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ABSTRACT

Constant-power loads (CPLs) impose strong nonlinearities on buck converters operating in continuous conduc-
tion mode (CCM), making stability and control highly sensitive to load power and passive parameters. This work
proposes a three-stage inverse-to-forward physics-informed framework for online identification and predictive
control. In the first stage, an inverse PINN (iPINN) jointly estimates the piecewise-constant CPL power and the
passive parameters (L, C) from voltage—current trajectories by enforcing averaged CCM dynamics and regular-
ization terms, enabling reliable online identification during rapid transients. In the second stage, a direct PINN
(DPINN) is trained using the identified parameters to construct a stable grey-box surrogate that embeds the buck
conservation laws and generalizes across operating points. In the third stage, this physics-aware surrogate is inte-
grated into a model predictive controller (MPC) to perform short-horizon duty-ratio optimization with accurate
state forecasts. A key contribution of this work is a dual-PINN architecture—combining inverse estimation with
forward physics-consistent prediction—that forms a unified identification-prediction—control pipeline. This inte-
grated structure significantly reduces model-plant mismatch and enhances robustness to CPL steps and parameter
drifts compared with conventional model-based or purely data-driven MPC schemes. Simulation results demon-
strate (i) low-error parallel estimation of CPL and (L, C), (ii) stable convergence of the forward surrogate, and
(iii) improved closed-loop MPC performance, establishing a practical pathway from iPINN-based identification

to real-time control.

1. Introduction

Constant power loads (CPLs) arise in many modern DC systems
such as telecommunication equipment, electric vehicle chargers, renew-
able energy interfaces, and DC microgrids. Unlike resistive loads whose
power consumption varies proportionally with voltage, CPLs maintain a
fixed power demand by adjusting the current inversely with voltage fluc-
tuations. This behavior introduces a negative incremental impedance,
whereby a small voltage drop forces an increase in current draw, ef-
fectively making the load behave as a destabilizing negative resistor.
For DC-DC buck converters operating in continuous conduction mode
(CCM), this phenomenon significantly reduces natural damping, alters
the equilibrium structure, and can cause oscillations, poor transient per-
formance, or even collapse of voltage regulation [1-3]. These destabi-
lizing effects become even more pronounced in DC microgrids where
multiple CPLs operate simultaneously, collectively degrading stability
margins. When the CPL value is unknown, time-varying, or piecewise
constant, maintaining voltage regulation becomes particularly challeng-
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ing. Buck converter performance is highly sensitive to uncertainties in
inductance L, capacitance C, and the instantaneous CPL power P(¢). In
practice, loads may vary abruptly, remain piecewise constant, or change
unpredictably. Such variations degrade classic voltage-regulation strate-
gies, potentially causing overshoot, long settling times, or instability
[4-6]. These challenges underscore the necessity of real-time estimation
of both converter parameters and CPL power, without which controllers
relying on nominal values cannot ensure robustness under rapid non-
linear disturbances. A wide range of estimation approaches has been
proposed. Immersion-and-Invariance (II) observers [1], nonlinear ob-
servers [7], power/current observers [8], and reduced-order estimators
[9] provide valuable insights. However, most of these methods assume
smooth load profiles, require multiple high-quality sensors, or degrade
under noise, parameter drift, or fast piecewise CPL variations. Paral-
lel to estimation research, many advanced control strategies have been
developed for stabilizing buck converters feeding uncertain or nonlin-
ear loads. Passivity-Based (PB)and Energy-Shaping control(ES) meth-
ods [1,2,4] remain sensitive to inaccurate modeling. Sliding-Mode Con-
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\begin {equation}P(t) = \begin {cases} P_1, & \text {if } t \in [t_0, t_1) \\ P_2, & \text {if } t \in [t_1, t_2) \\ \vdots & \\ P_N, & \text {if } t \in [t_{N-1}, t_N) \end {cases} \label {Xeqn1-1}\end {equation}
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\begin {equation}R_{\text {load},k}(t) = \frac {V(t)^2}{P_k}, \quad \text {for } t \in [t_{k-1}, t_k) \label {Xeqn2-2}\end {equation}
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\begin {align}L\dot {i}_L &= dV_{\text {in}}-v_C - R_L i_L, \\ C\dot {v}_C &= i_L - \frac {P}{v_C}.\end {align}


$(i_L^*,v_C^*=V_o)$


\begin {align}\dot {\hat {x}}=A(L,C,P)\,\hat {x} + B(L)\,\hat {d} \label {Xeqn3-5}\end {align}


\begin {align}A= \begin {bmatrix} -\frac {R_L}{L} & -\frac {1}{L}\\[3pt] \frac {1}{C} & \frac {1}{R_{\text {neg}}C} \end {bmatrix},\quad B=\begin {bmatrix}\frac {V_{\text {in}}}{L}\\[3pt]0\end {bmatrix}, \label {Xeqn4-6}\end {align}


\begin {align}R_{\text {neg}}=-\frac {V_o^2}{P}\quad (<0). \label {Xeqn5-7}\end {align}
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\begin {align}p(\lambda ;L,C)=\lambda ^2+ \bigg (\frac {R_L}{L}-\frac {1}{R_{\text {neg}}C}\bigg )\lambda + \frac {1}{LC}\bigg (1+\frac {R_L}{R_{\text {neg}}}\bigg )=0, \label {eq:char}\end {align}
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\begin {equation}\frac {\partial \lambda }{\partial L}= -\frac {\partial p/\partial L}{\partial p/\partial \lambda },\qquad \frac {\partial \lambda }{\partial C}= -\frac {\partial p/\partial C}{\partial p/\partial \lambda }, \label {Xeqn7-9}\end {equation}
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\begin {align}&e=-\hat v_C,\label {Xeqn8-10}\\ &\dot {\xi }=e\label {Xeqn9-11}\\ &u_{\text {raw}}=K_p e+K_i\xi ,\label {Xeqn10-12}\\ &\dot u_f=\omega _p(u_{\text {raw}}-u_f),\quad \hat d=K_{\text {pwm}}u_f,\label {Xeqn11-13}\end {align}
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\begin {equation}\dot z=\underbrace {\begin {bmatrix} -\frac {R_L}{L} & -\frac {1}{L} & 0 & \frac {V_{\text {in}}K_{\text {pwm}}}{L}\\[3pt] \frac {1}{C} & \frac {1}{R_{\text {neg}}C} & 0 & 0\\[3pt] 0 & -1 & 0 & 0\\[3pt] 0 & -\omega _pK_p & \omega _pK_i & -\omega _p \end {bmatrix}}_{A_{\text {cl}}(L,C,P,K_p,K_i)} z. \label {Xeqn12-14}\end {equation}
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\begin {equation}x(t) = \begin {bmatrix} i_L(t) \\ v_C(t) \end {bmatrix}, \label {Xeqn13-15}\end {equation}
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\begin {equation}D(t) \in [0,1], \quad V_{\text {in}} > 0, \label {Xeqn14-16}\end {equation}
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\begin {equation}L>0, \quad C>0, \quad R_p>0, \label {Xeqn15-17}\end {equation}
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\begin {equation}P(t) \geq 0, \quad \text {(piecewise-constant or continuous)}. \label {Xeqn16-18}\end {equation}


\begin {equation}v_{\min } > 0, \qquad I_{\text {CPL,max}} > 0. \label {Xeqn17-19}\end {equation}


\begin {align}\dot {i}_L(t) &= \frac {D(t)V_{\text {in}} - v_C(t)}{L}, \\ \dot {v}_C(t) &= \frac {1}{C} \left (i_L(t) - \left (\tfrac {P(t)}{\max \{v_C(t),v_{\min }\}} + \tfrac {v_C(t)}{R_p}\right )\right ). \tag {1}\end {align}


\begin {align}\dot {i}_L(t) &= \frac {D(t)V_{\text {in}} - v_C(t) - R_w i_L(t)}{L}, \\ \dot {v}_C(t) &= \frac {1}{C}\left (i_L(t) - \tfrac {P(t)}{v_C(t)} - \tfrac {v_C(t)}{R_p}\right ) + \text {ESR}\cdot \dot {i}_L(t).\end {align}


\begin {align}i_{\text {cpl}}(t) &= \min \!\left (\tfrac {P(t)}{\max \{v_C(t),v_{\min }\}}, \, I_{\text {CPL,max}}\right ), \\ i_{\text {ld}}(t) &= i_{\text {cpl}}(t) + \tfrac {v_C(t)}{R_p}.\end {align}
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\begin {equation*}t_n = nT_s, \quad n=0,\ldots ,N.\end {equation*}


\begin {align}\dot {v}_n^{\text {meas}} &= \frac {v_{n+1} - v_n}{T_s}, \\ \dot {i}_n^{\text {meas}} &= \frac {i_{n+1} - i_n}{T_s}.\end {align}


\begin {align}x_{n+1} &= x_n + \frac {T_s}{6}\,(k_1 + 2k_2 + 2k_3 + k_4), \\ k_\ell &= f\!\big (x_n + \alpha _\ell T_s k_{\ell -1}\big ),\end {align}
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\begin {equation}P(t) = P_k, \qquad t\in [t_k,t_{k+1}), \label {Xeqn18-29}\end {equation}


\begin {equation}P_k = P_{\min } + (P_{\max }-P_{\min })\,\sigma (z_k), \label {Xeqn19-30}\end {equation}


\begin {equation}\sigma (x)=\frac {1}{1+e^{-x}}, \label {Xeqn20-31}\end {equation}


\begin {equation}L = L_{\min } + (L_{\max }-L_{\min })\,\sigma (z_L), \label {Xeqn21-32}\end {equation}


\begin {equation}C = C_{\min } + (C_{\max }-C_{\min })\,\sigma (z_C). \label {Xeqn22-33}\end {equation}


\begin {equation}\big (P_\theta (\tau ),\,L_\theta ,\,C_\theta \big ), \qquad \tau \in [0,1]. \label {Xeqn23-34}\end {equation}


\begin {align}P_\theta (\tau ) &\in [P_{\min },P_{\max }], \\[4pt] L_\theta &\in [L_{\min },L_{\max }], \\[4pt] C_\theta &\in [C_{\min },C_{\max }].\end {align}


\begin {equation}r_v(n;\theta ) = \dot v_n^{\text {meas}} - \frac {1}{C_\theta }\!\left ( i_n - \Big (P_\theta (\tau _n)\max (v_n,v_{\min }) + \tfrac {v_n}{R_p}\Big )\right ) \label {Xeqn24-38}\end {equation}


\begin {equation}r_i(n;\theta ) = \dot i_n^{\text {meas}} - \frac {1}{L_\theta }\big (DV_{\text {in}}-v_n\big ). \label {Xeqn25-39}\end {equation}


\begin {equation}\rho _\delta (r)= \begin {cases} \dfrac {1}{2}r^2, & |r|\le \delta ,\\[6pt] \delta \Big (|r|-\dfrac {\delta }{2}\Big ), & |r|>\delta . \end {cases} \label {Xeqn26-40}\end {equation}


\begin {equation}TV_P = \frac {1}{N-1}\sum _{n=0}^{N-2} \big |P_\theta (\tau _{n+1})-P_\theta (\tau _n)\big |\, \chi _{\text {in-seg}}(n). \label {Xeqn27-41}\end {equation}
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\begin {align}\mathcal {L}_{\text {iPINN}}^{\text {full}}(\theta ) &= \frac {\sum _{n} w_n\!\left ( \rho _\delta \!\big (r_v(n;\theta )\big ) +\gamma _L\,\rho _\delta \!\big (r_i(n;\theta )\big )\right )} {\sum _{n} w_n} \nonumber \\[6pt] &\quad + \lambda _{TV}\,TV_P + \lambda _{\text {seg}}\,L_{\text {seg}} \nonumber \\[6pt] &\quad + \mu _L\|L_\theta -\overline {L}\|^2 + \mu _C\|C_\theta -\overline {C}\|^2 \nonumber \\[6pt] &\quad + \lambda _{\text {ICd}}\,L_{\text {IC-der}} + \lambda _{\text {ICs}}\,L_{\text {IC-state}} .\end {align}


\begin {align}\hat P_k=\overline {P_\theta }^{(k)},\qquad \hat L=L_\theta ,\qquad \hat C=C_\theta . \label {Xeqn30-49}\end {align}


\begin {align}f_{v_C}(v_C, i_L, \hat {P}) = \frac {1}{C} \left ( i_L - \frac {\hat {P}(v_C, i_L)}{v_C} \right ) \label {Xeqn31-50}\end {align}
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\begin {equation}(x_0, \{D_h\}_{h=0}^{H-1}) \;\longrightarrow \; \{(i_L, v_C)_h\}_{h=1}^H, \label {Xeqn32-51}\end {equation}


$x_0 = [i_L(0), v_C(0)]^\top $


$\{D_h\}$


\begin {align}\dot i_L(t) &= \frac {D(t) V_{in} - v_C(t) - R_w i_L(t)}{\hat L}, \label {eq:il_dyn}\\ \dot v_C(t) &= \frac {i_L(t) - \Big (\tfrac {\hat P(t)}{\max (v_C(t),v_{\min })} + \tfrac {v_C(t)}{R_p}\Big )}{\hat C} + \mathrm {ESR}\cdot \dot i_L(t). \label {eq:vc_dyn}\end {align}
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\begin {align}\mathcal {L}_{phys} &= \frac {1}{J} \sum _{j=1}^J \Big (\|r_{i_L}(\tau _j)\|^2 + \|r_{v_C}(\tau _j)\|^2\Big ), \\[6pt] \mathcal {L}_{IC} &= \|\,\widehat x(0) - x_0\,\|^2 + \lambda _{\dot x0}\,\big \|\tfrac {d\widehat x}{d\tau }(0) - T_h f(x_0,D_0)\big \|^2, \\[6pt] \mathcal {L}_{data} &= \frac {1}{|\mathcal S|}\sum _{n\in \mathcal S} w_n \|\widehat x(\tau _n) - x^{meas}_n\|^2, \\[6pt] \mathcal {L}_{reg} &= \beta _{Lip}\int _0^1 \Big \|\tfrac {\partial \widehat x}{\partial \tau }\Big \|^2 d\tau + \beta _W \|\vartheta \|^2.\end {align}
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trol (SMC) and Sliding mode Observers (SMOs) is widely studied due
to its robustness, yet chattering and noise sensitivity persist [7,8,10].
Recent extensions combine SMC with fuzzy or neural approximators,
such as super-twisting SMC with self-evolving fuzzy neural networks,
improving uncertainty compensation but still not estimating physical
converter parameters or load power [11]. Similarly, adaptive neural-
network sliding-mode controllers integrate RBF networks to enhance
robustness, though they rely on predefined architectures and remain
disconnected from true parameter estimation. Model Predictive Con-
trol (MPC) has gained increasing attention for its ability to enforce con-
straints and optimize dynamic performance [5,12,13]. However, MPC
suffers from strong model-plant mismatch sensitivity, particularly when
L, C, or P(t) vary. Even recent real-time MPC designs require hybrid
analog-digital computation hardware to meet timing constraints, high-
lighting MPC’s computational and modeling limitations [14]. Reinforce-
ment learning (RL)-based methods have emerged as flexible, model-free
controllers [6,15,16]. Although RL can adapt to nonlinearities and dis-
turbances, deep RL techniques demand extensive training, high com-
putational resources, and often suffer from simulation-to-reality mis-
matches, especially on low-cost DSP hardware [17]. Beyond intelli-
gent controllers, simplified or parameter-free buck control algorithms
have also been proposed. A two-stage simplified controller achieves ro-
bustness without parameter tuning but does not estimate converter pa-
rameters or time-varying loads, limiting use in predictive control set-
tings [14]. Meanwhile, high-frequency buck-based drive systems (e.g.,
SiC-fed PMSM drives) further emphasize the importance of accurate
real-time modeling, as MHz-range switching exposes parameter sensi-
tivity and microcontroller resource constraints [18]. Classical model-
ing approaches such as small-signal linearization and PD compensator
designs improve transient response [19,20], but their validity deterio-
rates under nonlinearities, parameter drift, or rapidly varying CPL con-
ditions. Recent studies show that high-performance buck control de-
pends critically on dynamic models that remain accurate beyond fixed
linearization points. Despite this extensive literature, a recurring lim-
itation emerges: estimation and control are treated as separate prob-
lems. Observer-centric designs reconstruct disturbances but cannot en-
sure closed-loop stability under changing conditions. Control-centric ap-
proaches such as MPC, SMC, PBC, and ANN-enhanced schemes require
accurate models yet offer no mechanism to identify converter parame-
ters or CPL power in real time. RL-based and hybrid methods improve
adaptability but introduce computational burden and implementation
complexity. Consequently, no existing method provides a unified solu-
tion for uncertainty estimation, dynamic prediction, and robust control.
In addition to the above estimation- and control-oriented methods, re-
cent works have begun to explore the use of deep learning and physics-
informed models in power-electronic applications. Deep neural net-
works have been applied to enhance disturbance detection and improve
resilience in meshed DC systems, demonstrating the growing role of
data-driven methods in power electronics. Hyperparameter selection in
power-electronic learning frameworks has also been examined in recent
literature. Authors in [21] employs a deep-learning classifier whose hy-
perparameters including learning rate, dropout ratio, batch size, and op-
timizer configuration are tuned empirically through manual search. The
authors show that the hyperparameter choice markedly influences fault
classification robustness under noisy measurements and varying net-
work conditions. Similarly, the deep-learning-based HVDC protection
scheme in [22] adopts iterative hyperparameter refinement, adjusting
parameters such as the Adam learning rate, network width, activation
functions, and regularization coefficients to achieve stable convergence
and real-time computational performance. These studies underline the
importance of hyperparameter selection for balancing accuracy, robust-
ness, and computational feasibility in DL-based protection schemes.
In sharp contrast to these purely data-driven approaches, the hyper-
parameters and architecture of our dual-PINN framework are deter-
mined directly by the physics constraints of the averaged buck-converter
CCM model. Because both the inverse PINN (iPINN) and direct hard-
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PINN (DPINN) embed differential-algebraic relations, full-batch train-
ing is essential to preserve temporal consistency of the ODE residuals,
and dropout must be avoided as it introduces stochastic discontinuities
that disrupt derivative-based learning. The detailed architecture of the
proposed dual-PINN framework-including the layer structures of
the inverse PINN (iPINN) and direct PINN (DPINN), the physics-
informed embedding strategy, and the complete hyperparameter selec-
tion methodology-will be presented in Dual PINN architecture Section.
This dedicated section explains how the network depth, width, activa-
tion functions, Fourier-feature encoding, optimizer settings, learning-
rate schedules, and gradient-stability mechanisms are chosen to satisfy
the physics constraints of the averaged CCM model and to ensure reli-
able integration of the DPINN surrogate within the MPC horizon.

1.1. Research gap

Despite extensive progress, no existing framework simultaneously
provides: (1) real-time estimation of piecewise CPL power, (2) adap-
tive identification of L and C, (3) a physics-consistent forward model
suitable for MPC prediction, and (4) computational feasibility compati-
ble with high-frequency converter sampling. Estimation, prediction, and
control remain fragmented in prior work. As a result, existing methods
cannot adequately cope with nonlinear, fast-varying CPL profiles while
maintaining robustness and real-time feasibility. To fill these gaps, this
paper proposes a three-echelon unified framework that integrates esti-
mation, prediction, and control:

e Inverse PINN for unified online estimation: An inverse physics-
informed neural network (iPINN) jointly estimates piecewise CPL
power and parameters (L, C) by embedding averaged CCM dynam-
ics, Huber regularization, and total-variation penalties, enabling ro-
bust and accurate estimation under rapid load steps.

e Forward PINN as a physics-consistent surrogate: A direct PINN
(DPINN) uses the identified parameters to learn a grey-box dynamic
model consistent with buck converter conservation laws, enabling
stable and generalizable forward predictions.

e MPC with reduced computational burden: The DPINN surrogate
feeds short-horizon predictions into an MPC controller, reducing
model-plant mismatch and lowering computational cost relative to
full nonlinear MPC.

¢ Comprehensive mitigation of prior limitations: The integrated
iPINN-DPINN-MPC pipeline overcomes parameter drift sensitivity,
avoids chattering, reduces data dependence, and improves transient
performance under piecewise CPL dynamics.

Table 1 summarizes prior strategies and highlights the need for a uni-
fied estimation-prediction—control approach. The proposed framework
directly addresses these limitations by providing a physically grounded,
robust, and computationally efficient architecture for stabilizing buck
converters with CPLs.

Table 1
Compact comparison of strategies for power converters with CPLs.

Method [Refs] Robust L,C drift Disturb. rej. Chatt.-free Complex.

1&I + ES [1,4,9] + X + v Low
Observers [7-10] + X + v Med
SMO/SMC [23-25] + + X + + X High
PBC [1,2,4] + X + v Med
MPC (adaptive) [5, + v ++ v High
26,27]

ESC [1,4,28] + v + 4 Med
RL [6,16,19] + v + v High
Composite ctrl. [29] + v + + v High
Proposed @GP- ++ v + + v Med-Low
INN +PINN + MPC)

Legend: v = supported, X = not supported; + = moderate, + + =
strong.
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In Section 2, CPL model is described and as well as its estimation
involving the online identification of the inductance L and capacitance
C. That subsection also describes the iPINN formulation, including all
the relevant mathematical relations for real-time estimation. In Sec-
tion 3, the dynamic behavior of the buck converter is assessed in both
the CCM, where the modeling relies on direct PINNs, which provide a
forward dynamic representation of the converter. Section 4 describes
the MPC strategy by considering the accurate load and parameters of
the iPINN framework and distinct predict horizon from the DPINN. Sec-
tion 5 describes the training strategy. Section 6 describes the simulation
setup. Section 7 provides presents and discusses the simulation results.
Section 8 summarizes the content of this paper.

1.2. Definition of piecewise constant power load (PCPL)

In realistic applications, the power demand is seldom perfectly con-
stant over extended periods. Instead, it frequently changes in distinct
steps, reflecting the dynamic nature of the overall system. To accurately
model these scenarios, we introduce the concept of a Piecewise Con-
stant Power Load (PCPL). We define the PCPL profile P(t) as a series of
constant power segments over predefined or adaptive time intervals:

P, ifrelt.t)

P() = J.Pz, ifr €t,1,) o)

Py, iftelty_i ty)

Here, P, represents the constant power consumption level within the
kth time segment [7,_,,?,). The transition points ¢, are known, but the
values of P, for each segment are unknown and are the targets for iden-
tification. For each segment k, the equivalent load resistance Rjy,q s (f)
is not constant but is a nonlinear function of the output voltage V(t) and
the constant power Py:

V(t)?
Rigad k() = —5—
oad, Pk

fort e [t;_;, 1) 2)
This time-varying, voltage-dependent resistance reflects the challenge
of CPLs and necessitates a robust identification method.

1.3. Mathematical and control-theoretic motivation

When theorizing about DC-DC converters, values for inductance (L)
and capacitance (C) are typically constant for the sake of establishing
mathematical models. This is not valid in a real-world design. In real-
ity, values of L and C have variability and can be affected by: manu-
facturing tolerances, temperature drift, aging effects, core(saturation)
of inductors, and capacitance (sensitivity to DC bias) of capacitors. For
example, high- Q ferrite inductors could experience a 3-5% change in
inductance over a 40-60 °C swing in temperature, while the operation
of electrolytic capacitors could lose significant nominal capacitance (20-
30%) over years of operation. The load in constant-power loads (CPL)
greatly exacerbates the issues with variability on these parameters. Even
small values (3-5%) of variability of L or C can draw the closed-loop
poles towards the imaginary axis as shown in Fig. 1, leading to reduced
phase margin and potential instability in the system. Therefore, online
estimation of true values of L and C in the presence of CPLs is not just
useful but critical to maintaining robust stability of more sophisticated
controllers like model predictive control (MPC), adaptive controllers, or
hybrid physics-informed/Kalman filter-based architectures.

Consider a Buck converter in CCM feeding a constant-power load
(CPL). Let x = [i; vc]" and u = d V4. The averaged nonlinear dynamics

are

Li; =dViy, —ve — Ryig, 3

Cic=i; - L. @
Uc
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Linearizing around an equilibrium (i}, vy, = V,) yields the small-signal
model

%=AL,C,P)3+B(L)d 5)
a=| ) B=[L], ©)
c RnegC 0
where the CPL introduces a negative incremental resistance
VZ

Rpeg = —— (< 0). 7

neg P (<0 @)
The characteristic polynomial of A is

R 1 1 R;

ALCy=A2+ (=L - A —[1+ =0, 8

M ) < L RyeeC LC\' " Rpeg ®)

in which the CPL term ﬁ > 0 reduces the effective damping. Small

parameter errors AL, AC perturb the eigenvalues A; according to first-
order sensitivities

04 __dp/dL 04 __dp/dC
oL op/oA’ aC op/oA’
so that even +5% deviations can move Re{A} significantly toward the
imaginary axis, especially when |Rpe| is small (large P or low V) as
Fig. 1.

€©)

Img

A
-5% X X X +5%

Normal
< » Real
-5% X X X +5%
Normal
v

Fig. 1. Changes in poles towards instability due to incorrect estimation of in-
ductor and capacitor values.

1.3.1. Closed-loop
For a PI controller with filtered output (a Type-II-like compensator),

e=—0c, (10)
fe an
Uraw = Kpe + Ki&, 12)
L’,/. = a;p(uraw - u/-), d= prmuf, 13)

the augmented state [i;, 0. & u,]" obeys

R

L 1 Vin Kpwm
T I 0 =0
1 1
= — 0 0
z=| € RpegC Z. 14)
0 -1 0 0
0 -w,K, ,K; —w,

Aa(L.C.P.K,K;)

Because the CPL reduces damping, the closed-loop pole locations are
highly sensitive to (L, C); model mismatch (e.g., due to ageing/temper-
ature) can push poles into the RHP and destabilize an otherwise cor-
rectly tuned controller. Hence, accurate online identification of L, C is
a stability requirement for MPC/PI/Type-III designs.
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Key claim. With CPL, the term R ! e
neg

AL, AC on Re{4}; thus maintaining an accurate plant model via online
parameter estimation (e.g., EKF+iPINN) is essential to preserve phase
margin and closed-loop stability.

in (8) amplifies the effect of

2. Buck converter system dynamics

We consider a standard buck converter topology operating with a
Constant Power Load (CPL) as its load as Fig. 2. The converter consists
of an input voltage source Vj,, a power switch (MOSFET), a diode, an
inductor L, and an output capacitor C. To model losses, the equivalent
series resistance R of the inductor is also included. The system dynamics
are governed by differential equations for the inductor current i, (r) and
the capacitor voltage v (¢), which is also the output voltage. The con-
verter operates in either Continuous Conduction Mode (CCM) or Discon-
tinuous Conduction Mode (DCM). Both modes are explicitly modeled to
allow comprehensive load identification.

L
3»1*1 1 —

Cl
DC %) X a5
Fig. 2. Buck converter supplying a constant-power load (CPL). The CPL intro-

duces negative incremental impedance, significantly affecting the converter sta-
bility and transient behavior.

1
P/vo

2.1. States and inputs

The state vector is defined as

WFFNT (15)

ve(t)

where i;(¢) is the inductor current and v (¢) is the capacitor voltage
(equal to the output voltage).

The inputs are
D) €[0,1], Vi >0, 16)

where D(r) is the duty cycle and V}, is the DC input voltage.

2.2. Parameters

L>0, C>0, R,>0, a7)

which L indicates inductance, C represents capacitance and R, indicates
parallel resistance (to model leakage or an ohmic load).
The CPL power is

P(1) >0, (piecewise-constant or continuous). (18)
For numerical stability:

Upmin > 0, Icpr,max > O (19)

2.3. Continuous-time dynamics

Ideal model (no parasitics).
D)Viy — ve(®)
— 0

. _ 1. P(t) ve (1)
Uc(t) - E <1L(t) - <max(vc(t),vmin} + R_p . (1)

i) = (20)
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With winding resistance R,, and capacitor ESR.
_ DOViy = ve(0) = Ry,i (1)

i , 21
i (1) T @n
. 1. PG vcld) :
ve) = <1L(t) i +ESR - i, (f). (22)
Load current (CPL + resistive part).
. . P
lel(t) = mm(W&mm}, ICPL,max)’ (23)
mm=%m+ﬁy 24
2.4. Discretization
Sampling at interval T}:
t,=nT;, n=0,...,N.
Forward-difference approximations:
.meas Upt1 — Uy
= 1 25
Ch T @5)
jmeas _ in+1 — Iy (26)
n Ts .
Runge-Kutta 4 (for simulation):
T.
Xppl =X, + ES (ky + 2ky + 2k3 + ky), 27)
ke = f(x, +arTike_y), (28)

where f(-) is given by (1) or (2).
3. Physics informed neural network

As Fig. 3, Physics-informed neural networks (PINNs) are neural net-
works that incorporate physical laws described by differential equations
into their loss functions to guide the learning process toward solutions
that are more consistent with the underlying physics. PINNs can be used
to:

e Approximate solutions to partial differential equations (PDEs) and
ordinary differential equations (ODEs) as a Direct PINN.

e Solve inverse problems, such as estimating model parameters from
limited data as a Inverse PINN (iPINN.

) R
-

O

OO

%@/ -
/\‘k 77
=/

g

(&

J

C

ar
o — .kv
pC ’—V (kVTD)

Deep Learning

ﬂ

Physic Knowledge

1

Physics-Informed
Neural Network

Fig. 3. Conceptual illustration of a physics-informed neural network (PINN),
which combines deep-learning representations with physical governing equa-
tions.

At first we introduce Inverse physic informed NN for parameter es-
timation like CPL load, L and C values in two-Stage Unified Framework
for Buck—-CCM with CPL (iPINN + ALS) as below:

A) Stage 1- Inverse PINN Estimation of P(r), L,C
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a) Parametrization with bounds.
P@t) = P, t € [t tisr)s

Pk = mm +( max Pmin) O'(zk)’
_r
1+ex’
L= Lmin + (Lmax - Lmin) O-(ZL)’

o(x) =

C = Cpin + (Chax — Cinin) 0(2¢)-
b) Neural architecture.
(Py(0). Ly, Cp).  7€[0,1].
with ranges
Py(7) € [Prin: Prax]>
Ly € [Lyin> Liaxls

CG € [Cmim Cmax]'
¢) Physics residuals.

. 1/. n
ry(n;0) = U;neas _ C_9<zn - (Pg(rn)max(vn,vmin) + ;—p))

ri(n;6) = l:"meas - LL(DVin - Un)'
(2

d) Huber penalty.

1 Irl <6,

(Irl - g) "> 6.

e) Regularizers.

ps(r) =

N-2
1
TVp = —— Z ‘Pﬁ(rn+l) - Xin-seg()-
N -1 )

. . v,
Pinst(tn) = Un<ln - CH Uy — R_p>

K-
1 —(k) —(k)
seg E Z < Pinst ) .

IC constraints.
. 1 /.
ryo = 0m(ty) — C_9 (l(to)

— Byt max(60), o) + 522) ),

P

; 1
rig = MS(ty) — i (DVi — vltp))s
0

Lic.der = p5(rs0) + 7L p5(rip),

Lig-state = A0 (v(t0) — Vo)2 + Ao (itg) = 10)2~

Full iPINN loss.
Ef“H ©) = Zn wn(/)b‘(ru(n; 0)) +7L p&(ri(m 0)))
iPINN > w

+ )“TV TVP + )“seg Lseg
T2 12
+HurllLo — LII" + pcllCy — Cl

+ A1cd Lic-der + A1cs Lic-state-

(29)
(30)
(31)
(32)
(33)

(34)

(35)
(36)

(37)

(38)

(39

(40)

(41)

(42)

(43)

(44)

(45)

(46)

(47)

(48)
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Stage-1 outputs.

A —(k S A
p=F" i=1, ¢=c, (49)

3.1. Capacitor voltage dynamics (common in both phases):

a1, Plcip)
Jo(veuip. P) = E(u - %) (50)

In Stage 1, the inverse PINN framework follows Algorithm 1 to
jointly estimate the piecewise-constant load P(r) together with induc-
tance L and capacitance C. The parametrization in (34)-(37) ensures
that all estimated quantities remain bounded within physically mean-
ingful ranges. In particular, P(¢) is modeled as a constant value P, within
each segment [#;,7,, ), while L and C are scaled through a sigmoid func-
tion to enforce positivity and upper limits. The neural architecture in
(34) outputs the triplet (Py(z), Ly, Cy) as a function of normalized time
7. Explicit limitations in (35)-(37) restrict (Py(z), Ly, Cy) to specified
ranges that stabilize learning and preclude non-physical solutions. The
physics residuals in (38)-(39) encode Kirchhoff’s circuit equations: the
capacitor equation links the measured voltage derivative to current and
load power, while the inductor equation relates the current derivative
to the input-output voltage difference. Any mismatch between measure-
ments and physics is penalized, thereby embedding the dynamics di-
rectly into the learning mechanism. The Huber penalty in (40) adds
robustness against noise: small residuals are penalized quadratically,
whereas large deviations are penalized linearly, preventing instability
due to outliers. The regularization terms in (41)-(43) follow Algorithm 2
to improve estimation stability. The total variation TV} discourages un-
necessary fluctuations of P, within a segment, while P, (r) enforces
consistency between the predicted and measured instantaneous power.
The segment-level loss L, aligns the average predicted power with
the average measured power in each segment. Equations (44)-(47) en-
force initial condition consistency. The residuals r;, and r;, require
that initial derivatives satisfy circuit dynamics. The penalties L 4., and
Lic state gUarantee that both derivatives and the initial states (v(ty), i(ty))
are consistent with measurements. Finally, the full iPINN loss in (48) ag-
gregates all components: a weighted average of physics residuals, reg-
ularizers, and initial condition penalties, together with soft constraints
keeping L and C close to their a priori means; all losses are shown in
Fig. 4 within the direct PINN structure. In a direct physic informed neu-
ral network, the only input is time, and the network produces the system
states themselves it reconstructs the capacitor voltage and the inductor
current directly from time. During training, the network computes time-
derivatives internally and combines them with measurements, initial
conditions, and circuit constraints so that the overall loss is minimized;
the goal is to predict the states. By contrast, an inverse physics informed
neural network takes not only time but also the measured responses
capacitor voltage and inductor current as inputs. It estimates the un-
known quantities of interest, such as the constant power load over time
in the first stage and the circuit parameters (inductance and capacitance)
in the second stage. Learning is driven by consistency with the circuit
equations, so the network is guided toward parameters that best match
both the measurements and the governing physics. This makes the di-
rect approach suitable for state prediction, while the inverse approach is
preferred when the goal is to recover hidden parameters from time and
measured responses, especially under scarce or noisy data. Finally by
minimizing loss function as illustrated in Fig. 4, the model ensures con-
sistency with data, physics, and prior knowledge simultaneously. The
Stage 1 outputs in (49) are the estimated piecewise load values P,, to-
gether with globally consistent inductance I and capacitance ¢, which
then serve as initialization for Stage 2 refinement; in the second stage,
the respective final values are estimated according to Algorithm 2.
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Additional
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1t data (opti 1)

=1 ‘

N
1
Loua@) = Y WolV e(t:0) = VIS @I + WillL(8:0) = 7 (e) %)

Boundary/Initial Conditions  +

1 il . 1|9V, 2 101 Nz
Leonas(0) = 2 [Ve(to; 0) = Vol* + 2 11,(to; @) — ip|* +E| 3t (tg;0) — Vol +t3 a—:(to: @)= lnl
Differential Equations +
av, o
at il
Lphysics(0) = HZ(TV(toi @)% + 1i(t; 0)%)
i =1
al,
at
Loss function
NN(t;o)
ﬁ ‘ LData (0) ar LCands(a) w LPhysics (0’)

Optimization
algorithm [@‘?3 _

Fig. 4. DPINN structure integrating data, boundary conditions, and physics-based ODE residuals into a unified loss for training.

4. Stage 2 - direct PINN for forward state prediction
4.1. Problem setting

After Stage 1, the parameter estimates P(r), L, C are available. The
goal of Stage 2 is to train a direct PINN predictor that maps

(o (DR — (G ve)ntil,, (G
where
e xy = [i;(0),vc(0)]7 is the initial state,
e {D,} is the duty ratio sequence for the horizon,

« the output is the trajectory of inductor current and capacitor voltage.

This predictor serves as the surrogate model inside the MPC optimizer.
4.2. Forward dynamics with fixed parameters

The averaged Buck-CCM dynamics are given by
D)V, —vc(@®) — R,i (1)

ip()= 7 (52)
. P(t) ve(t)

, i = (max(uar),uma.o 7R, .

Do) = = +ESR i, (1). (53)

4.3. Normalization

We normalize the horizon [0,7,] into 7 € [0,1], with T, = HT,.
Residual forms become

diy . DOVi = Ve = Ruil

i = - 53
",L(T) dr h R (53)
._duc ) P(1) ve |1
Foc(®) 1= dr T [IL <max(uc, Umin) + R,/1¢
D)V, —
+ SR 20V = e (54)

4.4. Neural predictor

We construct a neural predictor
G
fwo= |17,
Uc(7)

with inputs:

e normalized time ,

« initial state x,,

¢ encoded duty sequence ¢ (7),
encoded CPL estimate ¢ p(z).

4.5. Loss function

The training loss is a weighted sum:

J
1
Lons =5 X (I, @I+l IR, (54)
j=1
2 2 dz 2
L1c = 1R0) = x0 I + Ao | £ ©) = T/ Cxo. Do)+ (55)
1 N
Loaa = o 2, WallR(z,) =572, (56)
|S| nes
s ,
X
Ereg = ﬂLip/O 9 dr + By 1911 (57)
The total loss is
£Stage2 = ’lphysﬁphys + AICEIC + Adara[’dma + Areg‘creg‘ (58)

4.6. Output mapping

After training, the predictor yields
Sprea(xo: {Dy}) = {X(h/H; 19*)},'7:1,

which is the predicted trajectory (i;,v.) over the horizon. This trajec-
tory is then used by the MPC cost function and constraints.

5. Stage 3 - MPC control with PINN-based predictor

At this stage, we already have the estimated load and parameters
from Stage 1, P(1), L,C, and also the trained forward predictor from
Stage 2, fpred(Xo, {Dh};’f:_ol) - {xh};l:]’ where x;, = (i;,v¢). The goal is
to compute an optimal duty sequence { D }hH=‘01 that minimizes a perfor-
mance index subject to constraints. For MPC optimization problem at
each sampling step, the controller solves:

H
min =Y (loeh) = verlly + i
{(Dp}, 2, h=1 "\ ——— N —
Voltage tracking Current penalty (59)
+ 241Dy = Dy 1)
—_—

Duty variation penalty
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Algorithm 1: Joint inverse iPINN for parameter estimat-
ing.

1
2

3
4
5

)}

10
11
13
14
16

17
19
20

21

23
25
26

28
29

31
32

33

34

Input :

1) Measured trajectories {(v,,i,)}
2) sampling time T,

3) bounds [P,;,. P, ] [Loins Lonasd> [Conins C
4) known V,, fixed D, R, vy,

5) hyperparameters &, Ayy, Aseqs V15 Hps He
6) LR schedule, gradient clipping norm.
Out-

put

1) Piecewise CPL { £, } X7/

2) inductance L, capacitance C.
Preprocess :

1) Compute forward differences (Eq. (25-26)):

1~ Uy !

N
n=0

max]

_ln

pmeas — Unt jmeas — n+l
n TS n ; TS
2) Build normalized time 7, =
N-1

3) Segment masks Xin-seg() (zero on segment
boundaries).

4) Optionally build time weights w, (larger near
boundaries), build a smoothed derivative 3, (EMA or
Savitzky-Golay).

Network : Define an MLP with Fourier features of ¢
producing (P,(r), L,, C,) with bounded outputs.
fortr=1toT to do

--- Forward pass ---

1) Evaluate P,(z,), L,, C,.

--- Physics residuals (Eq. (38-39)) ---

2) Calculate residuals

a)
ro(n;0) = o™ — L(i" - (Pg(rn)max(vn, v )+ —))
n Cy R,
b) r,(n:60) = "= — L (DY, —,).
n L9
--- Regularizers ---
Un
3) I)inst(tn) = Un<in - CG ﬁn - _>
Rp

1 —_ —_ 2

4 Lseg = E Zk( Pa(k) - Pinst(k)> .
-—- Loss (Eq. (48)) ---

5)

X, w(ps(r,) + v ps(r)

Zn wn

+pp Ly = LI + ue 1ICy = CIP.

Lipnn = + Ary TVp + Ay Loy

--- Backward + update ---
1) Compute V,L;pny; Scale/throttle C-head grads;

clip; update 6 (Adam).

--- EMA (stability) ---
B 2)L<p,Ly+(1—-p,)L, C«f-Cyo+(1—-p.)C.
3 Postprocess: Average P,(r) over each segment to

obtain _ _

P, =Pyk);set L.=L,C=C.
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Algorithm 2: Optional ALS Refinement of CPL and (L, C).
: Data {(v,,1,)}, T,, known V,,, D, R ; initial

(P, L,C) from Alg. 1; bounds on L, C;
trimming quantiles (q,, g,,).
Output: Refined {P,} and (L, C).
1 repeat
2 1) (Update P) With current ¢, compute smoothed
0, and instantaneous power

Input

A v,
I)inst(tn) = Un(ln - C Un - Fp)
3 For each segment k, trim outliers to (g,, g,) and set

P, — median { P, (t,) },_,.

4 2) (Update L, C) Minimize the bounded Huber
objective (Eq. (32-33)) w.r.t. (L, C) using

L= Lmin + (Lmax - Lmin) G(ZL)’
C= Cmin + (Cmax - Cmin) G(ZC)'

5 until forr=1,...,R
6 Until convergence or max cycles.

Constraints:
(i (h), v (M) = fored(X0, 1D VIZ0) (60)
0 <D,<1, (61)
Umin < 0c(h) < Vg (62)
imin < ip(h) <ipax- (63)

e Term 1 (Voltage tracking): drives the capacitor voltage v (h) to-
wards the reference v,.¢, weighted by Q.

e Term 2 (Current penalty): penalizes inductor current magnitude to
ensure physical limits and smooth dynamics, weighted by R.

e Term 3 (Duty variation penalty): penalizes fast changes in duty
cycle D, reducing switching stress and improving stability.

Here, O, R, 4, are design weights, and f},¢q is the PINN-based rollout
model from Stage 2. Only the first control action is applied:

D*(1) = D, (64)

then the horizon shifts forward and the process repeats with the new
measured state. The physics-informed predictor ensures consistency
with the underlying circuit laws. In addition, the online MPC optimiza-
tion explicitly accounts for the CPL dynamics and parameter variations.
Finally, safety constraints on capacitor voltage and inductor current are
enforced directly within the optimization problem.

6. Architecture and hyperparameter design of the dual-PINN
framework

The proposed dual-PINN framework consists of two complementary
neural modules an inverse PINN (iPINN) for real-time estimation of
piecewise constant power loads and a forward hard-PINN (DPINN) that
provides a physics-consistent surrogate of the buck converter dynam-
ics for use inside MPC. Unlike data driven neural architectures, both
networks embed the averaged CCM equations directly into their loss
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functions, resulting in training behavior strongly governed by phys-
ical constraints rather than empirical heuristics. This section details
the architecture, training procedure, and hyperparameter selection of
both networks. In Stage 1, the inverse PINN (iPINN) addresses an in-
verse identification problem, where the network simultaneously esti-
mates the piecewise constant CPL power profile as well as the passive
parameters of the converter. The iPINN takes as inputs the normalized
time variable together with measured state trajectories (inductor cur-
rent and capacitor voltage), and its outputs include the estimated CPL
power P(r) and the passive parameters (L, C). To represent fast load
transitions, the time input is augmented using Fourier-feature encod-
ing. The core network is implemented as a fully connected multilayer
perceptron with two hidden layers of 64 neurons each and tanh activa-
tion functions. A bounded output head with sigmoid scaling is used for
P(1) to ensure physically admissible power estimates, while positivity of
L and C is enforced via softplus parameterization. The iPINN training
objective combines four components: a data-consistency loss that an-
chors the reconstructed states to measurements, an initial-condition loss
that enforces consistency at the beginning of the trajectory, a physics-
based residual loss derived from the averaged CCM buck equations, and
a total-variation regularization term that promotes piecewise-constant
behavior of the CPL power. These terms are explicitly formulated in
Egs. (29)-(50). Automatic differentiation is used to compute tempo-
ral derivatives required by the physics residuals. In Stage 2, the direct
PINN (DPINN) solves the forward dynamical problem and serves as a
physics-consistent surrogate model inside the MPC prediction horizon.
The DPINN maps the normalized time, initial state, and the duty-cycle
sequence to predicted trajectories of the inductor current and capaci-
tor voltage. A hard-constrained output parameterization is adopted to
guarantee exact satisfaction of initial conditions. These terms are ex-
plicitly formulated in Egs. (51)-(58). Architecturally, the DPINN em-
ploys a three-layer fully connected network with 64 neurons per layer,
tanh activation, and the same Fourier-feature encoding used in the iP-
INN. The loss function consists primarily of weighted physics residuals
enforcing both inductor and capacitor dynamics, with optional data-
matching terms when measurements are available. Regarding hyperpa-
rameter selection, both networks are trained using the Adam optimizer
in a full-batch setting. This choice is necessary because PINN residual
minimization relies on global temporal consistency, which would be dis-
rupted by mini-batching. Dropout and batch normalization are delib-
erately omitted, as they introduce stochastic discontinuities that inter-
fere with derivative-based physics constraints. Learning rates are chosen
based on stability considerations of the underlying differential equations
rather than empirical trial-and-error: a constant rate of 1073 is used for
the iPINN, while a two-stage schedule of 3 x 1073 followed by 5 x 10~* is
employed for the DPINN to stabilize training under stiff dynamics. Gra-
dient clipping is applied in DPINN training to prevent exploding gra-
dients. This physically grounded hyperparameter design yields PINNs
whose convergence behavior is predictable, interpretable, and reliable
when embedded in MPC. Fig. 4 illustrates the computation graph of the
direct PINN, showing the outputs (v, i), their derivatives, the incorpo-
ration of differential equations and boundary conditions, and the final
composite loss function. All architectural choices and hyperparameters
are summarized in Table 2. Fig. 5 illustrates the overall architecture
of the proposed dual-PINN framework. The iPINN estimates the piece-
wise CPL power and converter parameters from measured data using
physics-informed losses, while the DPINN exploits the identified quan-
tities to generate forward state predictions that are directly used within
the MPC optimization.

Unlike deep-learning-based power-electronic protection schemes [21,
22], which tune hyperparameters (learning rate, dropout, batch
size, regularization, network width, activation) empirically through
trial-and-error, our hyperparameter selections are physics-driven.
Specifically:

o full-batch training preserves ODE structure,

Electric Power Systems Research 254 (2026) 112671

¢ learning rates are selected for ODE stability rather than data fitting,

¢ Fourier embeddings help capture non-smooth CPL transitions,

¢ no dropout/batch-normalization due to incompatibility with PINN
derivatives,

e TV regularization enforces piecewise-CPL behavior.

7. Simulation and results

The results in Figs. 6-7 clearly demonstrate the effectiveness of the
proposed two-sub-stage iPINN framework. In sub-Stage 1 as illustrated
in Fig. 7, the performance of the proposed two-Stage inverse PINN (iP-
INN) in estimating the piecewise-constant CPL power profile is evalu-
ated. The figure compares the true load power P(¢) with the estimated
power P(f) obtained from the iPINN. As shown, the proposed inverse
identification framework accurately captures both the magnitude and
the switching instants of the CPL power, despite the abrupt load transi-
tions. The close agreement between the estimated and true power pro-
files demonstrates the effectiveness of the physics-informed loss formu-
lation and the total-variation regularization in enforcing the piecewise-
constant structure of the load. Also the framework estimates the con-
verter parameters at the same time as it can be seen in Fig. 6(a) and (b).
Fig. 6(a) shows that the estimated inductance L converges with a very
high level of accuracy to the nominal value of 950 yH and in Fig. 6 (b),
one can see that the estimated capacitance C smoothly converges to its
nominal reference of 350 uF with negligible error. These results show
that the proposed approach not only reliably identifies the time-varying
CPL in real-time, but also accurately tracks L and C online, thus faith-
fully representing both the load dynamics and the converter parameters
for control and stability analysis. In these convergence plots, s (proxy)
denotes a display variable derived from optimization iterations rather
than real time. It simply tracks training progress, so increasing s indi-
cates further training and tighter convergence; numerical values of s
should not be compared to seconds. These results confirm that Stage 1
provides reliable power estimates and parameter identifications that can
be subsequently used by the forward DPINN for prediction and MPC in-
tegration. Fig. 8 illustrates the performance of the DPINN in Stage 2. In
Fig. 8(a), the red curve corresponds to the reference capacitor voltage
obtained from the CPL|| R, model, while the blue dashed curve shows
the voltage trajectory predicted by the DPINN. The red curve in Fig. 8(b)
indicates the reference inductor current, while the blue dashed curve
shows the associated DPINN prediction. It is clear that the predicted
profiles and behaviors for both the inductor voltage and current follow
the corresponding reference responses closely, capturing both transient
oscillations and their steady-state behaviors with a high degree of accu-
racy. This demonstrates that the DPINN framework provides an effective
forward model for later injection into MPC algorithms.

Fig. 9 illustrates the open-loop performance of the proposed dual-
PINN framework under a sudden step change in the constant power load
(CPL) att ~ 0.02 5. Fig. 9(a) shows the capacitor voltage trajectories v (1)
for different duty ratios, obtained from the reference RK4 simulation us-
ing the true model and from the forward hard-PINN (DPINN) driven by
the estimated CPL power. As expected, the abrupt change in the CPL
excites transient oscillations and overshoot in the output voltage. These
oscillatory behaviors are consistently reproduced by both the RK4 ref-
erence and the PINN-based predictor, demonstrating that the DPINN
accurately captures the transient and nonlinear dynamics of the con-
verter. Since no feedback controller is applied, the observed voltage dis-
tortions are physically meaningful and reflect the true open-loop system
response. Fig. 9(b) depicts the true and estimated CPL power profiles.
The estimated power P(¢) closely matches the true piecewise-constant
load profile, including the exact switching instant and magnitude of the
step change. This confirms that the Stage 1 inverse PINN reliably iden-
tifies sudden load transitions in real time. Together, Fig. 9(a) and (b)
validate that the accurate CPL power estimation in Stage 1 enables the
DPINN in Stage 2 to generate precise forward state predictions, making
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iPINN : Inverse Identification Network
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Fig. 5. Dual-PINN architecture for unified identification and control. The iPINN (left) solves an inverse problem to estimate CPL power and circuit parameters from
measurements, while the DPINN (right) provides a physics-consistent forward surrogate whose predicted state trajectories are used inside the MPC.
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(a) Evolution of the inductance estimate I generated by the
iPINN during Stage 1 identification, shown alongside the true

inductance L. The iPINN rapidly converges to the correct passive

parameter by minimizing the capacitor residual under CCM
dynamics.
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(b) Evolution of the capacitance estimate C obtained from the
iPINN in Stage 1. The proposed method accurately identifies the
true capacitance value while ensuring stable residual minimization

under the averaged CCM model.

Fig. 6. Estimation of the converter parameters inductance (a) and capacitance (b) by using iPINN during Stage 1.

the proposed framework suitable for subsequent MPC integration. Addi-
tional context is provided in the two plots in Fig. 10, which depict how
the Stage-2 hard PINN aligns with the reference numerical model (RK4)
and the estimated load power.

The left plot shows a comparison of the capacitor voltage response
ve () for two different duty ratios, D = 0.45 and D = 0.60. The red curves

Table 2

are the reference RK4 simulation with the true power profile P(r), while
the blue dashed curves are the outputs of the hard PINN. It is clear that
the oscillation frequency, phase, transient envelope, and steady-state
values are all captured accurately in the hard PINN response. The dis-
crepancy in amplitude during the very first cycles after the load step
(which is attributed to residual weighting and horizon normalization in

Unified hyperparameter summary for the inverse PINN (iPINN) and forward hard-PINN (DPINN).

Component iPINN Setting DPINN Setting

Optimizer Adam Adam

Learning rate / schedule 1x1073 3 x 1073 (2000 iters) — 5 x 10~* (800 iters)
Batch size Full-batch Full-batch

Epochs / Iterations 600 epochs ~ 2800 iterations

Activation function tanh tanh

Fourier features 8 harmonics 8 harmonics

Dropout None None

Gradient clipping - Global norm = 5

Loss weighting Huber + TV penalty L, weighted 5x stronger than L.
Regularization TV penalty (piecewise CPL)  None (physics residual only)
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the loss) quickly dissipates. Importantly, this agreement in vC(t) holds
for both duty ratios, which illustrates that the PINN is able to gener-
alize across and to multiple operating points. Moreover, it is notable
that the PINN, even without being connected to the controller, exhibits
smoother dynamics than the RK4 reference, reducing both overshoot
at startup and oscillations after the CPL step change. In the right plot,
the constant-power load profile is depicted. The orange line denotes
the true CPL power Ptrue(t), while the purple line represents the es-
timated P,.(f) obtained in Stage-1 by the inverse PINN. At approxi-
mately ¢ = 0.06 s, the load steps from 28 W to 35 W. The estimated pro-
file P(t) closely overlaps with the ground truth, successfully capturing
both the timing and the magnitude of the CPL variation. These results
demonstrate that the complete iPINN—PINN—MPC chain is validated:
the iPINN achieves real-time CPL power estimation, the hard PINN en-
sures accurate state forecasting comparable to RK4, and the MPC is sup-
plied with consistent models for robust online control under CPL distur-
bances. Fig. 11 compares two MPC controllers on a buck converter with
Vin =600 V, L,,,; =950 uH, C,,, =350 uF, a parallel R, ~ 3 kQ, and
reference v, = 400 V. The sampling time is 10 us; the duty ratio is con-
strained to 0.05-0.95; and the prediction horizon is 20 steps (~ 0.2 ms).
A constant-power load steps at t = 20 ms from =~ 900 W to ~ 100 W (ver-
tical purple line). Conventional MPC (red) uses an approximate val-
ues of the (L,C) model and a slow, biased power predictor (EMA).
The proposed 3-Stage controller (blue) feeds the MPC with a inverse
physics-informed neural network for fast load-power estimation to-
gether with a direct physics-informed state estimator for (v, i) (lightly
smoothed).

Before the step both controllers regulate close to 400 V; the red trace
sits slightly below v,; because of model mismatch. Following the load
decrease at t = 20 ms, the 3-Stage (blue) trajectory exhibits a small over-
shoot of about 2-3 V (x 0.5-0.8%), and settles to 400 V within roughly
3-4 ms with low ripple. In contrast, the transitional MPC (red) over-
shoots more (about 4-5 V, i.e., ~ 1-1.2%) and decays more slowly, re-
maining slightly above 400 V for many milliseconds and showing higher
steady-state ripple. These results indicate that supplying fast, physics-
consistent estimates of load power and states yields smaller deviation,
faster recovery, and lower ripple than a pure MPC with a slow/biased
power predictor and a mismatched plant model.

As indicated in Table 3 in the traditional MPC, the steady-state error
is acceptable (e, =~ 0.24 V), the transient overshoot is 3.19 V (0.79%),
and the peak time is 1.12 ms. With a +0.5% band the settling time is
2.54 ms, while for the +1%, +2%, and +5% bands the response is already
inside the band at the first post-step sample (reported as 0 ms). The error
accumulation remains modest (IAE,; = 0.133 V-5, IAE,, = 0.015 V-s).
The steady-state output ripple is about 1 mV, and the control effort is
smooth with . & 0.67, Aupean ~ 1.0x 1073, and Au,p ~ 2.0 X 1073,

rms mean rms

Stage 1 : Power estimate
36 T T T

Estimated P(0)
— = Time P(1)

i
0.06
Time [s]

0.04 0.12

Fig. 7. Comparison between the true piecewise-constant CPL power P(r) and
the estimated P(r) obtained from Stage 1 iPINN. The inverse PINN successfully
reconstructs both the magnitude and timing of load-power transitions, demon-
strating accurate identification of fast piecewise CPL variations.
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In the proposed 3-Stage MPC, the steady-state error is further re-
duced (e,; ~ 0.071 V), the overshoot is very small at 0.678 V (0.169%),
and the peak time is only 0.32 ms. For the +0.5%, +1%, +2%, and +5%
bands the output is within the band from the first post-step sample
(0 ms). The error integral is lower than the pure MPC (IAE,;; = 0.099 Vs,
TAE,, = 0.003 V-s), the steady-state ripple drops to ~ 0.0003 V, and
the actuation remains smooth (i, & 0.67, Atten, & 2.16 X 1073, Au, o ~
2.54 x 1073). Reported settling times of 0 ms indicate that, at the sam-
pling resolution used, the response stays within the specified band from
the first post-step sample. The same set of quantitative performance in-
dices reported in Table 3 has also been evaluated for several widely
used benchmark control strategies, including PI control, sliding mode
control (SMC), and passivity-based control (PBC), under the same op-
erating conditions and load-step scenario. This unified comparison en-
ables a fair assessment of the transient and steady-state performance of
the proposed method against conventional approaches. As summarized
in Table 3, the proposed three-stage framework consistently achieves
lower steady-state error, reduced overshoot, faster transient response,
and improved disturbance rejection compared to the considered base-
line controllers. These results clearly demonstrate the superior regu-
lation performance of the proposed method in the presence of abrupt
CPL variations. Fig. 12 compares the true load power (red) with the
two predictors used by the controllers. At r = 20 ms the CPL steps from
~ 900 W down to ~ 100 W. The proposed 3-Stage predictor (blue) snaps
to the new value almost instantly, showing negligible lag. The tradi-
tional (pure) MPC predictor (green) responds with a short delay and an
exponential decay toward the new level, temporarily overestimating the
power just after the step. Practically, the faster, more accurate predic-
tion (blue) reduces model-plant mismatch and yields smaller overshoot
and faster settling in the closed-loop voltage as Fig. 11, whereas the
laggy prediction (green) can cause larger transient deviation and slower
recovery. Fig. 13 shows the absolute output-voltage error, |v- — vl, for
the two controllers. A CPL step is applied at t = 20 ms. The inset zooms
in on the post-step transient, where the proposed 3-Stage method (blue)
exhibits a smaller peak and a faster decay than the traditional (pure)
MPC (red). The integral of absolute error confirms the improvement:
IAEpre = 0.133 Vs versus IAE; g5 = 0.0998 Vs, indicating reduced
transient deviation and quicker settling with the proposed predictor.

8. Real-time co-simulation validation of the proposed three
echelon controller

In addition to the simulation results, the feasibility of the proposed
three echelon control framework was preliminarily validated through a
real-time co-simulation platform using an Arduino Due microcontroller
integrated with MATLAB/Simulink via serial communication. This
hybrid setup allowed the closed-loop operation of the controller under
real-time constraints while maintaining flexibility for monitoring and
data analysis. In the proposed system, both the inverse PINN (iPINN)
and direct PINN (DPINN) networks were trained offline in MATLAB
using the converter’s physical equations and representative data. Af-
ter convergence, their optimized parameters (weights and biases) were
exported to C+ + arrays and embedded into the Arduino firmware.
Thus, the learning stage occurs offline, whereas inference and control
are performed online on the Arduino. During real-time operation, the
Arduino receives measured inductor current (i;) and capacitor voltage
(ve) either from MATLAB/Simulink (in co-simulation mode) or from
sensors (in hardware mode). This entire process runs in real time with a
sampling rate of 50kHz on the Arduino Due. MATLAB/Simulink pri-
marily acts as the plant simulator and data acquisition interface, ensur-
ing safe testing and consistent timing during the initial feasibility stage.
Real time results demonstrated that the proposed controller achieved
stable convergence, accurate voltage tracking, and adaptive compen-
sation under rapid load variations behaviors that closely matched the
simulation outcomes. Minor discrepancies (< 1%) were observed due to
sampling delays and hardware quantization effects, but these did not
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(a) Output voltage modeled with DPINN in stage 2
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(b) Inductor current modeled with DPINN in stage 2

Fig. 8. Predicted capacitor voltage (a) and inductor current (b) obtained from the forward DPINN in Stage 2. The DPINN predictions closely track the ground-truth

dynamics, demonstrating its suitability as a surrogate model for MPC.

Open-loop vC(t): RK4 (true P) vs hard-PINN (Estimated P) CPL power
) /\/\' p=bss e —— True P(t)
2 34 1 = = Estimated P(t)
324
20
= = 30 1
o D=0.45 =
g8 P S\ N — .
S g 28 A
o
16 26 4
D=0.35 4
14 N 24
0.00 0.01 0.02 0.03 0.04 0.05 224
Time [s] T T T T T T
0.00 0.01 0.02 0.03 0.04 0.05
—— RefRK4 (true P)  ——- PINN (Estimated P) Time [s]

(a) predicted capacitor voltage trajectories v (1) for different duty

ratios

(b) true and estimated CPL power P(1).

Fig. 9. Open-loop validation of the proposed DPINN surrogate using the CPL power estimated in Stage 1. (a) Predicted capacitor voltage trajectories v.(r) for
different constant duty ratios, comparing the reference RK4 simulation with true CPL power and the DPINN prediction using the estimated P(t). (b) True and
estimated piecewise-constant CPL power profiles under a step change at t = 0.02 s. The close agreement between the DPINN predictions and the RK4 reference
demonstrates that the forward PINN accurately reproduces the converter dynamics when driven by the identified CPL power.
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Fig. 10. Validation of the proposed framework in open loop. (Left) Capacitor voltage v.(r) obtained from RK4 reference (solid red) and hard PINN (dashed blue) at
duty ratios D = 0.45 and D = 0.60, showing close agreement across transients and steady state. (Right) True CPL power profile P, (7) (orange) and estimated P(r)
(purple), demonstrating accurate step detection and magnitude tracking at z = 0.06 s.

compromise overall performance. Fig. 14 shows the real-time deploy-
ment of the proposed dual-PINN framework, where the buck converter
is implemented on an Arduino platform and the PINN-based surrogate
model is integrated into an MPC controller via serial communication
for experimental validation. Fig. 15 presents the experimentally pre-
dicted capacitor-voltage trajectories under two CPL load-step scenar-
ios. In Fig. 15(a), a load step at + = 0.02 s with a voltage reference of
Uref =400 V is considered, while Fig. 15(b) shows the response for a
load step at t = 0.03 s with v, = 300 V. In both cases, the DPINN-based

prediction accurately captures the transient voltage behavior following
the load change, demonstrating the suitability of the proposed frame-
work for real-time implementation.

9. Discussion

The proposed three-stage iPINN methodology establishes a unified
framework for accurate modeling and control of DC-DC buck converters
under varying load conditions. In the first stage, the instantaneous con-
verter measurements are used to estimate the piecewise constant power

11
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Table 3
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Estimated performance metrics from the voltage response (step at = 20 ms, 7, = 10 us).

Metric Pure MPC  PI SMC PBC Proposed 3-Stage
Steady-state error e, [V] 0.24 0.7 0.21 0.18 0.071
Overshoot [V] 3.19 6.2 4.9 1.2 0.67
Overshoot [%] 0.79 0.86 0.72 0.64 0.169
Undershoot [V] 0 0 0 0 0
Undershoot [%] 0 0 0 0 0
Peak time ., [ms] 1.12 2.3 1.1 0.63 0.32
Settling time +0.5% [ms] 2.54 3.2 2.72 0.68 0
Settling time +1% [ms] 0 0 0 0 0
Settling time +2% [ms] 0 0 0 0 0
Settling time +5% [ms] 0 0 0 0 0

IAE (all) [V-s] 0.133 0.25 0.11 0.08 0.099
IAE (post-step) [V-s] 0.015 0.12 0.01 0.001 0.003
RMS ripple (steady-state) [V] 0.001 0.02 0.012  0.001 0.0002
Uppns 0.67 0.81 0.68 0.66 0.67
Mean duty change Auyeqn 0.001 0.002  0.001  0.001  0.002
RMS duty change Au,,, 0.002 0.03 0.001 0.001 0.002

Closed-loop MPC controller | step at 0.02s, Tend=0.05s
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Fig. 11. Closed-loop output voltage response under a CPL step at t =20 ms
(900 — 100 W, v,; =400 V). The proposed dual-PINN-MPC controller signifi-
cantly reduces the overshoot and settling time compared with traditional MPC.
A magnified view highlights the improved damping and faster recovery of the
proposed method during the immediate post-step transient.
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Fig. 12. Comparison between the true CPL power and the predicted power pro-
files used in the two MPC controllers. A load step occurs at t = 20 ms, where the
CPL transitions from approximately 900 W to 100 W.
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Fig. 13. Absolute voltage error |v. — vl for the traditional MPC (red) and the
proposed 3-Stage method (blue) during a CPL step at ¢+ = 20 ms. The inset high-
lights the fast transient region, showing that the proposed controller achieves a
substantially lower peak error and reduced integrated absolute error (IAE).
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load (CPL) in real time, providing a physics-consistent approximation of
the true load behavior. The second stage employs hard physics-informed
neural networks (hard-PINNs) to learn the converter dynamics for differ-
ent duty cycles using the estimated CPL profile. Finally, the third stage
integrates these models into a unified control-oriented representation
capable of predicting system behavior and maintaining stability under
parameter or load variations. This multi-stage structure offers several
advantages. By separating estimation, modeling, and control tasks, the
framework achieves faster convergence, improved interpretability, and
enhanced robustness against measurement noise and unmodeled non-
linearities. Moreover, embedding physical knowledge into each stage
minimizes the dependence on large datasets and allows the network
to generalize well even with limited training data. However, a potential
limitation of the approach lies in the computational cost of training mul-
tiple PINN models and tuning hyperparameters, which may become sig-
nificant for large-scale or high-frequency converter systems. Neverthe-
less, this cost is justified by the substantial improvement in accuracy and
stability gained through the physics-informed formulation. Although the
proposed dual-PINN framework is demonstrated on a buck converter, its
structure is not topology-specific. The iPINN relies only on the averaged
governing equations to estimate unknown parameters and CPL power,
and the DPINN enforces the corresponding inductor—capacitor dynamics
through physics-based residuals. Therefore, the same methodology can
be extended to other converters—such as boost, buck-boost, and multi-
port architectures—by substituting their averaged CCM models within
the PINN loss functions. This indicates that the framework is broadly
applicable to a wide class of DC-DC converters without fundamental
modification.

10. Limitations and future work

The present study introduces a dual-PINN architecture for online es-
timation, forward prediction, and MPC-based regulation of buck con-
verters supplying piecewise constant-power loads. While the method
demonstrates accuracy, robustness, and computational feasibility, sev-
eral natural and non-critical limitations remain. First, the approach as-
sumes the availability of sufficiently smooth voltage-current measure-
ments for training the inverse PINN, which may impose mild require-
ments on signal quality and preprocessing. Second, the forward DPINN
is trained offline prior to integration into the MPC loop, so its prediction
accuracy may degrade if the converter later operates outside the param-
eter range used during training. Third, the study focuses exclusively on
continuous conduction mode (CCM), and the CPL model is restricted
to piecewise-constant behavior; extending the formulation to include
DCM or smoothly time-varying power profiles would broaden appli-
cability. Fourth, the hyperparameters are selected manually according
to physics-driven criteria; although this avoids empirical grid search,
larger-scale applications may benefit from more systematic tuning.
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Finally, the proposed pipeline is demonstrated only on the buck topol-
ogy, and validating the framework for additional converters would fur-
ther strengthen its generality. Several promising directions remain for
future work. The framework will be extended to handle discontinuous
conduction mode and multimode transitions, enabling operation across
a wider set of regimes. In addition, the dual-PINN architecture will be
generalized to other converter types such as boost, buck-boost, and
multiport structures, as well as multi-CPL scenarios and microgrid-level
coordination. Beyond these extensions, incorporating online retraining
and lightweight model-compression techniques may further accelerate
the DPINN predictive stage, improving suitability for embedded MPC
Pprocessors.

11. Conclusion

The proposed three-echelon iPINN + MPC framework effectively ad-
dresses the challenges of buck converters supplying constant-power
loads (CPLs) by unifying estimation, prediction, and control. In Stage 1,
the inverse PINN provides accurate online estimation of CPL power to-
gether with inductance and capacitance drifts, ensuring real-time adap-
tation to parameter uncertainties. Stage 2 employs a direct PINN pre-
dictor to generate reliable forward trajectories of capacitor voltage and
inductor current, thereby improving the prediction quality used by the
MPC optimizer compared to simplified or linearized models. In Stage 3,

the MPC layer exploits these accurate forecasts to optimize the duty cy-
cle, achieving fast transient response with settling times below 2 ms, lim-
ited overshoot of about 3%, and near-zero steady-state error. The over-
all architecture further enhances robustness, maintaining stability under
CPL-induced negative impedance, parameter variations in L and C, and
input disturbances, as confirmed by the comparative analysis. Despite
incorporating neural predictors, the framework retains medium-to-low
real-time complexity, significantly lower than reinforcement learning or
composite controllers, while avoiding the chattering issues of sliding-
mode designs. In summary, the iPINN + MPC strategy ensures accurate
estimation, reliable prediction, and high-performance control in a com-
putationally efficient manner, outperforming conventional standalone
MPC that suffers from higher complexity and sensitivity to model mis-
matches.
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