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Abstract—This paper proposes a hybrid energy storage system
(HESS)-based control framework that enables comprehensive
power smoothing for hyperscale AI datacenters with large load
variations. Datacenters impose severe ramping and fluctuation-
induced stresses on the grid frequency and voltage stability.
To mitigate such disturbances, the proposed HESS integrates a
battery energy storage system (BESS) and a supercapacitor (SC)
through coordinated multi-timescale control. A high-pass filter
(HPF) separates the datacenter demand into slow and fast compo-
nents, allocating them respectively to the ESS via a leaky-integral
controller and to the SC via a phase-lead proportional-derivative
controller enhanced with feedforward and ramp-tracking com-
pensation. Adaptive weighting and repetitive control mechanisms
further improve transient and periodic responses. Case studies
verify that the proposed method effectively suppresses both
ramping and fluctuations, stabilizes the system frequency, and
maintains sustainable state-of-charge (SoC) trajectories for both
ESS and SC under prolonged, stochastic training cycles.

Index Terms—Battery energy storage system, co-located load,
datacenter, power smoothing, supercapacitor.

I. INTRODUCTION

Hyperscale AI datacenters have emerged as a critical load
demand, driven by the rapid proliferation of large language
models (LLMs) and other computationally intensive AI work-
loads [1]. Although securing sufficient energization capacity
remains an immediate concern, these power-hungry computing
facilities have already led to significant challenges in grid re-
liability and stability. In particular, training LLM-typed large-
scale AI models can require several hundred MW per site,
and thus these workloads dominate the overall load patterns of
hyperscale datacenters [2]. They are known to produce large
and irregular power fluctuations, quickly becoming a major
new threat to both local and grid-wide stability. Consequently,
datacenter demand patterns are predominately characterized
by abrupt ramping events and periodic fluctuations. Ramping
behavior can cause severe local voltage stress, especially un-
der weak-grid conditions. Meanwhile, periodic and sustained
power fluctuations, with the characteristic frequency tied to
the underlying large AI model training, can excite resonant
oscillatory modes throughout the grid interconnection, as
shown by our recent work [3].
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To enhance grid stability under increasing variability of dat-
acenter loads, several mitigation strategies for power smooth-
ing have been investigated. The rack level has mainly consid-
ered capacitive frequency-locking mechanisms, while energy
storage systems (ESSs) are identified for the datacenter-wide
mitigation. However, as demonstrated in [4], these ESS-based
solutions alone are insufficient to tackle the sharp transients
induced by the start/end of AI workloads due to their inherent
slower response timescales. Meanwhile, strengthening the grid
infrastructure is also a viable approach, such as using grid-
forming control of co-located storage to suppress sustained
oscillations caused by fluctuating loads [5]. Nevertheless,
prior research has not fully addressed the physical limitations
of standalone ESSs, and it remains a challenge to develop
effective mitigation strategies that can simultaneously suppress
the ramping and fluctuating demands of AI datacenters.

To address this research gap, we propose a hybrid en-
ergy storage system (HESS) by co-locating a supercapacitor
(SC) with an ESS to attain power smoothing across multiple
timescales. Similar HESS solutions have been used to smooth
intermittent renewable power generation, with applications in
wind farms [6] and solar plants [7]. Although these approaches
are effective for slow or quasi-periodic variations, they largely
rely on instantaneous power-error feedback and thus provide
limited and insufficient treatment for large fast ramp events,
typical of AI datacenter loads.

Hence, this paper develops an adaptive, ramp-aware HESS
control framework that combines frequency-based power de-
composition and a look-ahead compensation approach to sys-
tematically mitigate load ramps in addition to fluctuations. We
use the SC to tackle high-frequency and sharp transients and
the ESS to regulate slower variations and maintain the long-
term energy balance. In parallel, a Kalman-filter (KF) observer
estimates the instantaneous slope and jerk in the demand
profile, enabling a predictive feedforward that prepares the
SC ahead of steep ramps and improves transient tracking
beyond pure feedback control. The SC employs a phase-
lead proportional-derivative (PD) controller, while the ESS
employs a leaky integral controller for sustained suppression
of low-frequency deviations. A unified SoC-reference manager
ensures energy sustainability under repeated ramping events
with minimal deviation from the desired grid power reference.
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Collectively, the proposed framework constitutes a datacenter-
tailored, predictive HESS control architecture that effectively
suppresses both ramping and oscillatory transients.

II. SYSTEM MODELING OF AI DATACENTERS

We first present the modeling of power fluctuations in-
duced by AI training workloads in hyperscale AI datacenters.
Fig. 1(a) illustrates a representative GPU-level power trace,
which exhibits both quasi-periodic fluctuations and abrupt
ramping. The dominant fluctuation occurs around 0.05 Hz,
arising from the iterative gradient computation inherent to
the training process. Within these dominant cycles, higher-
frequency sub-fluctuations and stochastic variations also exist,
reflecting the fine-grained GPU dynamics. The ramp behavior
corresponds to full-range transitions between idle and peak
operating conditions due to the high GPU utilization.

Based on these characteristics, we have synthetically gen-
erated the aggregate power demand of an AI datacenter, with
an example illustrated in Fig. 1(b). Unlike GPU-level traces,
the datacenter-level load has additional components beyond
the server-computing loads. Moreover, in large-scale LLM
training, synchronized operation of multiple GPUs induce
coherent load variations. Accordingly, the synthetic datacenter
load demand retains the dominant fluctuation while reflect-
ing the aggregated behavior. The sub-fluctuation component
becomes more regular, resulting in smoother high-frequency
oscillations. In addition, even after the training terminates, a
non-zero baseline power is preserved to account for persistent
non-computational loads. As a result, the two dynamic varia-
tions, namely periodic fluctuations and ramping patterns, are
the dominant patterns in the total datacenter power profile.

To address both dynamic variations simultaneously, we pro-
pose co-located hybrid resources composed of a battery ESS
(BESS) and a supercapacitor (SC)1 in the AI datacenter. The
proposed hybrid energy storage system (HESS) is connected
to the same point of interconnection (POI) in parallel with the
datacenter, as illustrated in Fig. 2. The total power supply by
the grid at time t, Pgrid(t), can be represented as

Pgrid(t) = PDC(t) + PESS(t) + PSC(t) (1)

where PDC stands for the datacenter load. The outputs of
BESS and SC, PESS and PSC, indicate the discharged power
when they have positive values. The HESS is operated under
the constraints on power, ramp, and state of charge (SoC),
as given by |P(·)| ≤ Pmax

(·) , |R(·)| ≤ Rmax
(·) , and SoCmin

(·) ≤
SoC(·) ≤ SoCmax

(·) , respectively. Here, the subscript symbol
(·) can represent either BESS or SC and R stands for ramp
rate. Based on the standard modeling approaches in [6], each
device is represented by a first-order dynamic system as:

P(·)(s) = G(·)(s)U(·)(s) =
1

τ(·)s+ 1
U(·)(s) (2)

with U(·)(s) denoting the controller output for managing the
corresponding power output P(·)(s). Here, the parameter τ(·)

1Here, the SC denotes a DC energy storage device interfaced with the grid
via a bidirectional converter, enabling fast bidirectional active power control.

(a)

(b)
Figure 1. Schematic diagrams of the normalized power of (a) realistic GPU
demand from [4] and (b) synthetic datacenter demand.
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Figure 2. Configuration of the co-located datacenter with HESS.

stands for the given time constant related to the dynamic speed
of each device. In particular, BESS tends to have a much larger
capacity than SC, while the SC can provide a faster response
to load deviation than BESS. Hence, the parameter settings
should follow the below orderings:

Pmax
ESS ≫ Pmax

SC , Ṗmax
ESS ≪ Ṗmax

SC , and τESS ≫ τSC. (3)

III. POWER SMOOTHING VIA HESS CONTROL DESIGNS

The goal of proposing to co-locate HESS in datacenters
is to attain power smoothing of PDC(t) by utilizing the two
heterogeneous and complementary resources. As discussed
in Section II, SC has a much faster response than BESS,
motivating us to design power command signals of different
frequency ranges that can match the two resources. We first
define ∆(t) = PDC(t) − P 0

DC as the deviation from its DC
frequency component P 0

DC. Thus, the SC power command
uses the higher-frequency component of ∆(t), while the
remaining is assigned to the BESS, as given by

P ref0
SC = GHPF(s)∆(s) =

s

s+ 2πfc
∆(s) (4)

P ref0
ESS = (1−GHPF(s))∆(s), (5)

where fc denotes the cutoff frequency for the high-pass
filtering (HPF). This way, the SC responds to the rapid
variations and transient spikes, while the BESS compensates
for slower deviations by using a larger energy capacity than
SC. Examples of the filtered signals are illustrated in Fig. 3.

In severe ramping or sharp fluctuations, the SC with the
HPF signal would still exhibit some relative response delay
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(a)

(b)
Figure 3. Command signals (a) in overall timeframe and (b) during ramp.

that hinders a timely response. To address this, we incorporate
an additional ramp-related term into the SC control loop, as

P ref1
SC = GHPF(s)∆(s) + ωrampTeffR̂DC(s), (6)

where R̂DC(s) is the estimated ramp rate with an adaptive
scaling factor ωramp, which will be discussed soon. In addi-
tion, the look-ahead horizon Teff is selected close to the SC’s
time constant τSC to lead a single time step. As illustrated
in Fig. 3(b), this enhanced SC command design can provide
adequate reference values for ramp conditions.

To estimate the ramp rate R̂DC in (6), we employ a discrete-
time Kalman filter (KF). For a discrete timestep k with
a sampling interval Ts, the KF state vector is defined as
zKF
k =

[
∆̄, RDC

]⊤
. Here, ∆̄ and RDC represent a slow-

varying baseline and change rate of the deviation signal ∆(t),
respectively. Using a time-varying baseline allows the KF to
capture the slow drift for the ESS; thus, R̂DC reflects the actual
fast component that the SC must compensate for. The KF relies
on a second-order stochastic model expressed as

zKF
k+1 =

[
1 Ts

0 ϕ

]
zKF
k +wk, ∆k =

[
1 0

]
zKF
k + vk. (7)

Here, the parameter ϕ is chosen to have a very slow ramp dy-
namics, while wk and vk denote the process and measurement
noises, respectively. By using the nonlinear KF estimation
approach, one can update both states recursively to obtain
ˆ̄∆ and R̂DC. In addition, we design an adaptive update for
the parameter ωramp = γramp · γjerk by forming two scalar
variables related to ramp and jerk, respectively, as given by

γramp = Sigmoid

(
|R̂DC|
sref

)
, γjerk =

(
1 +

|R̂DC|
Aref

)−1

.

(8)

In (8), the Sigmoid function uses the logistic function, while
the two parameters sref and Aref are predefined by the refer-
ence slope and jerk, respectively. This way, γramp is activated
only when the estimated ramp exceeds sref . In addition, γjerk
is reduced during rapidly changing ramps, thereby mitigating
the potential overshoot in the control response.

Lastly, a dynamic SoC command manager is introduced to
ensure the long-term SoC balance of both BESS and SC. A

slowly varying offset qref(·) biases the BESS and SC commands
according to their SoC deviation ESoC

(·) (s) = SoC∗
(·) − SoC(·).

The offset evolves as

qref(·) (s) = −
kq,(·)

s+ 1/Tq
ESoC

(·) (s), (9)

and decays exponentially within a small deadband. Here, kq
and Tq are the gain and time constant of the bias filter,
respectively. The final power commands are adjusted as

P ref
ESS = P ref0

ESS + qrefESS, P ref
SC = P ref1

SC + qrefSC. (10)

A. Design of BESS and SC Controllers

To accurately track the command signals given in (10), we
will design the controller outputs for BESS and SC, namely
UESS and USC [cf. (2)]. Due to SC’s fast timescales, it adopts
a proportional–derivative (PD) controller to provide phase lead
compensation, while BESS employs an integral controller to
address slow variations and maintain the long-term energy
balance. This complementary design allows the HESS to
achieve coordinated control across multiple frequency bands.

To improve tracking ability during the ramp, the enhanced
SC control structure consists of three components: PD con-
troller, feedforward (FF), and ramp tracking (RK). Using the
SC power tracking error ϵSC = P ref

SC − PSC, one sets the SC
controller to be

USC(s) = CPD(s)ϵSC(s) + UFF,SC(s) + URK(s). (11)

We discuss each of the three terms here. First, the derivative
action within the PD control can amplify high-frequency
noise if left unregulated. To mitigate this effect, a first-order
derivative filter is used to find

CPD(s) = GHPF(s)

(
kp + kd

2πfds

s+ 2πfd

)
(12)

with the derivative cutoff frequency fd. Note that the PD
controller has incorporated GHPF(s) in (4) to focus on the
high-frequency range. Second, although the ramp component
is implicitly included by the PD structure, a pure feedback con-
trol may still lag during abrupt, sharp transients. Therefore, we
incorporate UFF,SC(s) to provide partial delay compensation
and improve the match with the SC reference, given by

UFF,SC(s) =

(
s+

1

τSC

)(
P ref
SC (s)− PSC(s)

esTs

)
. (13)

By reducing the burden on the feedback loop and mitigating
phase lags inherent in the converter dynamics, this FF term
helps to suppress overshoot while preserving adequate phase
margin. Last, the RK term is used to address any remaining
mismatch between the desired and actual ramp profiles, as

URK(s) = kRK

(
R̂DC(s)− R̂SC(s)

)
(14)

with the coefficient kRK determining the correction gain. This
compensator injects a corrective action based on the slope error
between the commanded and measured power trajectories. To
recap, the PD term responds to instantaneous errors and the
FF term mitigates delay-induced mismatch, while the RK term
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Table I
EXAMPLE PARAMETER VALUES FOR THE GRID AND HESS

Grid Parameters HESS Parameters BESS SC
H 6 Pmax (MW) 30 10
D 3 Ṗmax (MW/s) 15 100

Rdroop 0.05 τ (sec) 0.25 0.02
Tg 0.3 η 0.97

H: Inertia constant; D: Frequency-dependent damping; Rdroop: Governor
droop rate; Tg : Governor time constant; η: Charge/discharge efficiency.

ensures accurate tracking of sharp ramp segments, especially
when the SC output lags behind the desired trajectory.

Similarly to SC, the BESS controller also consists of three
components, the integral (I) controller, the FF loop, and the
repetitive controller (RC), as expressed by

UESS(s) = (CI(s) + CRC(s)) ϵESS(s) + UFF,ESS(s). (15)

First, the main feedback controller is implemented as a leaky
I controller to prevent the windup issue:

CI(s) =
1

s+ 1/Tleak
kI (16)

where Tleak sets the leakage time constant and kI is the integral
gain. This formulation ensures good steady-state accuracy
while maintaining a bounded control effort even under long-
term energy imbalance conditions. In practice, this leaky I
control also contributes to the energy-neutral operation of
BESS by gradually restoring its SoC to the mid-level target.
Second, the RC filter is introduced to suppress quasi-periodic
deviations in the BESS tracking error that may persist due
to the coupling with SC. The discrete comb filter is selected,
which is approximated in the s-domain by

CRC(s) = kRC
ωRC

s+ ωRC
(17)

where kRC is the compensation gain and ωRC corresponds
to the dominant periodic frequency. This RC filter actively
rejects repeating frequency components, thereby mitigating
interaction-induced oscillations between the SC and BESS.
Finally, the FF term for BESS is formulated with the same
structure as in (13) with different parameters, in order to
reduce any delay-induced mismatch.

IV. EXPERIMENTAL SETTINGS AND RESULTS

To investigate the impact of power smoothing through the
HESS, we conduct case studies on the synthetic simplified
1 GW system. For simplicity, we assume a single-machine
grid based on the swing equation and first-order governor
dynamics. The deviation of datacenter demand is assumed to
be 50 MW. We also set the energy capacity of ESS and SC
as 60 and 0.2 MWh, respectively. Detailed parameter values
of the grid and HESS adopted for the experiment are shown
in Table I. To ensure realistic behavior, HESS controllers are
implemented using the discrete-time formulation with Ts = 10
ms. Furthermore, ∆(t) shows large energy near 0.05 Hz and
0.15 Hz, as shown by the wavelet analysis results in Fig. 4(a).
Notice that these frequencies respectively correspond to the

(a)

(b)
Figure 4. Results of (a) wavelet analysis of deviation signal ∆(t) and (b)
power spectral density analysis of command signals

ESS Controller SC Controller

Figure 5. Open-loop bode plots of BESS and SC controllers.

dominant and sub-periodic variations in Fig. 3(a). To ensure
that BESS can handle these large components, we set the
cutoff frequency in (4) at fc = 0.2 Hz.

To examine the frequency-domain characteristics of the
designed command signals, Fig. 4(b) plots their power spectral
density (PSD) results. The PSD of ∆(t) exhibits a dominant
concentration of energy at very low frequencies. However, a
non-negligible portion remains at higher frequencies, confirm-
ing the need for multi-band control. With the chosen fc, the
BESS primarily covers frequencies below approximately 0.2
Hz, while SC responds dominantly to components above 0.4
Hz. This frequency separation enables the HESS to handle
distinct dynamic regimes of the datacenter load. The open-loop
Bode plots in Fig. 5 further illustrate these complementary
roles. For the SC loop, the transition from the basic PD to
the proposed configuration progressively suppresses the low-
frequency gain while maintaining an adequate mid-high fre-
quency response; HPF and derivative filters also improve phase
behavior and enhance robustness. The BESS loop maintains a
dominant low-frequency response, where the leaky I control
prevents the drift, and the RC selectively boosts the gain near
0.05 Hz for improved periodicity reduction.

The resulting responses of the BESS and SC outputs to
their respective command signals and the resulting residual
power are depicted in Fig. 6(a), while Fig. 6(b) presents
the grid frequency with and without the HESS and SoC
levels. Both BESS and SC closely follow their command
trajectories, maintaining the residual power nearly constant
and minimizing frequency deviations. During ramp-up events,
a slight mismatch between the SC command and its actual
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SoC control

(a) (b) (c)
Figure 6. Time-domain plots of (a) power outputs and residual, as well as the (b) short-term and (c) long-term frequency and SoC levels.

output can be observed due to its physical power limit. This
constraint leads to a momentary frequency dip. Nonetheless,
these transient deviations remain within acceptable operating
limits. In addition, although we do not implement the SoC
manager in this experiment, SoCs of both components remain
highly stable throughout the 10 min simulation, exhibiting less
than 0.03% variation. The BESS effectively recharges during
idle periods, restoring its SoC toward the nominal operating
level. However, both devices exhibit a gradual downward trend
over longer horizons, suggesting potential energy imbalance
during extended operation or prolonged training cycles.

To further evaluate this long-term performance, we conduct
an additional simulation using a more realistic datacenter
training profile characterized by longer active and idle periods.
The corresponding results are shown in Fig. 6(c). As observed,
the SoC trajectories exhibit a gradual drift toward the upper
limit, as a result of the sustained positive net energy injection
during extended training phases. To mitigate this imbalance,
we incorporate baseline correction of the desired demand and
apply a dynamic SoC command manager during idle intervals.
Notice that the frequency during the idle period experiences
small deviations because of the change in reference from the
SoC manager. With these enhancements, both components
maintain their SoC within a narrow range of approximately
0.05%, while the system frequency remains tightly regulated
around the nominal 60 Hz. These results confirm that the
proposed scheme ensures sustainable operation and long-term
stability even under prolonged and stochastic load variations.

Finally, we examine how the sizes of the BESS and SC af-
fect the maximum frequency fluctuation and the overall HESS
cost, using nonlinear cost models based on [8]. As represented
in Fig. 7, increasing the capacities of both components reduces
the maximum fluctuation, with effective mitigation achieved
only when both exceed minimum sizes. While adding an SC
is particularly effective in reducing fluctuations, its marginal
benefit saturates beyond 15 MW. In contrast to the nearly
linear cost trend of the BESS, the SC cost exhibits strong
nonlinearity, indicating that both mitigation effectiveness and
cost considerations impose practical limits on SC sizing.

V. CONCLUSION AND FUTURE WORKS

This work presents a coordinated hybrid control framework
for power smoothing of AI datacenter loads using co-located

Figure 7. Impact of BESS and SC sizes on the maximum frequency deviation
and normalized cost.

BESS and SC units. By decomposing the demand signal
through HPF, the controller effectively distributes control
actions across complementary timescales: the BESS manages
slow fluctuations and energy balancing, while the SC rapidly
compensates for transient ramps. The inclusion of feedforward
delay compensation, ramp-tracking, and repetitive control
terms further enhances dynamic performance without violating
power or SoC constraints. Simulation results confirm that the
proposed HESS substantially reduces power and frequency
deviations while maintaining device sustainability during long-
duration training. Future work will extend the validation of the
proposed framework to more realistic operating conditions and
system configurations, and investigate the optimal sizing of
HESS components.
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