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Abstract—The increasing deployment of utility-scale battery
energy storage systems (BESS) necessitates effective strategies
for supporting grid services while minimizing degradation that
may compromise system longevity. High charge/discharge rates
(C-rate) and imbalanced operation of multi-unit BESS con-
figurations may accelerate degradation. This paper proposes
a degradation-aware operational optimization based on Model
Predictive Control (MPC) for coordinating multiple BESS units
under physical and operational constraints. The multi-objective
optimization model imposes penalties on C-rate magnitude,
operational state-of-charge (SoC) disparity, and battery internal
resistance modeled using an equivalent circuit model. A case
study conducted for a fleet of BESS units over a one-week
load profile demonstrates that the MPC reduces SoC divergence
and minimizes peak C-rate compared to a Greedy benchmark
strategy. The improvements enhance coordination of multiple
BESS units without compromising the system’s ability to provide
grid services.

Index Terms—Utility-scale battery energy storage system
(BESS), charge/discharge rate, degradation, dispatch optimiza-
tion, equivalent circuit model, model predictive control

I. INTRODUCTION

The growing demand for computing power, artificial in-
telligence applications, and cloud services has accelerated
the expansion of data centers [1], which can increase power
demand and may cause specific load variations to the grid.
Data centers require not just continuous power supply but also
reliable backup capabilities during peak demand or grid distur-
bances. Battery Energy Storage Systems (BESS) may provide
a technological solution for peak shaving and load balancing
when paired with operational practices that maximize long-
term operation and reliability [2].

With the increasing BESS deployment, particularly in multi-
unit configurations, optimal operation scheduling can reduce
long-term degradation, especially in multi-unit configurations.
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Conventional dispatch methodologies tend to emphasize on
cost savings and do not adequately account for battery degra-
dation [3]. Battery aging mechanisms like capacity fade and
internal resistance growth, are influenced by operational fac-
tors such as depth of discharge (DoD), charge-discharge rate
(C-rate), and temperature variations [4].

While several studies have proposed adding degradation to
BESS dispatch, many researchers primarily concentrate on its
economic representation rather than its physical characteris-
tics. In Safavi et al [5] and Chai et al [6], a minimization of
battery degradation cost in BESS operation through optimized
scheduling for load management is presented. In both studies,
a term that quantifies the cost of battery degradation is inte-
grated into the objective function, making dispatch decisions
to directly account for battery wear alongside energy costs.

Semi-empirical and data-driven methodologies provide
frameworks for assessing battery degradation measurements
via indicators including internal resistance growth and remain-
ing useful life (RUL). Stroe et al. [7] performed long-term
calender-aging experiments, developing a predictive algorithm
that can accurately model nonlinear resistance growth caused
by temperature and DoD. Zhao et al. [8] complemented this
approach with a voltage-driven degradation phase detection
and RUL prediction framework, utilizing entropy features and
Gaussian Process Regression (GPR) to predict aging stages
without the necessity for invasive measurements.

Accurate yet computationally efficient models are required
to account for battery degradation appropriately in dispatch
decisions. Equivalent circuit models (ECMs) may be employed
to model battery degradation, offering a balance between
model accuracy and computational efficiency [9]. ECMs em-
ulate battery dynamics utilizing a circuit comprising resistors
and capacitors, which capture real-time battery behaviors such
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Fig. 1. A utility scale Li-ion battery energy storage system (BESS) (a) including a IMW/2MWh battery system distributed in two containers (b), IMVA
bidirectional inverter, IMVA variable load bank, and a 13.2kV/480V transformer. The experimental setup includes 20 racks each with 17 modules of 14 Li-ion

cells equally distributed between two identical containers.
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Fig. 2. Equivalent circuit diagram of a battery system with parameters
corresponding to cells connected in series and parallel. Best fit models from
experimental measurements on the BESS setup were used to develop a runtime
equivalent circuit in PSCAD/EMTDC software.
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Fig. 3. The experimental and equivalent circuit simulated battery terminal
voltage during a pulse discharge test at rated power from maximum to
minimum SoC.

as internal resistance increase, voltage relaxation, and the
battery’s response to varying temperature and loads [8], [10].

Within this paper, a degradation-sensitive optimal schedul-
ing is proposed for multi-unit BESS that directly integrates an
equivalent circuit model to consider long-term degradation for
dispatch decisions. The method can be used to coordinate be-
tween BESS dispatch for minimized system-wide degradation
by balancing SoC operational profiles and regulating C-rate
during periods of high demand. Developed methods employing

model-predictive control (MPC) are applied to a case study
using high-resolution data from a utility-scale Li-ion battery
system and compared with Greedy strategy prioritizing C-rate.

II. DEVELOPMENT AND VALIDATION OF AN EQUIVALENT
CIRCUIT MODEL USING EXPERIMENTAL UTILITY-SCALE
BESS SETUP

An equivalent circuit model, previously developed and ex-
perimentally validated by the same research group to simulate
the behavior of a large utility-scale battery energy storage
system [10] is adopted for this study. The large-scale BESS,
shown in Fig. 1, includes a IMW/2MWh Li-ion battery
with a IMVA bidirectional power conversion system (PCS),
a 13.2kV/480V step-up transformer, and a 1MVA variable
load bank. The battery system consists of 20 racks, equally
distributed between two identical containers, which may be,
in principle, independently controlled. The system also em-
ploys a battery management system (BMS), whose function
includes the supervision of cell performance and balancing
the SoC across all cells. The BMS records additional details
on the battery system and sub-component state including the
measured terminal voltage, current, and the estimated SoC.

A battery system equivalent circuit, depicted in Fig. 2(a),
was developed and simulated in PSCAD/EMTDC software
(Fig. 2(b)) to capture the dynamics of battery operation with
empirically derived resistances and capacitances (Ry, R;, R,
C1, and C5) [11]. For this study, only the SoC of the BESS
unit was considered while maintaining a constant enclosure
temperature of 23°C, minimizing performance deviation due
to temperature variation throughout the test. During discharge,
the battery’s terminal voltage, vy, may be described as:

Up(t) = Voe — ip Ro — v1(t) — va(t), )

where v, is the open-circuit voltage, i; the output current, vy
and v the voltages across the first and second RC branches,
respectively, and ¢ the discharge duration. The variation be-
tween the experimentally measured battery terminal voltage
and the voltage simulated using the equivalent circuit model
is illustrated in Fig. 3. The comparison was conducted during
a pulse discharge test at rated power from the manufacturer’s
recommended maximum to minimum SoC.
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Fig. 4. Flowchart illustrating the proposed operational optimization strategy for scheduling discharge in multi-unit utility scale BESS. The methods minimizes
degradation by reducing C-rate and State-of-Charge disparity across units while satisfying power demand.
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Fig. 5. A packetized load-sharing strategy with BESS units distributing power
proportionally to their available capacity and neglecting degradation effects,
serves as a baseline for comparison with the optimized case.

III. DEGRADATION-AWARE OPERATIONAL OPTIMIZATION
ALGORITHM

The proposed optimization methodology, depicted in Fig. 4,
is intended for coordination of BESS dispatch for peak shaving
and valley filling, while minimizing degradation within the
overall system. To accomplish this, three load thresholds are
defined: a peak limit, P, above which discharge is requested;
a charge-start level, Pcs to trigger charging during low-load
conditions; and a charge-stop threshold, Ps;, which acts as a
safety limit to prevent excessive charging that could violate
upstream network constraints. Accordingly, a net fleet power
request d; (positive for discharge and negative for charge) is
computed as:

dt = maX(Lt - Ppk; O)
— min (max(Pcs ~ Ly, 0), max(Py — Li, 0)) )

where L, is the load at time ¢. This ensures discharging only
occurs during peak periods and charging is capped, thereby
preventing network overloads.

A receding-horizon MPC framework, which has the abil-
ity to predict future system behavior, handle multi-variable
constraints, and optimize control actions, such as the example
in [12], is employed to determine optimal dispatch of BESS

units. A cost function is formulated to minimize a weighted
combination of objectives, including demand tracking, internal
battery stress (C-rate), SoC balancing across units, and an
internal resistance growth reflecting battery degradation:
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where p; ;1 is the power of unit ¢ at time ¢ + k, E; the
energy capacity of unit ¢, d;, the fleet demand at time ¢ +
k, Ceap the C-rate threshold, R; ;) the internal resistance of
unit ¢ at time ¢t + k, wg, Weoe, Wel, We2, and w, are scalar
weights that prioritize demand tracking, SoC balancing, C-rate
minimization, C-rate limit violation, and resistance growth,
respectively. The optimization model enforces a set of physical
and operational constraints including:

SoC; tyk+1 = SoC; tyk — T, Ptk Vi, k=0,...,H-1
“4)
SoC™™ < S0C; 4511 < SoC™>, Vi, k (5)
Pimin < Ditrk < Pimax7 VZ, k (6)
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Fig. 6. Feeder load curve over one week, highlighting operational thresholds
for BESS dispatch. The red dashed line marks the peak threshold triggering
discharge, while the green and blue lines represent the charge start and stop
thresholds, respectively.
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Fig. 7. Power dispatch trajectory of individual BESS units under MPC control
over a 7-day period. Positive values indicate discharging, negative values
indicate charging. The MPC allocates power across heterogeneous units while
satisfying system-level constraints and minimizing degradation.
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Within the MPC framework, the constrained optimization
problem is solved at every timestep using Sequential Least
Squares Programming (SLSQP), a gradient-based nonlinear
solver capable of handling quadratic objectives and nonlinear
constraints effectively [13]. At each timestep ¢, optimal unit-
level power schedules over the prediction horizon are deter-
mined by the solver. After solving, only the first control step is
implemented, and the horizon advances with updated system
state variables. The multi-unit BESS configuration delivers
power in a coordinated, packetized manner, with individual
unit contributions stacked to collectively meet the system’s

2 I Unit 1 Unit 3 I Unit 5
Unit 2 Unit 4
— 1 /
NN
- 0 ‘
(]
2
£
-1
-2
0 1 2 3 4 5 6 7
Time [day]

Fig. 8. Dispatched power profile of individual BESS units under the Greedy
control strategy across 7 days. Power allocation is concentrated on fewer units
with minimal coordination, leading to unbalanced loading.

load requirements as exemplified in Fig. 5.

IV. OPTIMAL DISPATCH OF MULTI-UNIT UTILITY-SCALE
Li-toN BESS

A case study is conducted using a fleet of five (5) large-scale
BESS units with specific operational parameters to demon-
strate the effectiveness of the proposed optimization strategy.
The units deployed for the study are rated IMW/2MWh and
1.5SMW/4MWh, and constrained to SoC between 10% and
90%. The MPC was implemented with a prediction horizon
of 4 hours and a control interval of 1 hour.

An hourly load profile, shown in Fig. 6, was synthesized by
normalizing a representative feeder from National Renewable
Energy Laboratory’s Electrification Futures study [14] and
scaled to reflect a 20MW commercial load. Thresholds for
peak shaving and charging were obtained based on the 90th,
40th, and 35th percentiles of the scaled profile to identify high
and low demand levels.

To establish a baseline for performance evaluation, a Greedy
dispatch strategy is employed as a benchmark. It operates
using a simple rule-based approach: at each timestep, it meets
the immediate power demand by equally dividing the load
among eligible battery units—those that are within their SoC
limits. The proposed MPC-based dispatch strategy’s perfor-
mance was evaluated and compared to the Greedy strategy
using the average C-rate, which quantifies the current stress
on battery cells and directly relates to electrochemical aging.
Another indicator is the SoC disparity across all battery units,
which captures energy imbalance and potential degradation
due to uneven cycling.

V. RESULTS AND DISCUSSION

Results for unit-level power dispatch under MPC and
Greedy strategies are illustrated in Figs. 7 and 8, respectively.
Within the example case study, MPC distributed power more
evenly across units, with simultaneous contributions from
multiple units. In contrast, the Greedy strategy showed uneven
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Fig. 9. Comparison of C-rate profiles under MPC (top) and Greedy control
(bottom) over a one-week horizon. The MPC strategy maintains distributed
operations resulting in smoother and more balanced C-rates across units. The
Greedy controller induces sharper C-rate spikes, indicating uneven utilization.
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Fig. 10. State-of-charge disparity over time for MPC and Greedy dispatch
strategies. MPC achieves smoother coordination with reduced SoC divergence,
enhancing fleet balance, whereas the Greedy dispatch strategy exhibits higher
and more variable SoC disparity.

and sequential patterns, with some units operated consistently
near full capacity while others remained underutilized.

The coordinated fleet utilization and uniform load distri-
bution across units under the MPC strategy results in C-rate
trajectories, presented in Fig. 9 (top), that are smoother and
more balanced. Conversely, the Greedy approach produced
abrupt and isolated spikes, indicating higher transient stress
on individual units as demonstrated in Fig. 9 (bottom). A
maximum C-rate of approximately 0.2C is recorded for the
MPC compared to 0.5C for the Greedy controller, translating
into a 60% reduction in peak C-rate across units.

State-of-charge disparity across the multi-unit BESS config-
uration under MPC and Greedy dispatch strategies is compared
and presented in Fig. 10. The coordinated behavior of the
MPC controller, within the example case study, kept the SoC
levels of all units more evenly balanced over time, achieving an
average state-of-charge disparity of about 0.1pu against 0.15pu
for the Greedy approach, an approximate 33% improvement.
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Fig. 11. Power draw profiles of eight computing nodes (N1 - N8) during
training of Llama 270B LoRA model on NVIDIA H100-SXM GPUs [15].
Rapid fluctuations and synchronized dips in power demand are evident across
the nodes, highlighting transient load characteristics in data centers.

VI. EXAMPLE APPLICATION: SCHEDULING OF
MULTI-MW BESS UNITS FOR DATA CENTER LOAD
MANAGEMENT

Data centers are an emerging large-scale load, which are
sensitive to power supply fluctuations and disturbances, mak-
ing electrical reliability a priority in their design and operation.
Increasingly, BESS are being deployed in data centers to act
as a long-term uninterruptible power supply (UPS) during
outages while providing the capability for load shaving at peak
demand [16]. An example power draw profile is depicted in
Fig. 11 for a 8-node LLamA-270B LoRa model training ses-
sion on NVIDIA H100-SXM GPUs using data from [15] and
is characterized by fast transient behaviors. Quickly varying
load swings exceeding 2 kW are evident across all nodes, with
near-synchronous drops and recoveries in power draw. This
variability is representative of the broader load observed across
data centers, where parallel workloads and synchronized tasks
often produce similar dynamic load profiles.

During high-performance computing or Al training work-
loads, demand may fluctuate rapidly, which can lead to
high-frequency cycling, increased C-rates, and uneven uti-
lization of interconnected battery units. The proposed MPC-
based optimization model may mitigate associated degradation
by incorporating predictive dispatch across multiple BESS
units with degradation-sensitive operational and physical con-
straints. Model operational optimization may minimize degra-
dation during high-variability events and improve performance
by directly managing C-rates and enforcing SoC parity.

VII. CONCLUSION

This work introduced a degradation-aware optimal dispatch
strategy for multi-unit, utility-scale BESS based on a receding-
horizon Model Predictive Control framework. The algorithm
integrates operational limits with penalties on peak C-rate,



SoC disparity, battery internal resistance growth modeled via a
validated equivalent circuit model. A case study conducted on
a multi-unit large-scale BESS configuration using a one-week
load profile demonstrated that the MPC achieved balanced
power dispatch, reduced peak C-rates, and improved state-of-
charge uniformity across units.

The results demonstrate the effectiveness of the proposed
dispatch algorithm in coordinating and improving the per-
formance of multi-unit large-scale BESS in providing grid
services while minimizing degradation effects. Future works
include expanding the model to incorporate temperature effects
and validating the framework in real-time hardware-in-the-
loop (HIL) environments.
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