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Abstract 

The integration of renewable energy systems and electrified transportation requires ad-
vanced energy storage solutions capable of providing both high energy density and fast 
dynamic response. Hybrid energy storage systems offer a promising approach by com-
bining complementary battery chemistries, exploiting their respective strengths while 
mitigating individual limitations. This study presents the design, modeling, and optimi-
zation of a hybrid energy storage system composed of two high-energy lithium nickel 
manganese cobalt batteries and one high-power lithium titanate oxide battery, intercon-
nected through a triple dual-active multi-port converter. A nonlinear model predictive 
control strategy was employed to optimally distribute battery currents while respecting 
constraints such as state of charge limits, current bounds, and converter efficiency. Equiv-
alent circuit models were used for real-time state of charge estimation, and converter 
losses were explicitly included in the optimization. The main contributions of this work 
are threefold: (i) verification of the model predictive control strategy in diverse applica-
tions, including residential renewable energy systems with photovoltaic generation and 
electric vehicles following the World Harmonized Light-duty Vehicle Test Procedure 
driving cycle; (ii) explicit inclusion of the power converter model in the system dynamics, 
enabling realistic coordination between batteries and power electronics; and (iii) incorpo-
ration of converter efficiency into the cost function, allowing for simultaneous optimiza-
tion of energy losses, battery stress, and operational constraints. Simulation results 
demonstrate that the proposed model predictive control strategy effectively balances 
power demand, extends system lifetime by prioritizing lithium titanate oxide battery dur-
ing transient peaks, and preserves lithium nickel manganese cobalt cell health through 
smoother operation. Overall, the results confirm that the proposed hybrid energy storage 
system architecture and control strategy enables flexible, reliable, and efficient operation 
across diverse real-world scenarios, providing a pathway toward more sustainable and 
durable energy storage solutions. 

Keywords: hybrid electrochemical energy storage system; power electronics converters; 
Model Predictive Control; lithium-ion batteries 
 

  

Academic Editor: Kaveh Khalilpour 

Received: 3 September 2025 

Revised: 3 October 2025 

Accepted: 10 October 2025 

Published: 16 October 2025 

Citation: Arias, P.; Farrés, M.;  

Clemente, A.; Trilla, L. Model  

Predictive Control of a Hybrid Li-Ion 

Energy Storage System with  

Integrated Converter Loss Modeling.  

Energies 2025, 18, 5462. https://doi.org/ 

10.3390/en18205462 

Copyright: © 2025 by the authors. 

Licensee MDPI, Basel, Switzerland. 

This article is an open access article 

distributed under the terms and con-

ditions of the Creative Commons At-

tribution (CC BY) license (https://cre-

ativecommons.org/licenses/by/4.0/). 



Energies 2025, 18, 5462 2 of 37 
 

 

1. Introduction 
Climate change has become a primary concern for governments and companies, as 

its impacts have only intensified in recent years [1]. The implementation of renewable 
energies has been on the rise; however, the total substitution of non-renewable sources for 
renewables is progressing slower than required to effectively mitigate environmental 
problems. Governments and industries are therefore focusing on expanding renewable 
energy deployment and on exploring both the development of new technologies and the 
improvement of existing ones [2]. One of the most relevant areas of research in this context 
is the energy storage system (ESS), as it is essential for enabling a larger penetration of 
renewables. The ESS allows for the capture of excess energy generated during periods of 
low demand and its release when needed, thus improving the efficiency, flexibility, and 
stability of renewable energy systems [3–5]. 

An important part of current ESS research is directed towards hybrid energy storage 
systems (HESSs), which combine different types of storage devices to maximize the ad-
vantages and applications of each while minimizing their disadvantages [6]. This config-
uration increases the efficiency of the system and can also extend the lifetime of the storage 
elements, such as lithium-ion (Li-ion) batteries, thereby reducing costs [7]. A HESS is gen-
erally composed of a high-energy storage system—which can store and release energy 
over long durations, such as batteries, compressed air energy storage (CAES), pumped 
hydro energy storage (PHES), or fuel cells—and a high-power storage system, which can 
deliver large amounts of power over short durations, such as supercapacitors, supercon-
ducting magnetic energy storage (SMES), or specific high-power batteries. The most com-
mon combinations under investigation involve pairing a high-energy battery with either 
a supercapacitor or a high-power battery [8]. 

In this scenario, Li-ion batteries have emerged as one of the most promising technol-
ogies for HESSs due to their unique combination of high energy density, long cycle life, 
and relatively high efficiency compared to other electrochemical storage devices [9]. Their 
modularity and maturity make them highly adaptable to both stationary and mobile ap-
plications, while their declining costs have accelerated large-scale deployment. Within the 
family of Li-ion batteries, different chemistries can be tailored to specific roles in a HESS. 
High-energy Li-ion batteries, such as NMC (Nickel–Manganese–Cobalt), are particularly 
suitable for providing long-duration energy storage because of their high specific energy, 
enabling them to store and deliver large amounts of energy over extended periods [10]. 
In contrast, high-power Li-ion batteries, such as LTO (Lithium Titanate Oxide), are opti-
mized for fast charge/discharge capability, high power density, and excellent cycle life, 
making them ideal for handling transient peaks or rapid load variations [11]. By combin-
ing these complementary chemistries in a HESS, it is possible to exploit the advantages of 
both; the high-energy cells ensure sustained operation, while the high-power cells manage 
fast dynamics and reduce stress on the high-energy battery, thereby improving system 
efficiency, extending lifetime, and reducing overall costs. Many studies have demon-
strated the effectiveness of such configurations for smoothing renewable energy fluctua-
tions, improving electric vehicle performance and extending battery lifetime [12,13]. 

The best way to exploit the potential of this kind of system is by combining it with 
an appropriate control strategy. Control strategies improve the performance of the system, 
but the choice of the most suitable strategy for the specific configuration is crucial [14]. 
These strategies can be broadly divided into two categories. The first are classical control 
strategies, which are conventional and relatively simple, making them easier to imple-
ment in real-time applications. They are typically based on static rules, which cannot 
adapt well to dynamic conditions and may lead to non-optimal solutions. The most used 
among them are proportional–integral–derivative controller (PID) controllers and rule-
based strategies [15]. The second category includes optimization-based strategies, which 
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minimize a cost function to obtain optimal or near-optimal solutions. While methods such 
as Dynamic Programming (DP) and Pontryagin’s Minimum Principle (PMP) can achieve 
optimal results, they are computationally expensive and not suitable for real-time use [16,17]. 
On the other hand, Model Predictive Control (MPC) and other meta-heuristic strategies pro-
vide close-to-optimal solutions while remaining feasible for real-time operation [18]. As 
highlighted in previous studies, MPC has shown strong potential for hybrid storage systems, 
as it incorporates system constraints and considers system dynamics effectively [19]. 

As seen in Ref. [14], direct comparisons between control strategies can only be made 
with the same system and objectives for each control, which problematizes the possibili-
ties of these comparisons. Also, the high variety of control strategies can make all of them 
the best option for different objectives or for requirements for different types of systems. 
However, in some studies, some of these methods could be compared strictly regarding 
power and SOC values, especially between rule-based and optimization methods, result-
ing, as expected, in the optimization-based method usually having the best solution. 
Based on this idea and considering how the MPC is an optimization-based control and 
how implementation complexity is not a problem for the system, it is a better control op-
tion than most rule-based strategies. Compared to control strategies such as PID, MPC 
appears as a better option regardless of the solution, as it provides an easier way to con-
sider the different variables for the control. 

Usually, in these studies, the model only considers the elements from the storage 
system (battery–battery or battery–ultracapacitor) as the model affected by the control 
strategy chosen, which leads the control having a solution that diverges from the real sys-
tem. In this study, not only are power electronics considered as part of the system but also the 
efficiency associated with the converter is explicitly considered for the control, with the aim of 
this being to achieve the best optimal solution in relation to the real-world system. 

A further crucial aspect of achieving optimal operation in HESSs is the modeling of 
system components. Accurate models are indispensable both for the design of the control 
strategy and for evaluating system performance under realistic operating conditions. In 
particular, battery modeling is a central element, as it provides the basis for estimating 
parameters such as the state of charge (SOC) and the state of health (SOH). Among differ-
ent modeling approaches, the Equivalent Circuit Model (ECM) stands out as a practical 
and reliable method, offering a balance between accuracy and computational efficiency 
[20]. ECM-based models can capture the internal resistance, capacitance, and voltage re-
sponse of batteries, making them particularly suitable for real-time SOC estimation and 
control implementation [21]. 

Additionally, converter modeling plays a fundamental role, since converters are the 
interface between different storage elements and the grid or load. Neglecting the behavior 
of converters can lead to inaccurate performance assessment of the entire system. In particular, 
multi-port converters, such as dual active bridge (DAB)-based topologies, are widely studied 
in hybrid storage systems because of their flexibility and bidirectional power flow capability 
[22]. However, their losses—including conduction, switching, and magnetic losses—must be 
considered in the model to avoid overestimating system efficiency [23]. 

The novelty of this study lies in the combination of a multi-battery HESS composed 
of one LTO and two NMC modules, the use of a triple dual-active multi-port converter 
with explicit loss modeling, and the development of a nonlinear MPC framework. The 
modeling approach includes ECM-based battery models for SOC estimation and con-
verter models with losses, aiming to provide a realistic evaluation of the performance and 
applicability of such systems in real-life scenarios. This approach enables more realistic 
performance assessment and greater operational flexibility across diverse scenarios, set-
ting it apart from earlier contributions in the field. 



Energies 2025, 18, 5462 4 of 37 
 

 

Recent advancements in HESSs have explored nonlinear MPC strategies to enhance 
energy management. For instance, Ref. [24] proposed a fast SOC balancing method for 
Modular Multilevel Converter Battery Energy Storage Systems (MMC-BESSs) based on 
nonlinear MPC, focusing on rapid balancing and computational efficiency. Similarly, Ref. 
[25] developed a nonlinear MPC energy management strategy for hybrid power ships, 
emphasizing working condition identification. However, these studies primarily concen-
trate on SOC balancing and working condition identification without integrating detailed 
converter loss modeling or considering battery stress in the control strategy. In contrast, 
our study introduces a comprehensive approach by incorporating detailed multi-port 
converter models, including conduction, switching, and magnetic losses, into the nonlin-
ear MPC framework. This integration allows for a realistic representation of power flow 
constraints and enables the controller to balance trade-offs between energy efficiency and 
battery stress, which has not been addressed in previous studies. Furthermore, we employ 
ECMs for both NMC and LTO batteries, ensuring accurate SOC estimation and capturing 
realistic battery behavior in simulations. This approach provides a more detailed repre-
sentation of battery dynamics compared to earlier works. By combining these elements, 
our research offers a novel and practical solution for HESS control, advancing beyond 
existing studies in the field. 

The effectiveness of this approach is demonstrated through two representative real-
world scenarios: a residential renewable energy system and an electric vehicle application. 
In both cases, the MPC strategy successfully distributes the power demand among batter-
ies, prioritizes LTO cells during transient peaks to protect NMC health, and considers 
converter efficiency to optimize overall system performance. Quantitative comparisons 
with uncontrolled operation highlight the benefits of the proposed control strategy, in-
cluding improved efficiency, an extended NMC lifetime, and reliable power delivery un-
der dynamic conditions. 

Finally, the modeling approach, which combines ECM-based battery models with a de-
tailed converter description, allows for a more accurate evaluation of system performance and 
provides insights into the trade-offs between efficiency, battery stress, and operational con-
straints. This makes the proposed methodology broadly applicable to various HESS applica-
tions, from stationary renewable energy integration to electrified transportation. 

The research methodology that was used starts with an investigation on the state of 
the art of similar systems and the EMS used, coming to the next step of defining the model 
to be used (both batteries and control strategy); next, all the equations for the MPC were 
established considering the model. After all were defined, the next step was to search and 
determine the cases to be studied, leading to the correct tune of the MPC in order to obtain 
the best results possible. If there were problems with this first batch of results, the model,  
MPC equations, and tuning of this strategy were revised and changed in order to improve 
them, considering the cases. After obtaining good results, the model was improved by 
considering the power electronics involved in the system, leading to new tuning of the 
MPC, considering the level of restriction put on the new variables, and obtaining new 
results. If these new results were not good, the model, MPC, and tuning of the MPC were 
revised and changed to obtain better results. After the results were labeled as good, they 
were discussed and analyzed. In Graphic 1, there is a flowchart that shows this procedure. 

This paper is structured as follows: Section 2 presents the battery modeling approach; 
Section 3 describes the converter model including loss mechanisms; Section 4 details the MPC 
strategy; Section 5 provides numerical validation and case studies; Section 6 presents  the re-
sults; Section 7 presents the discussion of the results and Section 8 concludes the paper. 
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Graphic 1. Flowchart of the research methodology. 

2. Battery Model 
Hybrid storage systems can offer higher efficiency and, especially, higher flexibility, 

since the advantages of each technology can be maximized while their disadvantages are 
minimized. In this study, the two elements of the configuration are Li-ion batteries of dif-
ferent chemistries, as their use is well established in the market and they offer a wide 
range of characteristics suitable for hybridization. Among them, NMC is selected as the 
high-energy device, while LTO is chosen as the high-power device. As mentioned, NMC 
batteries are characterized by their high specific energy and relatively low cost, which 
makes them suitable for supplying energy over longer periods in a stable manner. Con-
versely, LTO batteries are distinguished by their excellent power capability, long lifespan, 
and superior safety, as they can withstand high charge/discharge rates with minimal deg-
radation, making them ideal for handling power peaks and frequent cycling. 

As presented before, the system under study consists of a combination of three bat-
teries/modules: one LTO and two NMCs. This configuration allows NMC to act as the 
primary source for long-duration energy supply, while LTO operates as a buffer to absorb 
rapid fluctuations and protect the NMC from excessive stress, thereby extending the over-
all system lifetime. 

To accurately capture the dynamic behavior of these cells, ECMs are employed. 
ECMs were selected for this study because they provide a balance between modeling ac-
curacy and computational simplicity, which is essential for real-time control. More com-
plex electrochemical models may offer higher fidelity, but they are computationally de-
manding and unsuitable for embedded implementation. Conversely, ECMs are widely 
validated in the literature for SOC estimation, power prediction, and integration into op-
timization-based control frameworks. 

The ECMs used in this work are parameterized from empirical data obtained from 
commercial cells. The selected NMC cell is an LG NMC cell with a nominal voltage of 3.63 
V and a capacity of 4.85 Ah, while the LTO cell is a Hakami LTO cell with a nominal 
voltage of 2.4 V and a capacity of 1.5 Ah. For the model, both NMC cells are assumed to 
be identical and share the same parameter set. The models were coded in C language 
within a MATLAB environment, allowing for seamless integration into the simulation 
framework and direct compatibility with the MPC controller developed in later sections. 

The ECM adopted is a resistive Thevenin model, which includes an open-circuit volt-
age (OCV) source dependent on the SOC and a series resistance (R0) representing internal 
losses. This model structure is sufficiently accurate to replicate the terminal voltage under 
most operating conditions while maintaining a low computational burden. 

The terminal voltage of the battery is calculated as 𝑽ሺ𝒌ሻ ൌ 𝑶𝑪𝑽 − 𝑹𝟎 ∙ 𝑰ሺ𝒌ሻ, (1)

with k being each iteration of the defined discrete time and I being the current in Ampere units. 
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The model is composed as a state space considering the SOC, which is calculated 
with the following equation: 𝑺𝑶𝑪𝜷ሺ𝒌 + 𝟏ሻ =  𝑺𝑶𝑪𝜷ሺ𝒌ሻ −  ∆𝒕 ·  𝜼𝜷𝑸𝜷 ·  𝑰𝜷ሺ𝒌ሻ, (2)

where β = {NMC, LTO} indicates the battery chemistry, ∆t is the discrete time step, 𝑰𝜷 is 
the current of the batteries, 𝑸𝜷 is the nominal capacity of the battery, and 𝜼𝜷 is the Cou-
lombic efficiency. 

It is worth noting that the simplified battery model adopted does not fully capture 
all short-term transients, particularly under highly dynamic conditions, as for example 
the WLTP cycle in electric vehicles. While the simplified resistive Thevenin model 
adopted provides computational efficiency, it does not fully capture all electrochemical 
dynamics. In particular, higher-order models with multiple RC branches can reproduce 
diffusion-related phenomena and voltage relaxation more accurately. This may introduce 
slight deviations in SOC estimation and terminal voltage prediction during rapid acceler-
ations or braking. 

Despite these limitations, the simplified ECM is widely validated in the literature and 
offers a good trade-off between accuracy and computational cost. Therefore, for the pur-
poses of this work, where the MPC controller operates at the system level to manage 
power flows between NMC and LTO batteries, the model provides sufficient fidelity to 
ensure proper tracking of the power demand profile while remaining suitable for real-
time implementation. In particular, the MPC strategy operates on a system-level horizon, 
ensuring correct energy distribution between the NMC and LTO batteries to meet the 
power demand profile. Thus, the potential modeling inaccuracies at very fast timescales 
do not compromise the overall performance of the proposed control approach. 

Therefore, the presented formulation enables the model to capture SOC evolution, 
terminal voltage, and power exchange while maintaining low computational effort, which 
is crucial for real-time operation in the MPC framework. Moreover, the distinction be-
tween NMC and LTO is preserved in the model through their parameterization; NMC 
cells are modeled with higher capacity but lower current tolerance, while LTO cells are 
parameterized with a higher admissible current and lower energy density. In this way, 
the models reflect not only the electrochemical differences but also the functional roles of 
each chemistry within the hybrid storage system. 

All these parameters and variables appear summarized in Table A1 in Appendix A, 
which lists their values, descriptions, and units for clarity. As can be noticed in Table 1, 
which shows the numerical values for the different cases of study, NMC cells have a 
greater capacity than LTO chemistry. 

3. Power Electronics 
The configuration for power electronics requires consideration of the different chem-

istries of the batteries. One of the options used frequently in previous investigations is the 
multi-port converter due to its bidirectional controlled power flow capability, which fa-
cilitates the power exchange between batteries and reduces the number of conversion 
stages compared to using separate converters. 

From this family of converters, the option selected for this system is a two-level triple-
active bridge (TAB), composed of three half-bridges from switches and a high-frequency 
transformer, dividing each battery into different modules. In this configuration, the two 
NMC modules (NMC 1 and NMC 2) are connected to the external ports of the transformer, 
while the LTO is connected to the internal port. This structure makes it possible to 
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efficiently transfer power among the three modules while maintaining galvanic isolation. 
The architecture of the converter implemented in Simulink is shown in Figure 1. 

 

Figure 1. Simplified diagram of the power electronics architecture in Simulink. 

The main advantage of this converter, as expressed before, is the easy transfer of 
power between the modules and batteries, with the additional benefit of compactness 
compared to using several DABs. The LTO, connected to the central port, can absorb or 
deliver fast power variations, while the NMC modules contribute stable energy over 
longer durations. 

From the way the converter works and especially related to the control, it can be simpli-
fied to an equation associating the current from each battery with the required angle φ, which 
is directly related to the power the converter transfers. This formula is expressed as 𝑰𝜷  =   𝑽𝒐𝟒𝒘𝒔 𝑳𝟏 ·  𝝋𝜷 ቆ𝟏 − ห𝝋𝜷ห𝝅 ቇ, (3)

where 𝑽𝒐 corresponds to the LTO voltage, 𝑳𝟏 relates to the different inductors for each 
half-bridge of the converter, with all of them having a value of 330 nH, and 𝒘𝒔  is the 
angular frequency. 

With respect to the angular frequency, it can be calculated by means of the following 
equation: 𝒘𝒔  =  𝟐𝝅𝒇𝒔, (4)

where 𝒇𝒔 is the switching frequency of the converter, which has a value of 50 kHz. It is 
also important to consider that the angle φ is subject to a theoretical constraint that limits 
its value to the range − 𝝅𝟐 to 

𝝅𝟐, which ensures safe and stable operation. All converter 

parameters and variables are summarized in Table A1. 
In addition to the basic power transfer, the efficiency of the converter must be con-

sidered in the model. In real applications, losses arise from conduction in semiconductor 
devices, transformer windings, switching events, and magnetic components. To reflect 
this, an efficiency profile as a function of current and output power is included in the 
model, based on experimental or literature-derived curves. This enables the controller not 
only to determine the power split among the batteries but also to account for the impact 
of converter losses, improving the realism of the optimization process. 

The converter efficiency profile used in this work is shown in Figure 2 and was gen-
erated in version R2024b in MATLAB based on experimental results reported in the 
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literature. In particular, the curve was reconstructed from [26], which provides a detailed 
analysis of bidirectional DC-DC converter efficiency in hybrid energy storage applications. 
In that study, efficiency is expressed as a function of the output current, exhibiting a char-
acteristic shape: lower efficiency at very low currents, a peak between 1 and 2 A, and a 
gradual decrease in efficiency as the current increases further. Accordingly, in this work, 
the efficiency profile reflects the same behavior, with values ranging from 60% to nearly 
90%, and a maximum at approximately 1.5 A. 

 

Figure 2. Converter’s efficiency profile. 

It is important to note that, although efficiency may vary with operating conditions 
such as temperature or switching frequency, a single representative profile has been 
adopted in this study to ensure tractability. This simplification enables the proposed op-
timization strategy to explicitly account for converter performance while maintaining the 
computational efficiency required for control-oriented applications. 

By combining the simplified analytical equation with efficiency modeling, the TAB 
converter representation achieves a good balance between accuracy and computational 
simplicity, which is essential for embedding the converter dynamics into the MPC frame-
work presented in Section 4. 

4. Model Predictive Control 
The optimization of the hybrid battery system must be selected considering the main 

objectives of this study: improving system efficiency and ensuring a high degree of oper-
ational flexibility. As previous studies have shown, the application of any control strategy 
to hybrid storage systems already improves the behavior of the batteries. However, 
achieving the flexibility required is only possible with more advanced optimization-based 
strategies. After evaluating different approaches, MPC was selected as the most suitable 
optimization strategy. 

MPC is an optimization/control method characterized by the use of an objective (cost) 
function that is minimized subject to a set of constraints [27]. The method relies on a pre-
dictive horizon, over which the future behavior of the system is forecast using a state-
space model. At each sampling step, the MPC solves a nonlinear optimization problem 
over a finite control horizon, where the manipulated variables are the battery currents. 
The objective is to minimize the total cost function while satisfying constraints on current 
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limits, SOC bounds, and converter operation. Only the first control action is applied, and 
the optimization is repeated at the next time step in a receding-horizon fashion, allowing 
the controller to anticipate future power demands and disturbances. This approach allows 
the controller to anticipate future events and disturbances, which leads to near-optimal 
solutions at each iteration. Given the nonlinear nature of battery models, a nonlinear MPC 
formulation is employed in this work, providing a more accurate description of the system 
at the expense of increased computational complexity. 

In contrast to linear MPC, which assumes that the system dynamics can be approxi-
mated by linear models, the nonlinear MPC employed in this study explicitly accounts for 
the nonlinear behavior of both the battery and converter models. This is particularly im-
portant for HESSs where cell voltage, internal resistance, and converter efficiency vary 
nonlinearly with current and SOC. By incorporating these nonlinearities directly into the 
optimization problem, NMPC provides a more accurate prediction of system behavior, 
leading to better control performance, reduced battery stress, and improved efficiency 
compared to linear approximation. Although NMPC requires higher computational effort, 
the use of existing optimization solvers facilitates the problem. 

For the hybrid battery system considered here, which consists of three battery mod-
ules (two NMC and one LTO), the MPC optimization is formulated based on the equiva-
lent circuit models introduced in Section 2. The manipulated variables are the currents of 
the three batteries, and the cost function is designed to penalize deviations from the de-
sired current sharing. Specifically, the quadratic cost function is defined as 𝑸𝑯𝑬𝑺𝑺  =  𝝀𝑰𝑵𝑴𝑪𝟏 ·  𝑰𝑵𝑴𝑪𝟏𝟐 +  𝝀𝑰𝑵𝑴𝑪𝟐 ·  𝑰𝑵𝑴𝑪𝟐𝟐 +  𝝀𝑰𝑳𝑻𝑶 ·  𝑰𝑳𝑻𝑶𝟐 , (5)

where 𝑰𝜷 are the battery currents (manipulated variables), and 𝝀𝜷 are the weighting factors 
assigned to each battery 𝜷 = {NMC1,NMC2,LTO}, which are typically tuned empirically. 

It is important to note that, although there are no theoretical values for the weighting 
factors in a MPC problem, certain criteria can be established to properly select their nu-
merical ranges and practical values. According to the literature, small values favor fast, 
aggressive responses to reach targets, while large values promote smoother control ac-
tions and protect actuators. 

In the case of the hybrid battery system, the values of 𝝀𝜷 can be chosen according to 
the desired behavior of each battery. On the one hand, higher weights are assigned to 
penalize the use of NMC modules, thereby limiting rapid current variations. On the other 
hand, lower weights are assigned to the LTO module to encourage its role in absorbing 
peak demands. 

Accordingly, for current weights, values of 5–20 are recommended for NMC modules, 
while 0.2–5 are suggested for LTO modules. This difference reflects the distinct electro-
chemical characteristics: NMC cells are sensitive to current stress, with high charging/dis-
charging currents accelerating degradation, increasing thermal risk, and reducing cycle 
life. Conversely, LTO cells exhibit high power capability and excellent tolerance to high 
C-rates, which allows for lower penalties and more aggressive operation without compro-
mising safety. 

One of the main strengths of MPC is the ability to incorporate constraints directly 
into the optimization problem, which is crucial in battery applications. The first essential 
constraint is the power demand balance, ensuring that the sum of the power delivered by 
the three batteries equals the total system demand, as follows: 𝑷𝑵𝑴𝑪𝟏ሺ𝒌ሻ +  𝑷𝑵𝑴𝑪𝟐ሺ𝒌ሻ +  𝑷𝑳𝑻𝑶ሺ𝒌ሻ  =  𝑷𝑳𝑶𝑨𝑫, (6)

where 𝑷𝜷 are the powers of the three batteries and 𝑷𝑳𝑶𝑨𝑫 is the required power de-
mand at time step 𝒌. Depending on the case study, this equation may also include other 
sources or sinks, such as capacitors or the electrical grid. The power of each battery is 
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computed as the product of its voltage and current, calculated in simulation using the 
ECM-based models. 

As mentioned, limiting the current is necessary to ensure the safe operation of the 
system, in order to avoid possible spikes that could damage the electronic components or 
even the batteries themselves. For this reason, it is common to define minimum and max-
imum current limits for each battery, which are usually specified in the cell manufacturers’ 
datasheets. Thus, the following second set of constraints has been introduced to limit the 
current within safe bounds: 𝑰𝜷𝒎𝒊𝒏 ≤  𝑰𝜷ሺ𝒌ሻ ≤ 𝑰𝜷𝒎𝒂𝒙 (7)

where Iβmin and Iβmax are obtained from the manufacturer datasheets. These limits prevent cur-
rent spikes that could damage power electronic components or accelerate battery degradation. 

Finally, there is a constraint regulating the SOC of the batteries to prevent overcharging 
or deep discharging. This constraint has been formulated by imposing minimum and maxi-
mum SOC bounds, which in practice depend on the battery chemistry and are usually speci-
fied in the manufacturer’s datasheets. This third constraint has been defined as follows: 𝑺𝑶𝑪𝜷𝒍𝒐𝒘 − 𝝐𝜷ሺ𝒌ሻ < 𝑺𝑶𝑪𝜷(𝒌) < 𝝐𝜷(𝒌) + 𝑺𝑶𝑪𝜷𝒖𝒑 (8)

where 𝑺𝑶𝑪𝜷𝒍𝒐𝒘 and 𝑺𝑶𝑪𝜷𝒖𝒑 are the allowable SOC boundaries for each chemistry, 
and 𝝐𝜷(𝒌) are slack variables that allow for temporary, controlled violations of the SOC 
constraints. These slack variables are incorporated into the cost function as 𝑸𝒔𝒐𝒇𝒕 =  𝝀𝒔𝒐𝒇𝒕, 𝜷 ·  𝝐𝜷𝟐  (9)

where 𝝀𝒔𝒐𝒇𝒕,𝜷 are weights penalizing the violation of SOC bounds. This approach, com-
monly known as soft constraints, ensures that the optimization problem remains feasible 
even under dynamic and unexpected conditions, while discouraging operation outside 
the safe limits. 

For this constraint, the weighting factors 𝝀𝒔𝒐𝒇𝒕, 𝜷 are substantially higher compared 
to the current ones, with recommended ranges of 10–100 for NMC and LTO. This reflects 
the critical nature of SOC limits. NMC modules have a narrow safe operating window 
(typically 10–90%), so violations are heavily penalized to prevent degradation and safety 
hazards. LTO modules have a wider safe operating window and can tolerate deeper cy-
cling, allowing for lower penalties while still discouraging violations. 

The final optimization problem solved at each time step 𝒌 over the control horizon 𝑵𝒄 is formulated as 

𝐦𝐢𝐧 ෍ 𝑸𝑯𝑬𝑺𝑺(𝒊) + 𝑸𝒔𝒐𝒇𝒕(𝒊)𝒌ା𝑵𝒄ି𝟏
𝒊ୀ𝒌  (10)

This formulation balances two main objectives: (i) performance, by penalizing devi-
ations in current distribution across the batteries, and (ii) safety, by ensuring that SOC and 
current constraints are satisfied as much as possible. By embedding both aspects, the MPC 
strategy ensures safe, efficient, and robust operation of the hybrid storage system while 
adapting to disturbances, uncertainties, and highly dynamic power demand conditions. 

Therefore, the problem formulation is based on solving Equation (10) while ensuring 
that all previously defined constraints are satisfied. As mentioned, the manipulated vari-
ables are the battery currents, which, through the ECMs introduced in Section 2, allow for 
the prediction of the evolution of the SOC and terminal voltage. These terminal voltages 
are then used to calculate the powers involved in the presented optimization problem. 
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Thus, at each sampling step, an optimal current value is obtained for each battery in the 
HESS, minimizing the cost function while respecting all operational constraints. 

Several assumptions are considered in this formulation. First, the battery and con-
verter models accurately represent the system dynamics over the prediction horizon. Sec-
ond, all operational limits, including current, SOC, and converter constraints, are known 
and deterministic. Third, the optimization problem assumes perfect measurement of the 
battery states at each step, allowing the controller to update predictions and compute the 
optimal currents in real time. 

For numerical implementation in this work, the nonlinear MPC problem is solved in 
MATLAB/C using the fmincon solver, which handles the nonlinear constraints and pro-
vides the optimal battery current profiles. To improve convergence and computational 
efficiency, the solver quadprog is used to compute an initial approximation of the solution 
by solving a related quadratic problem. This combination ensures that the optimization is 
both accurate and computationally tractable for real-time simulation. 

All MPC parameters and variables are explained and summarized in Table A1. With 
respect to the values of parameters such as the weights or bounds, they have been defined 
depending on the case of study presented in the next section. 

5. Cases of Study 
For the evaluation of the performance of the system selected, and to analyze the 

chemistries of the batteries, architecture of the system, and chosen control strategy, this 
system needs to be evaluated in real-time scenarios. Considering the main applications of 
storage systems, the best way to prove the effectiveness of this system is by proving it 
regarding electric vehicles and renewable energy systems; thus, two different cases cen-
tered on these applications were chosen for this study. 

The first case is about a renewable energy system composed of a photovoltaic system 
and a grid in addition to the storage system, while the second case is about an electric 
vehicle with its demand based on the Worldwide Light Vehicles Test Procedure (WLTP). 

All the analyses were carried out in simulation, with the entire system implemented 
in code C. In the simulations, the batteries are represented by a single module—in the case 
of the LTO, composed of six cells in series, and in the case of the NMC, composed of four 
cells in series—in order to provide a higher energy storage capacity. 

For the case studies presented, where real data from different sources have been con-
sidered, the power demand has been scaled to match the limited capacity of the modeled 
NMC and LTO cell modules. This approach was selected to facilitate the analysis and to 
illustrate the operation of the proposed HESS in the applications mentioned. It is worth 
noting, however, that in real implementation the correct dimensioning of the number of 
cells and modules is a crucial step to ensure that both power and energy demands are 
satisfied. In such cases, the constraints defined in the control strategy could be linearly 
scaled when moving to kW-range systems, while other parameters, such as the weights, 
may remain unchanged as they reflect relative priorities among system variables. None-
theless, fine adjustment of these weights may be advisable in practical large-scale appli-
cations to guarantee the desired balance between performance, safety, and efficiency. 

The strategy followed by the MPC control revolves around the characteristics of the 
chemistries of the batteries, as the LTO is encouraged to be the main supplier while it is 
preferred for the NMCs to be constant regarding their power supply. This way, the NMC 
is protected from the power and current peaks and is able to improve its lifespan. 

The physical characteristics of the converter and battery modules are summarized in 
the following Table 1. As can be noticed, the batteries are defined by a maximum current 
of 14.55 A for NMC and 12 A for LTO and a safe range of SOC values between 0.1 and 0.9. 
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These values have been chosen considering the datasheets of the commercial cells LG 
NMC and Hakami LTO, whose ECMs have been obtained using experimental data. 

Table 1. Physical parameters of the converter and NMC and LTO modules. 

Variable Value Units ∆𝐭 1 S Q୒୑େ 4.453 Ah Q୐୘୓ 1.5 Ah η୒୑େ 0.95 - η୐୘୓ 0.9 - I୒୑େ୫୧୬ −14.55 A I୒୑େ୫ୟ୶ 14.55 A I୐୘୓୫୧୬ −12.99 A I୐୘୓୫ୟ୶ 12.99 A SOC୒୑େ୪୭୵ 0.1 - SOC୒୑େ୳୮ 0.9 - SOC୐୘୓୪୭୵ 0.1 - SOC୐୘୓୳୮ 0.9 - Lଵ 330 nH fୱ 50 kHz 

5.1. CASE A: Renewable Energy System 

As previously stated, the first case evaluates the performance of the HESS within a 
renewable energy system composed of the storage system and a photovoltaic (PV) system 
connected to the electric grid and with the objective of supplying the power demand ex-
pected from a household. The demand profile used for this case comes from the CREST 
Demand Model, a stochastic integrated thermal–electrical domestic demand simulation 
tool developed by Eoghan McKenna and Murray Thomson [28]. This model simulates 
power demand based on the average electricity consumption of 15,000 households in the 
United Kingdom while also providing the corresponding PV generation profile from the 
same stochastic simulation tool. 

For this study, the demand profile corresponds from a typical day in June near the 
city of Birmingham and represents the electrical consumption of a single household over 
one weekday and one week. For simplicity, all weekdays (Monday to Friday) are assumed 
to follow the same demand profile, while Saturday and Sunday are assigned different 
demand patterns. 

The household power demand and PV generation profiles for weekdays are shown 
in Figures 3 and 4, respectively. 

From Figure 3, the profile of the power demand for all 24 h can be divided into five 
time periods which correspond to different levels of activity and occupation inside the 
house. This time periods correspond to the following: 

- Early morning (00–06 h): The power demand is at its lowest, close to the baseline 
consumption from the stand-by appliances. 

- Morning (06–10 h): The consumption increases around 1–1.5 kW, as there is also an 
increase in the use of the appliances and lightning from their morning routines. 

- Midday (10–16:h): There is a decrease in consumption as there is a decrease in the 
activity and occupation in the household. The consumption happens to be a little 
over the one registered in the early morning 

- Afternoon–Evening (16–21 h): In this period, the household is considered to be in peak 
activity and occupation, characterized by the biggest peaks (3.5 kW) in electricity. 



Energies 2025, 18, 5462 13 of 37 
 

 

- Night (21–24 h): The power demand is still very high (between 0.5 and 1.5 kW) and 
decreases in time as people go to bed. 

 

Figure 3. Weekday household power demand profile. 

These periods can be divided as two of them being low demand and three being high 
demand, alternating during the day and corresponding to the usual activity in a house-
hold, being at its highest between the afternoon and the night. 

Figure 4 presents the PV power generation profile for a weekday for the same 24 h as 
the power demand. The generation starts shortly after sunrise (between 6 and 7 h), in-
creasing until it reaches its peak at midday and early afternoon (between 0.6 and 0.8 kW 
for all these hours) and starts to fall at 17 h until 18:30 when it reaches 0 kW. 

 

Figure 4. Weekday household PV generation profile. 

Combining both profiles, there is a clear mismatch between both of them; the highest 
power demand revolves around the hours when there is lower or no photovoltaic gener-
ation. The main objective of the storage system is to balance this supply and demand. 
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For this particular case, the power demand has been scaled to a maximum of 100 W 
to ensure that the different modules can supply most of the required energy. In addition, 
the grid has been considered as a supporting element. Figure 5 presents the scaled power 
demand profile, calculated as the difference between the household electricity demand 
and PV power generation. As can be observed, the profile shows a negative demand be-
tween 12:00 h and 18:00 h, resulting from low household consumption during these hours 
combined with maximum PV generation. 

 

Figure 5. Scaled weekday household power demand considering PV generation. 

In this case, there is also the validation of the system from the power demand of the 
entire week, which spans from a Monday at 0 h to a Sunday at 23:59 h. To simplify the 
analysis, the weekdays are considered to have the same power demand and PV genera-
tion, while the two days of the weekend present different ones higher than those of the 
weekdays, as the activity inside the house is usually higher than during the weekdays. 
This power demand and PV generation can be seen in Figures 6 and 7. 

 

Figure 6. Household power demand profile for a week. 
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Figure 7. Household PV generation profile for a week. 

Similar to the weekday, the power demand has also been scaled to ensure that the 
problem can be addressed using the characteristics of the battery modules—still the same 
as previously, six cells for the LTO and four cells for the NMC. Specifically, the maximum 
power demand over any given time interval has been normalized to 100 W, whereas the 
actual peak demand was 2956 kW for a weekday and 8483 kW during Sunday. 

Figure 8 presents the scaled power demand profile, calculated as the difference be-
tween the household electricity demand and PV power generation. 

 

Figure 8. Scaled household power demand considering PV generation for the week. 

As stated previously, the strategy is to preserve the NMC’s health, using the LTO as 
the main provider of power. This strategy is followed by the weights of the MPC, espe-
cially the current weight values for every battery, as its values are 𝜆ூேெ஼ଵ = 10, 𝜆ூேெ஼ଶ = 15 
and 𝜆௅்ை = 1; the lower the value of the weight is, the less restrictive on its use it is. The 
SOC also is restricted by the different weights that appear in Table 2, still enforcing the 
restriction on the NMC cells. The other parameters are summarized in the same table. 

Table 2. Constraints and weights parameters of the MPC formulation for Case A. 

Variable Value Units 𝐼ேெ஼௠௔௫ 14 A 𝐼௅்ை௠௔௫ 12 A 𝑆𝑂𝐶ேெ஼௟௢௪ 0.1 - 𝑆𝑂𝐶ேெ஼௨௣ 0.9 - 
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𝑆𝑂𝐶௅்ை௟௢௪ 0.1 - 𝑆𝑂𝐶௅்ை௨௣ 0.9 - 𝜆ூேெ஼ଵ 10 - 𝜆ூேெ஼ଶ 15 - 𝜆௅்ை 1 - 𝜆ௌை஼,ேெ஼ଵ 25 - 𝜆ௌை஼,ேெ஼ଶ 15 - 𝜆ௌை஼,௅்ை 10 - 𝑆𝑂𝐶ேெ஼ଵ(0) 0.8 - 𝑆𝑂𝐶ேெ஼ଶ(0) 0.7 - 𝑆𝑂𝐶௅்ை(0) 0.8 - 

5.2. CASE B: Electric Vehicle 

This second case evaluates the system as the energy storage system of an electric ve-
hicle, studying its operation under the Worldwide Harmonized Light Vehicles Test Pro-
cedure (WLTP). The WLTP Class 3 cycle is selected, as the power-to-mass ratio related to 
this cycle (greater than 34 W/kg) is the standard for the majority of passenger cars cur-
rently in the market. 

This driving cycle is divided into four phases, each defined by a different speed 
range: 

- Phase 1 (low): 0–56 km/h; 
- Phase 2 (medium): 0–76 km/h; 
- Phase 3 (high): 0–97 km/h; 
- Phase 4 (extra high): 0–137 km/h. 

The power demand required by the electric vehicle is derived from its speed profile 
and the combination of forces acting on the vehicle, including rolling resistance, aerody-
namic drag, grade resistance, and acceleration resistance, and these can be seen in Figure 
9. This kind of cycle allows for the system to be evaluated in both low- and high-power 
demands, analyzing its performance across a wide range of conditions. 

 

Figure 9. WLTP power demand profile for an EV. 

As seen in the previous case, the power demand is also scaled as seen in Figure 10; 
in this case, the maximum considered is 20 W while maintaining real-life behavior. Con-
sequently, the results obtained from this scaled case remain representative of real driving 
conditions and allow for a realistic assessment of the MPC strategy under vehicle opera-
tion scenarios. 
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Figure 10. Scaled WLTP power demand profile for an EV. 

In this study case, similar current weights for the NMC batteries have been selected, 𝜆ூேெ஼ଵ = 10, 𝜆ூேெ஼ଶ = 7. With respect to the LTO, the weight chosen is 𝜆௅்ை = 5, prioritizing 
its higher contribution and penalizing the use of NMC more strongly. The SOC also is 
restricted with the same weights as the previous case, Case A. Other parameters such as 
initial SOC are summarized in Table 3. 

Table 3. Constraints and weights parameters of the MPC formulation for Case B. 

Variable Value Units 𝐼ேெ஼௠௔௫ 14 A 𝐼௅்ை௠௔௫ 12 A 𝑆𝑂𝐶ேெ஼௟௢௪ 0.1 - 𝑆𝑂𝐶ேெ஼௨௣ 0.9 - 𝑆𝑂𝐶௅்ை௟௢௪ 0.1 - 𝑆𝑂𝐶௅்ை௨௣ 0.9 - 𝜆ூேெ஼ଵ 10 - 𝜆ூேெ஼ଶ 7 - 𝜆௅்ை 5 - 𝜆ௌை஼,ேெ஼ଵ 25 - 𝜆ௌை஼,ேெ஼ଶ 15 - 𝜆ௌை஼,௅்ை 10 - 𝑆𝑂𝐶ேெ஼ଵ(0) 0.9 - 𝑆𝑂𝐶ேெ஼ଶ(0) 0.8 - 𝑆𝑂𝐶௅்ை(0) 0.92 - 

6. Numerical Results 
The results shown in the following subsections for the different study cases have been 

obtained from simulations in C code made in MATLAB. An exploration of different 
weights for efficiency was undertaken, and a comparison between the systems with and 
without control was made. 

6.1. CASE A: Renewable Energy System 

For the first results, the efficiency weight is 0.075, which is a very low value as the 
first approach of the system. The power delivered by each battery considering all the 
weights is shown in Figure 11. 
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Figure 11. Optimized power distribution for a weekday (Monday to Friday). 

As can be noticed in Figure 11, the power dynamics correspond very clearly to the strat-
egy approach set on the MPC, as the LTO is the main supplier and the most variable, while 
the NMC has a more constant approach. The grid is only used as a support until nearly the 
end when the batteries are at their lowest level of energy and become the main provider. 

This can be seen in Figure 12, depicting the evolution of the SOC, starting with all 
batteries being discharged on different levels, with the NMC2 reaching its minimum (0.1). 
The first peaks of power demand occur in the morning; then, they are charged, matching the 
low demand and high photovoltaic generation during midday until they become discharged 
again as a result of the high demand that occurs during the afternoon and night. All of these 
arriving to the minimum of 0.1 and require the grid to supply the majority of the power. Vis-
ually, there is a clear difference between the LTO and NMCs batteries, as the latter have a 
smoother charge and discharge profile, coinciding with more constant behavior. 

 

Figure 12. Optimized SOC profile for a weekday (Monday to Friday). 
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In Figure 13, the current profile from all the batteries is similar to the power profile, 
as the LTO presents the most fluctuations while the NMCs are very similar. As said pre-
viously, efficiency is not considered a priority in these results, as Figure 14 can show the 
efficiency of the three batteries. To better analyze this variable, the mean value was calcu-
lated, showing the following results: 66.65% for NMC1, 69.81% for NMC2, and 66.64% for 
LTO. All the efficiencies are lower than 70%. 

 

Figure 13. Optimized current distribution for a weekday (Monday to Friday). 

 

Figure 14. Efficiency from the three batteries for a weekday (Monday to Friday). 

To illustrate how the proposed optimization strategy accounts for the different 
weights and see the low results from the previous efficiency calculations, a new simulation 
was carried out by increasing the efficiency weight in order to assess the potential im-
provement while still meeting the power demand. In this case, a value of 0.5 instead of 
the previous 0.075 was chosen. 

Figure 15 shows the new power profiles of the batteries and the grid, where it can be 
seen that the behavior is quite similar to the previous case, as expected. On the one hand, 
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regarding the batteries, they exhibit many more fluctuations, with the main objective of 
maintaining a current close to 2 A, which is optimal for maximizing efficiency. Similar to 
the previous simulation, the grid becomes the main provider at the final hours. 

 

Figure 15. High-efficiency optimized power distribution for a weekday (Monday to Friday). 

The behavior of the SOC, seen in Figure 16, happens to be very similar to the previous 
simulation, with a first discharge in the morning, a charge in the afternoon, and a final 
discharge during the late afternoon and night. The only clear difference is that there are 
high fluctuations, especially concerning the SOC, as the current tries to reach the most 
efficient values (between 1 and 2 A or −1 A and −2 A). 

 

Figure 16. High-efficiency SOC profiles for the three batteries for a weekday (Monday to Friday). 

Similarly to Figures 15 and 16, Figure 17 depicts a current profile demonstrating that the 
current fluctuates significantly, oscillating between approximately 1 and –1 A for the NMC 
and between −2 A and 2 A for the LTO. This behavior reflects the controller’s continuous effort 
to keep the operating point within the region that maximizes converter efficiency. 
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These oscillations, while necessary for the increase in efficiency, may introduce addi-
tional stress on the batteries, potentially affecting their aging and long-term reliability. 
Therefore, these results highlight an important trade-off: optimizing efficiency by main-
taining the current near its most favorable operating range inevitably leads to higher 
short-term fluctuations in current profiles. 

To better illustrate the connection between the theoretical formulation and the ob-
tained results, it is important to quantify the effect of changing the efficiency weight in the 
cost function. When the efficiency weight was increased from 0.075 to 0.5, the average 
efficiency of the modules improved markedly: from 66.65% (NMC1), 69.81% (NMC2), and 
66.64% (LTO) in the baseline case to 81.25%, 81.60%, and 85.37%, respectively. This repre-
sents an efficiency gain of more than 10% across all modules. However, this improvement 
was achieved at the expense of more pronounced current oscillations, particularly for the 
LTO module, where the current varied within ±2 A as the controller actively sought the 
operating points associated with higher converter efficiency. This result highlights the 
theoretical trade-off introduced in the cost function between maximizing efficiency and 
minimizing current stress to preserve battery lifetime. By adjusting the weighting factors, 
the MPC strategy allows for explicit navigation of this trade-off, demonstrating both the 
flexibility of the control design and its direct correspondence to the theoretical optimiza-
tion problem. 

 

Figure 17. High-efficiency current profiles for the three batteries for a weekday (Monday to Friday). 

Figure 18 shows the efficiency profile of the three batteries, with the mean values for 
each battery being 81.25% for NMC1, 81.60% for NMC2, and 85.37% for LTO, more than 
10% higher than the previous simulation. 

This improvement clearly demonstrates the impact of assigning a higher weight to 
the efficiency criterion within the optimization framework. By prioritizing efficiency, the 
system effectively shifts its operating point to regions where the converter performs opti-
mally, even if this results in more fluctuating current profiles, as shown previously. Fur-
thermore, the results highlight the flexibility of the proposed strategy; by adjusting the 
weighting factors, it is possible to emphasize different objectives, such as efficiency, bat-
tery lifetime, or grid support, depending on the requirements of the application. 
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Figure 18. High-efficiency profiles for the three batteries for a weekday (Monday to Friday). 

To emphasize the necessity of a control strategy, a simulation was performed without 
any type of control. In this scenario, it is assumed that the total power demand is simply 
divided among the four supply elements (the two NMC batteries, the LTO battery, and 
the grid). Figure 19 shows that the SOC of the batteries, specially the LTO, becomes dis-
charged very quickly, even reaching values below 0, which means that this system could not 
be implemented in real life without a control. As seen, the implementation of the control strat-
egy ensures safe, efficient, and reliable operation by maintaining the SOC within realistic 
bounds while simultaneously balancing power demand among the available resources. 

 

Figure 19. SOC profiles in the non-control case during a weekday (Monday to Friday). 

The uncontrolled case further reinforces the necessity of explicitly including the SOC and 
current constraints in the MPC formulation. Without a control, the LTO module rapidly over-
discharges, even reaching infeasible negative SOC values, which are physically unrealistic and 
would cause permanent battery damage in practice. In contrast, the MPC formulation ensures 
that such violations are avoided by enforcing the theoretical constraints at each step of the 



Energies 2025, 18, 5462 23 of 37 
 

 

optimization. This comparison highlights how the theoretical framework directly translates 
into safe and feasible system operation in realistic scenarios. 

After this first approach to the renewable energy system (RES), we performed a sim-
ulation regarding the power demand from the entire week. In this case, efficiency is not 
considered to be a priority, so the weight is 0.075. 

Figure 20 shows the power profiles of the batteries and the grid. Similar to the results 
obtained from the one-day simulations, the LTO is the main power source, especially for 
the peaks, while the NMCs are more constant regarding their power supply. The grid also 
becomes the main provider by the last day of the week. 

 

Figure 20. Optimized power distribution for an entire week (Monday to Sunday). 

Figure 21 shows the SOC profiles of the batteries. During weekdays, the behavior is 
largely consistent and very similar to that of the previous simulations, with the batteries sup-
plying energy during the late hours of the day when demand is highest and storing energy 
during the morning and afternoon. This is the main difference from the one-day approach, as 
the first discharge observed previously does not happen. All three batteries reach their lowest 
SOC values near the 0.1 limit defined in the optimization problem on Sunday, when the high-
est power demand peaks occur and the grids become the main provider. 

 

Figure 21. SOC profiles for the three batteries for an entire week (Monday to Sunday). 

As said previously, efficiency is not considered a priority in these results, as Figure 
22 can show the efficiency of the three batteries. The results of the mean values are 62.66% 
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for NMC1, 63.82% for NMC2, and 64.63% for LTO, with all the efficiencies being lower 
than 70% and between 2% and 6% lower than the one-day simulations’ efficiencies. 

 

Figure 22. Efficiency profiles for an entire week (Monday to Sunday). 

As expressed previously, the results are very similar to the ones in the first simula-
tion. These results confirm that the control strategy effectively balances the load among 
the batteries and the grid, prioritizing LTO for peak handling while preserving NMC 
health. The approach ensures system reliability over extended periods, manages battery 
degradation, and maintains a predictable power delivery profile, demonstrating the ro-
bustness of the MPC strategy across both single-day and week-long demand scenarios. 

6.2. CASE B: Electric Vehicle 

In this case, efficiency is also not considered a priority, with its weight being 0.075. 
The power delivered by each battery considering all the weights is shown in Figure 23. 

 

Figure 23. Optimized power distribution for the WLTP power demand profile for an EV. 

The results align with the MPC strategy, as the LTO seems to be the one delivering 
the peaks and the fluctuations in power from the demand while the NMCs have a more 
constant power profile until the final part of the simulation when all the batteries experi-
ence big fluctuations because of the high-power demand peaks. In general, the MPC cor-
rectly balances the batteries in order to not cause greater stress in one of them while still 
following the strategy from the weights. 

As can be observed at the end of the WLTP cycle in Figure 23, the batteries reach a 
deep discharge with significant power fluctuations. Regarding the SOC, Figure 24 shows 
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that all batteries reach values below the minimum SOC defined in the optimization prob-
lem. This occurs because, in this scenario, the system sizing is insufficient to fully meet the 
vehicle’s power demand under normal operating conditions. 

Nevertheless, the demand profile has been maintained to illustrate the operation of 
the MPC, which prioritizes meeting the required power demand even when SOC con-
straints are temporarily exceeded. For longer WLTP profiles, it would be necessary to ap-
propriately rescale the system to ensure that the power demand can be fully satisfied 
while keeping the SOC within safe operational limits. 

 

Figure 24. SOC profiles of the three batteries for the WLTP power demand profile for an EV. 

The current profile, shown in Figure 25, has the same dynamics as the power profile 
shown in Figure 23. 

 

Figure 25. Current profiles of the three batteries for the WLTP power demand profile for an EV. 

Finally, the efficiency of the batteries is shown in Figure 26. As expected, the LTO 
module exhibits greater variability, consistent with its role as the main buffer for transient 
loads, while the NMC modules generally operate more smoothly. The NMC 2 seems to be 
the battery with the highest efficiency. 
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Figure 26. Efficiency profiles of the three batteries for the WLTP power demand profile for an EV. 

7. Discussion 
The results confirm the hypothesis that combining two NMC batteries with one LTO 

battery under an MPC control framework can significantly enhance the efficiency, flexi-
bility, and reliability of HESSs. In both case studies, the control strategy ensured that the 
power demand was satisfied while respecting the operational limits of the SOC and cur-
rent. This demonstrates that the system design can be adapted to distinct applications, 
from renewable energy integration to electric mobility. 

In the renewable energy case, the results showed that the LTO acted as the main pro-
vider of variable power, compensating for peaks in household demand, while the NMC 
modules supplied energy more smoothly. This division of roles aligns with the working 
hypothesis: LTO is well suited for transient loads due to its fast charge/discharge capabil-
ity, while NMC performs better under steady conditions, thereby reducing its degradation 
rate. Importantly, the strategy prevented unsafe SOC levels, in contrast to the uncon-
trolled scenario where the LTO module was discharged beyond acceptable limits. These 
results are consistent with previous findings that hybrid storage enhances stability and 
lifetime compared to single-chemistry approaches. 

The efficiency results highlight a critical trade-off. When efficiency was not priori-
tized, the average efficiency of all modules remained below 70%. Increasing the efficiency 
weight in the optimization improved mean values to above 80% but introduced higher 
current fluctuations. This suggests that system operators can tailor the MPC to prioritize 
either battery lifetime or converter efficiency depending on the application. Such flexibil-
ity reinforces the value of MPC in hybrid systems, as also suggested in recent studies. 
However, the observed current oscillations also indicate potential implications for battery 
aging, which must be considered in future work. 

In the electric vehicle case, the system successfully handled the WLTP demand cycle, 
with the LTO absorbing transient peaks and the NMCs maintaining smoother power de-
livery. This confirms that the same control framework can be extended to highly dynamic 
scenarios. Nevertheless, by the end of the cycle, the batteries approached deep discharge, 
showing the importance of initial SOC levels and system sizing. These results underline 
that, while the control strategy ensures safe operation, long-range driving applications 
may still require scaling the system or introducing additional storage components. 
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Overall, the findings place this work in line with previous research while extending 
it in several ways: (i) the explicit consideration of converter efficiency in the control for-
mulation, (ii) the use of a multi-battery architecture instead of the more common battery–
supercapacitor pairing, and (iii) validation across two very different but realistic scenar-
ios. The flexibility of the strategy demonstrates that MPC can adapt priorities between 
efficiency, safety, and performance, depending on the needs of the application. 

Future research should extend the present work in several directions, such as incorporat-
ing aging and thermal models into the optimization to better predict lifetime effects; validating 
the approach in real-time embedded platforms; and scaling the system to higher power levels, 
including different combinations of chemistries. Such studies would consolidate the practical 
feasibility of hybrid Li-ion storage managed by converter-aware MPC. 

8. Conclusions 
This study analyzed the behavior of a hybrid storage system composed of different 

Li-ion battery chemistries, two NMC batteries and one LTO, interconnected through a 
multi-port converter configured as a triple-active bridge and managed by a Model Predic-
tive Control strategy. The Equivalent Circuit Models developed for the batteries provided 
a realistic representation of their behavior and ensured accurate simulation of their oper-
ational characteristics. 

The scenarios selected for analysis were designed to reflect real-life applications, 
thereby validating the system under conditions representative of typical storage system 
use. The results demonstrate that the proposed system successfully achieved its main ob-
jectives, delivering higher flexibility and improved efficiency compared to uncontrolled 
operation. In particular, the MPC strategy enabled the system to satisfy power demand 
while respecting SOC and efficiency constraints across all simulations. By coordinating 
the complementary strengths of each battery chemistry, the controller also contributed to 
reducing stress on the NMC batteries during dynamic operating conditions, thereby ex-
tending their lifetime. The comparison with the uncontrolled case highlighted the essen-
tial role of MPC; it enabled the same demand to be met with fewer cells while making 
better use of the complementary advantages of each chemistry. As expected, the strategy 
also contributed to extending the lifetime of the NMC batteries by reducing stress during 
dynamic operating conditions. 

Beyond demonstrating improved performance, this work introduces several key con-
tributions that distinguish it from prior studies. First, the MPC strategy was verified in 
diverse application contexts, including residential renewable energy systems and electric 
vehicles, highlighting its practical applicability. Second, the study explicitly incorporates 
the power converter into the system model, a critical component often neglected in bat-
tery-focused control studies. Finally, the efficiency of the converter was considered di-
rectly in the cost function, allowing the controller to optimize overall system performance 
by balancing energy losses with battery stress and operational constraints. 

Future research should focus on extending these results to other types of systems 
with different power demand profiles, implementing the control strategy in real time on 
experimental platforms and exploring hybrid systems incorporating three or more differ-
ent battery chemistries. These steps will further validate the scalability and robustness of 
the proposed approach for practical energy storage systems. 

The main contributions of this work can be summarized as follows: 

• A nonlinear Model Predictive Control (MPC) strategy was developed for hybrid en-
ergy storage systems (HESSs), explicitly incorporating nonlinearities of the system 
dynamics. 

• Unlike most existing studies, the converter model was included in the control formu-
lation, allowing for a realistic representation of power flow constraints and losses. 
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• Converter efficiency was considered as an explicit optimization objective, enabling 
the controller to balance trade-offs between energy efficiency and battery stress. 

• Equivalent Circuit Models (ECMs) were used for both chemistries, ensuring accurate 
SOC estimation and realistic battery behavior in the simulations. 

• The proposed control strategy was validated in two representative real-world sce-
narios, a residential renewable energy system and an electric vehicle application, 
demonstrating flexibility and robustness across diverse conditions. 

• A quantitative comparison with the uncontrolled case highlighted the benefits of the 
MPC strategy, including extended lifetime of NMC cells, improved efficiency, and 
reliable power delivery. 
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Appendix A 
Appendix A.1. Battery Modeling Code 

 

   % Battery capacities and efficiency 

NMC.cap_nom = 4.452;    

LTO.cap_nom = 1.5;  

eta = 1; 

 

   % Battery parameters 

NMC.lookup_table = readtable(“A8_NMC_LookupTable.csv”); 

LTO.lookup_table = readtable(“HK7_LTO_LookupTable.csv”); 

NMC.SOCOCV  = polyfit(NMC.lookup_table.(‘SoC’),NMC.lookup_table.(‘OCV’),11);  

NMC.dSOCOCV = polyder(NMC.SOCOCV);  

NMC.R0  = polyfit(NMC.lookup_table.(‘SoC’),NMC.lookup_table.(‘R0’),7);        

LTO.SOCOCV  = polyfit(LTO.lookup_table.(‘SoC’),LTO.lookup_table.(‘OCV’),11);LTO.dSOCOCV = polyder(LTO.SO-

COCV);  

LTO.R0  = polyfit(LTO.lookup_table.(‘SoC’),LTO.lookup_table.(‘R0’),6);   

 

  % Initial conditions   

SOC_Init_LTO    = 0.88;  

SOC_Init_NMC_1    = 0.85;  

SOC_Init_NMC_2    = 0.86;  

X           = [SOC_Init_LTO; 0; 0; 0; SOC_Init_NMC_1; 0; 0; 0; SOC_Init_NMC_2; 0; 0; 0];  

DeltaT      = 1;  

Qn_rated_LTO    = LTO.cap_nom * 3600; 

Qn_rated_NMC    = NMC.cap_nom * 3600;  

n_cells_NMC = 834; 

n_cells_LTO = 1297; 

SOC_estimated_LTO = zeros(length(p_demand),1); 

SOC_estimated_NMC_1 = zeros(length(p_demand),1); 

SOC_estimated_NMC_2 = zeros(length(p_demand),1); 

Vt_LTO  = zeros(length(p_demand),1); 

Vt_NMC_1  = zeros(length(p_demand),1); 

Vt_NMC_2  = zeros(length(p_demand),1); 

ik  = length(p_demand); 

I_LTO = zeros(length(p_LTO),1); 

I_NMC_1 = zeros(length(p_NMC_1),1); 

I_NMC_2 = zeros(length(p_NMC_2),1); 

 

  % Modeling computation (SOC and terminal voltage) in each step 

for k= 1:1:ik 
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    U_LTO         = I_LTO(k); % A 

    SOC_LTO         = X(1); 

    U_NMC_1           = I_NMC_1(k); % A 

    SOC_NMC_1         = X(2); 

     U_NMC_2           = I_NMC_2(k); % A 

    SOC_NMC_2         = X(3); 

  

    SOC_estimated_LTO(k) = SOC_LTO; 

    SOC_estimated_NMC_1(k) = SOC_NMC_1; 

    SOC_estimated_NMC_2(k) = SOC_NMC_2; 

    

    LTOR0     =   polyval(LTO.R0,SOC_LTO); 

    LTO_OCV = polyval(LTO.SOCOCV,SOC_LTO);  

    Vt_LTO (k) = LTO_OCV - LTOR0*U_LTO  

    NMCR0_1     =   polyval(NMC.R0,SOC_NMC_1); 

    NMC_OCV_1 = polyval(NMC.SOCOCV,SOC_NMC_1);  

    Vt_NMC_1 (k) = NMC_OCV_1 - NMCR0_1*U_NMC_1 

     NMCR0_2     =   polyval(NMC.R0,SOC_NMC_2); 

    NMC_OCV_2 = polyval(NMC.SOCOCV,SOC_NMC_2);  

    Vt_NMC_2 (k) = NMC_OCV_2 - NMCR0_2*U_NMC_2  

    U_LTO= p_LTO./(Vt_LTO*n_cells_LTO); 

    U_NMC_1= p_NMC_1./(Vt_NMC_1*n_cells_NMC); 

    U_NMC_2 = p_NMC_2./(Vt_NMC_2*n_cells_NMC); 

A_LTO   = [1 0 0  

           0 0 0 

           0 0 0]; 

    B_LTO   = [-(eta * DeltaT/Qn_rated_LTO); 0; 0]; 

     A_NMC_1   = [0 0 0 

                  0 1 0 

                  0 0 0]; 

     B_NMC_1   = [0;-(eta * DeltaT/Qn_rated_NMC);0]; 

     A_NMC_2   = [0 0 0 

                  0 0 0 

                  0 0 1]; 

     B_NMC_2   = [ 0; 0; -(eta * DeltaT/Qn_rated_NMC)]; 

 

    X   = ((A_LTO+A_NMC_1+A_NMC_2) * X) + (B_LTO * U_LTO(k) + B_NMC_1*U_NMC_1(k) + B_NMC_2 

*U_NMC_2(k)); 

End 
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Appendix A.2. Model Predictive Control Code 

 

for k = 1:N_p-1 

    if(k + N > N_p)  

        M = N_p - k + 1; 

    else 

        M = N;  

    end 

    if(Var_weights == true) 

        L_iNMC_2 = zeros(1,M); 

        L_iLTO = zeros(1,M); 

        L_iNMC_1 = zeros(1,M); 

        W1 = 15; 

        W2 = 20; 

        W3 = l_iLTO; 

        Slope1 = 10*(W1 - l_iNMC_1); 

        Slope2 = 10*(W2 - l_iNMC_2); 

        Slope3 = 10*(W3 - l_iLTO); 

        for i=2:M+1 

            x1 = abs(SOC_predicted_NMC_1(i)- 0.5);  

            L_iNMC_1(i-1) = max(-Slope1*x1+W1,l_iNMC_1); 

            x2 = abs(SOC_predicted_NMC_2(i)- 0.5); 

            L_iNMC_2(i-1) = max(-Slope2*x2+W2,l_iNMC_2); 

            x3 = abs(SOC_predicted_LTO(i)- 0.5); 

            L_iLTO(i-1) = max(-Slope3*x3+W3,l_iLTO);  

        end 

    else 

        W1 = 0; 

        W2 = 0; 

        W3 = 0; 

        L_iNMC_2 = l_iNMC_2*ones(1,M); 

        L_iLTO = l_iLTO*ones(1,M); 

        L_iNMC_1 = l_iNMC_1*ones(1,M); 

    end 

    E_1 = diag(L_iNMC_1.*ones(1,M)); 

    E_2 = diag(L_iNMC_2.*ones(1,M)); 

    E_3 = diag(L_iLTO.*ones(1,M)); 

    E_4 = diag(l_pGrid.*ones(1,M)); 

    E_1Aux = tril(ones(M)); 

    E_2Aux = tril(ones(M)); 

    E_3Aux = tril(ones(M)); 

    Aux_1 = tril(ones(M));  
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    Aux_2 = tril(ones(M)); 

    Aux_3 = tril(ones(M)); 

    for i=1:M 

        for j = 1:i 

            E_1Aux(i,j) = (M-i+1)*T_s^2/(Qn_rated_NMC^2)*eta^2;  

            E_1Aux(j,i) = E_1Aux(i,j); 

            E_2Aux(i,j) = (M-i+1)*T_s^2/(Qn_rated_NMC^2)*eta^2; 

            E_2Aux(j,i) = E_2Aux(i,j); 

            E_3Aux(i,j) = (M-i+1)*T_s^2/(Qn_rated_LTO^2)*eta^2; 

            E_3Aux(j,i) = E_3Aux(i,j); 

        end 

    end 

    Aux_1 = -T_s*eta/(Qn_rated_NMC)*Aux_1; 

    Aux_2 = -T_s*eta/(Qn_rated_NMC)*Aux_2; 

    Aux_3 = -T_s*eta/(Qn_rated_LTO)*Aux_3; 

 

    E_1 = E_1 + 80*l_SOCNMC_1*E_1Aux; 

    E_2 = E_2 + 80*l_SOCNMC_2*E_2Aux; 

    E_3 = E_3 + 240*l_SOCLTO*E_3Aux; 

    E = 2.*blkdiag(E_1,E_2,E_3,E_4); 

    h = zeros(4*M,1); 

 

    for i = 1:M 

        h(i) = (M-i+1)*T_s/Qn_rated_NMC*eta*(-2*(80*l_SOCNMC_1)*SOC_NMC_1(k)+l_SOCNMC_1*80); 

        h(M+i) = (M-i+1)*T_s/Qn_rated_NMC*eta*(-2*(80*l_SOCNMC_2)*SOC_NMC_2(k)+l_SOCNMC_2*80); 

        h(2*M+i) =(M-i+1)*T_s/Qn_rated_LTO*eta*(-2*(240*l_SOCLTO )*SOC_LTO(k)+l_SOCLTO*240); 

    end 

 

    I = eye(M); 

    O = zeros(M); 

    if(k>1) 

        Aeq = [n_cells_NMC*Vt_NMC_1(k-1)*I n_cells_NMC*Vt_NMC_2(k-1)*I n_cells_LTO*Vt_LTO(k-1)*I I]; 

    else 

        Aeq = [n_cells_NMC*3.63*I n_cells_NMC*3.63*I n_cells_LTO*2.4*I I]; 

    end 

    A_1 = [Aux_1 O O O; -Aux_1 O O O]; 

    A_2 = [O Aux_2 O O; O -Aux_2 O O]; 

    A_3 = [O O Aux_3 O; O O -Aux_3 O]; 

 

    A = [A_1;A_2;A_3]; 

 

    SOCNMC_1_upArr = (SOC_up-SOC_NMC_1(k))*ones(1,M); 
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    SOCNMC_2_upArr = (SOC_up-SOC_NMC_2(k))*ones(1,M); 

    SOCLTO_upArr = (SOC_up_LTO-SOC_LTO(k))*ones(1,M); 

    SOCNMC_1_loArr = (SOC_NMC_1(k)-SOC_lo)*ones(1,M); 

    SOCNMC_2_loArr = (SOC_NMC_2(k)-SOC_lo)*ones(1,M); 

    SOCLTO_loArr = (SOC_LTO(k)-SOC_lo_LTO)*ones(1,M); 

    beq = p_demand(k:M+k-1);  

    b = [SOCNMC_1_upArr SOCNMC_1_loArr SOCNMC_2_upArr SOCNMC_2_loArr SOCLTO_upArr SOCLTO_loArr]'; 

 

    lb = [-I_NMC_1_max*ones(1,M) -I_NMC_2_max*ones(1,M) -I_LTO_max*ones(1,M) -p_Grid_max*ones(1,M)]; %Màxims 

i mínims valors 

    ub = [I_NMC_1_max*ones(1,M) I_NMC_2_max*ones(1,M) I_LTO_max*ones(1,M) p_Grid_max*ones(1,M)]; %Que po-

den tenir les variables 

 

    optionsquadprog = optimoptions(‘quadprog’,’Display’,’none’);  

    [x0,fval2] = quadprog(E,h,A,b,Aeq,beq,lb,ub,[],optionsquadprog);  

    L_Efi = l_Efi.*ones(3*M,1); 

    fun = @(x) objectivegrid(x,E,h,M,L_Efi); 

 

    nonlinear_constraints = @(x) nlcongrid(x,SOC_NMC_1(k),SOC_NMC_2(k),SOC_LTO(k), const_NMC, const_LTO,-

p_demand(k:M+k-1),M,n_cells_NMC,n_cells_LTO); 

     

   

        optionsfmincon = optimoptions(‘fmincon’,‘SpecifyObjectiveGradient’,true, ... 

        ‘SpecifyConstraintGradient’,true,‘Algorithm’,‘interior-point’, ... 

        ‘EnableFeasibilityMode’,true,‘SubproblemAlgorithm’,‘cg’, ... 

        ‘MaxIterations’,500, ‘Display’,‘none’); 

 

    [x,fval2,exitflag,output] = fmincon(fun,x0,A,b,[],[],lb,ub,nonlinear_constraints,optionsfmincon); 

 

    % Current values uipdate 

    I_NMC_1(k) = x(1); 

    I_NMC_2(k) = x(M + 1); 

    I_LTO(k) = x(2*M + 1); 

    p_Grid(k) = x(3*M + 1); 

 

    % SOC values update 

    SOC_NMC_1(k+1) = SOC_NMC_1(k) - const_NMC*I_NMC_1(k); 

    SOC_NMC_2(k+1) = SOC_NMC_2(k) - const_NMC*I_NMC_2(k); 

    SOC_LTO(k+1) = SOC_LTO(k) - const_LTO*I_LTO(k); 

 

    SOC_predicted_NMC_2(1) = SOC_NMC_2(k); 

    SOC_predicted_NMC_1(1) = SOC_NMC_1(k); 
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    SOC_predicted_LTO(1) = SOC_LTO(k); 

    SOC_predicted_NMC_2(2:M+1) = SOC_predicted_NMC_2(1:M) - const_NMC.*x(M+1:2*M); 

    SOC_predicted_NMC_1(2:M+1) = SOC_predicted_NMC_1(1:M) - const_NMC.*x(1:M); 

    SOC_predicted_LTO(2:M+1) = SOC_predicted_LTO(1:M) - const_LTO.*x(2*M+1:3*M); 

 

    % Power values updated 

    LTOR0     =   polyval(LTO_R0,SOC_LTO(k)); 

    LTOdR0     =   polyval(LTO_dR0,SOC_LTO(k)); 

    LTO_OCV = polyval(LTO_SOCOCV,SOC_LTO(k)); % calculate the values of OCV at the given SOC, using the polyno-

mial SOCOCV 

    LTO_dOCV = polyval(LTO_dSOCOCV,SOC_LTO(k)); 

    Vt_LTO(k) = LTO_OCV - LTOR0*I_LTO(k); 

    p_LTO(k) = n_cells_LTO*I_LTO(k)*Vt_LTO(k); 

 

    NMC_1R0     =   polyval(NMC_R0,SOC_NMC_1(k)); 

    NMC_1dR0     =   polyval(NMC_dR0,SOC_NMC_1(k)); 

 

    NMC_1_OCV = polyval(NMC_SOCOCV,SOC_NMC_1(k)); % calculate the values of OCV at the given SOC, using the 

polynomial SOCOCV 

    NMC_1_dOCV = polyval(NMC_dSOCOCV,SOC_NMC_1(k)); 

 

    Vt_NMC_1(k) = NMC_1_OCV - NMC_1R0*I_NMC_1(k); 

    p_NMC_1(k) =n_cells_NMC*I_NMC_1(k)*Vt_NMC_1(k); 

 

    NMC_2R0     =   polyval(NMC_R0,SOC_NMC_2(k)); 

    NMC_2dR0     =   polyval(NMC_dR0,SOC_NMC_2(k)); 

 

 

    NMC_2_OCV = polyval(NMC_SOCOCV,SOC_NMC_2(k)); % calculate the values of OCV at the given SOC, using the 

polynomial SOCOCV 

    NMC_2_dOCV = polyval(NMC_dSOCOCV,SOC_NMC_2(k)); 

 

    Vt_NMC_2(k) = NMC_2_OCV - NMC_2R0*I_NMC_2(k); 

    p_NMC_2(k) = n_cells_NMC*I_NMC_2(k)*Vt_NMC_2(k); 

 

    Wk = 2*pi*50,000; 

    Lk = 330 x 10-9 ; 

    ConstPhiNMC1 = abs(pi*I_NMC_1(k)*4*Wk*Lk/Vt_LTO(k)); 

    ConstPhiNMC2 = abs(pi*I_NMC_2(k)*4*Wk*Lk/Vt_LTO(k)); 

    signI_NMC_1 = abs(I_NMC_1(k))/I_NMC_1(k); 

    signI_NMC_2 = abs(I_NMC_2(k))/I_NMC_2(k); 
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    PhiNMC1(k)= signI_NMC_1*((pi)-((pi^2-4*ConstPhiNMC1))^0.5)/(2); 

    PhiNMC2(k)= signI_NMC_2*((pi)-((pi^2-4*ConstPhiNMC2))^0.5)/(2); 

 

    Prova(k) = Vt_LTO(k).*PhiNMC2(k).*(1-abs(PhiNMC2(k))./pi)./(4*Wk*Lk); 

 

    perc = floor(100*k/N_p); 

    if(rem(perc,10)==0)  

        if(var == false) 

        fprintf(‘ -> %1.0f%% completed in %1.3f seconds \n’,perc, toc); 

        var = true; 

        end 

    else  

        var = false; 

    end 

    disp(k) 

 

end 

Appendix A.3. Parameters and Variables Description 

Table A1. Description and units of the parameters and variables. 

Variable Description Units 
k Iterations from the discrete time - 
β Defines the chemistry of the battery - 
V Terminal voltage of each battery V 

OCV Open circuit voltage of each battery V 
Iβ Current of each battery A 
R0 Internal resistance from the battery Ω ∆𝑡 Discrete time s 𝜂β Coulombic efficiency - 
Qβ Nominal capacity of each type of battery Ah 
V0 LTO voltage V 
L1 Inductors of the half-bridges from the converter nH 𝜑β Required angle of the converter rad 𝑤௦  Angular frequency  - 𝑓௦ Switching frequency of the converter kHz 
λIβ Weights associated with the use of the current for each battery - 

λSOCβ Weights associated with the use of the SOC for each battery - 
Pβ Power of each battery W 𝑃௅ை஺஽ Power demand W 𝐼ఉ௠௜௡ Minimum current the system can tolerate for each battery A 𝐼ఉ௠௔௫ Maximum current the system can tolerate for each battery A 𝑆𝑂𝐶ఉ௟௢௪ Minimum SOC the system can tolerate for each battery - 𝑆𝑂𝐶ఉ௨௣ Maximum SOC the system can tolerate for each battery - 𝜖ఉ(𝑘) Slack variable to consider the surpassing of the limits for the SOC - 𝜆௦௢௙௧, ఉ Weights associated for the surpassing of the limits of the SOC for 

each battery 
- 
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