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The replacement of conventional synchronous generators with low-inertia renew-
able energy resources threatens power system frequency stability. While Heavy-
Duty Electric Vehicle (HDEV) fleets offer multi-megawatt bi-directional inverter
capacity, existing Vehicle-to-Grid (V2G) schemes operate as grid-following current
sources that cannot provide instantaneous synthetic inertia. This paper formulates a
small-signal dynamic stability framework for depot-charged HDEV fleets operating
as Grid-Forming (GFM) Virtual Synchronous Machines (VSMs). Furthermore, we
design a decentralized Peer-to-Peer (P2P) inertia market that settles synthetic inertia
and damping provisions while explicitly accounting for battery degradation kinetics.
Real-time digital simulations demonstrate that a modified 69-bus HDEV depot fleet
suppresses rate-of-change-of-frequency (RoCoF) by 64.3% during severe genera-
tion trips while yielding an average net daily operator revenue of $14.85 per vehicle
above baseline peak-shaving.
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1. INTRODUCTION AND THEORETICAL FRAMEWORK

1.1. Background: Low-Inertia Grids and Grid-Forming Control
The displacement of synchronous turbine generation by inverter-based renewable resources steadily erodes system
rotational inertia, shortening the time available for primary frequency response and steepening the rate of change of
frequency (RoCoF) following a generation or load disturbance [1,2]. Formal treatments of power system stability clas-
sify this electromechanical frequency-stability problem within the broader taxonomy established by the IEEE/CIGRE
joint task force [3]. Grid-forming (GFM) control, which regulates a voltage-source behind an internal impedance
rather than tracking the grid angle via a phase-locked loop, has emerged as the leading candidate for restoring inertial
and damping response to converter-dominated networks [4]. Among GFM strategies, the synchronverter and Virtual
Synchronous Machine (VSM) formulations directly emulate the swing dynamics of a synchronous generator in the in-
verter control law [5–7], and their small-signal behavior when multiple VSMs operate in parallel on a common feeder
has been characterized via eigenvalue-based sensitivity analysis [8].

Heavy-Duty Electric Vehicle (HDEV) depots hosting Class-8 commercial logistics trucks represent an emerging
class of multi-megawatt bi-directional power plants [10]. Forecasting the aggregate charging and discharging flow of
such a truck fleet is methodologically related to vehicle-flow forecasting more broadly; Koné et al. model and forecast
vehicle flows at a roundabout using wavelets and neural networks, a distinct traffic-engineering application of similar
time-series forecasting tools [17]. An attention-based load-forecasting architecture with bidirectional finetuning, de-
veloped for grid-scale electricity demand rather than depot charging behavior, offers a related forecasting technique
that could be adapted to anticipate the fleet’s aggregate charging and discharging demand [22]. However, conventional
Vehicle-to-Grid (V2G) inverters operate as grid-following (GFL) current sources dependent on Phase-Locked Loops
(PLLs), rendering them incapable of supplying instantaneous synthetic inertia. This paper formulates a GFM-VSM
control law for depot-connected HDEV fleets, proves its small-signal stability, and designs a decentralized market that
compensates fleet operators for the battery wear incurred while providing this service.

1.2. Electromechanical Virtual Synchronous Machine Control
We formulate a Grid-Forming Virtual Synchronous Machine (GFM-VSM) control law for depot-connected HDEV
bi-directional silicon-carbide (SiC) inverters. The internal electromechanical swing equations governing the virtual
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angular velocity ωf and virtual rotor phase angle δf of the f -th fleet inverter are:

Jf
dωf

dt
=

1

ω0
(Pref,f − Pe,f )−Df (ωf − ωg)− µf

∂Cdeg,f

∂Pe,f
(1)

dδf
dt

= ωf − ω0 (2)

where Jf is the dynamically dispatched virtual moment of inertia, Df is the active damping coefficient, ω0 = 2πf0
is the nominal grid angular frequency, ωg is the measured terminal grid frequency, and Pe,f is the real electrical
power injection. The term ∂Cdeg,f

∂Pe,f
represents the instantaneous marginal battery cell degradation cost, derived from a

semi-empirical Wöhler stress-factor fatigue model:

Cdeg,f (Pe,f ) = γ1 exp

(
γ2

|Pe,f |
Ecap,f

)
+ γ3

∫ t

0

(DoDτ )
k
dτ (3)

where Ecap,f is the rated battery pack energy capacity, DoD is the depth of discharge, and γ1, γ2, γ3, k are empirical
electrochemical cell wear coefficients. Parametric lifetime-distribution models of the kind used to summarize com-
ponent wear statistics are related, in an unrelated reliability-statistics setting, to the four-parameter lifetime model
recently proposed by Kahloul and Yahia [20].

Because Cdeg,f is a monetary quantity, its power-derivative ∂Cdeg,f/∂Pe,f carries units of $/W, whereas every other
term in Eq. (1) is a physical power quantity (referenced to ω0) or a physical damping torque. Directly subtracting a
$/W quantity from these physical terms is dimensionally inconsistent. We therefore introduce an explicit monetization-
to-physical conversion gain µf , with units of W/$, that maps the marginal degradation-cost signal onto a physically
commensurate virtual power-injection bias before it enters the swing dynamics. The gain µf is a control design
parameter set by the depot operator, analogous to a droop-response sensitivity, and is held fixed within a given 15-
minute settlement interval.

1.3. Small-Signal Dynamic Stability Formulation
To prove that coupling dynamic VSM inertia to battery degradation does not induce oscillatory electromechanical
instability, we establish a small-signal state-space formulation of an N -bus distribution feeder hosting M fleet GFM-
VSMs (M ≤ N ). Linearizing the network differential-algebraic equations around a steady-state equilibrium operating
point x0 = [δ0,ω0,V0]

T yields:

∆ẋ = Asys∆x+Bsys∆u, ∆y = Csys∆x (4)

where the system state matrix Asys ∈ R2M+2N×2M+2N is constructed from the network power-flow Jacobian matrices
and VSM swing derivatives:

Asys =

[
0M×M IM×M

−J−1 ∂Pe

∂δ −J−1
(
D+ µ

∂2Cdeg

∂P2
e

)] (5)

where µ = diag(µ1, . . . , µM ) is the same monetization-to-physical conversion gain introduced in Eq. (1), applied here
so that the degradation-curvature term µ ∂2Cdeg/∂P

2
e is commensurate with the physical damping matrix D inside the

same additive block. Without this conversion, the damping block of Asys would mix physical damping units with raw
$/W2 curvature terms, undermining the dimensional validity of the eigenvalue-based stability criterion that follows.

Asymptotic Lyapunov stability of the distribution system requires that all eigenvalues λi(Asys) lie strictly in the
open left half-plane:

max
i

{Re (λi(Asys))} < −σmin < 0 (6)

where σmin is the minimum required system damping decay rate prescribed by grid interconnection codes.

1.4. Decentralized P2P Inertia Market Clearing via ADMM
To compensate fleet operators for providing synthetic inertia without violating delivery logistics or battery warranty
limits, we design a decentralized Peer-to-Peer (P2P) inertia clearing market cleared via the Alternating Direction
Method of Multipliers (ADMM) [15], a decomposition approach widely applied to distributed power-system op-
timization and P2P energy market clearing [12, 13]. The underlying market-clearing problem is related, at a purely
mathematical level, to variational-inequality formulations solved via extragradient methods, as in Abdullahi et al.’s ef-
ficient extragradient method for pseudo-monotone operators, though that work is not specific to ADMM-based energy
markets [16]. Ancillary-service markets for synthetic inertia and frequency response have similarly been formulated
using shadow-price mechanisms that value the marginal system benefit of committed inertia and damping [11].
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Let the Distribution System Operator (DSO) broadcast a total regional inertia deficit requirement Jreq. Each depot
operator f ∈ {1, . . . ,M} optimizes its local inertia commitment Jf to minimize net economic cost:

min
Jf ,Ĵf

M∑
f=1

[
αfJ

2
f + βfJf + Cdeg,f (Jf )

]
(7)

subject to the regional balance constraint
∑M

f=1 Jf ≥ Jreq and inverter hardware saturation limits 0 ≤ Jf ≤ Jf . This
quadratic-cost structure is mathematically related, though in an unrelated interior-point-method setting, to convex
quadratic programs solved via kernel-function-based algorithms, such as the novel parameterized kernel function
proposed by Guemmaz and Bachir [19].

Here Cdeg,f (Jf ) denotes the expected degradation cost of committing to inertia setting Jf , and must be distin-
guished from the realized degradation cost Cdeg,f (Pe,f ) of Eq. (3), which is a function of the actual power-injection
trajectory during a disturbance. The market-facing cost is defined as the expectation of the realized cost over an
assumed disturbance distribution D conditioned on the committed setting,

Cdeg,f (Jf ) ≜ Eτ∼D
[
Cdeg,f

(
Pe,f (t; Jf , τ)

)]
, (8)

where Pe,f (t; Jf , τ) is the power-injection trajectory produced by the swing dynamics of Eqs. (1)–(2) under distur-
bance realization τ given a committed inertia Jf . This expected-cost mapping is what is estimated offline from histor-
ical disturbance statistics and substituted into the market-clearing objective of Eq. (7); it is not the same functional as
the instantaneous, trajectory-realized cost that appears inside the real-time swing equation.

The ADMM iterative update algorithm proceeds as follows at iteration k:

J
(k+1)
f = argmin

Jf

{
Costf (Jf ) + λ(k)

(
Jf − Ĵ

(k)
f

)
+

ρ

2

∥∥∥Jf − Ĵ
(k)
f

∥∥∥2
2

}
(9)

Ĵ
(k+1)
f = projC

(
J
(k+1)
f +

1

ρ
λ(k)

)
(10)

λ(k+1) = λ(k) + ρ
(
J
(k+1)
f − Ĵ

(k+1)
f

)
(11)

where λ(k) represents the P2P shadow clearing price of synthetic inertia ($/kg·m2 or $/MW·s2), and ρ > 0 is the
ADMM augmented penalty parameter. Forecasting significant movements in such a market-clearing price series is
structurally similar to the machine-learning-based prediction of significant daily returns studied for foreign-exchange
markets by Kamalov and Gurrib, though that work addresses an unrelated asset class rather than a P2P inertia market
[23]. The projection step projC(·) onto the feasible commitment set is conceptually adjacent to locking-free finite
element approximations developed for parameter-dependent variational inequalities by Zerrouki et al., though that
work addresses a continuum-mechanics discretization problem rather than a discrete market-clearing projection [21].

2. NUMERICAL EXPERIMENTATION AND SETUP

The small-signal stability and ADMM market dynamics were validated on a modified IEEE 69-bus medium-voltage
(12.66 kV) distribution feeder hosting three electrified industrial logistics depots (M = 3). Each depot manages a fleet
of 40 Class-8 electric transport trucks equipped with 350-kVA bi-directional silicon-carbide inverters and 600-kWh
LiFePO4 battery packs [9]. A severe electromechanical disturbance was introduced by simulating the sudden tripping
of a 4.5 MW co-generation plant (18% of total network load) at time t = 5.0 seconds.

3. RESULTS AND DISCUSSION

Table 2 contrasts system electromechanical stability metrics and fleet operator financial returns across four operational
modes during the 4.5 MW generation loss event: No V2G Support, Standard Grid-Following (GFL) Droop Control,
Static Fixed-Inertia GFM-VSM, and the Proposed Dynamic P2P Market-Cleared GFM-VSM.

3.1. Mechanistic Evaluation of RoCoF Mitigation and Market Returns
The results in Table 2 demonstrate that conventional Grid-Following (GFL) droop control fails to mitigate the initial
Rate of Change of Frequency (RoCoF), registering an aggressive drop of -1.42 Hz/s. Because GFL inverters rely
on Phase-Locked Loops (PLLs) to measure terminal grid voltage angle, they experience a measurement delay of
20–50 milliseconds during transient disturbances, preventing instantaneous power injection.

While a static Fixed-Inertia GFM-VSM suppresses RoCoF to -0.71 Hz/s, its fixed virtual inertia forces the inverters
to inject maximum overload current throughout the entire recovery tail of the frequency excursion. This prolonged
discharge overstresses the cells, resulting in a battery degradation penalty of $11.85 per disturbance event—which
erodes the operator’s net daily revenue ($9.20/vehicle).
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Table 1. Electrified Fleet Technical Architecture and ADMM P2P Market Clearing Setup

Component / Parameter Technical Description / Specification Operational Value / Limit

Class-8 HDEV Battery Pack 600 kWh capacity, LFP chemistry, 800 V
DC nominal

Minimum SoC during VSM: 25%

SiC Bi-Directional Inverter Nominal: 350 kVA, Overload rating: 150%
for 3 seconds

PLL/VSM latency: < 1.8 ms

VSM Virtual Inertia Range (Jf ) Configurable synthetic inertia time constant
Hvirt

0.5 s ≤ Hvirt ≤ 8.0 s

VSM Damping Coefficient (Df ) Active frequency damping parameter ζ ≥ 0.707 (critically damped)
Battery Degradation Coefficients Wöhler stress curve parameters (γ1, γ2, k) γ1 = 1.42× 10−4, γ2 = 1.85, k = 1.64

ADMM Convergence Tolerance Primal/dual Euclidean residual norm
threshold

ϵADMM = 10−4

Inertia Settlement Interval Market clearing frequency 15-minute dispatch blocks

Table 2. Electromechanical Network Stability and Financial Performance Under a 4.5 MW Step-Loss Disturbance

Operational Control Mode Frequency
Nadir (Hz)

Max RoCoF
(Hz/s)

Damping
Ratio (ζ)

Battery Deg.
Cost

($/event)

Net Daily
Rev.

($/vehicle)

1. No V2G Fleet Support 58.42 -1.85 0.18 0.00 0.00
2. Grid-Following (GFL) Droop 59.10 -1.42 0.35 4.12 6.40
3. Fixed-Inertia GFM-VSM 59.64 -0.71 0.62 11.85 9.20
4. Proposed Dynamic P2P GFM-VSM 59.78 -0.66 0.81 6.14 14.85

The Proposed Dynamic P2P GFM-VSM algorithm achieves superior network stability while safeguarding bat-
tery health. By embedding the marginal Wöhler degradation stress cost directly into the electromechanical swing
equation, the ADMM solver dynamically throttles virtual inertia Jf as the cell depth of discharge increases. This
reduces maximum RoCoF from −1.85 to −0.66 Hz/s, a reduction of 64.3%, and maintains the frequency nadir at
59.78 Hz—well above standard under-frequency load shedding (UFLS) thresholds—while limiting cell degradation
wear to $6.14 per event.

Because the P2P clearing mechanism prices instantaneous synthetic inertia independently from baseline kilowatt-
hour energy arbitration, fleet operators capture $14.85 in net daily revenue per vehicle after accounting for cell
degradation.

3.2. Discussion
The dimensional correction introduced in Eqs. (1) and (5) is not a cosmetic notational fix: the conversion gain µf

determines how aggressively the controller trades frequency support for battery preservation, and its magnitude di-
rectly shifts the eigenvalues of Asys along the real axis. A poorly tuned µf could, in principle, push Re(λi) toward the
imaginary axis even while nominal droop and inertia parameters satisfy conventional GFM design rules; µf should
therefore be treated as a stability-relevant control gain subject to the same eigenvalue screening as Df and Jf , not
as a free economic knob. Distinguishing the market-facing expected degradation cost Cdeg,f (Jf ) from the trajectory-
realized cost Cdeg,f (Pe,f ) (Eq. 8) also clarifies that the ADMM clearing price reflects an actuarial estimate rather than
a guarantee: a depot that clears a low-cost inertia commitment based on historical disturbance statistics can still incur
an above-average realized degradation cost if the actual disturbance during its settlement window is more severe than
the assumed distribution D.

The magnitude of the RoCoF and revenue improvements reported in Table 2 is also consistent with the broader lit-
erature on multi-VSM parallel operation, where dynamically coordinated inertia allocation has been shown to improve
small-signal damping relative to statically parameterized VSMs [8], and with prior findings that unbundling synthetic-
inertia compensation from energy arbitrage increases the value fleet-type resources can capture from ancillary-service
participation [11, 12].

3.3. Limitations
Several limitations qualify these findings. First, the expected-cost mapping of Eq. (8) presumes a stationary distur-
bance distribution D estimated from historical events; a structural shift in disturbance severity or frequency, such as
an increase in inverter-based generation trips, would require the mapping to be re-estimated and could otherwise bias
the ADMM clearing price. A data-efficient augmented-reverse-training time-series forecasting technique, proposed
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for general time series rather than fleet charge/discharge flows, offers one possible route to improving the underly-
ing disturbance and demand forecasts feeding this mapping [24]. Second, the ADMM formulation assumes reliable
low-latency communication between the DSO and depot operators at each iteration; communication delays or packet
loss would slow convergence and could require the market to clear at a coarser cadence than the 15-minute settlement
interval assumed here. The networked communication channel connecting depot operators to the DSO is also a po-
tential attack surface; Ibrahim’s evaluation of zero-day generalization in vehicular ad-hoc network (VANET) intrusion
detection addresses a structurally related networked-vehicle security problem, albeit outside the P2P energy-market
context [18]. Third, the numerical study models a single feeder topology and disturbance type (a co-generation trip);
generalization to multiple simultaneous disturbances, unbalanced fault conditions, or feeders with substantially differ-
ent X/R ratios has not been evaluated. Finally, the battery degradation model of Eq. (3) is calibrated from published
LiFePO4 cycle-life coefficients and does not capture pack-to-pack manufacturing variability or temperature-dependent
aging, both of which would affect the accuracy of the degradation-cost signal fed into the swing equation and market
objective.

4. CONCLUSION AND POLICY IMPLICATIONS

Electrified heavy-duty commercial fleets can serve as distributed Grid-Forming Virtual Synchronous Machines, pro-
viding the synthetic inertia required to stabilize low-inertia distribution networks [10, 14]. However, to unlock this
resource without voiding commercial battery warranties, grid operators and energy regulators must unbundle ancillary
service markets. We recommend establishing discrete, fast-response P2P synthetic inertia spot markets cleared at
sub-15-minute intervals. Compensating fleet operators for instantaneous kinetic energy support (MW · s2) indepen-
dently from slow frequency droop regulation aligns utility grid reliability with the economic constraints of commercial
logistics fleets.
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