1.5 mV in Vbus and 3 mA in ibat over the whole window, which
is the solver tolerance, and every metric coincides to three significant figures (0.884% peak
deviation, 0.588 V·s IAE). This is the numerical counterpart of the structural argument of
Section 2.6.3.

Second, the peak-suppression benefit comes from the power-balance feed-forward,
not from the nonlinear structure. The canonical IO-FL already reduces the peak deviation
from 4.57% to 0.91% with no integral action at all; adding the same feed-forward term to
the PI cascade (PI+FF) reduces it further, to 0.65%, with a peak-to-peak excursion of 4.9 V
against 5.9 V for IO-FL and IDA-PBC. The PI+FF variant keeps the five PI integrators, so it
also has the lowest IAE of the set (0.092 V·s, six times lower than IDA-PBC) and the lowest
ITAE. The ordering PI+FF < IDA-PBC holds for every bus-voltage metric.

Third, the IAE ordering of the original three controllers (IO-FL > PI > IDA-PBC) is
entirely a matter of integral action: IO-FL yields 15.82 V·s because a residual offset of tens
of millivolts accumulates over the window, and the same law with the Kiξ term yields
0.59 V·s. Retuning the outer loop to ζ = 0.707 (IO-FL+I, ζ = 0.707) improves IDA-PBC
moderately (0.84% peak, 0.41 V·s IAE) and does not change its position relative to PI+FF,
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so the ranking reported here is not a consequence of the damping difference disclosed in
Section 2.6.3.
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Figure 5. Time-domain response of the PI cascade, PI+FF, IO-FL, and IDA-PBC to a cloud drop-out
event at t = 60 s (G: 900 → 250 W/m2). The IDA-PBC controller maintains Vbus within ±5 V and
isolates the electrolyzer current from the disturbance; PI+FF limits the dip further at the cost of a brief
battery-current spike; at this scale, the IO-FL trace is nearly indistinguishable from the IDA-PBC trace.

The electrolyzer current ripple at the control-loop bandwidth is suppressed to numer-
ical zero by the four model-based variants, against 0.003 A RMS for PI and 0.0007 A for
PI+FF, whose PI electrolyzer loop still sees a small bus disturbance. This metric captures
only controller-induced ripple within the loop bandwidth; the PWM switching ripple at
fsw = 20 kHz (typically 1–3% of rated current) is not represented by the averaged model.
We assume it to be common to all implementations because it is set by the converter design
(topology, inductor, switching frequency, and operating point) rather than by the outer
control law; interleaved topologies, for instance, reduce it substantially in simulation and
experimentally [53,54] without any change in the outer loop. This is an expectation to be
confirmed with a switched model or experimentally for this plant, not a result of this study.
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The values close to zero therefore indicate near-perfect tracking within the averaged model
and should not be read as physical ripple levels (Section 3.6).
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Figure 6. Performance metrics over the 600 s stress scenario for the six controllers. The power-
balance feed-forward (PI+FF, IO-FL, IO-FL+I, IDA-PBC) sets the peak metrics; integral action sets the
accumulated-error metrics; IO-FL+I and IDA-PBC coincide. IO-FL+I*: IO-FL+I retuned to ζ = 0.707.

Table 3. Performance metrics over the deterministic stress scenario (600 s, V⋆
bus = 400 V, first 5% of the

window excluded as an initial transient). PEM degradation and projected lifetimes use the continuous-
operation annualization (8766 h/yr) for comparability with Section 3.6; the operating-hour basis is
used in Section 3.7.

Metric PI PI+FF IO-FL IO-FL+I IO-FL+I IDA-PBC Units
ζ = 0.707

Bus-voltage regulation
Vbus std 2.926 0.329 0.453 0.435 0.399 0.435 V
Vbus peak-to-peak 36.56 4.91 5.91 5.85 5.55 5.85 V
Vbus max deviation 18.30 2.58 3.63 3.54 3.36 3.54 V
Vbus max deviation 4.57 0.65 0.91 0.88 0.84 0.88 %
Vbus IAE 4.67 0.092 15.82 0.588 0.414 0.588 V·s
Vbus ITAE 1366 27 4970 171 121 171 V·s2

Component stress indicators
ibat RMS 6.90 6.90 6.90 6.90 6.90 6.90 A
iel ripple RMS (loop) 0.003 0.0007 <10−12 <10−12 <10−12 <10−12 A

Battery degradation (Naumann LFP, 8766 h/yr basis)
EFC per year 601 601 601 601 601 601 –
First-year capacity loss 2.509 2.509 2.509 2.509 2.509 2.509 %

PEM degradation (Frensch, 8766 h/yr basis)
dV/dt 42.21 42.21 42.21 42.21 42.21 42.21 µV/h
Efficiency loss 0.385 0.385 0.385 0.385 0.385 0.385 %/yr
Projected years to EOL 25.95 25.95 25.95 25.95 25.95 25.95 years

3.3. Monte Carlo Robustness Analysis

To assess controller sensitivity to plant variation, N = 200 Monte Carlo realizations are
conducted, each with independently perturbed values of the converter parameters (RL, L,
C, ±20–30%), the battery EMF E0 (±5%), and the electrolyzer ohmic resistance (±5%). All
six controllers are evaluated on identical perturbed plants within each realization to enable
paired statistical tests. In this first set, the controllers are given the perturbed parameter
values, so that the model-based laws cancel the plant exactly; it therefore measures how the
closed loop responds to a different plant when the controller is retuned to it, not robustness
to model error. The one exception is IDA-PBC, whose virtual conductance and resistances
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are fixed numbers (Gd = 0.220 A/V, Rd,j = Lj,nomωinner) and are not updated with the
perturbed L and C; this is why its dispersion is slightly larger than that of IO-FL+I below,
although the two laws coincide for the nominal plant. Robustness to model mismatch
proper is the object of Section 3.4. The seed of the random number generator is fixed by the
realization index, ensuring full reproducibility of the experiment. Figure 7 shows box plots
of four representative metrics, and Figure 8 presents the empirical cumulative distribution
functions (ECDFs) of the maximum Vbus deviation and the IAE.
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Monte Carlo, plant variation with retuned controllers (N = 200)

Figure 7. Monte Carlo distributions (N = 200) of four key metrics for the six controllers. Notched
box plots indicate 95% confidence intervals on the medians; white diamonds mark the means. The
four variants with the power-balance feed-forward share the same peak-suppression band, PI+FF
sits below it, and integral action separates the IAE distributions. The PEM voltage degradation rate
differs by less than 0.1 µV/h across the six controllers. IO-FL+I*: IO-FL+I retuned to ζ = 0.707.

The statistical results (Table 4) confirm the deterministic findings. Regulation com-
pliance is the most consequential outcome: 100% of the realizations of the five variants
that carry the power-balance feed-forward satisfy the ±2% target on Vbus (worst cases
between 0.89% for PI+FF and 1.22% for IDA-PBC), whereas 0% of the PI realizations do
(best case 4.25%). Paired t-tests yield p < 10−100 for all PI-versus-feed-forward compar-
isons on regulation metrics. PI+FF has a lower peak deviation than IDA-PBC in 200 of
200 realizations (mean difference −0.24 percentage points, t = −76) and a lower IAE in
200 of 200 (−0.52 V·s, t = −112). IO-FL+I and IDA-PBC are statistically indistinguishable
(p = 0.70 for the peak deviation, p = 0.79 for the IAE), as expected from Section 2.6.3.

The IAE ordering (IO-FL > PI > IO-FL+I = IDA-PBC) is preserved in 100% of realiza-
tions, with fully non-overlapping distributions (Figure 8b), establishing that the integrator-
related gap between IO-FL and IDA-PBC is a structural property of the formulations rather
than a parameter-dependent one.
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Figure 8. Empirical cumulative distribution functions of (a) Vbus maximum deviation and (b) Vbus
IAE across N = 200 Monte Carlo realizations. The ±2% regulation target is met by 100% of the runs
of the five feed-forward variants and 0% of the PI runs. The IO-FL+I trace nearly coincides with the
IDA-PBC trace and is hidden beneath it.

Table 4. Monte Carlo statistical summary (N = 200 realizations, plant parameters perturbed
±20–30%, controllers retuned to the perturbed plant). All paired t-tests for PI versus the feed-
forward variants yield p < 10−100 on regulation metrics; IO-FL+I versus IDA-PBC is non-significant
on every metric. The PEM dV/dt differs by at most 0.002 µV/h (5 × 10−5 of the rate) between any
two controllers. * Retuned to ζ = 0.707.

Metric PI PI+FF IO-FL IO-FL+I IO-FL+I * IDA-PBC

Mean ± std across 200 realizations
Vbus max dev [%] 4.572 ± 0.150 0.654 ± 0.089 0.919 ± 0.105 0.896 ± 0.100 0.851 ± 0.096 0.898 ± 0.128
Vbus IAE [V·s] 4.72 ± 0.22 0.098 ± 0.012 15.79 ± 3.42 0.621 ± 0.077 0.430 ± 0.048 0.619 ± 0.074
Vbus std [V] 2.271 ± 0.138 0.247 ± 0.033 0.345 ± 0.040 0.334 ± 0.039 0.305 ± 0.035 0.335 ± 0.045
PEM dV/dt [µV/h] 42.20 ± 0.54 42.20 ± 0.54 42.20 ± 0.54 42.20 ± 0.54 42.20 ± 0.54 42.20 ± 0.54

Worst-case Vbus max deviation across 200 realizations [%]
Worst case 4.910 0.889 1.136 1.102 1.047 1.223

Compliance with the ±2% target
Fraction within target 0% 100% 100% 100% 100% 100%

Because the ±2% figure is an adopted design target rather than a normative limit
(Section 2.8), Table 5 reports the compliance fraction over a range of thresholds. The
conclusion is insensitive to the threshold between 1.5% and 4%: PI fails, and the five
feed-forward variants comply. At 1%, the variants separate (PI+FF 100%, IO-FL+I with
ζ = 0.707 90%, IO-FL+I 84%, IDA-PBC 79%, IO-FL 77%), and at 0.75%, only PI+FF retains a
majority of compliant runs.

The Monte Carlo results also reveal a finding of equal importance: the PEM voltage-
drift rate is the same for the six controllers, 42.20 ± 0.54 µV/h, despite the complete
suppression of electrolyzer ripple by the model-based variants (Table 4). The dispersion
of 0.54 µV/h is produced by the plant perturbation, which moves the stack temperature,
and is common to all controllers within each realization; the paired differences between
controllers are at most 0.002 µV/h (PI against the model-based variants), which is exactly
the size of the ripple term of the PI cascade. Because the realizations are paired and N = 200,
even these differences are formally significant (p < 0.05 in twelve of the fifteen pairs),
which illustrates that statistical significance carries no physical content here: 0.002 µV/h is
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5 × 10−5 of the rate and several orders of magnitude below the uncertainty of the Frensch
coefficients. The physical interpretation is developed in Section 3.6.

Table 5. Fraction of Monte Carlo realizations (N = 200) whose maximum Vbus deviation stays within
a given threshold. * Retuned to ζ = 0.707.

Threshold PI PI+FF IO-FL IO-FL+I IO-FL+I * IDA-PBC

±0.75% 0% 83.5% 0% 3.5% 17.5% 12.5%
±1% 0% 100% 76.5% 83.5% 89.5% 78.5%
±1.5% 0% 100% 100% 100% 100% 100%
±2% 0% 100% 100% 100% 100% 100%
±4% 0% 100% 100% 100% 100% 100%
±5% 100% 100% 100% 100% 100% 100%

3.4. Robustness to Model Mismatch and Measurement Error

The second Monte Carlo set (Section 2.8) answers a different question from the first:
not how the closed loop responds to a different plant when the controller is retuned to
it, but how each controller behaves when its model is wrong and its measurements are
corrupted. Table 6 and Figure 9 summarize the N = 199 paired realizations.
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Figure 9. Empirical cumulative distribution functions in the mismatch set of (a) the maximum Vbus
deviation and (b) the absolute mean error of the true bus voltage. The canonical IO-FL spreads over
an order of magnitude; the four variants with feed-forward and integral action overlap, and the
IO-FL+I trace is hidden beneath the IDA-PBC trace.

Three results stand out. First, the canonical IO-FL does not survive model error. Its
exact cancellation of the battery voltage and of the converter resistances leaves a steady-
state offset proportional to the mismatch, and with the battery-EMF errors considered here
(±5% on the plant, ±3% in the controller model) the true bus voltage settles on average
14.4 V away from the reference, up to 38.9 V in the worst realization; its maximum deviation
averages 4.29% (worst 10.9%), and only 26% of its realizations meet the ±2% target. The
deviation is correlated with the magnitude of the EMF error (correlation 0.57). This is the
robustness limitation of the canonical IO-FL that the first Monte Carlo set cannot expose
(Section 3.3); it is real, and it is entirely due to the absence of integral action.

Second, the four variants that combine the power-balance feed-forward with integral
action keep the target in every realization and converge to the same performance band:
mean peak deviations of 0.84, 0.86, 0.83, and 0.86% for PI+FF, IO-FL+I, the retuned variant,
and IDA-PBC, with worst cases between 1.28 and 1.51%. The advantage that PI+FF holds
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over IDA-PBC when both operate on exact models (0.65 against 0.90% in Table 4) shrinks
to 0.017 percentage points here and is no longer significant (p = 0.24; PI+FF has the smaller
peak in 58% of the realizations). With a wrong model, the exact cancellation of the inner
loops is no longer exact for any of them, the feed-forward is computed from corrupted
currents and voltages for all of them, and what remains is the same structure, a model-based
feed-forward corrected by integral action, which is why they behave alike. IO-FL+I and
IDA-PBC remain indistinguishable, as in the first set: their mean peak deviations coincide
to three decimals and differ by at most 0.05 percentage points in any single realization. PI
remains outside the target in every realization (4.70% mean, 5.16% worst) and exceeds ±5%
in 8% of them.

Third, two metrics lose their meaning under measurement error and are reported with
that caveat. The mean error of the true bus voltage is about 0.5 V for every controller with
integral action because the integrator drives the measured voltage, not the true one, to the
reference; the bias of the sensor is reproduced exactly on the bus. The IAE accumulates
that bias and the low-frequency measurement error over the window, so it is about 361 V·s
for all five variants with integral action and 8185 V·s for IO-FL; it no longer discriminates
between controllers and is omitted from the table. The PEM degradation rate again spans
less than 0.25 µV/h across the six controllers (41.9–42.1 µV/h), a 0.5% difference below the
precision of the Frensch model. Table 7 gives the compliance fraction over thresholds for
this set: between 1.5% and 4%, the five feed-forward variants comply, and PI does not; at
1%, PI+FF retains 89% of its realizations against 73–78% for the integral nonlinear variants.

Table 6. Monte Carlo set with model mismatch and measurement error (N = 199 paired realizations;
controllers with nominal parameters, plant perturbed as in Table 4, model and sensor errors as
in Section 2.8; one realization in which the retuned variant failed to integrate is excluded for all
controllers). The IAE is omitted because it is dominated by the measurement error for every controller
with integral action. * Retuned to ζ = 0.707.

Metric PI PI+FF IO-FL IO-FL+I IO-FL+I * IDA-PBC

Vbus max dev, mean ± std [%] 4.700 ± 0.200 0.844 ± 0.133 4.290 ± 2.569 0.861 ± 0.243 0.826 ± 0.225 0.861 ± 0.243
Vbus max dev, 95th percentile [%] 5.029 1.069 9.066 1.324 1.260 1.322
Vbus max dev, worst case [%] 5.164 1.282 10.854 1.509 1.453 1.512
|Mean error of true Vbus|, mean [V] 0.50 0.50 14.36 0.51 0.51 0.51
|Mean error of true Vbus|, worst [V] 1.05 0.99 38.88 1.08 1.08 1.08
PEM dV/dt, mean ± std [µV/h] 41.93 ± 1.24 42.00 ± 1.23 42.14 ± 1.47 42.12 ± 1.47 42.12 ± 1.47 42.11 ± 1.47
Fraction within ±2% 0.0% 100.0% 26.1% 100.0% 100.0% 100.0%

Table 7. Fraction of realizations of the mismatch set whose maximum Vbus deviation stays within a
given threshold. * Retuned to ζ = 0.707.

Threshold PI PI+FF IO-FL IO-FL+I IO-FL+I * IDA-PBC

±0.75% 0.0% 27.6% 2.0% 38.7% 42.7% 39.2%
±1% 0.0% 88.9% 8.5% 72.9% 78.4% 72.9%
±1.5% 0.0% 100.0% 16.6% 99.5% 100.0% 99.5%
±2% 0.0% 100.0% 26.1% 100.0% 100.0% 100.0%
±4% 0.0% 100.0% 50.8% 100.0% 100.0% 100.0%
±5% 92.5% 100.0% 63.8% 100.0% 100.0% 100.0%

3.5. Representative Day with Supervisory Start/Stop Operation

Figure 10 shows the cloudy representative day for the five controllers (the retuned
variant behaves as IDA-PBC and is omitted), and Table 8 summarizes both days. The
supervisory layer starts the stack at 07:52 and stops it four times on the cloudy day (once
on the clear day, at dusk); the set-point follows the available PV power up to the 40 A limit,
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and the battery charges with the surplus from 50% to 74% (81% on the clear day) without
reaching either limit.
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Figure 10. Cloudy representative day with supervisory start/stop operation: irradiance, electrolyzer
set-point and current, bus voltage, and battery state of charge for the five controllers. The set-point,
the start/stop schedule, and the state-of-charge trajectory are decided by the supervisory layer and
are common to all controllers; the controllers differ only in the bus transients at the switching instants.
Where the traces coincide, only the IDA-PBC trace, drawn last, is visible.

The quantities that the degradation and economic post-processors use are identical
across the five controllers to the precision of the solver: 0.124 equivalent full cycles per day
on the cloudy day and 0.157 on the clear day; four and one start/stop cycles, respectively;
0.356 and 0.487 kg of hydrogen; 9.2 and 9.6 h of stack operation; and the same PV energy
harvested. This is the expected consequence of placing those decisions in the supervisory
layer, and it is the direct evidence for the attribution made in Section 3.6: the controller does
not decide how much the battery cycles or how often the stack starts, so it cannot change
the degradation terms that depend on those quantities. The Frensch cycling term is active
in this scenario, 0.87 µV/h on the cloudy day (four cycles in 9.2 h of stack operation, 0.44
cycles per operating hour, the basis on which the rate is expressed and annualized) and
0.21 µV/h on the clear day (one cycle in 9.6 h), and is the same for all controllers; with the
stack held near 60 ◦C by its thermal management, the thermal term vanishes and the total
rate is 5.9 µV/h (5.2 on the clear day), dominated by the baseline. The battery throughput
under supervisory operation, 45–57 EFC/yr, is an order of magnitude below the 601 EFC/yr
obtained by annualizing the stress window, which is the figure used in Tables 3 and 9;
the first-year capacity loss (2.60% on the cloudy day and 2.75% on the clear day, the same
for the five controllers to the fourth decimal because it depends only on the throughput,
the mean state of charge, and the depth of discharge, all of which the supervisory layer
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sets) changes little with respect to the stress scenario (2.51%) because the calendar term
dominates, and the projected lifetime remains far outside the economic horizon.

Table 8. Representative day (05:30–20:30) under supervisory operation. Metrics over the whole
day excluding the first five minutes. Battery figures are first-year losses with the daily throughput
annualized (×365.25); the PEM rate is per hour of stack operation, with the cycling term referred to
the hours of stack operation and the stack held near 60 ◦C.

Day Metric PI PI+FF IO-FL IO-FL+I IDA-PBC Units

Cloudy

Vbus max deviation 0.647 0.197 0.094 0.088 0.088 %
Vbus IAE 31.3 0.055 54.9 0.163 0.163 V·s
Vbus mean error <10−6 <10−7 −1.0 × 10−3 <10−7 <10−7 V
Battery EFC per day 0.124 0.124 0.124 0.124 0.124 –
First-year capacity loss 2.60 2.60 2.60 2.60 2.60 %
PEM start/stop cycles 4 4 4 4 4 –
PEM dV/dt (cycling term) 5.87 (0.87) 5.87 (0.87) 5.87 (0.87) 5.87 (0.87) 5.87 (0.87) µV/h
Hydrogen produced 0.356 0.356 0.356 0.356 0.356 kg
Stack operating hours 9.19 9.19 9.19 9.19 9.19 h

Clear

Vbus max deviation 0.554 0.176 0.083 0.079 0.079 %
Vbus IAE 22.1 0.034 70.5 0.109 0.109 V·s
Battery EFC per day 0.157 0.157 0.157 0.157 0.157 –
First-year capacity loss 2.75 2.75 2.75 2.75 2.75 %
PEM start/stop cycles 1 1 1 1 1 –
PEM dV/dt (cycling term) 5.21 (0.21) 5.21 (0.21) 5.21 (0.21) 5.21 (0.21) 5.21 (0.21) µV/h
Hydrogen produced 0.487 0.487 0.487 0.487 0.487 kg

Regulation differs between controllers only at the switching events. The largest bus
excursion of the day occurs at the instants at which the supervisory layer enables the PV
converter from open circuit, at 07:10 and again at 13:31 after the deepest cloud passage has
disabled it: 2.6 V (0.65%) for PI, 0.79 V for PI+FF, 0.38 V for IO-FL, and 0.35 V for IO-FL+I
and IDA-PBC. The electrolyzer start/stop events are much smaller disturbances: the start,
ramped at 2 A/s, is invisible on the bus (below 0.03 V for every controller), and the stop,
which cuts the 4 A minimum current at once, produces 0.66 V for PI, 0.08 V for PI+FF,
and at most 0.11 V for the model-based variants. The slow irradiance variations of the
day, including the three deep cloud passages, are followed by the PV-following set-point
and absorbed by the battery with sub-volt excursions in all cases. Two differences with
the stress scenario deserve comment. First, the model-based variants have a smaller peak
than PI+FF here, whereas PI+FF has the smaller peak under abrupt cloud drop-outs: the
dominant disturbance of the day is a switching transient that the exact cancellation of the
inner loops handles better, while the dominant disturbance of the stress scenario is an
irradiance step for which the PI inner loops with their integrators recover faster. Second, the
IAE of the canonical IO-FL accumulates over fifteen hours to 55–70 V·s from a mean offset
of only 1 mV, which is a reminder that this metric penalizes the absence of integral action
in proportion to the window length rather than to any excursion of practical relevance. All
five controllers keep the bus within ±0.7% throughout both days.

3.6. Component Aging Analysis

Long-term degradation of the battery and PEM electrolyzer is evaluated by extrap-
olating the rates observed under stress conditions to annual values, using the Naumann
LFP model [14,15] for the battery and the Frensch model [10] for the PEM stack. The
consolidated results are presented in Table 9 for the three original controllers; the three
ablation variants fall within the same ranges (Table 3) and are omitted for brevity. The
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representative day of Section 3.5 provides the complementary view under supervisory
operation.

Battery aging is dominated by the calendar component (2.12% in the first year, 84.6% of
the total), driven by storage temperature and mean state of charge, both architectural rather
than controller-dependent quantities. The cycle component is the same for all strategies
to the fourth decimal, and the projected time to 80% remaining capacity is 63.5 years for
all controllers. These figures assume that the stress-window throughput (601 EFC/yr)
continues around the clock; under the supervisory operation of the representative day, the
battery only buffers the PV–electrolyzer mismatch and the throughput is 0.12–0.16 EFC per
day (45–57 EFC/yr), which shifts the projected life upward but, again, identically for all
controllers (Section 3.5).

Table 9. Component aging extrapolated from the stress scenario under continuous operation
(8766 h/yr). Battery figures are first-year losses of the

√
t model, not constant rates. EOL de-

notes the end-of-life condition: 80% remaining capacity for the battery and a +10% stack voltage for
the PEM.

Component Metric PI IO-FL IDA-PBC Units

Battery (Naumann LFP)
Calendar capacity loss 2.123 2.123 2.123 %/yr
Cycle capacity loss 0.387 0.387 0.387 %/yr
Total capacity loss 2.509 2.509 2.509 %/yr
Projected years to 80% 63.52 63.52 63.52 years

PEM electrolyzer (Frensch)
Voltage degradation rate 42.21 42.21 42.21 µV/h
Vel loss per year 0.3700 0.3700 0.3700 V
Efficiency loss 0.385 0.385 0.385 %/yr
Projected years to EOL 25.95 25.95 25.95 years

These figures are
√

t/
√

EFC extrapolations of the stress-window degradation under
controlled laboratory conditions and exceed realistic field lifetimes; they are reported only
to confirm that the aging-based end of life is non-binding, with the 10-year calendar cap of
Section 2.8.4 governing the replacement schedule in every scenario.

PEM aging shows no controller dependence at the precision of the table: although
the model-based variants suppress the electrolyzer ripple to numerical zero, the ripple
term contributes at most 0.003 µV/h for PI on a 42 µV/h total, so the projected efficiency
loss (0.385%/yr) and end of life (25.95 years) coincide for the six controllers to three
significant figures. The structure of the Frensch model (Equation (35)) explains this result:
only the ripple term depends on the controller, while the baseline rate and the thermal
contribution (mean stack temperature above Tre f ) are set by the operating profile and the
thermal management. Together, these account for more than 99% of the total degradation
in the stress scenario, where the ON/OFF cycling term is inactive; the thermal term alone
contributes 37 of the 42 µV/h because the stack, uncooled in that window, averages 79 ◦C,
whereas with the thermal management of the representative day, it stays near 60 ◦C and
the rate falls to 5.2–5.9 µV/h (Section 3.5). The absolute rate is thus set by the thermal
design, not by the controller. This last point bounds the scope of the stress-scenario result:
start/stop cycling is an important degradation mechanism in real off-grid PV–electrolyzer
systems, and the constant set-point switches it off. The representative day of Section 3.5
restores it; there, the cycling term is non-zero and, because the start/stop schedule is
decided by the supervisory layer from the irradiance, it is the same for all controllers: four
cycles on the cloudy day and one on the clear day, contributing 0.87 and 0.21 µV/h per
hour of stack operation, respectively (Table 8). The conclusion that controller choice has
a negligible influence on PEM lifetime therefore holds both for continuously operated
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systems and for systems whose start/stop decisions are taken, as is usual, above the
converter-level controller; it does not extend to supervisory strategies that differ in their
cycling behavior, which are outside the scope of this comparison. The battery buffer further
shields the electrolyzer current from bus transients, independently of the controller used.

Component lifetime in this system is therefore governed by the architectural deci-
sion of incorporating a battery buffer and by the supervisory layer rather than by the
converter-level control strategy; the value of the model-based laws lies in regulation
quality, compliance with the regulation target, and robustness (Sections 3.1–3.4), not in
lifetime extension.

3.7. Economic Analysis: Levelized Cost of Hydrogen

Under the base-case assumptions of Table 2, the LCOH is 29.972 USD/kg H2 for
each of the six controllers; the values coincide to the fourth decimal (relative spread
below 10−4%) because the quantities that feed the economic model—hydrogen production,
battery throughput, and the aging projections—are the same for all of them. Figure 11
shows the breakdown: capital expenditure represents 80.6% (24.16 USD/kg) and operating
expenditure represents 19.4% (5.81 USD/kg); no replacement falls inside the horizon.
For reference, the alternative convention that charges the year-10 replacement of both
components in full and credits no residual value gives 34.20 USD/kg with the same spread
(Table 10): a replacement at the end of the horizon provides no production within it, and its
full cost inflates the absolute figure by 4.2 USD/kg without affecting the comparison.
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Figure 11. LCOH breakdown by cost category for the six controllers (base case). The cost structures
are identical (29.972 USD/kg for every controller). IO-FL+I*: IO-FL+I retuned to ζ = 0.707.

Within the 10-year project horizon, no controller triggers a replacement. The aging-
based end-of-life projections, now annualized with the 2400 h/yr operating schedule, are
∼74 years for the battery and ∼95 years for the PEM stack for all six controllers (Table 3
gives the corresponding 26-year PEM figure under the continuous-operation basis); the
10-year calendar cap is therefore the binding criterion, and the replacement schedule is
controller-independent by construction. This is a limitation of what the economic compari-
son can resolve, not a result: a controller could only change the LCOH through replacements
if its aging projection fell inside the horizon, and none does, with or without the cap. To
make this explicit, Table 10 includes a variant in which replacement is governed solely
by the aging models with no calendar limit, for the 10- and 20-year horizons; the LCOH
is unchanged at 10 years and lower at 20 years, with the controller spread unaffected in
both. Hydrogen production computed from the simulated current is 132.31 kg/yr for all
six controllers; the tracking differences between controllers are below 10−4 in relative terms
and do not register in the LCOH. The PEM efficiency loss reduces the present value of
cumulative production by ≈0.6% over the horizon under the operating-hour basis.
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The obtained LCOH of ∼30 USD/kg lies far above the utility-scale Atacama bench-
marks of 2.12 USD/kg [17] and 3.67–4.69 USD/kg [18], consistent with the small-scale
off-grid nature of the system: unit costs are 1.5–3× higher, operating hours are lower with-
out tracking, and economies of scale on balance of plant are absent. The analysis is therefore
representative of remote applications where the architecture is valued for autonomy and
reliability rather than cost minimization.

The robustness of the base-case result is tested against alternative scenarios spanning
the dominant uncertainty axes of the economic model (Section 2.8.4), the replacement
convention, and the battery size (Section 3.8). The results are summarized in Table 10 and
visualized as a tornado plot in Figure 12.

Table 10. LCOH base case and sensitivity scenarios (USD/kg). The six controllers give the same
value in every scenario (relative spread below 10−4%), so a single column is reported. “Aging only”
removes the 10-year calendar cap so that replacement is governed solely by the degradation models.

Scenario LCOH, All Six Controllers

Base case (WACC 7%, 10 yr, 2400 h/yr) 29.972
Base case, aging-only replacement 29.972
Year-10 replacement charged in full, no residual value 34.204

CAPEX −30% (optimistic) 21.451
CAPEX +30% (pessimistic) 38.493
WACC 5% 27.792
WACC 10% 33.420
Horizon 15 years 26.594
Horizon 20 years 24.724
Horizon 20 years, aging-only replacement 21.908
Operation 3500 h/yr (Atacama prime) 20.618

Battery 5 kWh (cost side) 26.600
Battery 15 kWh (cost side) 33.035
Battery 20 kWh (cost side) 36.252

−10 −5 0 5 10
LCOH change from base case (29.97 USD/kg)

Year-10 replacement charged in full

Horizon 15 / 20 yr

WACC 5 / 10%

Operating hours 3500 h/yr

Battery 5 / 20 kWh

CAPEX '30%

30.0 34.2

24.7 30.0

27.8 33.4

20.6 30.0

26.6 36.3

21.5 38.5

Figure 12. Tornado plot of LCOH sensitivity to the economic and operating parameters and to
the battery size. The vertical line marks the base-case LCOH (29.97 USD/kg). Blue bars indicate a
decrease and red bars an increase in the LCOH with respect to the base case. Capital expenditure
dominates the uncertainty range, followed by battery size, operating hours, discount rate, and
project horizon.

Three findings stand out. First, CAPEX is the dominant axis: a ±30% perturbation
produces an LCOH range of 21.45–38.49 USD/kg, consistent with its 80.6% share of the
base-case composition; increasing operation to 3500 h/yr (single-axis tracking) reduces
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the LCOH by 31%, while horizon and WACC have smaller effects (−11% to −18% and
−7% to +12%, respectively). Battery size moves the LCOH by −11% to +21% over the
5–20 kWh range on the cost side alone; Section 3.8 examines whether it also changes the
regulation ranking.

Second, and most relevant to this work, the controller ranking is preserved in every
scenario, but the absolute spread remains in the third decimal of USD/kg, against a typical
literature precision of ±0.5 USD/kg for cost components alone [17,18]. The spread is
bounded by construction in the base case, since no controller triggers a replacement, and it
stays equally small when the cap is removed, when the horizon is extended to 20 years,
and when the end-of-horizon replacement is charged in full. Controller selection therefore
has no economic significance within the precision of the LCOH analysis itself: the choice of
a control law must be justified on operational grounds.

Third, the analysis addresses the potential trade-off between regulation performance
and hydrogen yield [7,36]: since the six controllers track the 30 A set-point with negligible
steady-state error, the production computed from the simulated current is equal across con-
trollers to four significant figures (132.31 kg/yr), and the only controller-induced variation
appears in the second-order PEM degradation term. The regulation improvement of the
feed-forward variants comes without any penalty on hydrogen yield or efficiency.

3.8. Sensitivity of the Regulation Ranking to Battery Size

Table 11 repeats the stress scenario with 25, 50, and 100 Ah packs (5.1, 10.2, and
20.5 kWh at 204.8 V), with the pack internal resistance scaled inversely with capacity and
all controller gains unchanged. The regulation ranking is the same at the three sizes: PI+FF
has the smallest peak deviation (0.67, 0.65, 0.63%) and IAE, the four model-based variants
follow within 0.84–0.91%, and PI stays at 4.6%. The peak metrics are almost insensitive to
the pack size because the bus transient is governed by the bus capacitor and the current-loop
bandwidth, not by the battery impedance, and the battery current demanded by the feed-
forward is the same power-balance correction whatever the pack behind it. On the aging
side, the smaller pack cycles twice as deeply in relative terms (1192 against 302 EFC/yr
under the stress annualization) and its first-year loss rises from 2.38 to 2.71%, identically for
all controllers. Battery size therefore moves the absolute lifetime and the LCOH (Table 10)
but not the controller ranking or the controller neutrality of degradation, which answers
the sizing question in the affirmative within the range tested; ratios outside it, in particular
packs too small to absorb the PV–electrolyzer imbalance without hitting their current limit,
would require the supervisory layer to curtail and are outside the present comparison.

Table 11. Stress scenario with three battery sizes (internal resistance scaled as 1/Qnom). Battery aging
under the continuous-operation annualization for comparability with Table 3. * Retuned to ζ = 0.707.

Pack Metric PI PI+FF IO-FL IO-FL+I IO-FL+I * IDA-PBC

25 Ah
Vbus max dev [%] 4.596 0.669 0.908 0.885 0.840 0.885
Vbus IAE [V·s] 4.65 0.115 15.57 0.588 0.414 0.588
First-year loss [%]/EFC/yr 2.71 / 1192 (all controllers)

50 Ah
Vbus max dev [%] 4.574 0.646 0.907 0.884 0.840 0.884
Vbus IAE [V·s] 4.67 0.092 15.82 0.587 0.414 0.588
First-year loss [%]/EFC/yr 2.51 / 601 (all controllers)

100 Ah
Vbus max dev [%] 4.565 0.634 0.907 0.884 0.839 0.884
Vbus IAE [V·s] 4.69 0.087 15.95 0.587 0.413 0.587
First-year loss [%]/EFC/yr 2.38 / 302 (all controllers)
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3.9. Computational Burden and Actuator Saturation

All simulations use the stiff solver ode23tb of MATLAB R2024b with the tolerances of
Section 2.8 on a four-core laptop processor (Intel Core, 11th generation). Table 12 gives the
wall-clock times. The 600 s stress window takes 7.5–10 s for every controller (13,400–15,000
accepted steps). One realization of the first Monte Carlo set takes 3–4 s per controller,
and one of the mismatch set takes 17–42 s because the band-limited measurement error
forces smaller steps, most noticeably for the model-based laws, which feed the corrupted
measurements through the nonlinear cancellation. The 15 h representative day takes
3–27 min per controller (550,000–700,000 steps), the longest being the canonical IO-FL
on the cloudy day. The Monte Carlo and daily runs were executed in three concurrent
MATLAB instances, so their times include contention. The control law itself is a negligible
part of this cost: one evaluation takes 32 µs for the PI cascade, 53 µs for PI+FF, and 99–119 µs
for the four model-based laws in interpreted MATLAB (averaged over 104 calls), including
the evaluation of the electrolyzer polarization model that the latter require; the model-
based laws therefore cost about three times the PI cascade, a difference without practical
consequence at the 1 kHz control rate used.

Table 12. Wall-clock simulation time per controller (MATLAB R2024b, ode23tb, four-core laptop
processor). Monte Carlo figures are means over the realizations; the daily runs exclude the retuned
variant, which was not simulated in that scenario. * Retuned to ζ = 0.707.

Scenario PI PI+FF IO-FL IO-FL+I IO-FL+I * IDA-PBC Units

Stress scenario (600 s) 9.8 7.5 8.1 9.4 8.0 7.5 s
Monte Carlo, plant variation, per realization 3.4 3.7 4.4 4.4 4.3 4.2 s
Monte Carlo, model mismatch, per realization 17.3 22.9 42.4 42.2 42.3 41.2 s
Cloudy representative day (15 h) 11.3 14.0 27.2 19.9 – 11.2 min
Clear representative day (15 h) 9.4 2.6 8.4 6.0 – 6.0 min
One control-law evaluation 32 53 101 119 102 99 µs

No actuator limit is reached in any deterministic scenario. Re-evaluating the six control
laws along the stored trajectories shows that the three duty cycles stay inside their limits
with margin (PV boost 0.28–0.54, battery converter 0.47–0.57, electrolyzer buck 0.13–0.25
while the stack is on), that the battery-current reference peaks at 18.3 A (PI+FF, stress
scenario) against its ±100 A limit, that the PV-current reference never reaches its upper
bound, and that, consequently, the anti-windup logic of the PI family and the integral
anti-windup of IO-FL+I and IDA-PBC are never engaged in the stress scenario or in either
representative day. The same holds at the switching instants of the supervisory layer, where
the largest transients of the day occur. Saturation was not monitored in the Monte Carlo
sets, whose trajectories are not stored; the deviations observed there (the transients of the
PI cascade and the steady-state offset of the canonical IO-FL) are of the same kind and size
as in the stress scenario, where no limit is active.

4. Discussion
Taken together, the results give a fuller picture of the role of advanced nonlinear control

in off-grid green hydrogen systems, organized around (i) architecture-versus-controller
attribution of system-level outcomes, (ii) practical guidance for controller selection, and
(iii) positioning relative to the literature.

4.1. Architecture Versus Control Attribution

The central finding is a clear separation between the operational and lifecycle benefits
of control design, together with a precise attribution of the former. On the operational
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side, the controllers that embed the power-balance feed-forward reduce the maximum Vbus

deviation 5–7-fold, meet the ±2% target across N = 200 perturbed plants, and suppress
the electrolyzer ripple to numerical precision. The ablation study shows that this is the
work of the feed-forward: a PI cascade with that single term added (PI+FF) outperforms
IDA-PBC on every regulation metric in every realization, and IDA-PBC itself coincides
with IO-FL plus an integrator on this plant. What the port-Hamiltonian route adds is not
performance but a stability certificate for the slow dynamics and a physical interpretation
of the gains, which is a legitimate reason to prefer it when a certificate is required, provided
its assumptions are stated (Section 2.6.3). Under model mismatch and measurement error
(Section 3.4), the picture simplifies further: the four variants that combine the feed-forward
with integral action converge to the same band (0.83–0.86% mean peak deviation, 100%
compliance), the canonical IO-FL fails the target in three realizations out of four because of
its steady-state offset, and PI fails it in all.

On the lifecycle side, the six controllers produce the same component lifetimes and the
same LCOH (29.972 USD/kg, coincident to the fourth decimal). This decoupling persists
across ±30% CAPEX variations, factor-of-two WACC ranges, horizons of 10 to 20 years,
replacement governed by the calendar cap or by the aging models alone, battery sizes from
5 to 20 kWh, and the full Monte Carlo set. Part of it is structural and is stated as such: within
a 10-year horizon, no controller reaches an aging-based end of life, so the replacement
schedule cannot differ between controllers whatever the convention. The rest is physical:
the battery buffer absorbs the PV–electrolyzer power imbalance and isolates the PEM stack
from bus transients regardless of the upstream controller, and the supervisory layer, not the
converter-level controller, decides the throughput of the battery and the start/stop count of
the stack. The representative day makes this explicit: the five controllers produce the same
0.12 EFC per day, the same four start/stop cycles, and the same 0.356 kg of hydrogen on the
cloudy day and differ only in sub-volt bus transients at the switching instants. Calendar
aging (driven by temperature and mean state of charge, both architectural choices) accounts
for 84.6% of the first-year battery capacity loss, while PEM degradation is dominated by
the baseline rate and the thermal term; the ripple-dependent term that model-based control
suppresses is, by construction, the smallest contribution when the battery is sized to absorb
power imbalances.

Five caveats bound the scope of these findings. First, the averaged plant omits the
PWM ripple at fsw = 20 kHz by design. From analytical converter ripple expressions,
we expect it to add ≈0.4–0.6 µV/h to the Frensch baseline, and we assume that this
contribution is the same for all controllers because it is set by the converter design rather
than by the outer control law, as the ripple reductions obtained with interleaved topologies
illustrate [53,54]; both the magnitude and the controller independence are assumptions
pending a switched-model or hardware-in-the-loop study, not results of this work. The
near-zero loop ripple of the model-based variants indicates near-perfect tracking within
the averaged model, not a physical ripple level. Second, the aging models are used as
published; their validation covers the source cells and stacks, not this pack, stack, and
profile, so the absolute lifetimes are model extrapolations and only the cross-controller
comparison is claimed. Third, the supervisory layer of the representative day is a simple
PV-following scheme with hysteresis; supervisory strategies that cycle the stack differently
would change the absolute PEM degradation for all controllers alike, but a comparison
of supervisory strategies is a different study. Fourth, the model parameters correspond
to representative commercial-grade components at the 4–10 kW scale rather than to a
specific experimental setup; experimental validation is left for future work. Fifth, the
representative days are synthetic daylight profiles. They exercise start/stop operation
and PV-following set-points, but they do not establish annual performance under seasonal
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variability, overnight operation, prolonged energy shortages, or active state-of-charge limits,
which were never reached in the simulated days. The lifecycle and economic conclusions
are therefore restricted to the investigated architecture, the shared supervisory strategy,
and the operating scenarios simulated; an annual simulation with an energy-management
layer that activates the state-of-charge limits would be needed to extend them.

With these caveats, the results revise the usual case made for advanced control in
renewable hydrogen systems [31,33,36]: for a battery-buffered system operated under
a shared supervisory strategy, in the scenarios simulated here, the claim that advanced
nonlinear control extends component life or reduces cost is not supported quantitatively,
and the regulation benefit that is real can be obtained by adding a model-based feed-
forward to a conventional cascade. The value of the nonlinear design routes lies in the
stability certificate and in the systematic way they arrive at that feed-forward.

4.2. Practical Guidance for Controller Selection

The ablation results turn the selection question into a question about which elements
of the design are needed. A plain PI cascade remains appropriate where the regulation
tolerance is loose (>±5%), the site is accessible, and simplicity with minimal computational
footprint outweighs dynamic performance. Whenever a tighter target applies, the first
element to add is the power-balance feed-forward: it requires the measured PV and
electrolyzer currents, the duty cycles, and the battery voltage, all of which are available
in any implementation, and it brings a PI cascade to 0.65% peak deviation and 100%
compliance with the ±2% target on this system; under model mismatch and sensor error,
it keeps the target in every realization, with a worst case of 1.3%, and is statistically
indistinguishable from IDA-PBC. The canonical IO-FL offers the same peak suppression
but should not be deployed without integral action: its exact-cancellation structure leaves
a steady-state offset under any parameter mismatch, and in the mismatch Monte Carlo,
it misses the ±2% target in 74% of the realizations, with offsets of up to 39 V. IO-FL with
an integrator and IDA-PBC are the same law and share the same performance; IDA-PBC
is the design route to prefer when a Lyapunov certificate is required, for instance, for the
integration of multiple parallel converters on a common DC bus, where the energy-based
formulation facilitates system-level stability analysis, with the scope of that certificate stated
as in Section 2.6.3. The off-grid Atacama application that motivates this study requires tight
regulation under disturbances and robustness to parameter variation in series-produced
units; according to the evidence in this paper, those requirements are met by PI+FF, and the
port-Hamiltonian design is justified by the certificate rather than by the numbers.

4.3. Comparison with the Literature

The present work intersects three streams that have evolved largely in isolation. In the
control-comparison literature, Ali et al. [25] benchmark MPC against PI and sliding mode,
Csizmadia et al. [31] apply feedback linearization to an electrolyzer-feeding converter,
Roy et al. [28] validate higher-order sliding mode in hardware-in-the-loop, and Abdol-
maleki et al. [33] apply IDA-PBC to DC–DC converters and isolated networks—all without
aging or economic evaluation. Our study supplies what they lack: a comparative control
study combined with published degradation models and an economic post-processor. On
the techno-economic side, the Atacama benchmarks of Gallardo et al. [18] and Armijo
and Philibert [17] correspond to utility-scale plants; the order-of-magnitude gap with the
∼30 USD/kg obtained here reflects scale and off-grid operation rather than methodology
and characterizes a cost regime (remote off-grid production) not previously detailed in
the literature. In the uncertainty-analysis stream, Ginsberg et al. [7] apply Monte Carlo
methods to off-grid solar hydrogen without comparing controllers; the present analysis
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closes this gap with two sets of N = 200 paired realizations across six controllers, one with
the controllers retuned to each plant and one with nominal controllers facing model and
measurement error, showing which elements of the design carry the operational ranking
over the uncertainty envelope while the economic differences remain practically negligible.
The order-of-magnitude gap with the utility-scale benchmarks does not depend on the
replacement convention (∼30 USD/kg in the base case, ∼34 when the end-of-horizon
replacement is charged in full).

5. Conclusions
This work presented a comparative analysis of PI cascade, IO-FL, and IDA-PBC

controllers, together with three ablation variants, for the converter-level control of an off-
grid PV–battery–PEM electrolyzer system for green hydrogen production. The controllers
were tuned to matched closed-loop bandwidth specifications and evaluated under a unified
framework: a seven-state averaged plant, a deterministic stress scenario, two sets of
N = 200 paired Monte Carlo realizations (plant variation with retuned controllers and
model mismatch with measurement error), a representative day with supervisory start/stop
operation, the Naumann LFP and Frensch PEM degradation models, and an NPV-based
LCOH analysis. The economic analysis includes sensitivity to CAPEX, WACC, project
horizon, operating hours, replacement convention, and battery size.

On this plant, the IDA-PBC law coincides, on the slow bus-voltage manifold, with
IO-FL augmented by an integrator, and the regulation benefit of both is explained by the
model-based power-balance feed-forward they share. Adding that feed-forward to the
PI cascade reduces the maximum DC bus-voltage deviation from 4.57% to 0.65%, below
the 0.88% of IDA-PBC, and does so in every one of 200 perturbed plants; integral action,
not the nonlinear structure, sets the accumulated-error ranking, and retuning IDA-PBC to
the common damping ratio does not alter these conclusions. When the controllers operate
with nominal models and corrupted measurements, the four variants that combine the
feed-forward with integral action keep the ±2% target in every one of 199 realizations and
become statistically indistinguishable, the canonical IO-FL misses it in three realizations
out of four, and PI misses it in all. By contrast, for the investigated architecture, supervisory
strategy, and operating scenarios, the six controllers produce the same component lifetimes
and the same LCOH (29.972 USD/kg, coincident to the fourth decimal, with CAPEX
accounting for 80.6% of the cost), results that persist across all sensitivity scenarios, with
replacement governed by the calendar cap or by the aging models alone, and across
both Monte Carlo sets; under supervisory operation, the battery throughput and the
PEM start/stop count are the same for all controllers because they are decided by the
supervisory layer.

The principal methodological contribution is the explicit attribution of system-level
outcomes: architectural decisions (battery buffer sizing, calendar lifetime assumptions)
and the supervisory layer (set-point, start/stop, state-of-charge management) govern the
lifecycle and economic metrics in the scenarios investigated, whereas the converter-level
controller determines regulation quality, and within the controller, it is the feed-forward and
the integrator, not the design route, that determine it. The adoption of IDA-PBC is therefore
justified by the stability certificate it provides and by the systematic derivation of the control
law, not by better regulation than a well-designed cascade and not by cost minimization;
practical selection guidance across deployment contexts is given in Section 4.2. Future
work will extend the comparison to model predictive control and to supervisory strategies
with different cycling behavior; run annual simulations with seasonal variability, overnight
operation, and active state-of-charge limits; incorporate battery thermal dynamics and PV
degradation; address the PWM-frequency contribution through switched-model simulation;
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validate the findings experimentally on a laboratory-scale system; and assess scalability to
medium-scale and grid-connected installations.
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Abbreviations
The following abbreviations are used in this manuscript:

CAPEX Capital expenditure
DOD Depth of discharge
ECDF Empirical cumulative distribution function
EFC Equivalent full cycles
EMS Energy management system
EOL End of life
IAE Integral of absolute error
IDA-PBC Interconnection and damping assignment passivity-based control
IO-FL Input–output feedback linearization
ITAE Integral of time-weighted absolute error
LCOH Levelized cost of hydrogen
LFP Lithium iron phosphate
MPC Model predictive control
MPPT Maximum power point tracking
NPV Net present value
O&M Operation and maintenance
OPEX Operating expenditure
PCH Port-controlled Hamiltonian
PEM Proton exchange membrane
PI Proportional–integral
PV Photovoltaic
PWM Pulse width modulation
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RMS Root mean square
SOC State of charge
STC Standard test conditions
WACC Weighted average cost of capital
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