
1

Optimal BESS Management for Peak Load Shaving
and Battery Health Under Prediction Uncertainty

Lixin Li , Student Member, IEEE, Tim Kappler , Student Member, IEEE, Bernhard Schwarz , Nina Munzke ,
Xinliang Dai∗ , Member, IEEE, Veit Hagenmeyer , Member, IEEE, and Marc Hiller , Member, IEEE

Abstract—In modern power grids integrated with renewable
energy sources (RESs), deploying battery energy storage systems
(BESSs) is increasingly vital for mitigating power fluctuations.
However, optimizing BESS operation remains challenging amidst
uncertainties in both RES and load forecasting. This paper
proposes a novel stochastic model predictive control (SMPC)
framework for BESS operation, focusing on peak load shaving
and battery health while addressing prediction uncertainties. The
proposed framework employs a long-short-term memory (LSTM)
neural network for forecasting and integrates a constraint-
tightening technique into a stochastic optimization (SO) problem
with a receding horizon. Based on the load profile of a company
in Germany, the proposed framework achieves an additional
reduction of 99 kW (5.8%) in peak grid take-out power compared
with the traditional model predictive control (MPC) approach,
demonstrating its advantage in addressing uncertainties.

Index Terms—Battery energy storage system, Stochastic model
predictive control, Prediction uncertainty, Peak shaving, Battery
degradation, Long short-term memory

I. Introduction

The intermittency of renewable energy sources (RESs) un-
derscores the critical role of energy storage systems (ESSs) in
modern power grids, facilitating supply-demand balancing and
reliability enhancement. Consequently, there has been growing
interest in studying various types of ESSs in recent years [1],
[2]. Among these, Lithium-ion battery energy storage systems
(BESSs) have emerged as market leaders due to their notable
attributes, including high efficiency, high energy density, and
low self-discharge rate [3]. Grid-connected BESSs have a wide
range of applications, such as peak load shaving, photovoltaic
(PV) smoothing, and energy arbitrage [3], [4].

Among the various applications, peak shaving is one of the
most popular and profitable [1], [5]. Peak shaving is a load
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control method employed in the energy industry to stabilize
the power drawn from the utility grid [6]. Peak demand in
power systems leads to higher investments by grid companies,
as the infrastructure of power transmission and distribution is
designed based on the system’s highest demand. Consequently,
large customers incur a ”peak demand cost” in countries such
as Germany [7], determined by the maximal power demand
drawn from the utility grid within a month or a year [8], [9]. In
this context, a BESS can help these customers save power costs
by storing energy during off-peak hours and releasing it during
peak load hours. However, the effectiveness of these actions
depends on an appropriate energy management scheme.

Multiple studies [8], [10]–[12] have investigated different
operation strategies of BESSs for peak load shaving. In [10],
a simple rule-based dispatch strategy was utilized. When the
load power exceeds a predefined threshold (also known as
the demand limit), the BESS discharges to meet the excess
demand. Otherwise, it recharges immediately, maintaining a
high state of charge (SoC) level to prepare for potential
future discharge requests. However, this traditional approach
has several disadvantages. Firstly, determining an appropriate
threshold is contentious: an excessively high threshold limits
the battery’s full utilization, while an excessively low threshold
hinders the battery from fully compensating for surpassing
loads. Secondly, charging the battery as early as possible
significantly increases the dwell time at high SoC, thereby
accelerating its degradation [13], [14]. Lastly, keeping the
BESS full for peak shaving can prevent the battery from
multi-use applications such as storing surplus PV power and
frequency regulation [4].

Lithium-ion battery degradation refers to the gradual loss of
a battery’s capacity and performance over time or with usage.
It occurs due to various factors such as chemical reactions
within the battery, cycling (charging and discharging), temper-
ature exposure, and other environmental conditions [13], [15],
[16]. Key stress factors that accelerate battery degradation
include high and low operation temperatures, high and low
SoCs, high depth of discharge (DoD), and high current or
power. Therefore, optimizing the operation of BESSs is crucial
not only for effectively performing tasks such as peak shaving
but also for maintaining battery health [14], [17], [18].

To address peak shaving and battery health simultaneously,
an optimal operation strategy using model predictive control
(MPC) was developed in [11]. The approach is implemented
as follows: First, load forecasting is conducted over a specific
time horizon. Then, a multi-objective optimization problem is
solved based on the forecasts to determine the optimal thresh-
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old for peak shaving, as well as the optimal power distribution
between the BESS and the grid within the given horizon.
Afterward, only the first set of decisions is implemented. This
process is repeated at subsequent time points. However, this
framework does not account for forecasting errors.

In practical applications, typical PV prediction errors range
from 6% to 12% [19], while load prediction errors can be
even larger [20]. To address these uncertainties, two enhanced
MPC methods are introduced in [21]: robust model predic-
tive control (RMPC) and stochastic model predictive control
(SMPC). RMPC integrates robust optimization with classic
MPC to handle prediction uncertainty within known bounds;
RMPC-based control strategies for microgrid operations are
discussed in [22], [23]. However, RMPC algorithms often
exhibit an overly conservative nature. Consequently, SMPC
has gained significant attention for its approach to handling
uncertainties as random variables with known probability dis-
tribution. Additionally, real-world uncertainties are generally
probabilistic rather than strictly constrained by simple upper
and lower bounds [24].

In SMPC, chance constraints are introduced into the op-
timization model, requiring the constraints to be satisfied
with at least a pre-specified probability level. Thus, SMPC
seeks a trade-off between fulfilling control objectives and
ensuring probabilistic constraint satisfaction. Numerous SMPC
approaches have been summarized by Mesbah [24], among
which the scenario-based approach is widely adopted. Zhu
et al. [25] and Kumar et al. [26] have implemented SMPC
for optimal ESS dispatch by generating scenarios, which in-
creases computational costs. Similarly, Ravichandran et al. [27]
introduced scenario-based MPC to address uncertainties in
load, generation, and electric vehicles within microgrids. Be-
sides the scenario-based approach, analytical methods offer
an alternative by encompassing numerous potential scenarios
while reducing computational costs. For instance, Baker et
al. [28] proposed a two-stage SMPC method for sizing and
scheduling energy storage, employing an analytical reformu-
lation of chance constraints. Additionally, Bazmohammadi et
al. [29] presented a stochastic energy management strategy
for interconnected microgrids, where chance constraints in
the optimization problem were transformed into deterministic
counterparts using a technique known as constraints tight-
ening. However, SMPC techniques have not been applied
to peak load shaving using BESS while considering battery
degradation.

Bridging this gap, this paper proposes a novel energy man-
agement scheme based on SMPC for peak load shaving and
optimizing battery degradation. The uncertainties addressed in
this study stem from imperfect forecasting of RES and load.
The primary contributions of this work are summarized as
follows:

1) We propose an efficient SMPC framework for peak load
shaving that accounts for battery health, incorporates
time-varying prediction errors, maintains computational
tractability, and ensures constraint satisfaction.

2) A comprehensive case study using real-world data vali-
dates the proposed framework. Compared to the classic

MPC approach, our SMPC method achieves more effec-
tive peak load reduction.

3) We broaden the framework’s applicability through ex-
tended simulations that analyze the impact of penalty
parameters, confidence levels, and the length of look-
ahead horizons.

The remainder of the paper is structured as follows. Sec-
tion II represents the classic MPC framework for peak shav-
ing and battery health. Section III introduces the SMPC
formulation integrated with generation/load uncertainties. In
Section IV, different schemes are compared through a case
study using one-year data. The effect of confidence level on the
effectiveness of the SMPC framework is analyzed in Section V.
Finally, the paper is concluded in Section VI.

II. MPC-Based Energy Management Framework
In this section, we introduce an energy management frame-

work for a large industrial or commercial consumer connected
to the utility grid, incorporating both a PV plant and an on-
site BESS, as illustrated in Fig. 1∗. The focus is on optimizing
power distribution by solving a multi-objective optimization
problem over a receding horizon. The framework is structured
into three main components: PV/load prediction, optimization,
and real-time operation.

Fig. 1. Overview of large power consumers with on-site BESS, PV generation
plant, and energy management system.

A. Forecasting
A long short-term memory (LSTM) network is a type

of recurrent neural network designed to capture long-term
dependencies in time-series data [30]. It is equipped with
memory cells that can store information over extended periods,
and is controlled by three key gates: the input gate it, the
forgetting gate ft, and the output gate ot. These gates manage
the flow of information, allowing the network to retain relevant
data while discarding less useful information. This architecture
makes LSTMs particularly effective for tasks such as time-
series forecasting, natural language processing, and sequence
prediction.

∗Flaticon contributors copyright icons in Fig. 1 and are available from
https://www.flaticon.com/

https://www.flaticon.com/
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For PV power forecasting, inputs to the LSTM network
include irradiance, temperature, sun elevation, and the current
month and hour. The network’s output is given by (1),

ot = σ(Wo · [ht−1,x
l
t] + bo) (1)

where xl
t, ht−1, Wo, and bo are input vector, previous hidden

state, weight matrix, and bias matrix, respectively.
While solar power prediction benefits from a comprehen-

sive data foundation, achieving a satisfactory load prediction
network is challenging due to the lack of long-term load data
and sufficient input features. In this context, Bazmohammadi
et al. [28] focused solely on errors in RES without considering
load errors, whereas Dutta et al. [31] assumed errors follow
a standard distribution. Inspired by Gross et al. [32], we use
the average weekly load curve, after removing the anomalous
weeks, as the prediction curve and cycle through it weekly.

B. Problem Formulation

In the following section, we introduce a MPC framework
designed to manage the prediction mismatches during system
operation.

1) BESS Modeling
The model of battery energy storage system (BESS) within

the power nodes framework [33] in a time horizon K =
{0, 1, · · · , N − 1} can be expressed as

xk+1 = xk −
∆T

Cs P
s
k, ∀k ∈ K, (2a)

P s
k = η−1P s,dhg

k − ηP s,chg
k , ∀k ∈ K, (2b)

where the parameters ∆T , Cs, and η denote the time interval,
the energy capacity, and the efficiency of the BESS, respec-
tively. The variable P s

k represents the power of the BESS at
time k, consisting of the discharge power P s,dhg

k and the charge
power P s,chg

k at the bus side. The variable xk denotes the
battery’s energy state at time k, which is approximated by
SoC in the following. The energy stored in the BESS must
abide by lower and upper storage bounds:

x ≤ xk+1 ≤ x, ∀k ∈ K, (3)

where · and · denote the corresponding upper and lower system
limits. Approximating state of energy (SoE) using SoC is
a common practice in system-level applications [34]. Still,
it is not applicable in high and low SoC regions, as small
SoC variations in these regions can induce significant volt-
age fluctuations, leading to substantial approximation errors
and increasing the risk of overcharging or overdischarging.
Moreover, extreme SoCs accelerate battery aging. Therefore,
proper selection of SoC bounds is crucial to both the SoE
estimation validity and battery health. Limits about charging
and discharging are formulated as

0 ≤ P s,dhg
k ≤ P

s
, ∀k ∈ K, (4a)

0 ≤ P s,chg
k ≤ P

s
, ∀k ∈ K. (4b)

2) Grid Connection Modeling
The power balance can be formulated as

P g
k = P s,chg

k − P s,dhg
k + P d

k − P pv
k , ∀k ∈ K, (5a)

P g
k = P from,g

k − P to,g
k , ∀k ∈ K, (5b)

where P g
k , P d

k , P pv
k denote the grid side power, the demand

power, and the PV power at time instant k, respectively. The
variable P g

k is classified into extraction power P from,g
k and feed-

in power P to,g
k due to the price differential between buying and

selling electricity. After each optimization step, the results will
be checked to ensure that extraction and feed-in power do not
coincide.

The extraction and feed-in power are constrained as follows:

0 ≤P from,g
k ≤ θinit + γ, ∀k ∈ K, (6a)

0 ≤γ, (6b)
0 ≤P to,g

k , ∀k ∈ K, (6c)

where the pre-set parameter θinit represents the peak shaving
threshold, and the slack variable γ is introduced to account
for threshold violations.

Remark 1 (Complementarity constraints in BESS). To
prevent the BESS from simultaneously charging and dis-
charging, and to avoid concurrent power injection into and
extraction from the grid, a standard approach is to introduce
complementarity constraints:

0 ≤ P s,dhg
k ⊥P s,chg

k ≥ 0, ∀k ∈ K, (7a)
0 ≤ P from,g

k ⊥P to,g
k ≥ 0, ∀k ∈ K, (7b)

where 0 ≤ x⊥ y ≥ 0 enforces x, y ≥ 0 and x · y = 0.
However, explicitly enforcing (7) introduces nonsmoothness
into the system models, increasing the problem complexity
dramatically.

3) Objective
The proposed energy management framework addresses

multiple objectives, with the primary focus on reducing elec-
tricity costs, which include both energy and peak demand
charges. Energy costs are calculated as the cost of purchasing
electricity from the grid, minus the revenue earned from
feeding PV power into the grid. Additionally, peak demand
costs are proportional to the highest grid power during the
billing period [8]. The cost function Jgrid is formulated as

Jgrid =
∑
k∈K

∆T (cbuyP from,g
k − csellP to,g

k ) + cpeak(θinit + γ), (8)

where cbuy, csell, cpeak denote the electricity buying and selling
prices in =C/kWh, and the prorated peak demand price in =C/kW,
respectively.

Note that the complementarity constraints for power
exchanges (7b) are inherently satisfied under the cost-
minimization objective in (8):

cbuyP from,g
k − csellP to,g

k
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assuming the buying price strictly exceeds the selling price:

cbuy > csell.

If cbuy > csell, simultaneous buying and selling would result
in a financial loss, e.g., buying at a higher price while selling
at a lower price, which violates cost minimization. This logic
remains valid for negative electricity prices, including negative
selling prices (cbuy > 0 > csell) and negative buying/selling
prices (0 ≥ cbuy > csell). In both cases, the inequality cbuy >
csell ensures that simultaneous grid injection and extraction
remains suboptimal.

Furthermore, the framework aims to mitigate battery degra-
dation costs. Due to the complexity of the lithium-ion battery
degradation process, these costs are typically assessed offline.
Studies [15], [16] on the degradation modeling of various
lithium-ion batteries suggest that high average SoC, high
temperatures, high current rates, and deep cycle depths signif-
icantly affect calendar and cycle aging. In [11], [35], quadratic
terms related to battery power and SoC were incorporated into
the objective function to capture battery degradation costs.
Building on this approach, we introduce a penalty function

Jpen =
∑
k∈K

ρ1 x2
k+1 + ρ2(P

s,chg
k )2 + ρ2(P

s,dhg
k )2, (9)

where ρ1 and ρ2 denote the penalty parameters associated with
the SoC level and the SoC change (number of cycles) of the
BESS, respectively.

The L2 penalty term on the BESS charging and discharging
power in (9) serves as a computationally tractable alternative
to address the complexity introduced by the complementarity
constraints (7a), as discussed in Remark 1. By penalizing the
quadratic terms (P s,chg

k )2+(P s,dhg
k )2, this formulation indirectly

discourages nonzero values of the product P s,dhg
k ·P s,chg

k , ∀k ∈
K towards zero. Combined with the physical power limits
of the BESS (4), this approach ensures smoothness in the
optimization problem, enabling computationally tractable so-
lutions while avoiding simultaneous charging and discharging.

Hence, the optimization problem over the horizon K is
formulated as

min
Ps,Pg,γ

Jgrid + Jpen,

s.t. BESS model: (2), (3), (4),
Grid connection model: (5), (6).

(10)

where Ps, Pg stand for stacked power of the BESS and the
grid across the period K. In this multi-objective optimization
problem, the slack variable γ in (6a) relaxes the constraint
on the maximum grid extraction power. This allows trade-offs
between economic performance and feasibility, ensuring the
problem remains solvable even under tight physical constraints.
Simultaneously, the soft penalty term Jpen penalizes high SoC
and excessive charging/discharging power, steering the solution
toward more desirable operation strategies within the feasible
region.

The quadratic programming (QP) problem can be solved
using off-the-shelf optimizers such as Gurobi [36].

Algorithm 1 MPC Operation Framework

Input: P
s, x, x, θinit

Output: P s
t , xt+1, P g

t , γt
Initialisation : x0 = xinit

1: for t = 0→ tend do
2: Update forecasts P pv

k|t, P
d
k|t and P net

k|t for all k ∈ K.
3: Solve (10) to obtain P s

k|t, P
g
k|t, and γt for all k ∈ K.

4: if P net
t−1 ≤ θinit then

5: Implement storage power following mode: P s
0|t.

6: else
7: Implement peak shaving mode: P g

0|t.
8: end if
9: Update xt+1 of the BESS.

10: t← t+ 1.
11: end for

C. Operation In Receding Horizon
At each sampling instant t during real-time operation, the

process begins with load and PV predictions over a horizon
length N . Next, during the optimization stage, power decisions
(P s

k|t, P
g
k|t)

T are calculated for all k ∈ K, where the subscript
k|t denotes the time interval [t + k∆T, t + (k + 1)∆T ).
Only the first decision (P s

0|t, P
g
0|t)

T could be implemented.
During the implementation stage, the system in Fig. 1 operates
in two distinct modes. If the netload at the previous time
step, P net

t−1 = P d
t−1 − P pv

t−1, is below the initial peak shaving
threshold θinit, the system operates in storage power-following
mode, implementing P s

0|t. Otherwise, the system works in
peak-shaving mode, implementing P g

0|t. Switching between
the two modes, the BESS is either on standby or actively
involved in peak shaving. This process is iteratively executed
in a receding horizon manner, utilizing the system’s end state
at time t as the initial condition for the subsequent time point
t+1. The overall operational strategy is detailed in Algorithm
1 (Alg. 1).

In peak-shaving mode, the BESS manages node power
balance by compensating for power deviations caused by
prediction uncertainties. However, if the power or energy
required for compensation exceeds the physical limits of the
BESS, as specified in (3) and (4), the grid-side power P g

t must
make up the excess to maintain power balance. In this case,
P g
t may exceed the optimally corrected threshold θinit + γt,

potentially increasing peak demand costs. To mitigate the
impact of prediction errors on the success of peak shaving,
it is beneficial to quantitatively incorporate these errors into
the optimization process. This approach is detailed in the
stochastic optimization (SO) problem outlined in Section III.

III. SMPC-Based Energy Management Framework
In this section, we first formulate an SO problem with

chance constraints for optimal power distribution. Next, we
apply the constraint-tightening technique to address prediction
uncertainties and reformulate certain constraints. This refor-
mulated optimization model is then solved and implemented
using a receding horizon approach.



5

A. Forecasting Error

After training the LSTM network for PV generation as
described in Section II-A, its performance is evaluated during
the validation phase. A histogram of PV prediction errors
is constructed, and a Gaussian distribution is fitted to this
error distribution. It is assumed that in subsequent simulations,
the LSTM’s prediction errors will continue to follow this
Gaussian distribution. For load prediction errors, a time-
varying Gaussian distribution is fitted, which will be detailed
in Section IV-A.

B. Stochastic Optimization Formulation

For notational simplification, the netload P net
k is defined

as the difference between load and PV generation, i.e.,
P net
k = P d

k − P pv
k . The forecast errors of load and PV

generation εload
k and εpv

k are assumed to be independent and
normally distributed. Consequently, the netload forecast error
εnet
k = εload

k − εpv
k also follow a Gaussian distribution, i.e.,

εnet
k ∼ N (µnet

k , (σnet
k )2), where µnet

k , σnet
k represent the mean

and standard deviation of the netload forecast error at time
step k, respectively.

We propose a real-time operation strategy that uses BESS
to compensate for the netload mismatch. Given that the charg-
ing/discharging conversion losses related to the netload error
are small enough to be neglected [28], the actual state of the
BESS x̃k+1 evolves according to:

x̃k+1 = xk+1 −
∆T

Cs ε
net
k , (11)

where xk+1 and ∆T
Cs ε

net
k denote the nominal energy state (2a)

and the stochastic part that needs to be compensated by the
BESS. This decomposition explicitly separates the determin-
istic nominal trajectory from the stochastic forecast error. This
formulation is practical in uncertainty-aware modeling, as it
allows the nominal state xk+1 to serve as the decision variable
in the optimization problem, while the impact of uncertainty is
handled by tightening the constraints. This separation further
facilitates the reformulation of chance constraints (13) into
their deterministic equivalents (16).

Given that the netload forecast error εnet
k is normally dis-

tributed, x̃k+1 also follows a normal distribution, whose mean
and variance can be formulated as

µk+1 = xk+1 −
∆T

Cs µ
net
k , (12a)

σk+1 =
∆T

Cs σ
net
k . (12b)

A chance-constrained optimization approach [28], [29] can
be employed to impose probabilistic constraints on the BESS
actual energy state:

P{x̃k+1 ≥ x} ≥ β, (13a)
P{x̃k+1 ≤ x} ≥ β, (13b)

which means that the capacity limits should be fulfilled with
at least a pre-defined confidence level β. The left side of the
chance constraints (13) can be transformed into the cumulative

distribution function (CDF) of the corresponding Gaussian
distribution evaluated at 0, which can be expressed as

P{x− x̃k+1 ≤ 0} = Φ(
0− (x− µk+1)

σk+1
) ≥ β, (14a)

P{x̃k+1 − x ≤ 0} = Φ(
0− (µk+1 − x)

σk+1
) ≥ β, (14b)

where Φ(·) denotes the CDF of the standard normal distribu-
tion. Taking the inverse CDF of both sides yields

µk+1 − x ≥ σk+1Φ
−1(β), (15a)

x− µk+1 ≥ σk+1Φ
−1(β), (15b)

where Φ−1(·) denotes the inverse CDF of the standard normal
distribution. Substituting (12) into (15) yields

xk+1 ≥ x+
∆T

Cs σ
net
k Φ−1(β) +

∆T

Cs µ
net
k , (16a)

xk+1 ≤ x− ∆T

Cs σ
net
k Φ−1(β) +

∆T

Cs µ
net
k . (16b)

Therefore, chance constraints (13) can be replaced by their
deterministic counterparts (16) using the constraints-tightening
technique. The power constraints can be addressed similarly.
However, this part will not be shown since this paper does not
apply tightening to the power constraints.

Furthermore, when solving an optimization problem in a
time series, errors accumulate over time, representing the prop-
agation of forecast errors. Assuming that the prediction error
is independent at each time point, it can simply accumulate
over time [28]. Therefore, µnet

k and σnet
k in (16) are replaced

with µnet, acc
k and σnet, acc

k , expressed as

µnet, acc
k =

k∑
i=0

(µnet
i ), (17a)

σnet, acc
k =

√√√√ k∑
i=0

(σnet
i )2. (17b)

In peak shaving applications, BESS plays a crucial role
during the discharge process. Therefore, reserving discharge
capacity is more practical. The energy state constraint, specif-
ically for peak shaving, can be represented as

x+ F (β, k) ≤ xk+1 ≤ x, (18a)

F (β, k) =
∆T

Cs σ
net, acc
k Φ−1(β) +

∆T

Cs µ
net, acc
k . (18b)

Another caution must be taken regarding factors such as
long optimization time k and high confidence level β. These
factors can lead to over-constriction, potentially causing the
lower bound to exceed the upper bound and rendering the
problem infeasible. To address this issue, we introduce a fading
factor λ into (18), representing the fact that the impact of
prediction errors diminishes with time. Thus, the complete
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Algorithm 2 SMPC Operation Framework

Input: P
s, x, x, θinit, β, λ

Output: P s
t , xt+1, P g

t , γt
Initialisation : x0 = xinit

1: for t = 0→ tend do
2: Update forecasts P pv

k|t, P d
k|t, P net

k|t, and forecast error
distributions µnet

k|t, σ
net
k|t for all k ∈ K.

3: Solve (20) to obtain P s
k|t, P

g
k|t, and γt for all k ∈ K.

4: if P net
t−1 ≤ θinit then

5: Implement storage power following mode: P s
0|t.

6: else
7: Implement peak shaving mode: P g

0|t.
8: end if
9: Update xt+1 of the BESS.

10: t← t+ 1.
11: end for

energy state constraints, incorporating the fading factor, can
be formulated as

x+ F (β, k, λ) ≤ xk+1 ≤ x, ∀k ∈ K, (19a)

F (β, k, λ) = λk∆T

Cs (σ
net, acc
k Φ−1(β) + µnet, acc

k ), (19b)

µnet, acc
k =

k∑
i=0

(µnet
i ), σnet, acc

k =

√√√√ k∑
i=0

(σnet
i )2. (19c)

The SO problem with chance constraints is transformed into
a deterministic optimization problem and the formulation of
the resulting problem is illustrated as

min
Ps,Pg,γ

Jgrid + Jpen,

s.t. BESS model: (2), (19), (4),
Grid connection model: (5), (6).

(20)

The proposed SMPC-based BESS operation framework is
detailed in Algorithm 2 (Alg. 2). By dynamically reserving an
amount of energy, the BESS can more effectively compensate
for errors. However, as long as the error distribution is un-
bounded, the confidence level β cannot reach 1, meaning there
will always be a residual probability that some errors cannot
be fully compensated. Note that the problem (20) is a convex
problem with affine constraints, so its computational footprint
scales well with horizon length and model size. For more
complex or realistic models, fast real-time optimal control
techniques can be adopted to preserve tractability without
compromising the SMPC design.

IV. Case Study

This section provides a case study using load data from
a factory in Germany and PV power data from the campus
north of Karlsruhe Institute of Technology (KIT). A com-
parison between different operation frameworks is conducted,
evaluating the advantages and disadvantages of these schemes
under prediction errors.

TABLE I
Summary Simulation Setup

Objects Parameters Values Units

Load profile

Yearly peak 1793.5 kW
Yearly energy
consumption 6310 MWh
Duration factor 3518 Hours
Electricity buying price 0.15 =C/kWh
Electricity feed-in price 0.06 =C/kWh
Demand unit price1 216 =C/(kW·a)

BESS

Size 500 / 500 kWh / kW
Power component price 250 =C/kW
Energy component price 250 =C/kWh
Total costs2 250 k=C
SoC limits [0.1, 0.9] -
Roundtrip efficiency 0.8 -

PV

Size 850 kWp
Geographic location Karlsruhe, Germany
Longitude and latitude 49.1° N, 8.44° E
Orientation and Inclination 180◦ (South), 30◦

Algorithm

Simulation time span 1 Year
Horizon N 96 -
Sampling time ∆T 15 Minutes
Initial threshold θinit 1350 kW
Initial SoC xinit 0.1 -
Penalty factors ρ1, ρ2 5, 3

5002
-

Fading factor λ 1
1.02

-
1 Demand unit price is sourced from [9].
2 Battery price data and total cost calculations are from [41]–[43]. Total

costs = Energy costs + Power costs.

A. Simulation Setup

We select company 46 from [5] as our case study, with
data available from [37]. This load profile exhibits an annual
energy consumption of 6, 310 MWh with a peak power of
1, 793.5 kW. Peak loads exceeding 1, 000 kW occur regularly
during working hours on each working day. Based on the
electricity operator’s price list [9], we set the demand unit price
at 216 =C/(kW · a). Besides, the company is equipped with a
500 kWh lithium-ion BESS. The cost of power components
and energy components for the BESS is set at 275 $/kW and
275 $/kWh, which translates into 250 =C/kW and 250 =C/kWh
when converted at an exchange rate of 1.11 : 1. Furthermore,
reflecting recent trends in renewable energy generation in
Germany as of 2023, a penetration rate of 50% is considered
appropriate, corresponding to an 850 kWp PV installation for
the case study. The actual PV values are sourced from the
”Solarpark” project [38] at KIT. Consequently, the studied
company is equipped with an 850 kWp / 500 kWh PV-BESS
system, with additional parameters provided in Table I. It
should be noted that this study focuses on developing an
optimal energy management framework, so the optimization of
system sizing is not discussed further. Regarding the upper and
lower SoC limits, prior studies [7], [8], [11], [39], [40] have
adopted different SoC limits. In our study, overly restrictive
bounds may generate conflicting constraints in (19a), making
the optimization problem (20) infeasible. To ensure both model
solvability and safe battery operation, we make a trade-off by
setting the hard constraints on SoC between 0.1 and 0.9. The
parameters ρ1 and ρ2 are optimized through a grid search
approach, as detailed in Section V-A.

For load prediction, we use the average of actual weekly
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Fig. 2. Assessment of load prediction. (a) Mean of weekly load profiles as a
prediction profile. (b) Time-varying Gaussian fit of load prediction errors.

Fig. 3. Histogram of PV prediction errors and the corresponding Gaussian
fit during the validation phase.

curves over one year as the weekly load prediction, represented
by the solid black line in Fig. 2(a). A time-varying Gaussian
distribution is fitted to the load prediction error εd, as shown
in Fig. 2(b). Both load prediction and prediction error exhibit
weekly cyclic patterns. The PV prediction is generated using
a trained LSTM neural network. Given that the PV prediction
error does not exhibit obvious periodicity, a Gaussian distri-
bution is fitted to the entire validation dataset, as depicted in
Fig. 3, resulting in εpv ∼ N (0, 1852). However, there is a
noticeable discrepancy between the Gaussian assumption and
the actual distribution. This discrepancy is primarily due to the
inherent characteristics of the prediction errors, such as the low
volatility during nighttime, which leads to a concentration of
errors around 0, and the presence of extreme errors caused
by rapid weather changes, resulting in a heavier tail in the
distribution compared to the Gaussian model. Nevertheless, the
Gaussian distribution remains a practical and suitable choice,
as it provides a reasonable approximation and facilitates the
integration of prediction error analysis into the optimization
model.

By combining load and PV power, the netload power error
εnet follows a new weekly time-varying Gaussian distribution,
with a maximum standard deviation of approximately 20% of
the peak netload.

B. Performance Metrics
To better evaluate and compare different management

schemes, we establish the following performance metrics. The
first two metrics assess peak shaving and the last three evaluate
battery aging.

1) Peak reduction rate: This metric quantifies the propor-
tion of reduced power demand as a percentage of the
original maximum power.

2) Peak shaving success rate: This metric is defined as the
ratio of the number of times the peak load is successfully
shaved under the threshold to the total number of peak
shaving attempts.

3) Battery throughput: This metric refers to the total
amount of energy that a battery delivers over a period,
characterizing the cyclic aging of the BESS.

4) Average SoC: This metric is the average energy state of
the BESS over a period, characterizing calendar aging.

5) Capacity loss: Xu’s battery degradation model [16] is
used to evaluate the capacity loss of the BESS after
operation. A detailed description of the degradation
model is provided in the Appendix.

C. Simulation Three Scenarios
Three scenarios in Table II will be simulated. In Scenario

0 (S0), Alg. 1 is implemented under perfect prediction, and
the simulation results are used as a benchmark. In Scenario 1
(S1) and Scenario 2 (S2), Alg. 1 and Alg. 2 are implemented
under imperfect prediction (Subsection IV-A), respectively,
with Alg. 2 operating at a confidence level of 0.99. The
simulation spans nearly 1 year (356 days), with a rolling
prediction window of 24 hours, denoted by N = 96, and a
time interval ∆T = 15 minutes. Therefore, the optimization
tasks in each scenario entail a total of 34, 176 subproblems.

TABLE II
Setup of the prediction and management framework in the three

scenarios

Senario S0 S1 S2
Prediction Perfect Imperfect Imperfect
Prediction error None Unconsidered Considered
Framework Alg. 1 Alg. 1 Alg. 2
Confidence level None None 0.99

An interesting observation is that on sunny days, the over-
lap between peak load and peak PV generation reduces the
peak netload, thereby decreasing the peak shaving demand.
Consequently, for large customers with PV generation, winter,
cloudy, and rainy days will present a higher peak shaving
demand than sunny days.

For a detailed analysis, we select July 24, 2023, the day
with the highest grid-side power occurrence in both S1 and S2
during the simulation. This day’s predicted and actual curves
are shown in Fig. 4. Three load peaks can be observed, with a
maximum of 1, 772 kW at 10 : 00. This day is notable because
there are showers in the morning, followed by strong sunlight
in the afternoon, leading to fluctuations in PV generation that
deviate significantly from the predicted PV curve. Combining
the load and PV curves, the load peak in the afternoon is
suppressed by the PV, resulting in only two peaks in the
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Fig. 4. Real and predicted profiles on the simulation day.

netload curve. The second peak at 10 : 00 exhibits a maximum
percentage prediction error of 24%.

1) Scenario 0
The power distribution and the BESS operation are illus-

trated in Figs. 5(a) and 6(a). The predicted netload profile in
Fig. 5(a) matches the true netload profile (solid red line in
Fig. 4). The operation of the BESS can be delineated into
three distinct phases, divided by two dotted lines. Between
00 : 00 and 06 : 30, Alg. 1 gradually charges the BESS from
a SoC of 0.1 to 0.9 in preparation for peak shaving, defining
this period as the preparation phase. From 06 : 30 to 11 : 30,
Alg. 1 actively manages the battery’s charging and discharging
to maintain the grid take-out below the dynamic threshold. By
doing so, both spikes in the netload are successfully removed,
marking this period as the peak shaving phase. Finally, from
11 : 30 to 24 : 00, when the netload is below the threshold and
the next predicted spikes are distant, Alg. 1 keeps the BESS
at a relatively low but non-zero level to avoid deep discharge
and reduce long-term battery degradation. This period can be
referred to as the standby phase.

2) Scenario 1
Figs. 5(b) and 6(b) illustrate the power distribution and the

BESS operation. In the preparation phase, Alg. 1 charges the
BESS only to a SoC of 0.16, as illustrated in Fig. 6(b). During
the peak shaving phase, the BESS is discharged to its lower
limit within the first 15 minutes of the peaks’ appearance,
losing its capacity for further peak shaving. Hence, the grid
take-out power reaches a maximum of 1, 703 kW at 10 : 15,
as depicted in Fig. 5(b). The standby phase remains the same
as in S0. Under Alg. 1, no peaks are suppressed because the
imperfect prediction fails to capture the peak characteristics
of the real netload, leading to insufficient BESS capacity
preparation for peak shaving.

3) Scenario 2
Figs. 5(c) and 6(c) display the simulation results in S2. In

the preparation phase, Alg. 2 charges the BESS to a SoC of
0.56 as shown in Fig. 6(c), providing more energy than in S1.
During the peak shaving phase, the BESS effectively manages
two peaks, keeping the grid take-out power below the dynamic
threshold, represented by the red dashed line in Figs. 5(c). In

the standby phase, the BESS is gradually recharged to around
0.37. Under imperfect prediction, Alg. 2’s success in peak
shaving is attributed to its conservative approach. Specifically,
Alg. 2 maintains the BESS at an intermediate energy state
during both the preparation and standby phases and sets the
dynamic threshold higher than that of Alg. 1. These strategies
enable the BESS to accommodate prediction errors better.

The simulation results for this day are summarized in
Table III. In S0, both peak shaving attempts were successful,
resulting in a 18.4% reduction of the maximum grid take-out
while maintaining a low average SoC. In S1, both peak shaving
attempts failed due to greatly underestimated peaks, leading to
minimal manipulation of the BESS by Alg. 1. In S2, both peak
shaving attempts succeeded, achieving a peak reduction rate of
5.8%. Due to Alg. 2’s conservative nature compared to Alg. 1,
the average SoC in S2 was greater than in S1. The comparison
of a single day indicates that the SMPC scheme, despite the
percentage prediction error varying up to 24%, shaved more
peaks but resulted in a higher average SoC compared to the
MPC scheme. A more comprehensive comparison should be
conducted over a one-year simulation.

TABLE III
One-day simulation of three scenarios

Metrics S0 S1 S2
Peak shaving success rate (%) 100 0 100
Peak reduction (kW) 313 0 99
Peak reduction rate1 (%) 18.4 0 5.8
BESS average SoC (-) 0.3 0.13 0.44
1 The baseline is the maximum netload for the day, i.e., 1703 kW.

D. Simulation Conclusions

The one-year simulation results are summarized in Table IV
and Fig. 7. Since the energy costs are nearly identical across
all three scenarios, the comparison will focus exclusively on
the demand costs and the battery degradation costs.

Regarding peak shaving, Alg. 1 in S0 reduces the maximum
of netload by 14.7% and saves =C 54.2k, demonstrating as
the benchmark. This is followed by Alg. 2 in S2, which
achieves a 5.8% peak power reduction and =C 21.4k in savings,
while Alg. 1 in S1 performs the worst. Alg. 2’s strategy of
reserving energy and setting a more conservative threshold
against prediction errors proves advantageous compared to
Alg. 1. Notably, Alg. 2 exhibits a higher peak shaving success
rate than Alg. 1, showing greater robustness. This enhanced
robustness of Alg. 2, achieved by reducing predefined targets,
is particularly valuable in industrial applications such as peak
shaving.

Regarding battery aging, we use the aging model from [16],
with the temperature input for the in-house BESS assumed to
be constant at 25 ◦C. To mitigate potential inaccuracies in the
aging model at extremely low SoC levels, we have constrained
the SoC lower bound to 0.1. We evaluate the battery capacity
loss over ten years with a repeating annual SoC curve, with
the results shown in Fig. 8, and calculate the average yearly
capacity loss. The aging assessment indicates that the capacity
loss is smallest under S0 at 1.21%, followed by S1 at 1.43%,
with S2 exhibiting the fastest degradation at 1.68%.
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Fig. 5. Power distribution for 3 scenarios on the observation day with maximum netload of 1703 kW. The red dashed line is the optimized threshold θinit +γt.
(a) Benchmark: 2 successes out of 2 attempts, with the maximum realized grid power reaching 1390 kW between 06 : 30 and 11 : 30. (b) MPC: 0 success
out of 2 attempts, with the maximum realized grid power of 1703 kW at 10 : 15. (c) SMPC: 2 successes out of 6 attempts, with the maximum realized grid
power reaching 1604 kW at 10 : 30.
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Fig. 6. BESS Profile and SoC for 3 scenarios on the observation day. (a) Benchmark: The maximum, minimum values of SoC are 0.9 and 0.1, respectively.
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Fig. 7. One-year simulation of peak shaving with SMPC framework. The PV generation reduces the peak load from 1794 kW to 1703 kW (-91 kW), and the
SMPC framework reduces the peak netload from 1703 kW to 1604 kW (-99 kW). The total reduction of peak load is 190 kW with the PV-BESS system.
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TABLE IV
One-year simulation of three scenarios

Metrics S0 S1 S2
Peak shaving attempts (-) 295 242 168
Peak shaving success rate (%) 100 39 80
Peak reduction (kW) 251 0 99
Peak reduction rate (%) 14.7 0 5.8
Saved demand cost (k=C) 54.2 0 21.4
Average SoC (-) 0.12 0.14 0.4
Battery throughput (MWh) 46 96 97
Capacity loss (%) 1.21 1.43 1.68
Degradation cost1(k=C) 15 18 21
Net revenue2(k=C) 39 −18 0.4
1 Degradation cost=BESS total costs×Capacity loss/0.2.
2 Net revenue=Saved demand cost−Degradation cost.
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Fig. 8. Battery aging assessment using SoC profiles in 3 scenarios. The
formation of the Solid Electrolyte Interphase (SEI) film is only considered in
the first year.

In summary, as shown in the last row of Table IV, Alg. 1
achieves a gain of =C 39k under perfect prediction but incurs
a loss of =C 18k under imperfect prediction presented in
this study. Conversely, Alg. 2 improves peak shaving in both
success rate and peak reduction rate under the same imperfect
prediction, at the cost of accelerating the BESS loss by 0.25%.
Ultimately, Alg. 2 in S2 achieves profitability (=C 0.4k) without
consideration of the maintenance costs. With battery prices
continuing to decline and energy prices rising, using Alg. 2
for profitable peak shaving is highly promising.

E. Simulation with Battery Life Assessment
The case study results indicate that the proposed SMPC

framework enables the BESS to achieve peak shaving with
positive net revenues under the optimized parameter setup.
A methodological limitation, however, arises from the aging
assessment approach, in which a single year of operation is
repeatedly used to extrapolate battery degradation over a ten-
year horizon. This simplification may overlook the dynamic
interaction between battery capacity fade and operational per-
formance.

To address this limitation and assess the impact of progres-
sive capacity loss on peak shaving effectiveness, we incorpo-
rated a battery life assessment mechanism into the simulation
process. In this extended simulation, battery capacity is up-
dated every year based on assessment results and subsequently
used for the next year. The full analysis spans a ten-year
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Fig. 9. Ten-year simulation with battery life assessment.

time range, allowing for a more realistic evaluation of aging
effects on system performance. The results are shown in Fig. 9.
As the BESS degrades over time, it consistently maintains
a stable peak reduction in each year, attributed to the risk-
averse SMPC management framework. This phenomenon is
explained in Fig 6(c), which shows that the BESS operates
within a conservative energy band that remains unaffected
by battery capacity fade. Given that peak load charges are
typically assessed per year, the proposed SMPC framework
can maintain effective peak shaving over 10 years, even with
a capacity degradation of approximately 16%. These results
highlight the robustness of the proposed SMPC management
framework for industrial peak load shaving applications.

V. Performance Analysis and Discussion

In this section, we analyze the impact of penalty parame-
ters, confidence levels, and the length of look-ahead horizons
through extended simulations, in order to broaden the frame-
work’s applicability.

A. Impact of Penalty Parameters
Following [35], we conducted a parameter sweep to examine

how the penalty parameters ρ1 and ρ2 influence the net
economic benefit, defined as peak demand cost savings minus
aging costs. In this section, the simulation was conducted at a
fixed confidence level of β = 0.99.

For ρ1, given the normalized nature of the SoC variable,
discrete parameter values (1, 3, 5, and 10) were chosen for
systematic evaluation. For ρ2, the power penalty term was nor-
malized by scaling with α = 1

5002 to maintain consistency with
the SoC penalty term. Subsequently, appropriate numerators
were selected to balance the penalty terms effectively relative
to the overall objective. Sixteen simulations were conducted,
covering all parameter combinations. Table V summarizes
these results, identifying the optimal parameter combination
as (ρ1, ρ2) = (5, 3

5002 ), as it strikes an optimal balance be-
tween achieving peak shaving benefits and minimizing battery
degradation costs. The corresponding annual net revenue is
highlighted in bold as the highest among all cases. Note
that this heuristic approach provides practical guidance for
selecting penalty parameters.
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TABLE V
Annual net revenue of S2 with different penalty parameters. All

results in the table are in =C. α = 1
5002

.

ρ1

ρ2 α 3α 5α 10α

1 -559 -1366 -536 -695
3 -82 225 191 -1480
5 293 384 350 316

10 202 202 293 259

B. Impact of Confidence Levels
The confidence level β plays a crucial role in Alg. 2’s

conservatism, warranting further investigation. In this section,
we examine the effects of variations in the internal parameter
β on the ultimate operational outcomes.

When β is set to 0.5, Φ−1(0.5) yields 0. In this context,
Alg. 2 completely disregards the presence of prediction er-
rors, exhibiting extreme risk-seeking behavior and essentially
emulating the behavior of the MPC-based algorithm (Alg. 1).
Conversely, as β increases, the algorithm’s error margin will
increase, demonstrating risk aversion. However, if β increases
too much, the constraints (19a) will become excessively tight,
making the optimization problem unfeasible. To prevent this
situation, β can be constrained by (21),

x+ F (β, k, λ) < x, ∀k ∈ K (21)

indicating that the lower bound of the energy state can not
exceed the upper bound.

Therefore, we conducted the one-year simulation using
Alg. 2 under different β within the range [0.5, 0.99], with
partial results depicted in Table VI. As β increases, Alg. 2
becomes more conservative, as evidenced by fewer peak
shaving attempts and an increase in the average SoC of the
BESS. The resulting positive effect is a general increase in the
power reduction rate and the saved peak demand cost, while
the negative effect is that the BESS ages faster and the aging
cost increases. In general, however, the increase in revenue
from peak shaving by increasing β is faster than the increase
in the aging cost of the BESS, increasing overall revenue.

TABLE VI
One year simulation of S2 with different confidence levels

Objects Metrics 0.5 0.84 0.95 0.99

Peak
shaving

Attempts (-) 242 230 200 168
Success rate (%) 39 70 76 80
Reduction rate (%) 0 0 1.7 5.8
Saved cost (k=C) 0 0 6.3 21.4

BESS

Average SoC (-) 0.14 0.22 0.31 0.4
Throughput (MWh) 96 94 96.7 97
Capacity loss (%) 1.43 1.49 1.58 1.68
Deg. cost (k=C) 18 18.6 19.8 21

Summary Revenue (k=C) −18.6 −21.7 −13.5 0.4

C. Impact of Look-Ahead Window Length
To investigate the impact of the look-ahead window length

N on the peak shaving performance of the BESS, we con-
ducted experiments during the week containing July 24th,
identified as the period with the poorest SMPC performance.
The results, detailed in Table VII, indicate that reducing
the prediction window from 24 hours to 8 hours resulted

in negligible changes to peak reduction, while the single-
step computation time decreased from 0.22 seconds to 0.05
seconds. However, further shortening the prediction window
from 8 hours to 2 hours resulted in diminished peak-shaving
performance and reduced cost savings. These findings sug-
gest that optimizing the prediction window to approximately
8 hours may offer a balanced trade-off between algorithm
effectiveness and computational complexity. Extensive and
prolonged simulations are necessary to substantiate this con-
clusion.

TABLE VII
Peak reduction of S2 with different look-ahead window lengths

Look-ahead window (h) 24 20 16 12 8 4 2
Peak reduction (kW) 99 98 98 98 98 97 92

Demand cost savings (k=C) 21 21 21 21 21 20 19

VI. Conclusion

This paper proposes a novel energy management framework
for large electricity customers, aiming at peak shaving and
battery health optimization. It formulates a stochastic optimal
power distribution problem with chance constraints and em-
ploys a constraint-tightening approach to convert the chance
constraints equivalently into their deterministic counterparts,
thereby providing conservative but effective solutions that
consider prediction errors in both load and PV generation.
The practical relevance and applicability of the framework
are demonstrated using real load and PV data with varying
prediction errors.

For the case study, a risk-averse SMPC management frame-
work with a confidence level of β = 0.99 achieves a reduction
of 99 kW (5.8%) in peak load and maximizes revenue, even
when the standard deviation of netload predictions reaches up
to 20% of the peak netload.

Future work will focus on improving load forecasting meth-
ods, applying alternative probability distribution models to
capture prediction uncertainty, refining BESS modeling, and
developing multi-use energy management frameworks.

Appendix
Lithium-ion battery degradation model

The lithium-ion battery degradation model and battery pa-
rameters used in this work are derived from [16]. The model
encompasses temperature, SoC, time, and DoD to characterize
both calendar and cycle aging. Capacity loss is calculated by
applying the battery’s SoC and temperature profile. However,
it does not account for the increase in impedance and power
fading associated with a low SoC, which can contribute to
aging. Despite this limitation, the model has demonstrated
accurate and reliable aging assessments across LMO, LFP, and
NMC batteries.

The battery life L in (22) is modeled as a two-exponential
function:

L = 1− αseie
βseifd − (1− αsei)e

−fd (22)

where αsei, βsei are the coefficients for the SEI model, and
fd, 1 − αsei are the degradation function and the relevant
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coefficient. L = 0 indicates a new battery, L = 0.2 means
the end of life.

The degradation function fd in (23) is the function of test
time t, depth of discharge (DoD) δ, average SoC σ, and average
cell temperature Tc, consisting of calendar aging ft and cyclic
aging fc,

fd(t, δ, σ, Tc) = ft(t, σ, Tc) +

N∑
i

nifc(δi, σi, Tc,i) (23a)

ft(t, σ, Tc) = St(t)Sσ(σ)ST (Tc) (23b)
fc(δ, σ, Tc) = Sδ(δ)Sσ(σ)ST (Tc) (23c)

where St(t), Sδ(δ), ST (Tc), and Sσ(σ) are stress models
of time, DoD, temperature, and SoC, respectively. The tem-
perature stress model ST (T ) = ekT (T−Tref)

Tref
T captures the

exponential sensitivity of aging to cell temperature, where
kT and Tref are the temperature stress coefficient and the
reference temperature in Kelvin. The SoC stress model is
expressed as Sσ(σ) = ekσ(σ−σref), where kσ and σref are the
SoC stress coefficient and the reference level. The effect of
low SoC levels on battery aging is not modeled here. Time-
induced degradation is represented by a linear stress model
St(t) = ktt, where kt and t are the time stress coefficient and
the test duration. Finally, the DoD stress model is formulated
as Sδ(δ) = (kδ1δ

kδ2 + kδ3)
−1, where kδ1, kδ2 and kδ3 are

empirical coefficients.
For used batteries, whose life is near or below 0.9, the SEI

film formation is finished. The battery life L can be simplified
in (24),

L = 1− (1− L′)e−fd (24)

where L′ is the current battery life.
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