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Abstract—The proper disposal and repurposing of end-of-
life electric vehicle batteries are critical for maximizing their
environmental benefits. This study introduces a robust model
predictive control (MPC) framework designed to optimize the
battery discharging process during pre-treatment, ensuring
both efficiency and safety. The proposed method explicitly
incorporates temperature constraints to prevent overheating
and potential hazards. By leveraging a control-oriented equiv-
alent circuit model integrated with thermal dynamics, the
MPC algorithm dynamically adjusts the discharging profile to
maintain safe operating temperatures. Additionally, the robust
controller is designed to account for model mismatches between
the nonlinear battery dynamics and the linearized model,
ensuring reliable performance under varying conditions. The
effectiveness of this approach is demonstrated through simu-
lations comparing the robust MPC method with conventional
discharging strategies, including constant current-constant volt-
age (CC-CV) and constant current-constant temperature (CC-
CT) methods. Results indicate that the robust MPC framework
significantly reduces discharging time while adhering to safety
constraints, offering a promising solution for the recycling and
second-life applications of lithium-ion batteries.

I. INTRODUCTION

Electric vehicles (EVs) have been widely adopted and are
gaining popularity due to their potential to reduce carbon
emissions. However, improper disposal of end-of-life bat-
teries, such as placing them in landfills, diminishes these
environmental benefits and causes new problems, such as soil
contamination and water pollution [1], [2]. In EVs, batteries
are typically retired when their capacity falls below a certain
threshold, usually 70% or 80% of their original capacity [3].
Instead of discarding these batteries, they can be repurposed
as energy storage systems, particularly when paired with
renewable energy sources, for second-life use.

The rising demand for batteries underscores an increasing
focus not only on the production of lithium-ion batteries
but also on extending their lifespan through advanced bat-
tery management systems and recycling after second-life
applications [4]-[6]. Lithium-ion batteries contain valuable
materials, including lithium and high-grade copper and alu-
minum, and may also contain cobalt and nickel, depending
on the active material. To prevent a future shortage of
cobalt, nickel, and lithium and to ensure the sustainable
life-cycle of batteries, it is essential to develop efficient
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recycling technology for lithium batteries [7]. However, to
ensure the safety of battery recycling, particularly during the
disassembly of battery systems and mechanical processes, in-
cluding crushing, sorting, and sieving processes, the first and
fundamental step is to discharge each battery cell thoroughly
[8], [9]. In principle, the lower residual charge capacity in
the cell implies a safer recycling process.

At the same time, controlling temperature during battery
discharge is critical since it relates to safety and stable
discharge performance. On the one hand, maintaining a rela-
tively high temperature during discharge can be beneficial, as
experimental results indicate that higher battery temperatures
during discharge can result in lower residual energy after a
complete cycle [10]. On the other hand, a too-high tempera-
ture during discharging can lead to safety issues. If a lithium-
ion battery is not effectively monitored during discharge,
an external short circuit may occur, leading to a rapid rise
in temperature. When the battery temperature reaches 77
to 121°C, venting and electrolyte leakage may occur [11].
Once thermal runaway begins, the internal structure of the
battery changes, making it unsafe to operate or discharge
[12]. At this stage, the battery must be handled according
to predefined safety measures, as a high current through a
damaged battery can result in an explosion.

Thus, selecting a temperature that is high yet remains
within safe limits is crucial. For battery charging, the CC-CT
(constant current-constant temperature) method is already a
mature approach to maintaining temperature during charging
[13]. This naturally leads us to consider using the CC-
CT method for battery discharging as well, as to control
temperature simultaneously.

Then the primary research problem in battery discharging
becomes balancing the competing objectives of achieving a
lower residual charge capacity and a faster discharge rate.
This challenge is made more difficult by safety requirements,
which require that temperatures stay within specific limits
throughout discharge, and by the uncertainty of initial battery
capacities. These constraints often result in slower discharge
rates and frequent switching between constant current (CC)
and constant voltage (CV) stages, further extending the
discharge duration. Optimizing this process to meet both
speed and safety objectives is therefore a critical area of
focus in both academic and industrial research.

Given the need to balance discharge speed and temper-
ature safety, model predictive control (MPC) is an effec-
tive approach for optimizing battery discharging. MPC is
a constraint-based control method that optimizes control
actions over a finite prediction horizon. It computes the
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optimal control strategy by minimizing a cost function that
penalizes deviations in both future states and control in-
puts, ensuring that states and control signals remain within
predefined constraints [14], [15]. MPC is well-suited for
battery discharging, as it can penalize both process time
and temperature, enabling fast discharge while avoiding
temperature violations to ensure safety. In [16], MPC is
applied with a low-level equivalent circuit model (ECM) to
manage cell-level charging of lithium-ion batteries.

However, to the best knowledge of the authors, there is
limited research on using advanced controllers to battery dis-
charge for safe recycling purpose, with the constant current
method still prevalent in pre-treatment processes [17]. There
is significant potential in exploring methods such as model
predictive control to optimize discharge time while ensuring
safety during the discharging process.

Therefore, the main contribution of this work is presenting
a discharging framework of lithium batteries based on a
robust MPC algorithm to accelerate the entire pre-treatment
process time while ensuring a given temperature constraint
is not violated for safety purposes. The resulting discharging
profile is compared with three benchmark control strategies
namely, CC-CV, CC-CT, and dynamic programming (DP).

The remainder of this article is organized as follows: In
Section II, the cell-level equivalent circuit model is integrated
with thermal modeling to serve as the control-oriented model,
and the modeling procedure is described. Section III presents
the formulation of conventional discharging controllers, in-
cluding CC-CV, CC-CT, DP, and the proposed robust MPC
control. The discharging results of a cell battery using the
proposed method, along with benchmark controllers, are
presented in Section IV. Finally, Section V concludes the
article.

Notation: The real and natural numbers are denoted as R
and N, respectively. Given two integers a, b € N, the integer
range is denoted by Ny, £ {i € N | a < i < b}. The
symbol z(i|k) stands for the predicted value of x based on
the measurement at time k. The measurement value of x
at time instant & is represented as xz(k). A diagonal matrix
with main diagonal elements (ai,---,ay,) is denoted by
diag(ay, - ,ap).

II. MODELING

In this section, the model for controller design purposes is
presented. An equivalent circuit model with a zero-dimension
lumped mass heat equation is adopted as the control-oriented
model.

A. Electrothermal model of battery

The schematic diagram of the system is shown in Fig. 1.
The electrical behavior of the battery cell is modeled using
the ECM, which consists of a voltage source representing the
open-circuit voltage, a resistor R for internal resistance, and
a parallel resistor-capacitor (RC) pair to capture the dynamic
response of the system.

When modeling a battery using an ECM, multiple parallel
RC pairs in series can be used to more accurately capture the
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Fig. 1.
[18].

Tllustration of electrothermal modeling of a lithium-ion battery

time dynamics [19]. This approach is especially beneficial
for improving model accuracy when the system experiences
rapid changes in input current. If the input current varies
slowly or remains relatively stable, the system enters a quasi-
steady state, making transient effects negligible compared to
the overall operation.

Balancing model accuracy with computational efficiency
is crucial when considering model complexity, parameter
estimation, and computational power. In this work, the input
current changes at a relatively low rate during the discharge
cycle, indicating that a single RC pair is sufficient to capture
the system dynamics.

The states used to describe the electrical model are state
of charge SoC(t), voltage over the RC pair V;(t), surface
temperature 7Ts(¢), and core temperature T.(¢). Then, the
electrical and thermal governing equations for a lithium-ion
battery are given as [18]:

dSoC(t) _  I(t)
dt 36000, (1a)
avi(t) Vi) | I(t)
dt ~  RiC4 T c,’ (1b)
dTs(t) Ty = Ty(t)  Ty(t) = T.(t) o
dt R,C, R.C, ) C
dT.(t) _ Te(t) = T(t)  I(1)
i@ RrRC T C. [Vi(t) + RoI(t)], (1d)

where I(t) is the input current, C), is the nominal capacity
of the battery cell, R, and R. are the heat convection
and conduction resistances, respectively, T’ is the ambient
temperature, and Cs and C, are the surface and core heat
capacity, respectively.

The measured system outputs include surface temperature
T,(t) and the terminal voltage V (t). The expression of V' is a
nonlinear combination of system states, and its mathematical
representation is given as

V(t) £ (SoC(t)) + Vi(t) + Rol(t), )
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where (-) represents the open circuit voltage and is a
nonlinear function of SoC.

B. State of energy computation

In this work, one of the key metrics used to evaluate
various discharge strategies is the time required for complete
discharge. The proposed method for determining full bat-
tery discharge involves measuring the extracted energy and
comparing it to the nominal energy capacity. The extracted
energy is calculated as follows:

E,(t) = /0 VoI 3)

where 7 denotes the energy efficiency of the battery.

The nominal energy F,, representing the total energy
stored in the battery, is determined by fully discharging and
charging it to full capacity. The conventional CC-CV method
with a low current can be used for this process [20]:

Ty

0

where T is the time taken to charge the depleted battery to
full capacity. Then, the state of energy (SoE) is defined as

SOE(t) = 1 — E,(t)/En, )

which can be discretized as:

V(k—1)I(k— 1)At
nE, ’

SoE(k) = SoE(k — 1) — (6)
where At represents the sampling time of the system [20].
Considering that the battery used for recycling was previ-
ously installed in an EV with a mature battery management
system, the following assumption is made.

Assumption 1: The value of E,, is assumed to be known
via a mature energy management system (EMS) when im-
plementing the discharging controller for battery recycling.
This assumption aligns with practical applications where
mature EMS platforms reliably provide SoE data for control
purposes.

The value of FE,, is assumed to be known via a mature
energy management system (EMS) when implementing the
discharging controller for battery recycling. This assumption
aligns with practical applications where mature EMS plat-
forms reliably provide SoE data for control purposes.

Let the system states be z(t) = [SoC(t), Vi (t), Ts(t),
T.(t)]T, the input be u(t) = I(t), y(t) = [SoE(t), T.(t)]"
as the system outputs to be controlled, and z(t) 2 [Ty(t),
V(t)]" as the measurable system outputs. The compact form
of the battery model is represented as:

To implement a digital controller for real-time control, the
continuous-time model (7) can be discretized as follows:

w(k +1) = f(x(k), u(k)), (8a)
y(k) = h(z(k), u(k)), (8b)
z2(k) = g(x(k), u(k)) (8¢)

where u(k) ~ u(k - At), k € N.
For controller design purposes, the battery model in (8a)
is linearized at different operating points as:

z(k + 1) = Az(k) + Bu(k) + w(k),
y(k) = h(z(k), u(k)),

where w € W C R® is an unknown but bounded lumped
disturbance that includes model mismatch due to lineariza-
tion and parameter variation. Here, the nonlinear output
is a function of the system states and input. Linearizing
this output could lead to a loss of accuracy, particularly
in capturing the inherent nonlinearities of batteries that are
essential for accurate SoE estimation.

To control the core temperature, it is necessary to design
an estimator to acquire the system state. In this work, a
Kalman filter serves as the state estimator, based on the
measured output z(k). The process noise covariance and
sensor noise covariance are the two design parameters for
configuring this estimator.

(9a)
(9b)

III. CONTROLLER FORMULATION

In this section, we briefly discuss the benchmark con-
trollers, namely CC-CV, CC-CT, and DP. Then, we provide
a detailed formulation of the proposed controller.

A. Conventional approach

1) CC-CV method: Constant current-constant voltage
(CC-CV) discharging remains the most widely used method
for battery pre-treatment. In this method, the battery is
initially discharged at a constant current until it reaches a pre-
defined cut-off voltage. This is followed by a constant voltage
phase, during which conventional feedback controllers, such
as PI controllers, maintain the voltage until the cut-off current
is reached [10]. The battery is considered fully discharged
once the cut-off current value is achieved [20].

2) CC-CT method: The CC-CT controller operates sim-
ilarly to the CC-CV controller, except that the constant
voltage phase is replaced with a constant temperature phase.
Since high temperatures during discharge can reduce residual
energy, selecting the temperature setpoint involves a trade-off
between minimizing remaining energy and ensuring safety.

3) Dynamic programming: When the battery system
model is accurate, an optimization-based method can be
used to compute the control input [21]. In this work, dy-

(t) = fo(x(t),u(t)), (7a) ~namic programming is employed to calculate the optimal

y(t) = ho(x(t), u(t)), (7b) d1scha%rgmg current. proﬁle3 almmg.to minimize the SoE

as quickly as possible while adhering to the temperature

2(t) = ge(2(t), u(t)) (7€) constraint. This approach provides an offline solution to the
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Fig. 2. Proposed control structure for battery discharging.

optimal discharging problem, with the optimal control input
determined by solving the following optimization problem:

Ny, + w1|SoE(Nh|k)|

N if SoE(i|k) > 0

min +wy Y ulilk), (10a)

N,

w3Ny +wq Y u(ilk), if SOE(Nslk) <0
i=0
subject to

x(i+ 1lk) = f(@(ilk), u(ilk)), (10b)
y(ilk) = h(x(ilk), u(ilk)), (10c)
T.(ilk) < Tiax, (10d)
0< U(l|k) < Umax; (10e)
z(0]k) = [SoC(k), V (k), Ts(k), T.(k)] T, (10f)

where N, and Ny represent prediction horizons correspond-
ing to two distinct operational phases of the battery discharge
process, based on the SoE, T},,x is the upper bound of the
core temperature, umax 1S the upper bound of the control
1nput.

B. Proposed approach

In this work, our goal is to achieve rapid battery discharge
while consistently meeting temperature constraints. To this
end, a robust MPC is employed as the controller, and the
entire control structure is illustrated in Fig. 2.

We begin by defining a polyhedral set that encapsulates
the state and input constraints required during the discharging
process as follows:

(x(k),u(k)) € L, (11)

where £ £ {q € R : A,q < b,}. For the linearized system
(9a), its nominal model is given as:
z = AT + Bu, (12)
where  and « are the nominal state and input, respectively.
Let the error between the linearized and nominal system
be ¢ £ x — 7, and design the control action as:

u(k) = u(k) + K(z(k) — z(k)), (13)

where K is the feedback control gain that is selected to
ensure (A+ BK) is a Hurwitz matrix. Then, the dynamics of

the error system between the nominal and linearized systems
become:
e(k+1) = Axe(k) + w(k),

where Ax = (A + BK). In order to design the robust
MPC as the proposed discharging controller, the notation of
a robust positively invariant (RPI) set is introduced first.
Definition 1: For the uncertain system (14), the set R is
a robust positively invariant if AxR & W CR.
Then, if 2(0) € Z(0) ® R, a tighter constraint for the state
and input can be formulated as follows:

(z(k), u(k)) € L,

with £ £ L& (R x KR). By ensuring the tighter constraint
satisfaction of (15) using control input (13), the original
constraint (11) can be ensured and the uncertain system
controlled is robustly admissible [22]. The computation of
the minimal robust invariant set R can be conducted based
on the methods in [23].

In the following, we will design the robust MPC to
compute the control input . With a given desired output
ys = [SoE*, T¥] T, the optimal control policy @ is calculated
by minimizing the following problem at each time instant k:

(14)

5)

N—-1
22in 3 (e = vlDlG +IaGIkIE) . a6
subject to
Z(i + 1|k) = Az(i|k) + Bu(ilk), (16b)
y(ilk) = h(a(ilk), u(ilR)). (160
(@(ilk),u(i|k)) € L, (16d)

Umin <= ﬂ(Z + 1|k) - ﬂ(ZUﬂ) <= Umax, © € N[07N71]7
(16e)
(16f)

At each time instant k, the control input is given as
u(k) = @*(0|k) + K(x(k) — z*(0]k)). The cost function
in (16) penalizes the SoE while taking account of the input
change at each time step.

#(0[k) € 2(0) ® (—R).

IV. RESULTS AND DISCUSSION

To demonstrate the effectiveness of the proposed con-
troller, battery discharging is simulated using the CC-CV,
CC-CT, dynamic programming, and the proposed robust
MPC methods with a high-fidelity Simscape battery model in
MATLAB. The performance of each controller is evaluated
based on the time taken to complete the discharge and the
satisfaction of temperature constraints.

Given that a higher battery temperature during discharge
can enhance energy extraction and reduce residual energy,
the core temperature tolerance is set to 40°C in this study
[10], [24]. For the CC-CT controller, an additional test was
conducted with a temperature tolerance of 35°C, with the
results referred to as CC-CT1 and CC-CT2, respectively. This
comparison is intended to illustrate the trade-off between
discharging time and temperature constraint satisfaction.
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For a fair comparison between the different controllers,
the batteries are assumed to be fully charged at the start of
the simulation, with an ambient temperature of 20°C. The
nominal state of energy is determined through the CC-CV
discharging scheme from a fully charged battery.

For the CC-CV controller, the initial discharging current
is set as 40 A. This constant current discharging process is
followed by a constant voltage stage when the voltage drops
below 3.45 V. The entire discharging process stops when the
state of energy reaches 0. The controller gains are chosen as
Kp = 50 and K[ = 10.

For the CC-CT controller, it starts with the same 40 A con-
stant current phrase, followed by a temperature-maintaining
process using a PI controller with parameters Kp = 60
and K; = 0.0061. The tuning parameters for dynamic
programming are chosen as w; = 10, wy, = 1/10°,
wz = 10, wy = 1/10%, Tipax = 40 and umay = 40, with
a sampling time of 20 s.

For the proposed controller, the robust MPC is formulated
using YALMIP [25], and the optimization is solved using
the Mosek solver. The controller gains are chosen as @ =
diag(10*,10%), and R = 1. The input constraints are chosen
as Umin = —1 and upax = 1. Although the proposed robust
MPC framework works well in the Simulink environment,
its computational efficiency could be improved for real-time
industrial use by rewriting the code in a lower-level language
like C or C++. This would help reduce solver delays and
make it easier to run on embedded systems, making the
approach more practical for large-scale battery recycling
operations.

The discharging performance using four different methods
is demonstrated in Fig. 3, while the discharging time and
constraint satisfaction results are summarized in Table. L.
The figures illustrate the discharging performance in terms of
discharging speed, voltage and current profile, and thermal
behavior.

It can be seen that the DP-based method achieves the
fastest discharging time, however, the core temperature vio-
lates the constraint with the maximum temperature reaching
around 50°C. This is mainly due to the model mismatch
between the plant and the linearized model used when
computing the control input.

The CC-CV method takes the longest time for discharging
and does not ensure the temperature constraint either, since
temperature information is not explicitly considered in this
method. For the two CC-CT-based methods, we can see that
the temperature constraint is violated when the temperature
reference is set as 40°C and the constraint can be satisfied
when a lower tolerance is set. However, this comes at the
cost of a longer discharging time.

The proposed robust MPC-based method, on the other
hand, prioritizes thermal safety, achieving a controlled and
steady energy reduction that outperforms the slower CC-
CT2. From Fig. 3(c) and Fig. 3(d), we can see that the
proposed method dynamically adjusts the current profile
when the core temperature closes to the tolerance value.
There is a safety margin from the temperature threshold of

2468

Authorized licensed use limited to: Chalmers University of Technology Sweden. Downloaded on October 27,2025 at 13:55:44 UTC from |IEEE Xplore. Restrictions apply.



TABLE I
DISCHARGING PERFORMANCE FOR DIFFERENT METHODS

Method Discharge time  Max. temp.  Cons. satis.
CC-CV 4 hrs 3 mins 60.63°C No
CC-CT1 3 hrs 1 min 40.10°C No
CC-CT2 3 hrs 35 mins 35.09°C Yes
DP 2 hrs 28 mins 49.18°C No
Proposed method 3 hrs 6 mins 38.69°C Yes

40°C, demonstrating effective thermal management by the
proposed method.

In Table. I, it can be seen that only the CC-CT2 method
and the proposed method meet the temperature constraints.
The proposed method, however, achieves a faster discharge
time than the CC-CT2 method. Although the discharge
time of the proposed method is slightly longer than that
of the CC-CT1 method, it maintains a lower maximum
temperature within the required limits. In summary, while
the proposed method does not have the fastest discharge rate,
it effectively balances discharge speed and thermal safety,
making it suitable for applications that require both efficiency
and safety in battery recycling.

In addition, the designed control framework can be ap-
plied to more complex battery models, such as multiphysics
pseudo-two-dimensional models [26] or model-integrated
neural network-based models [27]. For these detailed models,
constraints can be imposed directly on safety-related states,
such as maximum temperature and overpotential, to further
increase discharge speed while maintaining safety. Although
the computation time of the proposed discharging framework
increases with model complexity, the improved accuracy
can reduce model mismatches, resulting in less conservative
outcomes. This, in turn, allows for higher temperatures
during discharge, thereby reducing the overall process time.

V. CONCLUSIONS

This study presents a robust model predictive control
framework for the efficient and safe discharging of lithium-
ion batteries during pre-treatment. By integrating temperature
constraints directly into the control strategy, the proposed
method ensures that the battery temperature remains within
safe limits, thereby preventing thermal runaway and potential
hazards. The robust MPC approach outperforms traditional
methods such as CC-CV, CC-CT, and dynamic programming
by achieving faster discharge times while maintaining safety.

The simulation results demonstrate that the proposed
method not only meets temperature constraints but also sig-
nificantly reduces discharging time compared to conventional
methods. Among the methods satisfying these constraints,
the proposed method reduces discharging time by 13.28%
compared to the conventional CC-CT approach. This im-
provement is particularly important for recycling and second-
life applications of EV batteries, as it enhances both the
efficiency and safety of the pre-treatment process.

In this work, we investigate cell-level discharging. Future
research could explore thermal dynamic modeling and bat-
tery discharge at the pack level. Additionally, no current loop

is implemented, meaning the discharge current is generated
directly from the controller’s reference. PWM-based current
control could also be considered in future work.
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