
Academic Editors: JongHoon Kim

and Xiaohuan Zhao

Received: 28 April 2025

Revised: 2 July 2025

Accepted: 11 July 2025

Published: 22 July 2025

Citation: Hassan, A.; Hollweg, G.V.;

Su, W.; Zhou, X.; Wang, M.

Degradation-Aware Bi-Level

Optimization of Second-Life Battery

Energy Storage System Considering

Demand Charge Reduction. Energies

2025, 18, 3894. https://doi.org/

10.3390/en18153894

Copyright: © 2025 by the authors.

Licensee MDPI, Basel, Switzerland.

This article is an open access article

distributed under the terms and

conditions of the Creative Commons

Attribution (CC BY) license

(https://creativecommons.org/

licenses/by/4.0/).

Article

Degradation-Aware Bi-Level Optimization of Second-Life
Battery Energy Storage System Considering Demand
Charge Reduction †

Ali Hassan , Guilherme Vieira Hollweg , Wencong Su * , Xuan Zhou and Mengqi Wang

Department of Electrical and Computer Engineering, University of Michigan, Dearborn, MI 48128, USA;
alihssn@umich.edu (A.H.); hollweg@umich.edu (G.V.H.); xuanzhou@umich.edu (X.Z.);
mengqiw@umich.edu (M.W.)
* Correspondence: wencong@umich.edu
† This paper is an extended version of our paper published in the 2024 IEEE Industrial Electronics Society

Annual Conference (IECON), Chicago, IL, USA, 3–7 November 2024; Paper No. 10905946.

Abstract

Many electric vehicle (EV) batteries will retire in the next 5–10 years around the globe. These
batteries are retired when no longer suitable for energy-intensive EV operations despite
having 70–80% capacity left. The second-life use of these battery packs has the potential to
address the increasing demand for battery energy storage systems (BESSs) for the electric
grid, which will also create a robust circular economy for EV batteries. This article proposes
a two-layered energy management algorithm (monthly layer and daily layer) for demand
charge reduction for an industrial consumer using photovoltaic (PV) panels and BESSs
made of retired EV batteries. In the proposed algorithm, the monthly layer (ML) calculates
the optimal dispatch for the whole month and feeds the output to the daily layer (DL),
which optimizes the BESS dispatch, BESSs’ degradation, and energy imported/exported
from/to the grid. The effectiveness of the proposed algorithm is tested as a case study of
an industrial load using a real-world demand charge and Real-Time Pricing (RTP) tariff.
Compared with energy management with no consideration of degradation or demand
charge reduction, this algorithm results in 71% less degradation of BESS and 57.3% demand
charge reduction for the industrial consumer.

Keywords: battery energy storage; second-life batteries; demand charge; circular economy;
energy management

1. Introduction
To curb CO2 emissions and combat climate change, electric vehicles (EVs) are replacing

conventional vehicles. In 2024, the total number of EVs reached 40 million worldwide [1].
The degradation of EV battery packs leads to their retirement as they are no longer suitable
for the vehicle energy demands due to their power limitation. EVs have been on the road
for over a decade. That means that the combined capacity of retired battery packs will
reach 200 GWh by 2030 [2]. These retired battery packs still have 70–80% capacity left [2].
On the other hand, the demand for BESSs is expected to cross 183 GWh by the year 2030 [3].
If second-life batteries can be utilized in energy storage systems for the electric grid, they
could significantly alleviate the demand for BESS.

Retired batteries can be disposed of as land waste, recycled, or repurposed for second-
life use [4]. However, the reuse of retired batteries as second-life BESS for the grid is
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increasing rapidly. BESS is subjected to less intensive demands in grid applications than
electric vehicles, which makes re-purposing SLBs for BESS a suitable choice. Moreover,
SLBs create a strong circular economy throughout the battery supply chain and lead
to the extraction of the maximum value from EV batteries before recycling [5]. This is
exemplified by recent interest from leading automotive companies and recyclers in using
retired batteries for the grid [6].

Thirteen application areas and three stakeholders for the energy storage system in an
electric grid are identified in [7]. The three stakeholders are transmission system operators
(TSO), utility companies, and consumers [7]. The usage of BESS to meet part of the load
to reduce the peak demand is called peak shaving. For commercial electricity customers,
this would reduce the demand charge—an extra energy charge co-related to the peak load
demand in a specified time frame, calculated in $/kW [8]. The demand charge represents
30–70% of the electricity bills for industrial or commercial consumers [9].

1.1. Literature Study

The first-life use of EV batteries dictates the trajectory of degradation in their second
life [10]. The underlying phenomenon for the degradation in SLBs is quite similar to the
fresh batteries that include dendrite formation, loss of lithium on the electrodes, solid
electrolyte interphase (SEI) layer growth, etc. [4]. However, the rate and percentage of these
individual factors affecting the degradation vary. Each cell inside an EV pack is subjected
to varying loads. By the time the battery pack is retired from the EVs, the inherently
small manufacturing differences result in varying cell capacities. It is therefore difficult to
generalize a model for the degradation behavior of SLBs. Unlike fresh batteries, SLBs are
prone to knee point—the point in the capacity curve where cells undergo rapid degradation.
The active management of SLB packs is important to delay the knee point as much as
possible. Moreover, BESS operation for the grid must be a trade-off between BESS’s use
and its degradation. As the availability of data from real-world aging cycles for SLBs
increases, data-driven models increasingly give an insight into the degradation behavior of
SLBs. Many prior works have used mixed-integer linear programming (MILP) to optimize
the SLB operation for different use cases: In [11–15], the retired batteries for supporting
EV fast charging station loads are evaluated. Microgrid day-ahead scheduling using the
retired batteries without considering the degradation behavior was investigated in [16,17].
In [18], the capacity loss of SLBs was modeled using the Arrhenius degradation model
extensively used for fresh batteries. In [19], the authors make use of short- and long-term
estimation and prediction of BESS’s state of health (SoH) in a dispatch profile to perform
energy balancing and energy arbitrage (EA).

Many works have shown that second-life BESS and other co-located distributed energy
resources (DERs) can help reduce the demand charges, but they either do not consider BESS
degradation or use the simplified degradation models. To our knowledge, this is the first
attempt to design a degradation-aware energy-optimized dispatch for a second-life BESS
to reduce demand charges of an industrial customer where a degradation model is derived
based on real-world aging data for the SLBs. Previously in [20], an optimization framework
for SLBs was presented. This work is an extension of that framework by considering the
battery degradation in detail. Table 1 shows the recent works done on SLB optimization
and grid applications.
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Table 1. Comparison of key works on second-life battery optimization and applications.

Reference Focus Area Approach/Limitation Contribution

[11] SLBs for EV fast
charging

MILP-based planning for centralized charg-
ing with second-life batteries; no degrada-
tion modeling

Demonstrates cost-effective
charging using SLBs

[12]
Nanogrid fast
charging station
with SLBs

Uses machine learning for fuzzy EMS, but lacks
detailed SoH/degradation handling

Proposes EMS for urban
nanogrids with SLB-PV setup

[14] SLBs in fast
charging

Simulation-based performance study; limited
degradation modeling

Evaluates SLB viability for
high-power charging needs

[16] Microgrid plan-
ning with SLBs

Focuses on carbon reduction feasibility; ex-
cludes SLB degradation effects

Assesses shared SLB sys-
tems in renewable-powered
microgrids

[17] SLBs as flexible
grid loads

Optimizes power dispatch; no online
SoH modeling

Demonstrates SLBs as dis-
patchable DERs

[19] SoH-aware SLB
operation

Uses online SoH estimation for dispatch
optimization

Introduces online degradation
tracking into optimization

1.2. Contributions

The main contributions of this paper are as follows:

1. A bi-level energy management (BL-EM) algorithm is proposed consisting of a monthly
layer (ML) and daily layer (DL). The monthly dispatch and the previous month’s
demand charge thresholds are calculated in the ML, which is fed into the DL calculat-
ing the optimal dispatch of second-life BESS, power imported from the grid, power
exported to the grid, and photovoltaic (PV) power.

2. In contrast with the literature, this article uses the real-world aging cycle data from [21]
to generate a Wöhler curve (cycle vs. depth of discharge (DoD)) for a second-life Li-
NMC (Lithium Nickel Manganese Cobalt oxides) battery pack. The equation obtained
by applying piecewise fitting on the Wöhler curve is used to model the BESS degrada-
tion in the DL. Deep cycling and frequent use shorten the life of the BESS, causing it
to reach the knee point. From the perspective of SLB, for the first time, an optimized
trade-off is presented between BESS utilization and energy arbitrage (EA).

The paper is divided into the following sections: Section 2 presents the BL-EM frame-
work along with detailed second-life BESS degradation and demand charge modeling.
Section 3 presents the results of the simulation on a case study, followed by a discussion in
Section 4.

2. Bi-Layer Energy Management Framework
The bi-level energy management framework (BL-EM) is presented in this section and

shown in Figure 1. The framework considers an industrial load subjected to demand
charges from the electrical utility. BESSs made of retired LMO+NMC batteries along
with co-located PV generation, which are used to meet the load demand, are shown in
Figure 2. Moreover, a net metering approach capable of feeding the power back to the grid
is considered to perform the energy arbitrage. Energy arbitrage is a technique where power
is used to charge the BESS when a utility’s cost per kWh is low, and BESS is discharged
when the cost per kWh is high. The optimization framework optimizes the dispatch of
BESS to reduce the demand charge tariff while keeping its degradation in check. This
trade-off is important for the longevity of the BESS as it can undergo rapid degradation
under extensive use.
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Figure 1. Two-layered energy management algorithm for demand charge reduction in an indus-
trial load.

Figure 2. System architecture used in this paper.

2.1. Monthly Layer (ML)

ML is the top layer that optimizes the power generation for the whole month based on
the monthly load and PV output forecasts. This layer forwards the value of the historical
demand charge component DCChistorical to the DL at the start of the month. The planning
horizon of the ML is 1 month with a time step of 15 min. In this work, a demand charge
tariff of 13.33 USD/kW [22] is considered.

2.2. Second-Life Battery Energy Storage System Model

The second-life BESS is different from a fresh BESS in terms of its capacity degradation,
cell balancing requirements, and power electronics interface [4]. Depending on the electrical
load, the second-life BESS can comprise a single retired EV battery pack or a combination
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of several battery packs. When combining several packs to form one BESS, packs with
fairly identical capacities should to be selected. This can save costs in designing complex
active balancing in the battery management system (BMS) that will be required with packs
having varied starting capacities [23].

2.2.1. Wöhler Curve Derivation for Second-Life NMC+LMO Battery

The Wöhler curve is used to include the degradation of fresh batteries in the opti-
mization algorithms [24]. This curve represents the number of cycles n versus the depth of
discharge for different battery chemistries and is obtained from the original manufacturers
of batteries or derived by performing accelerated life testing (ALT) experiments in the
laboratory. However, for SLBs, such a curve is missing because the manufacturers only
guarantee the use of batteries for the first life (till 80%). Therefore, a Wöhler curve for the
fresh battery is not valid for SLB despite having the same characteristics, e.g., chemistry and
capacity. Moreover, because the interest in SLBs is newfound, the data for ALT for SLBs are
also not easily available. Some researchers [25–28] have conducted aging cycles on retired
battery cells. These datasets are of limited use since the batteries have been subjected to
a narrow set of aging conditions and cannot be used to derive a generalized model. It is
therefore very difficult to generalize a Wöhler curve for different SLB chemistries or even
two different battery packs of the same chemistry. Nissan Leaf Gen 1 battery packs are
evaluated by performing ALT in [29]. In this paper, we use a real-world aging dataset
from [21] to generate a Wöhler curve for LMO+NMC battery cells. The cell characteristics
for the dataset are presented in Table 2. NMC+LMO is one of the most used Li-ion battery
types in EVs, such as Tesla and Nissan Leaf, and a significant percentage of retired EV
batteries will be NMC+LMO. In [21], the authors presented a classic exponential-based
capacity loss model for SLB considering three stress factors: depth of discharge (DoD),
mean state of charge, and C-rate. The capacity loss (Qloss) vs. capacity throughput (Qc) of
three different cells from the SLB pack using the data from [21] is shown in Figure 3. Full
equivalent cycles n can be expressed in terms of Qc by (1).

FEC(n) =
Capacity Throughput
DoD · Rated Capacity

=
Qc

DoD · Crated
(1)

Figure 3. Capacity loss of 3 different NMC+LMO battery cells at C/2 C-rate and constant SoCmean.
(derived from [21]).
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Table 2. SLB cell specifications from [21].

Cell number 18,650

Positive electrode material NMC+LMO

Cell capacity 2.15 Ah (fresh), 1.72Ah (@ 80% capacity)

Nominal Voltage 3.65 V

For Cell 1, Cell 2, and Cell 3, n is 274, 971, and 6285, respectively, till reaching the end
of life (EoL) when capacity reaches 30%. Plotting the n and DoD data, the Wöhler curve is
obtained by fitting an exponential curve, as shown in Figure 4. The coefficients a, b, and c
for the exponential curve fitting in (2) are 2731.7, 0.679, and 1.614. This curve is used in the
DL to model the degradation of BESS.

n = a · DoD−b · ec(1−DoD) (2)

Figure 4. Cycles(n) vs. DoD for 18650 NMC+LMO retired battery.

2.2.2. Battery Degradation Model

EV batteries go through two types of degradation, calendar degradation and cyclic
degradation. Calendar degradation occurs even when the battery is unused. Cyclic degra-
dation, on the other hand, is the degradation caused by the use cycles of the battery when
the battery is charged and discharged [30]. The Wöhler curve derived earlier for the
second-life BESS is used in the DL for the BESS degradation modeling. In this work, it
is assumed that the BESS is placed in a controlled environment where the temperature
and other environment variables are maintained, resulting in minimum calendar degrada-
tion. Calendar degradation is therefore omitted from the battery degradation calculations.
The use of batteries in the grid is relatively less energy intensive as compared with their
use in EVs; therefore, it is possible to use BESS at a C-rate of less than 1 C. Works in [31]
have shown that maintaining a C-rate of less than 1C slows down the degradation of SLB
significantly. In [32], a rare phenomenon of capacity throughput increase for eight retired
lithium manganese oxide (LMO)/graphite pouch cells from Nissan Leaf battery packs was
observed. This is attributed to cycling at lower C-rates and increased temperature. In this
paper, we assume that the BESS operates at a constant rate equal to C/2 until the EoL.
The BESS degradation cost Cdeg in dollars ($) is given by (3), where CCostBESS is the capital
cost of the BESS, n is the number of cycles the BESS is capable of undergoing before the
EoL, and Crated is the initial capacity of the BESS in kWh.



Energies 2025, 18, 3894 7 of 15

Cdeg =
CCostBESS

n
· Crated (3)

The capital cost of BESS fluctuates highly and depends on many variables. In [33],
the authors formulated an economic framework to predict the USD/kW rate of SLBs
until 2050 under various EV uptake scenarios, and the results showed that, in all the
scenarios, the cost of SLB plateaus was around 50 USD/kW. Therefore, 50 USD/kWh is
chosen as the capital cost for BESS in this article. In addition to capital costs, there are
refurbishment, labor, and maintenance costs, which are not considered in this work due to
their high dependency on battery type and location. Practically no BESS experiences the
same DoD at every cycle of its lifetime; rather, it charges and discharges at varied DoD
levels throughout its operation, which makes it difficult to find the fixed n. Therefore,
(3) cannot be implemented in this form. To overcome this problem, a rain-flow counting
algorithm (RCA) [34] is leveraged from the literature, which defines a new dummy variable.
The dummy variable is an intermediate SoCdummy that takes the SoC value during the
discharge operation and the SoC value of a previous step during the charge operation.
Given that n is a function of DoD, where DoD = 1 − SoC, Cdeg is also a function of DoD
and SoC. Mathematically, the dummy variable SoCdummy and Cdeg at each time step can be
written as

SoCdummy = SoCt−1 −
Edischarge

ηdischargeCBESS
· 100 (4)

where Edischarge is the energy discharged and CBESS is the capacity (kWh) of the BESS.

Cdeg = Cdeg(SoCdummy) −

Cdeg(SoCt−1) (5)

The above equation can be revised to express in terms of the actual SoC variable as

Cdeg =

Cdeg(SoCt)− Cdeg(SoCt−1), Discharge

0, Charge
(6)

The above equation is nonconvex, which means that it results in multiple local minima
and increased computational complexity in finding the global optimum. It can be trans-
formed to MILP by splitting SoC into ν segments [35] using a piecewise defined function (7).
Consequently, the modified BESS degradation cost C

′
deg can be written as

C
′
deg(t) ≈

2

∑
ν=1

96

∑
t=1

(Λs(t, ν)Cdeg(SoC + (ν − 1)Υ)+

ψ(ν)SoC(t, ν) (7)

where

Υ = (
SoC − SoC

ν
) (8)

ψ(ν) =

(
Cdeg(SoC + νΥ)− Cdeg(SoC + (ν − 1)Υ)

)
Υ (9)

2

∑
ν=1

96

∑
t=1

Λ(t, ν) = 1 (10)
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SoC +
2

∑
ν=1

96

∑
t=1

SoC(t, ν) + (ν − 1)ΥΛ(t, ν) =

SoC(Echarge(t), Edischarge(t) (11)

0 ≤ SoCν
t ≤ ΥΛνt (12)

Equations (10)–(12) represent the constraints for a piecewise formulation (7). One
segment of the piecewise formulation must be selected at each t, which is made sure by
constraint (10). The piecewise calculations are linked to the BESS actual SoC and dummy
SoCdummy (4) by (11). The lower and the upper bounds for the SoC segment length are given
by (12). Note that SoC in (8)–(12) takes the values of both the actual SoC and SoCdummy

separately while calculating C
′
deg in (7).

2.3. Demand Charge Reduction Modeling

Demand charge makes up approximately 30–70% of an industrial consumer’s bill [9].
It is the part of the electricity tariff that is added on top of the energy consumption charges
and is calculated based on the 15 min peak power demand (kW) in a particular month.
One way to reduce the demand charge part of the electricity bill is to shift the consumer’s
peak load to less load-intensive hours. However, this is not possible in the case of large
industrial loads. A practical solution is to use distributed energy resources (DERs) like PV,
wind, or BESS to meet the peak load. The DCCpast obtained from the ML is fed to the DL
that optimizes the net power imported from the grid and battery charge/discharge power,
keeping the demand charge at a minimum. The DL updates its DCCpresent by selecting the
maximum of the power imported from the grid E+

grid/∆(t) and historical demand charge
from DCCpast once per day, as given in (13).

DCCpresent = max(
E+

grid

∆t
, DCCpast) (13)

Because the optimization problem in the DL is formulated as a minimization (14), the al-
gorithm will try to minimize net grid imports and, hence, the demand charge. An amortized
variable πamortized = π

(γ−d)+1 is introduced in the cost function, where π is the demand
charge tariff (/ kW) of the utility, γ is the billing period that equals 31 days a month, and d
is the scheduling horizon that continues to iterate with every passing day of the month,
increasing as the number of days in the month passes. πamortized optimizes (DCCpresent).
However, the monthly demand charge is decided based on the trade-off with the battery
degradation cost.

2.4. Daily Layer (DL)

The DL has a shorter planning horizon of 24 h with a time step of 15 min. The DL
optimizes a mixed-integer linear programming (MILP)-based cost function for all the
days of a particular month based on the day-ahead load and PV forecast. The his-
torical DCCpast coming from the ML is used in the objective function to decide the
maximum 15 min power imported from the grid. The decision variables for UL are
[E+

grid(t), E−
grid(t), Cdegradation(t), DCCpresent]. All decision variables are computed every

15 min for a total of 96 times per day except DCCpresent.
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2.4.1. Cost Function

The cost function of the DL in (14) is a trade-off between the cost of energy im-
ported/exported to/from the grid, SLBESS degradation cost, and demand charge compo-
nent (DCC).

Cost FunctionDL =

min
D

∑
d=1

((
d+96

∑
t=1

Energy import/export f rom the grid︷ ︸︸ ︷
(E+

grid(t)xsell(t)− E−
grid(t)xbuy(t)) +

second−li f eBESS degradation cost︷ ︸︸ ︷
(C

′
deg(t)) )

+

Demand charge component︷ ︸︸ ︷
(DCCpresent(d)πamortized)) (14)

The decision variables are energy imported from the grid E+
grid(t), energy exported to

the grid E−
grid(t), degradation cost of BESS C

′
deg(t), and current demand charge component

DCCpresent(d).The cost function is calculated 96 times per day for every 15 min interval and
repeated for each of the 31 days of the month.

2.4.2. Constraints

E+
grid(t)η(P.E) + Ppv(t) + Edischarge(t) =

Load(t) + Echarge(t)) +
E−

grid

η(P.E)
∀t (15)

E+
grid(t) ≥ 0, E−

grid(t) ≥ 0 ∀t (16)

E+
grid(t), E−

grid(t) >= M(1 − u1(t)) ∀t (17)

E+
charge(t), E−

discharge(t) >= M(1 − u2(t)) ∀t (18)

0 ≤ Echarge(t) ≤ Prated
BESS∆t ∀t (19)

0 ≤ Edischarge(t) ≤ Prated
BESS∆t : ∀t (20)

SoC(t) = SoC(t − 1) + ηcharge
Echarge(t)

CBESS
100 −

Edischarge(t)
ηdischargeCBESS

100 ∀t (21)

Echarge(t) ≤
SoC − SoCt−1

100
.CBESS ∀t (22)

Edischarge(t) ≤
SoCt−1 − SoC

100
CBESS ∀t (23)

−RR · ∆t ≥ E+
grid(t) ≤ RR · ∆t ∀t (24)

PVpu(t) = 0.92Irr(t)
(1 − ρ∆t)

1000
∀t (25)

The constraint (15) makes sure that generation meets the load at each time step ∆t.
The constraint (16) means that the energy imported/exported from/to the grid is either
0 or positive. Introducing the binary variables u1(t) and u2(t) in the objective function
will make it non-linear. Therefore, the big-M method is used in (17) and (18). These
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two constraints ensure that the battery either charges or discharges and that the energy is
either imported or exported from the grid at each ∆ t. The upper and lower limit of BESS
charge and discharge energy are set in (19), where Prated

BESS is the BESS rated power (kW). The
state of charge (SoC) at each time step is calculated by (21) according to the BESS charge
ηcharge and discharge ηdischarge efficiencies. To ensure that the charge and discharge energy
values of the BESS are within the available energy limits constraint, (21) is used. The grid
ramp rate (RR) in (24) is taken as 100 kW/s, which is the maximum amount of power that
the distribution grid can provide or absorb. This constraint keeps the grid energy limit
within the ramp rate limit. SoC and SoC are the upper and lower state of charge limits,
used as 90% and 30% in this work. The PV panel output is subjected to the constraints of
available power in (25), which is a function of irradiance (Irr) at each time step t. Algorithm
1 shows the complete bi-layer energy management algorithm.

Algorithm 1 BL-EM Algorithm

1: Import load, energy tariff, and PV output data from the previous month.
2: Optimize the peak power import in ML to obtain PML

max.
3: Set DCCpast = 0.8 × PML

max.
4: Feed DCCpast into the DL model.
5: for d = 1 to D do
6: for t = 1 + 96(d − 1) to 96 + 96(d − 1) do
7: Import forecast data [Load(t), PPV(t), Λ(t)] for a horizon of T.
8: Minimize the cost function (14) over the decision vector

{DCCpast, E+
grid(t), E−

grid(t), Cdegradation(t), DCCpresent}, subject to constraints (4)–(12)
and (15)–(25).

3. Results
In this section, the bi-layered energy management algorithm (the optimization al-

gorithm is run on an Intel(R) Core(TM) i5-8350U CPU @ 1.90 GHz, with 16 GB RAM;
the simulation took 8 min and 7 s) is tested for a medium-sized industrial consumer.
The details of the parameters used for the case study are listed in Table 3. The BESS capacity
is 360 kWh and is made up of 12 packs of retired Nissan Leaf generation 2 batteries with an
original capacity of 40 kWh each. Each battery pack considered has 75% of the nominal
capacity, i.e., 30 kWh (30 × 12 = 360 kWh). The PV panel has an installed capacity of
100 kWh. The demand charge tariff considered is from the DTE utility of Michigan’s D11
Primary Supply tariff [22] for industrial consumers that range from 3.56 USD/kW for the
capacity load to 13.33 USD/kW for a non-capacity load. The Real-Time Pricing (RTP) tariff
is taken from an online source from the Singapore electricity market. The industrial load
profile is obtained from a public dataset. Please note that the algorithm can take varied
amounts of time, depending on the load profile, tariff data, and other input parameters.

In Figure 5, the results are plotted for 2 days divided into 15 min periods. Figure 5a
shows the RTP tariff (USD/kWh) and actual load demand (kWh). Figure 5b shows the
solar PV output and the grid’s imported energy. Figure 5c shows the optimal dispatch
of BESS in the DL. The BESS charge and discharge are optimized such that they charge
only at the time of low RTP tariff and discharge at the time of high tariff. The algorithm
also decides the intervals in which the battery remains idle because the degradation cost
Cdeg adds up whenever the battery is charging or discharging. The grid power imports are
managed, so the demand charge tariff remains in check.
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Table 3. Parameters used for the case study.

Parameter Value

PV panel rating [kW] 100 kW

BESS rating [kWh] 360 kWh

BESS no. of battery packs 12

Battery chemistry Li-ion (NMC+LMO)

BESS pack ratings 30 kWh capacity
24 modules
8 cells/module

BESS capital cost [$/kWh] $50/kWh

AC/DC, DC/AC converter efficiency ηPE 98%

BESS charge efficiency ηcharge 98%

BESS discharge efficiency ηdischarge 98%

Demand charge tariff γ [$/kW] 13.33

(a)

(b)

(c)

Figure 5. Results for the first 2 days in the billing period. (a) Forecasted load demand and RTP
tariff, (b) power imported from the grid and PV output, and (c) BESS dispatch and BESS state of
charge (SoC).

It is assumed that the battery degrades equally while charging and discharging.
Figure 6 shows the degradation cost for the first 2 days of the BESS operation. For the
given load, its value comes out to be USD 400.97, which is obtained by summing Cdeg over
each time step for the whole month, which is 2.2% of CCcost of the BESS. In Figure 7, the
algorithm tries to limit the demand charge component (DCCpresent) below the DCCpast

coming from the previous month for 2 days; however, at time step 216, it decides to in-
crease the power imported from the grid to 780 kW to decrease the BESS degradation cost.
The DCCpresent for month 2 is expected to be less than 780 kW.
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Figure 6. Battery degradation cost vs. SoC for the first 2 days of the month.

Figure 7. Evolution of demand charge vs. time.

Figure 8 shows the cost (USD) for energy charges, demand charge, and battery degra-
dation for three scenarios: (1) optimization without the degradation cost (C

′
deg) and demand

charge (DCC) component, (2) optimization without the demand charge component (DCC),
and (3) optimization without both. The results show a 57.3% reduction in demand charges
when DCC is considered. Note that even though, for case 3, the overall energy charges
are less than for case 2, increased battery degradation cost shows that the reduction in
the energy bill is due to the over-utilization of the BESS. This saves the cost in the short
term, but it will result in BESS reaching the end of life sooner than otherwise. With the
consideration of degradation in the optimization, the BESS degradation reduces by 71%.
This percentage is obtained by calculating Cdeg in unmanaged BESS dispatched and in the
BESS dispatch with the proposed framework.

Figure 8. Energy charges, demand charge, and battery degradation cost for 3 cases: without degrada-
tion cost, without demand charge component, without both.

The results show that the BESS provides significant cost savings for industrial con-
sumers in terms of reduced electricity bill and low upfront cost. These results are based on
an LMO+NMC battery, but the mathematical framework can be generalized for any type of
BESS made of retired batteries with available aging data. With increased research interests
in the SLBs, the availability of different SL batteries’ aging data is imminent, which makes
it possible to derive the approximate number of cycles of different types of chemistries.

The few assumptions and limitations of this work are as follows:

1. Since the original data used in the paper were from battery tests at the C/2 rate, we
have assumed that SLBESS operates at the C/2 rate throughout its operation.
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2. The data used for SLB are for three cells. For a better Wöhler curve, more data can be
used in the future.

The full life cycle assessment of a second-life battery, considering refurbishment cost,
maintenance cost, and other costs that are incurred on top of the procurement cost, such as
maintenance cost, is considered in future work.

4. Conclusions
A BL-EM algorithm was developed in this work for industrial consumers’ demand

charge reduction using second-life battery energy storage and PV panels. The degradation
modeling of second-life BESS using real-life aging data in the context of optimization
frameworks is attempted for the first time. The MILP-based optimization algorithm decides
the trade-off between the BESS degradation and the cost savings using a realistic RTP tariff
from the Singapore electricity market and a demand charge from the DTE utility of Michigan
for the calculations. The results show that the BESS undergoes 71% less degradation over
a month and 57.3% reduction in demand changes for the industrial load as compared
with the case where energy management without degradation cost and without a demand
charge component is considered.
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Abbreviations
The following abbreviations are used in this manuscript:

BL-EM bi-layered energy management
EA energy arbitrage
SoH state of health
UL upper layer
ML monthly layer
EoL end of life
DoD depth of discharge
RTP Real-Time Pricing
indices
ν segment index in BESS degradation model
t time index in ML/DL optimization
d day index in DL optimization
parameters
n number of cycles
Qc capacity throughput (Ah)
Crated rated capacity (kWh)
CCostBESS capital cost of battery (USD)
πamortized amortized variable for demand charge
η(P.E) efficiency of power electronic converters
ηdischarge discharge efficiency of BESS (%)
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ηcharge charge efficiency of BESS (%)
SoC upper SoC limit (%)
SoC lower SoC limit (%)
xsell selling cost of electricity (USD/kWh)
xbuy buying cost of electricity (USD/kWh)
M large number used in the big-M method

RR
ramp rate (maximum power that can be imported from the grid over one time step)
(USD/15 min)

CBESS capacity of BESS (kWh)
Irr solar irradiance
variables
Edischarge discharge energy of the battery (kWh)
E+

grid energy imported from the grid (kWh)

E−
grid energy exported to the grid (kWh)

Costdeg degradation cost
DCCpresent demand charge component of the present month (USD)
DCCpast demand charge component of the present month (USD)
SoC state of charge (%)
SoCdummy dummy state of charge
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