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Abstract

The declining synchronous inertia of power systems with high shares of inverter-based resources makes the tuning of grid-
forming battery energy storage systems (BESS) both more important and more uncertain, because the inertia that the
storage must complement is not measured directly and changes with the unit commitment. This paper proposes a framework
that couples physics-informed estimation with stability-constrained learning. First, a physics-informed neural network
(PINN) embeds the swing and governor equations into the training loss and identifies the synchronous inertia and
frequency stiffness from a single disturbance recorded by phasor measurement units, using the measured BESS power as
an input. Second, a neural policy maps these estimates to the virtual inertia and damping of a virtual synchronous machine;
it is trained with an augmented Lagrangian method subject to closed-form constraints on the rate of change of frequency
(RoCoF), frequency nadir, damping ratio and converter power, tightened by the estimation uncertainty. A safety layer
certifies each output against the same constraints. In simulations with inverter-based shares of 50-85 %, the PINN
estimated inertia within —10.5 % to +7.3 % and frequency stiffness within 0.3 % for measurement noise up to 20 mHz,
whereas the RoCoF-based method was biased by +20 % to +49 %. In closed-loop tests on 300 random operating points
of a nonlinear model, the proposed controller produced no violation of the 49.5 Hz nadir and 0.5 Hz/s RoCoF limits and
reduced the sustained storage reserve by 61 % relative to fixed gains; a policy trained with a fixed penalty violated the
limits in 59.7 % of cases.
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1. Introduction Power systems are replacing synchronous generators
with inverter-based resources (IBRs) such as
photovoltaic and wind plants. IBRs do not inherently
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provide rotational inertia, so the same power imbalance
now produces a faster and deeper frequency excursion [1,
2]. Grid-forming converters, and in particular battery
energy storage systems (BESS) controlled as virtual
synchronous machines (VSMs), can restore part of the
lost inertial and damping response [3, 9, 11, 20]. The
virtual inertia H v and damping D v of such a converter
are, however, free design parameters, and selecting them
raises two coupled problems.

The first problem is estimation. The amount of virtual
inertia that is needed depends on the synchronous inertia
that is actually on line, which changes hour by hour with
the unit commitment and is difficult to observe directly
[15]. The common practice of dividing the power
imbalance by the measured RoCoF is sensitive to
measurement noise, to the window length and to any fast-
acting response, including that of the grid-forming BESS
itself. Physics-informed neural networks (PINNs), which
add the residual of the governing differential equations
to the training loss [5, 6], have been shown to identify
power-system dynamic parameters from limited and
noisy data [7, 8]. They have rarely been used, though, to
supply parameters for the tuning of grid-forming
converters.

The second problem is control with guarantees. Adaptive
and learning-based tunings of virtual inertia [12, 13] can
improve performance, but data-driven controllers that
encode stability only through penalty terms provide no
assurance that frequency limits will be met in operating
conditions that differ from training. In contrast, the safe-
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learning literature enforces hard constraints through
Lagrangian methods [21], constraint-completion layers
[17] or safety layers that project actions onto a safe set
[16]. For power-system frequency control, the system
frequency response (SFR) model [10] offers closed-
form, differentiable expressions for RoCoF and nadir that
can serve as such constraints.

This paper combines the two ideas. Its
contributions are: (i) a PINN that identifies synchronous
inertia and frequency stiffness from a single measured
event while treating the grid-forming BESS power as a
known input; (ii) a neural tuning policy forH vand D v
trained with an augmented Lagrangian method under
SFR-based constraints on RoCoF, nadir, damping ratio
and converter power, tightened by the PINN uncertainty;
(iii) a safety layer that certifies or corrects each policy
output and reports infeasibility; and (iv) a closed-loop
evaluation on a nonlinear model over 300 random
operating points, compared with fixed gains, a penalty-
trained policy and the same policy fed by RoCoF-based
estimates.

2. Methods

The overall framework is shown in Fig. 1. A physics-
informed estimator processes PMU records of a
disturbance, a constrained neural policy converts the
estimates into VSM gains, and a safety layer certifies the
gains before they are sent to the grid-forming BESS.

PMU data Physics-informed NN Constrained policy Safety layer
Af(t), P_B(t) —»| (swing + governor ODE) n_o(A_s, B) —> (SFR certificate:
(recorded event) -HAs, BT -Hv,Dv RoCoF, nadir, T, P_max)
\ ' A
4 ! |
! I
1 .
L ———-~uncertainty bound &€_H - constraint tightening = === —--- ! fﬁ:'g‘i‘i

Grid-forming BESS (VSM)
P_ref = —2H_v-f — D_v-Af

Fig. 1. Proposed framework: physics-informed estimation, stability-constrained policy and safety layer.
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2.1. System model

The power system is represented by an aggregated
single-area model [10, 18] in per-unit (p.u.) quantities on
the system base, with fo = 50 Hz. For an IBR share 1, the
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synchronous inertia is H s = Ho(1 — 1) and the primary-
control gain is K = (1 — n)/R. The nonlinear plant used
for data generation and validation is

2H_s-dAf/dt=AP_m+ AP B — AP_L — D-Af (1)
T gdx g/dt=—-K-Af-x g, T t-dAP_ m/dt=x_g— AP _m 2)
T c-dAP_B/dt=—(2H v-dAf/dt+D v-Af)— AP B, |AP B|<P max 3)

where AP_L is a step loss of generation, D is the load
damping, T gand T t are the governor and turbine time
constants, and (3) is a VSM-controlled grid-forming
BESS with inner-loop time constant T c¢ and power limit
P_max. Nominal valuesare T g=0.2s,T t=0.3s,T ¢
=20 ms and P_max =0.12 p.u.

2.2. Physics-informed inertia estimation

i =2H-dAf/dt — AP m+ D-Af+ AP_L — AP_B,meas,

The unknown physical parameters (H, D, K, T) are
learned jointly with 0 in log form. The loss is

A fully connected network with one hidden layer of 64
tanh units maps time to the scaled frequency deviation
and mechanical power, [Af(t), AP_m(t)] =N_6(¢(t)). The
input transformation @(t) = In(1 + t/10)/In(1 + 1/10), with
t=1t/T_w and 10 = 0.03, stretches the first instants after
the event, where the inertial information is concentrated.
The physics model is the reduced SFR form of (1)—(2)
with a single lag T:

r:=T-dAP m/dt + K-Af + AP m 4)

L= (1/N_d)-Z(Af — Af meas)? +w_r+(1/N_c)-Z(r:2 + 12?) + w_ic-I[Af(0), AP_m(0)]I? (5)

with N_d = 501 PMU samples (50 frames/s over 10 s),
N_c =600 collocation points, w_ic =10 and w_r ramped
from 0 to 1 over the first 30 % of the iterations. Because
the measured BESS power enters 11 as a known input, H
estimates the synchronous inertia alone. All gradients,
including the time derivatives of the network outputs,
were derived analytically and verified against finite
differences (maximum relative error 5-107%). Training
used Adam [19] for 4-10* iterations. As a baseline, the
RoCoF method estimates H=(AP_L—P_B)/(2/f]), where
f is the least-squares slope over a 200 ms or 500 ms

RoCoFo=fAP d/(2(H_ s+H v)), {=b/(2V(ac))

window. Because D and K are only weakly separable
from one event, the identifiable stiffness p = D + K is
reported.

2.3. Stability certificate

With T ¢ — 0 the grid-forming BESS adds H vand D v
to the system, and the frequency deviation obeys the
second-order transfer function —(1 + sT)/(as®> + bs + ¢),
witha=2(H s+H v)T,b=2(H s+H v)+(D+D v)T
and ¢ =p + D_v. From it, the initial RoCoF, the damping
ratio and the nadir follow in closed form:

(6)

t n=atan2(To_d,cT—1)/o d, f min=1f[1 —AP d-y(t n)] @)

where 6 = b/(2a), ® d = V(c/a — ¢?) and y(t) = 1/c +
eM—ot)(Cicos® dt+ Casinw _dt),Ci=—1/c, Co=(T/a
—o/c)/ow_d. AP_d=0.1 p.u. is the design disturbance. The
certificate g(H s, B, H v, D v) < 0 collects four
normalized constraints: RoCoFo < 0.5 Hz/s, f min>49.5
Hz, £ > 04 and 1.12:max{H v/(H s + H v),
D v/c}-AP_d < 0.9P_max. The factor 1.12 accounts for
the converter-delay overshoot observed in the nonlinear
model. Robustness to estimation error is obtained by
evaluating RoCoF, nadir and power at H s(1 —¢ H) and
B(1 — ¢_P), and damping at H _s(1 + ¢ H), with ¢ H =

0.12 and € B = 0.03. These bounds cover the largest
PINN errors found in Section 3.1.

2.4. Stability-constrained policy learning

The policy m_¢ is a multilayer perceptron (2—24-24-2,
tanh) that maps normalized (H_s, p) to (H_v, D_v) € [0,
8 s] x [0, 40 p.u.] through sigmoid outputs. Its objective
is the storage burden J =H v/(H s+ H v)+ D v/(p +
D_v). The first term is the share of the imbalance carried
by the inertial (short) response, and the second is the
share carried in steady state until secondary control acts,
which dominates the energy drawn from the battery.
Training solves

min_¢@ E[J]+Z kA k-E[max(0, g k+0)] +(p/2)-X k E[max(0, g k + 8)?] (8
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over 4000 operating points sampled from Ho € [3, 7] s, n
€ [0.3, 0.9], R € [0.04, 0.06] and D € [0.5, 1.5], with
mini-batches of 512, p =5, a small margin 6 = 0.03 and
multiplier updates A_k < A_k + p-E[max(0, g_k)] every
200 iterations (augmented Lagrangian method [21]).
Gradients of (8) with respect to the policy outputs were
computed by central differences of the closed-form
expressions and back-propagated through the network. A
comparison policy was trained identically but with a
fixed penalty weight of 0.5 and no multiplier updates,
which mimics the reward shaping commonly used in
learning-based control.

2.5. Safety layer

At run time each policy output is checked against g < 0.
If the RoCoF constraint is violated, H v is raised to its
closed-form bound H v > foAP d/(2:RoCoF lim) —
H s(1 — ¢ H). If the nadir or damping constraint is
violated, D_v is raised by bisection. If no admissible pair
exists within the power limit, the layer reports the
operating point as infeasible, which means that more
storage power is required [16].

2.6. Evaluation

Estimation was tested for n € {50, 70, 85} %, i.e., H s €
{2.5, 1.5, 0.75} s with Ho =5 s and R = 0.05, Gaussian
PMU noise ¢ € {0, 5, 10, 20} mHz and two noise
realizations per case (30 for the RoCoF method). During
these events the BESS operated withH v=2sand D v
= 8 p.u. Control was tested on 300 operating points
drawn from the training ranges with a different random
seed. The full plant (1)—(3) was simulated for AP_L=0.1
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p-u. with SciPy's RK45 solver (maximum step 2 ms).
Five schemes were compared: (A) fixed gains H v=3s,
D v = 10 p.u; (B) the penalty-trained policy; (C) the
constrained policy without the safety layer; (D) the
proposed scheme (C + safety layer); and (E) the proposed
scheme fed by RoCoF-based (500 ms) estimates instead
of PINN estimates. Estimation errors were applied to
each operating point according to the statistics in Section
3.1. The reported metrics are the nadir, RoCoF over 500
ms (RoCoFsw) and over 100 ms (RoCoFi00), saturation
of the converter, the peak BESS power and the sustained
reserve D v/(B+D v)-AP L.

3. Results

3.1. Inertia estimation

Table 1 and Fig. 2 summarize the estimation results. The
PINN reproduced the true frequency trajectory with an
RMSE of 1.3-3.7 mHz, below the measurement noise.
The inertia error was —8.6 % to —10.5 % at n = 50 %,
—2.4%t0 3.6 % atn="70 % and +6.5 % to +7.3 % atn
= 85 %. These errors changed by less than 2 percentage
points as the noise increased from 0 to 20 mHz. The
stiffness B was identified within 0.3 % in all cases. The
500 ms RoCoF method had a low variance but a large
positive bias (+20.5 %, +28.7 % and +48.5 %), because
the governor and the BESS already counteract the
imbalance within the window. The 200 ms window
halved the bias, but its scatter grew to +41 % at 20 mHz.

Table 1. Inertia and stiffness estimation (mean of two noise realizations)

n, % | True PINN ﬁ_s, s(c=0/10/| PINN g/ B, p-u. RoCoF 200 | RoCoF 500
H_s,s 20 mHz) error, % ms, % (6 =10) | ms, % (c =10)
50 2.50 2.284/2.263/2.238 -8.6 11.01/11.0 | +159+ 1438 +205+34
-10.5
70 1.50 1.465/1.456 / 1.445 -24..-36|7.01/7.0 +21.2+121 +28.6+£3.1
85 0.75 0.805/0.801/0.799 +6.5...+7.3 | 4.01/4.0 +38.0+£11.0 +485+3.1
The Am. J. Eng. Technol. 2026 214
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Fig. 2. Left: PINN reconstruction of a noisy event at n = 85 %. Right: inertia estimation error of the PINN and the
RoCoF method (6 = 10 mHz; bars show +1 standard deviation).

3.2. Policy training

Fig. 3 compares the training of the two policies. With the
augmented Lagrangian method, the share of training
points that violate the tightened certificate fell from 96 %
to 0 % within 2000 iterations and remained at zero. The
multipliers settled on the RoCoF and nadir constraints (A
~ 0.75 and 1.1), whereas the damping constraint never

2 100 A
5
e 80 7
©
°
> 4
e 60 —— augmented Lagrangian
‘© — fixed penalty
£ 40
c
o
¥
o 201
el
o
= 0
0 2000 4000 6000
Iteration

Lagrange multiplier

became active and the power constraint was active only
near the boundary. The fixed-penalty policy violated the
certificate at 83—100 % of the points throughout training.
On 10 000 fresh in-distribution points, the constrained
policy satisfied the certificate everywhere, so the safety
layer made no corrections.

1.0+

0.8 1
—— A_RoCof

0.6 —— A_nadir
— A_c

0.4 1 — AP

0.2 A

0.0 1

0 2000 4000 6000
Iteration

Fig. 3. Training history: share of points violating the model certificate (left) and Lagrange multipliers of the
constrained policy (right).

The learned policy is physically interpretable (Fig. 4).
H_v decreases almost linearly with H_s, following the
RoCoF bound in (6) with the uncertainty margin. D v is
zero for = 10 p.u. and rises as [ falls. This is consistent

The Am. J. Eng. Technol. 2026

with the necessary condition ¢ = f + Dv >
foAP_d/Af lim = 10 p.u., which the steady-state
frequency must satisfy for the nadir to stay above 49.5
Hz.
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=
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Fig. 4. Virtual inertia (left) and damping (right) chosen by the constrained policy as functions of the estimated
inertia and stiffness.

3.3. Closed-loop validation on the nonlinear model

Table 2 and Fig. 5 report the results for the 300 test
operating points. The proposed scheme (D) met the nadir
and RoCoFse limits at every point, with a worst-case
nadir 0f49.52 Hz and a maximum RoCoFso0 0f 0.44 Hz/s.
Compared with the fixed gains (A), it reduced the mean
sustained reserve from 5.34 % to 2.09 % (—61 %) and the

mean peak BESS power from 6.82 % to 6.34 %. The
penalty-trained policy (B) used the least reserve but
violated the limits at 59.7 % of the points, with nadirs as
low as 49.13 Hz. The fixed gains passed the nadir limit
everywhere because D_v = 10 p.u. is generous, but they
exceeded the RoCoFseo limit at 1.3 % of the points.

Table 2. Closed-loop results on 300 random operating points (AP_L = 0.1 p.u.)

Scheme Violations, | Min Max RoCoFi0 | Mean Sustained | Certificate

% nadir, RoCoFsw, | >0.5 % P_pk, reserve, % | violated (true
Hz Hz/s % params), %

A. Fixed gains 13 49.60 0.52 61.3 6.82 5.34 52.7

B. Penalty policy 59.7 49.13 0.59 91.7 5.86 0.97 62.3

C. Constrained | 0 49.52 0.44 58.0 6.34 2.09 0

policy

D. Proposed (C + | 0 49.52 0.44 58.0 6.34 2.09 0

SL)

E. Proposed, | 0 49.51 0.49 98.7 5.87 2.09 64.3

RoCoF est.
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Fig. 5. Frequency nadir versus RoCoFso on the nonlinear model for 300 operating points; dotted lines mark the

Scheme E shows the role of the estimator. Fed by the
biased RoCoF-based estimates, the same policy and
safety layer chose on average 16 % less virtual inertia
(2.92 s versus 3.47 s). It still passed the RoCoFsoo limit,
but with almost no margin (maximum 0.49 Hz/s).
Moreover, its outputs violated the certificate evaluated
with the true parameters at 64.3 % of the points, which
means that the formal guarantee was lost. The 100 ms
RoCoF, which is sensitive to the converter delay that the
certificate neglects, exceeded 0.5 Hz/s at 58 % of the
points for scheme D, but by at most 0.048 Hz/s (mean
0.503 Hz/s). For schemes A, B and E the maxima were
0.81, 0.66 and 0.58 Hz/s.

3.4. Out-of-distribution operating points

To test the safety layer outside the training range, 500
points with Ho € [2, 3] s and 1 € [0.90, 0.95] were
evaluated (H_s = 0.10-0.29 s). The safety layer resolved
every RoCoF and nadir conflict, but at 67.6 % of these
points no admissible gains existed within P_max = 0.12
p-u., because the inertial response alone would require
more than 90 % of the design imbalance. The layer
reported these points as infeasible instead of silently
returning unsafe gains. Such a report tells the operator
that additional storage power or a reduced design
contingency is required.

4. DISCUSSION

The results support the central premise of this work:
when a learning-based controller tunes grid-forming
storage, the quality of its physical inputs matters as much
as the controller itself. The PINN reduced the inertia-
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limits.

estimation error from 2049 % (RoCoF method) to
below 11 %, consistent with earlier PINN identification
studies [7, 8]. This made it possible to use a modest,
explicit uncertainty margin. With the RoCoF-based
inputs, the same certified policy remained compliant
only because the 500 ms metric is less strict than the
instantaneous RoCoF in the certificate, and the guarantee
did not hold. The PINN errors were systematic rather
than random: negative at high inertia and positive at low
inertia. The likely cause is the mismatch between the
single-lag physics model and the two-stage governor of
the plant. A richer physics model, or the reporting of
PINN uncertainty through ensembles, would allow ¢ H
to be reduced.

The comparison between schemes B and D illustrates
why penalty-based learning is insufficient for security-
critical tuning. Both policies share the architecture, data
and objective. Only the treatment of constraints differs,
yet the penalty policy traded frequency security for a
smaller reserve at most operating points. The augmented
Lagrangian method found multipliers that make the
certificate binding, and the safety layer turns the
remaining model guarantee into a run-time check that
also detects infeasibility. Because the certificate uses
closed-form SFR expressions, both training and checking
are computationally light and the policy remains
interpretable (Fig. 4).

The study has limitations. (i) The certificate assumes an
ideal converter (T_c¢ — 0), so the 100 ms RoCoF can
slightly exceed the limit. Including T c in the certificate
or adding a delay-dependent margin would address this.
(ii) The aggregated single-area model omits network
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topology, inter-area oscillations, voltage dynamics and
the location of storage [14, 22]. (iii)) D was assumed
nominal in the damping term because only B is
identifiable from one event. (iv) State of charge and
degradation were not modelled. (v) All data were
synthetic, and no hardware validation has yet been
performed. Future work will extend the PINN to multi-
machine models and ensemble uncertainty, include the
converter delay in the certificate, and test the framework
on hardware-in-the-loop platforms.

5. CONCLUSIONS

A physics-informed and stability-constrained framework
for tuning grid-forming battery storage in low-inertia
power systems was developed and evaluated. The main
findings are as follows:

1. The PINN, which embeds the swing and governor
equations and treats the measured BESS power as an
input, estimated synchronous inertia within —10.5 % to
+7.3 % and frequency stiffness within 0.3 % from one
event, and was almost insensitive to PMU noise up to 20
mHz. The conventional RoCoF method was biased by
+20 % to +49 %.

2. A neural policy trained with an augmented Lagrangian
method under closed-form SFR constraints satisfied the
uncertainty-tightened certificate at all 10 000 in-
distribution test points and learned a physically
interpretable mapping.

3. On a nonlinear model, the proposed scheme met the
49.5 Hz nadir and 0.5 Hz/s RoCoF limits at all 300 test
points and reduced the sustained storage reserve by 61 %
relative to fixed gains. A penalty-trained policy violated
the limits at 59.7 % of the points.

4. The safety layer detected operating points at which no
admissible gains exist within the converter rating, which
turns the controller into a tool for assessing whether the
installed storage is sufficient.
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