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ABSTRACT

Electric vehicles (EVs) play an important role in reducing the greenhouse gas

emissions by providing an environment-friendly alternative to the fossil-fuel-based

means of transportation. EVs are typically powered by Li-ion battery packs supported

by a Battery Management System (BMS). The latter is tasked with monitoring and

keeping the battery voltage, current, and temperature within safe operating limits, as

well as estimating and improving the battery performance-related parameters, such

as the battery state-of-charge and lifespan. In this thesis, we aim to extend the

BMS capabilities by enabling battery voltage predictions under a given load profile

(i.e., discharge/charge current varying over time). Such predictions are useful for

proactive (as opposed to reactive) load management, as they allow a BMS to forecast

the battery voltage behaviour under various anticipated load conditions.

Using a data-driven deep learning (DL) approach, we propose a novel model that

generates battery voltage estimates given the battery current, temperature, and con-

sumed charge over time. It has a V-shaped architecture that features two wings

to enhance the model explainability. The first wing predicts the steady-state open-

circuit voltage (OCV) component, based on the consumed battery charge information,

while the second wing predicts the transient voltage component, based on the battery

current and temperature information. The total number of the model parameters is

under 2.6K.

A well-known experimental dataset was used in this study for training, valida-

tion, and testing purposes. This dataset contains measurements taken on a Li-ion

battery subjected to various EV driving cycles interleaved with charging cycles. The

mean absolute percentage error (between predicted and measured battery voltage

values) was under 1%, demonstrating the accuracy of the proposed model. Given

that a battery must operate within certain maximum and minimum voltage limits,

early and accurate voltage estimation has the potential to extend the battery lifetime

by enabling proactive optimizations of the battery discharge-charge cycles. An ex-

tended battery life implies that a battery-powered EV can remain operational for a

longer duration of time, which in turn can facilitate a wider adoption of EVs as an

environmentally-friendly transportation alternative.
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Chapter 1

Introduction

1.1 Battery Management Systems

Electric vehicles (EVs) are an important alternative to fossil-fuel-based vehicles that

produce carbon dioxide. EVs are environment-friendly and play a significant role in

mitigating the issue of global warming [1]. For example, the European Environmen-

tal Agency estimated that approximately 800 million tons of EU’s greenhouse gas

emissions in 2022 were due to the transportation sector, and more than 70% of that

amount was attributable to road transport [2]. Hence, putting more EVs on the roads

to replace fossil-fuel-based vehicles will have a clear positive impact. Energy storage

systems based on Li-ion batteries play a vital role in powering EVs and portable

systems [3] due to their high power density and efficiency [4]. A so-called battery

management system (BMS) is a crucial component of battery-powered vehicles and

devices that enforces a safe and efficient operation of the lithium-ion battery packs

[5]. The BMS is designed to perform the following typical tasks [6]:

• Monitoring and communicating the battery temperature, current, and voltage

information;

• Protecting the battery pack against excessive current and temperature values;

• Maintaining the battery voltage within the safe operating limits;

• Balancing the charge and discharge currents of individual cells to reduce the

cell-to-cell operational mismatch, thus improving the battery pack lifespan;
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• Estimating and communicating the battery state-of-charge (SoC), state-of-health

(SoH), remaining capacity, and other performance-related characteristics.1

In this thesis, we aim to extend the BMS capabilities by enabling the battery

voltage predictions under a given load profile (i.e., discharge/charge current varying

over time). Such predictions are useful for proactive (as opposed to reactive) load

management, as they allow the BMS to forecast the battery voltage behavior under

various anticipated load conditions.

1.2 Voltage Prediction

A lithium-ion battery can deliver charge until it reaches its cutoff voltage [7]. However,

the discharge rate and temperature determine how much charge can be extracted from

the battery before its cutoff voltage is crossed. For instance, at higher discharge rates

and lower temperatures, the amount of delivered charge is reduced [8]. If the voltage

can be predicted in advance, then the BMS may be able to control the discharge

rate to keep the voltage above the cutoff level for as long as possible. The cell

voltage imbalance problems can also be detected earlier with accurate battery voltage

predictions [9].

It is important to note that there is a significant difference between the terminal

and open circuit voltages of lithium-ion batteries. The former refers to the instan-

taneous voltage between the battery terminals, which can be easily measured. The

latter is the steady-state voltage, called open circuit voltage (OCV), and it is related

to the quantity of charge remaining in a battery.2 To properly measure the OCV,

the battery has to be relaxed for a long time, which can be impractical in real-time

systems [10]. The principal intent of this work is to propose and evaluate a method

for predicting the terminal voltage V as a linear combination of two parts: the steady-

state OCV component, denoted by VOC , and the transient component ∆V . Another

important intent is to increase the explainability of the voltage prediction method.

In this thesis, the model explainability refers to providing meaning between the in-

put attributes and the model output. For example, to be detailed in the subsequent

1The SoC is the remaining battery charge typically expressed as a percentage of the battery
capacity when it is fully charged. The SoH quantifies long-term capacity losses due to battery aging,
and it is typically expressed as a percentage of the fully-charged battery capacity relative to that of
the same battery when it was fresh, i.e., prior to its use or storage.

2The OCV concept arises from the basic thermodynamic considerations related to an electro-
chemical cell operation. Chapter 4 provides additional information on the OCV.
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chapters, our model uses only the consumed charge information of the input to pre-

dict the VOC component, thus enforcing the meaning that VOC does not depend on

the instantaneous battery current, which is a separate input attribute. The latter is

used to predict the ∆V component (without using the consumed charge information),

which highlights the link between the current and transient voltage dynamics.

1.3 Related Work

Nowadays, Deep Learning (DL) techniques are being broadly used for battery voltage

modeling, SoC estimation, SoH estimation, and other battery-related characterization

tasks [11][12][13][14]. A feedforward LSTM (Long Short Term Memory) network

was used by Wang et al. [15] to predict SoC, where a sliding window was used for

battery current filtering.3 Partial differential equations and Laplace transformation

were used by Gao et al. [16] to develop a transfer-function-based method, which

was implemented in a real-time system to demonstrate its effectiveness. Liang et al.

[17] modeled the terminal voltage using three different approaches, demonstrating

that the data-driven DL model (based on the LSTM architecture) produced the most

accurate results. However, the explainability of the model was not addressed, and

the OCV component was not modeled separately. On the other hand, Shahriar et

al. combined a Convolution Neural Network (CNN), a Gated Recurrent Unit (GRU),

and an LSTM to create a hybrid model that was used to estimate the SoC based on

measured terminal voltage, average voltage, instantaneous current, average current,

and temperature. The model output was explained by calculating the importance of

features using SHapley Additive exPlanations (SHAP) [18].

Zhu et al. [19] used a combination of statistical and machine learning methods to

estimate the battery capacity from voltage relaxation. In that work, several statisti-

cal features were extracted using voltage relaxation, and machine learning methods

were applied to estimate the capacity. This reference establishes the relations be-

tween the SoC and the OCV, which is highly valuable. Another OCV-SoC model

using fractional calculus was proposed by Zhang et al. [20]. The experimental re-

sults demonstrated that the suggested OCV-SoC model had good performance under

various conditions, satisfying the BMS accuracy requirements for the battery state

estimation.

3LSTMs are discussed in more detail in Chapter 2.
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1.4 Thesis Contribution and Organization

This thesis proposes an explainable DL model architecture with two wings for pre-

dicting the battery terminal voltage V (t), where t represents time. The input to the

first wing is the consumed battery charge, denoted by C(t), and the output is the

predicted OCV component VOC(t). The input to the second wing is the instantaneous

current and temperature, denoted by I(t) and T (t), respectively. The output of the

second wing is the predicted transient component ∆V (t). As mentioned earlier, ex-

pressing V (t) in terms of steady-state VOC(t) and transient ∆V (t) is a key feature

that makes the proposed model explainable. Also, we introduce a binary state input

equal to +1 (charge) or −1 (discharge), reflecting the sign of the current I(t). This

enforces either adding or subtracting ∆V (t), when it is combined with VOC(t), which

increases the model’s explainability. In addition, we explore the use of an approxi-

mate four-parameter OCV equation based on [8], which is another novel aspect of this

work. Overall, our voltage prediction model utilizes under 2.6K parameters, which is

dominated by an LSTM portion in the second wing.

The rest of this thesis is organized as follows. Chapter 2 presents the background

material, including the nature of the utilized dataset and the DL model building

blocks. Chapter 3 describes the proposed model as well as the process of its training,

validation, and testing, with quantitative analysis. Chapter 4 makes the case for re-

placing the multilayer perceptron (MLP) used in the first wing with an approximate

OCV equation to further enhance the model’s explainability. In Chapter 5, the dis-

cussion and comparison between the MLP-based and equation-based approaches to

the VOC component prediction are provided. In that chapter, we also compare our

results to those reported in [17], where the task of battery voltage predictions was

investigated as well. Finally, Chapter 6 gives a concluding summary of this thesis

and outlines some directions for future work.
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Chapter 2

Background

2.1 Dataset Description

Our voltage prediction model (detailed in the next chapter) has been trained, vali-

dated, and tested utilizing the dataset obtained from an LG 18650HG2 Li-ion battery

with a 3 Ah LG HG2 cell [21]. Experimental measurements were conducted in a 0.23

m3 thermal chamber, using a Digitron firing circuit rated at 75A and 5V as the bat-

tery tester. Different drive cycles (UDDS, HWFET, LA92, and US06) were randomly

combined to create representative load profiles (drive cycles interleaved with charging

cycles) for a single LG HG2 cell operating at ambient temperatures -20 ◦C, -10 ◦C, 0
◦C, 10 ◦C, 25 ◦C, and 40 ◦C.

The UDDS drive cycle represents aggressive high-speed driving conditions with

several sharp accelerations from 0 to over 50 mph and a roughly 350-second period

of driving between 60 and 80 mph [22]. The Highway Fuel Economy Test (HWFET)

drive cycle is intended to replicate highway driving conditions in order to assess

fuel economy, emissions, and energy consumption in EVs. It emphasizes driving at

high speeds (reaching 60 mph) with fewer stop-and-go occurrences than in urban

settings [23]. The California Air Resources Board (CARB) created the LA92 drive

cycle to mimic real-world urban driving conditions. It is widely used to assess the

efficiency of EVs subjected to stop-and-go traffic and other urban driving patterns

[24]. The U.S. Environmental Protection Agency (EPA) created the US06 drive cycle

to replicate aggressive high-speed (up to 80 mph) driving conditions that include

quick accelerations (up to 3.3 m/s2) and decelerations. It resembles highway driving

with aggressive manoeuvres, covering a total of 12.8 miles over 596 seconds [24].
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(a) SoC in % (b) Terminal Voltage

Figure 2.1: Training Data: Measured SoC(t) and Terminal Voltage V (t).
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(a) Instantaneous Current (b) Cell Temperature

Figure 2.2: Training Data: Measured Current I(t) and Temperature T (t).
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After each applied drive cycle, the battery was charged at a 1C rate to 4.2 V with

a cutoff current of 50 mA, maintaining a battery temperature of 25 ◦C. The consumed

charge C(t) was calculated using a simple Coulomb counter [25][26] that was reset

prior to applying the next drive cycle in a load sequence. Further details on data

logging and the test bench setup can be found in [27].

For this study, data from four ambient temperatures (-10 ◦C, 0 ◦C, 10 ◦C, and 25
◦C) were utilized to form our training dataset. It includes four measured quantities

sampled at a rate of 1 Hz: the terminal voltage V (t), instantaneous current I(t), cell

temperature T (t), and state of charge given by

SoC(t) =

(
1− C(t)

Cnominal

)
× 100%. (2.1)

Figures 2.1 and 2.2 show the individual plots of these quantities after concatenation

across all four ambient temperature values. It should be noted that prior to training

all measurements have been normalized to admit values between 0 and 1 only [21].

Letting x represent a quantity of interest, its normalized version is given by

xnormalized =
x− xmin

xmax − xmin

. (2.2)

Our objective is to predict the terminal voltage V (t) given the consumed charge

C(t), instantaneous current I(t), and cell temperature T (t). Our approach relies on

building a deep learning model, but we also want to avoid making unexplained black-

box predictions. To increase the explainability of our model output, we break down

V (t) into the OCV component VOC(t) and the transient component ∆V (t). These

two components are to be predicted independently.

It is worth highlighting that the OCV can be thought of as the steady-state (stable,

or equilibrium) battery voltage [10]. When the current flow is halted, and the battery

is allowed to rest for a sufficiently long time, the terminal voltage effectively becomes

equal to the OCV, which is related to the remaining battery charge. It important

to note that the OCV itself (being related to the battery SoC) is not an accurate

indicator of the remaining battery life, as the voltage cutoff crossing is also affected

by the ∆V (t) responsive to the battery current I(t) and temperature T (t). This

can be clearly observed in Figures 2.1, and 2.2, where the terminal voltage crosses

the cutoff level at different SoC percentage levels, depending on the current and

temperature profiles.
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2.2 Deep Learning for Battery Voltage Modeling

Deep Neural 
Network

C(t) or SoC(t) I(t) T(t)

V(t)

Figure 2.3: Conventional DNN-Based Approach to Voltage Modeling.

A typical deep neural network (DNN) model incorporates many layers. Many

different types of layers have been proposed in the past, e.g., dense (fully connected)

layers, convolution layers, and recurrent layers, no name a few [28]. When a DNN

model produces a continuous output, it is called a regression model [29]. Such regres-

sion models have played a vital role in tackling the voltage modelling task [17][30][31].

In the context of the dataset described previously, the conventional approach to

voltage modeling is illustrated in Figure 2.3. In [17], this approach was taken to build

an LSTM-based model to predict the battery voltage using the measured current,

temperature, state of charge as inputs. The reported model predictions were highly

accurate (compared to non-DL alternatives); however, they were not explainable.

In the next two chapters, we present our proposed approach to building an ex-

plainable DNN model for the battery voltage predictions. The following sections

introduce the basic model building blocks.
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2.2.1 One-Dimensional Convolution

In this work, a one-dimensional (1D) convolutional layer was employed. The kernels of

the 1D CNN layers are applied along the time dimension to extract temporal features

[32]. We also perform so-called causal padding by adding zeros at the start of our

sequential data, which helps with the early-time predictions.

2.2.2 Long Short Term Memory (LSTM)

ck-1

hk-1

xk

hk

ck

hk

tanh

tanhσ σ σ

ik
ok

X

X

X

+

fk

c̃k

Figure 2.4: Internal Structure of LSTM Cell Used in This Thesis.

The LSTM cell structure was created expressly to avoid the issue of long-term

dependency [33] and to remember the information over long periods. In Figure 2.4,

the cell position is represented by k, while cell memory is represented by ck. Each

LSTM cell is built using three cells: forget, input, and output. Equation 2.3 defines

the forget gate [27]:

fk = σ(wfh · hk−1 + wfx · xk + bf ), (2.3)
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where the output values between 0 and 1 are obtained by applying the sigmoid func-

tion, represented by the symbol σ. This gate determined how much the previous cell

data ck−1 contributes to ck. Here, wfh, wfx, and bf define the weights and bias of the

forget gate neuron. Symbols hk−1 and xk stand for the preceding layer’s hidden state

and input data, respectively.

The new data are added to the cell memory ck by the input gate. Equations (2.4)

and (2.5) specify the two neurons of the input gate, where (wih, wix, bi) and (wch,

wcx, bc) are the corresponding weights and biases of the neurons:

ik = σ(wih · hk−1 + wix · xk + bi) (2.4)

c̃k = tanh(wch · hk−1 + wcx · xk + bc). (2.5)

Equation (2.6) shows how ck is computed by combining the outputs of Equation (2.4)

and (2.5):

ck = fk · ck−1 + ik · c̃k. (2.6)

Equation (2.7) defines the output gate using the weights woh, wox, and bias bo:

ok = σ(woh · hk−1 + wox · xk + bo). (2.7)

Then, ck is converted to the value range between −1 and +1 by the tanh function.

Finally, the result is multiplied by ok to get hk, as expressed by Equation (2.8):

hk = ok · tanh (ck) . (2.8)

The primary issue with the earlier recurrent neural networks (RNNs) was that older

inputs eventually become less relevant [34]. The LSTM resolves this long-term de-

pendency issue by introducing the input and forget gates to regulate the cell memory.

2.2.3 Multilayer Perceptron (MLP)

An MLP is a type of artificial neural network (ANN) composed of an input layer, one

or more hidden layers, and an output layer. Each layer consists of nodes (neurons),

and each node is connected to every neuron in the subsequent layer, creating a dense

network structure. The neurons in the hidden and output layers apply nonlinear ac-
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tivation functions (such as ReLU or sigmoid) to their weighted inputs, allowing the

MLP to capture complex patterns and learn from data. Training involves optimizing

weights through algorithms like backpropagation, minimizing a loss function by ad-

justing weights to reduce error. Figure 2.5 illustrates the architecture of a multilayer

perceptron.

X1
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a3(1)

am(1)

a1(H)

a2(H)

a3(H)

ap(H)
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.

.

.

Input Layer
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Output Layer
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.
.
.

.

.

.

.   .    .   .

.   .    .   .

.   .    .   .

.   .    .   .

Figure 2.5: Multilayer Perceptron Architecture

Equation (2.9) specifies how the output hj of a neuron aj of a hidden layer is

computed, where f , xi, wij, and bj denote the activation function, input from the

previous layer, weights, and bias, respectively.

hj = f

(∑
i

xi · wij + bj

)
(2.9)

This work has also used a single-layer perceptron as a simple linear layer, i.e., it

does not use any activation function [35].
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Chapter 3

Proposed Explainable DNN Model

3.1 Model Building

Previous research demonstrated that OCV (i.e., the steady-state battery voltage at

the absence of a discharge or charge current) can be obtained from the battery charge

estimates [36]. Instantaneous current has no impact on the OCV, and hence we need

to introduce a separate quantity ∆V representing the transient voltage component.

Temperature should also be added as an input, because the battery operation is

affected by it [37].

If we can predict VOC and ∆V, then we can simply combine them to the terminal

voltage. However, the available dataset does not contain direct measurements of VOC

and ∆V. In other words, we only have access to the terminal voltage measurements

V (t) as ground-truth labels. In fact, it is not practically feasible to measure VOC(t)

and ∆V (t) separately. For example, to obtain the OCV value, one must halt the

current flow and let the battery rest (before performing a measurement). This effec-

tively modifies the battery load itself, represented by I(t), under which we are trying

to predict the terminal voltage V (t).

This thesis proposes a double-winged model to resolve this problem. Its basic

V-shaped architecture is shown in Figure 3.1, where wings A and B are tasked with

predicting VOC(t) and ∆V(t), respectively. After that, a single-layer perceptron is

used to compute the terminal voltage V (t).

The single-layer perceptron output is given by Equation (3.1), where W1 and W2

are the corresponding weights of VOC(t) and ∆V(t), and b is the bias of the neuron.

However, there is an extra input S(t) that represents the sign of the battery current
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OCV Predictor ΔV Predictor

Charge, C(t) Current, I(t) Temperature, T(t)

Terminal Voltage, V(t)

W1 W2

VOC (t) ΔV(t)

V(t) = W1 . VOC (t) +  S(t) . W2 . ΔV(t)  +  b

Wing A Wing B
State, S(t)
(-1 or +1)

Figure 3.1: V-Shaped Double Winged Model Architecture

I(t), and it is used as a multiplier for W2. During charging, the sign of W2 will

be positive and during discharging, the sign of W2 will be negative. This is done

to enhance the model’s explainability by guiding the single-layer perceptron to add

∆V (t) to VOC(t) when I(t) is positive (charging) or subtract ∆V (t) from VOC(t) when

I(t) is negative (discharging).

V (t) = W1 · VOC(t) + S(t) ·W2 ·∆V (t) + b (3.1)

While the parameters W1, W2, and b are introduced here for the sake of generality,

in this work we fix their respective values to 1, 1, and 0 for simplicity. In other

words, the single layer perception was made non-trainable during the backpropagation

process.

3.1.1 Wing A: OCV Predictor

An MLP is used as the OCV predictor. Its input is the consumed battery charge

C(t) obtained by Coulomb counting the battery current values I(t) over time. We
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should mention that for convenience the C(t) information is internally represented by

SoC(t) according to Equation (2.1). After the input layer, there are two hidden layers,

referred to as Dense Layers 1 and 2, producing 16 and 4 neuron outputs, respectively.

Their activation function is the Rectified Linear Unit (ReLU) that works as follows. If

the input is positive, the ReLU directly outputs that input value; otherwise, it outputs

zero. Because of its simplicity and capacity to alleviate the vanishing gradient issue,

it is extensively employed in neural networks [38]. Finally, there is an output layer

that simply computes the linear combination of its inputs to produce VOC(t). The

architecture is summarized in Table 3.1. A total of 105 parameters have been used

to build the OCV predictor.

Table 3.1: OCV Predictor Configuration
Layer Output Size No. Parameters

Input Layer (None, 1) 0
Dense Layer 1 (None, 16) 32
Dense Layer 2 (None, 4) 68
Output Layer (None, 1) 5

3.1.2 Wing B: ∆V Predictor

Table 3.2: ∆V Predictor Configuration
Layer Output Size No. Parameters

Input Layer (None, 1, 2) 0
1D Conv Layer (None, 1, 16) 272

LSTM (None, 16) 2112
Flatten Layer (None, 16) 0
Dense Layer (None, 8) 136
Output Layer (None, 1) 9

An LSTM-based model has been used as the ∆V predictor. To extract the essential

features from the data, the first layer performs 1D convolutions with 16 filters having

the kernel size of 8. Causal padding is also applied to ensure that the output at

any time step only depends on the current and past time steps, without considering

future time steps. This is accomplished by adding zeros at the start of the sequential

data, so that the predictions at the early time steps are made easier [18]. After that,

an LSTM layer has been used, comprised of 16 cells. It is followed by the Flatten
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layer that makes the tensors one-dimensional. Then, a fully connected (dense) layer

produces 8 neuron outputs, and finally, the linear output layer produces ∆V (t). The

architecture is summarized in Table 3.2. A total of 2,529 parameters were used to

build the ∆V predictor.

3.2 Custom Loss Function

The primary loss function utilized during the training process is the mean abso-

lute error (MAE) specified below, where V̂ (t) and V (t) refer to the predicted and

true (measured) voltage values, respectively, over N consecutive time instances under

consideration during training:

MAE =
1

N

N∑
t=1

∣∣∣ ˆV (t)− V (t)
∣∣∣ . (3.2)

To facilitate the overcharge and over-discharge protection, we introduce two extra

terms to the MAE loss. Suppose the battery is charging and the true voltage is over

the upper limit of the voltage range, but the predicted voltage is lower than the true

voltage. This situation indicates that the battery may be close to being overcharged,

but the model’s output suggests otherwise. On the other hand, if the battery is

discharging and the true voltage is lower than the lower limit of the voltage range but

the predicted voltage is higher than the true voltage, it indicates that the battery may

be close to being over-discharged, but the model’s output suggests otherwise. If any of

these two cases happen, we add either overcharge penalty (OCP) and over-discharge

penalty (ODP).

OCP =

Penalty, if I(t) ≥ 0 and V (t) ≥ UpperLimit and V̂ (t) < V (t)

0, otherwise

ODP =

Penalty, if I(t) < 0 and V (t) ≤ LowerLimit and V̂ (t) > V (t)

0, otherwise

Then, the total loss function can be defined as
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Loss = MAE +ODP +OCP. (3.3)

In this work, the upper limit and the lower limit have been set to 95% and 5%,

respectively. The Penalty amount has been set to 0.1 for both OCP and ODP.

3.3 Training Details

In the training dataset, there are a total of 6,69,956 data points at four ambient

temperatures (-10 ◦C, 0 ◦C, 10 ◦C, and 25 ◦C). On the other hand, the 39,293 data

points at -10 ◦C are used as the validation set. The reason for choosing the -10 ◦C data

points is that at low temperatures it is harder to predict the battery voltage accurately

[17]. Adam (Adaptive Moment Estimation) has been employed as the optimizer. It

leverages momentum to speed up convergence and adjusts the learning rate for every

parameter, combining the advantages of AdaGrad and RMSProp. To stabilize early

updates, Adam computes moving averages of the gradient (first moment) and squared

gradient (second moment), adding bias correction. Since it quickly converges and is

adaptive, it is effective, memory-light, and frequently utilized in training [39]. The

model was trained over 40 epochs using the TensorFlow 2.6.0 framework and an

NVIDIA RTX3060 GPU. It took 1 hour and 3 minutes to complete the training.

Figure 3.2: Custom Training Loss vs Mean Absolute Error
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The validation dataset plays a vital role in finding the optimized model. The

validation loss has been calculated after every training epoch. It has been observed

that the minimum validation error occurs at the 24th epoch, and the weights of the

model have been saved using the callback feature of TensorFlow. The training and

validation MAE at the 24th epochs were 0.018 and 0.066, respectively. Although the

training loss kept decreasing, the validation loss did not improve. Hence, the weights

of the 24th epoch were chosen as the final weights.

The custom loss function added an extra penalty for overcharge and overvoltage

protection. In Figure 3.2, the custom loss and the mean absolute error are plotted.

As one can see, the custom loss is higher than the MAE, which indicates that the

OCP and OCP contributions are present.

3.4 Test Results

After the training process, the model has been tested on the data points at four

ambient temperatures (-10 ◦C, 0 ◦C, 10 ◦C, and 25 ◦C). Three discharging drive cycles

(UDDS, LA92, and US06) and two constant-current charging cycles were included in

the test data. The Mean Absolute Percentage Error (MAPE) and Root Mean Square

Percentage Error (RMSPE) for each ambient temperature are listed in Table 3.3,

and the bar chart is shown in Figure 3.3. Since we have used an MLP as the OCV

predictor, the network presented in this chapter is referred to as the ”MLP-based

model”. The predicted voltage and the ground truth are plotted in Figures 3.4, 3.6,

3.8, and 3.10 (along with the errors curves). The corresponding plots of the VOC(t)

and ∆V (t) predictions are shown in Figures 3.5, 3.7, 3.9, and 3.11.

Table 3.3: Summary of Test Results for MLP-Based Model
Ambient MAPE RMSPE Worst Case Worst Case
Temp. (%) (%) Overestimate (V) Underestimate (V)
-10 ◦C 0.67 1.28 0.50 0.27
0 ◦C 0.67 1.13 0.38 0.15
10 ◦C 0.82 1.22 0.31 0.18
25 ◦C 0.70 1.17 0.23 0.11

At -10 ◦C and 0 ◦C, the MAPE is the same and equal to 0.67%. However, the

RMSPE is larger, reaching 1.28% and 1.13%, respectively. The MAPE rises to 0.82%

at 10 ◦C and 0.70% at 25 ◦C. The RMSPE at 10 ◦C and 25 ◦C is equal to 1.22%
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Figure 3.3: MAPE and RMSPE of MLP-Based Model

and 1.17%, respectively. While slightly higher at -10 ◦C and 0 ◦C, these values still

indicate that the overall prediction accuracy of the proposed model is high.

At 0 ◦C, the model has the lowest RMSPE (1.13%) and MAPE (0.67%), indicating

that the model performs best at this ambient temperature (compared to the other

four). At -10 ◦C, the model performs marginally worse, giving the RMSPE of 1.28%,

while the MAPE is still low at 0.67%. Overall, at both low and high temperatures, the

model achieves a high degree of accuracy, which makes it well-suited for applications

where the ambient temperature may vary from -10 ◦C to 25 ◦C.

Table 3.3 additionally displays the worst-case voltage overestimation and under-

estimation errors. The worst-case overestimation error drops dramatically with in-

creasing temperature, from 0.50 V at -10 ◦C to 0.23 V at 25 ◦C. The worst-case

underestimation error exhibits a similar downward trend, peaking at -10 ◦C (0.27 V)

and falling to its lowest at 25 ◦C (0.11 V). The model’s capacity to forecast volt-

ages appears to improve with increasing temperature, as evidenced by the fact that

both overestimation and underestimation errors decrease with rising temperatures. It

should also be mentioned that across all temperatures, the worst-case overestimation

errors are significantly higher than the worst-case underestimation errors.

The primary observation from the test results (see Figures 3.4, 3.6, 3.8, and 3.10)

is that the error is very low during charging cycles and relatively high during drive

cycles. The latter is a harder case for the model to handle, as the drive cycles are

characterized by significantly varying battery currents, including both discharging and
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Figure 3.4: MLP-Based Model, Test Results at -10◦C
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Figure 3.5: Individual Wing Outputs of MLP-Based Model, -10◦C Data.
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Figure 3.6: MLP-Based Model, Test Results at 0◦C
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Figure 3.7: Individual Wing Outputs of MLP-Based Model, 0◦C Data.
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Figure 3.8: MLP-Based Model, Test Results at 10◦C
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Figure 3.9: Individual Wing Outputs of MLP-Based Model, 10◦C Data.
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Figure 3.10: MLP-Based Model, Test Results at 25◦C
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Figure 3.11: Individual Wing Outputs of MLP-Based Model, 25◦C Data.
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Figure 3.12: Worst-Case Voltage Overestimation by MLP-Based Model
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Figure 3.13: Worst-Case Voltage Underestimation by MLP-Based Model
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charging intervals due to regenerative braking [40]. In the dataset, the discharging

current is negative, and the charging current is positive. Though most of the data

points in the drive cycles are negative, there are some positive currents as well due

to regenerative braking.

Observing the output of the first wing at each temperature, its shape appears to

be consistent with the expected behavior of the OCV (see Figures 3.5, 3,7, 3.9, and

3.11). Recall that VOC is predicted based on the Coulomb-counted charge information

only. During drive cycles, VOC gradually decreases and despite regenerative braking,

there is little fluctuation. During charging cycles, the predicted OCV curve is even

smoother, as the charging currents do not vary dramatically. On the other hand,

the second wing’s output ∆V , predicted partly based on the instantaneous current,

exhibits significant fluctuations representing transient voltage deviations from the

OCV. Combining VOC and ∆V yields accurate predictions of the terminal voltage,

which supports our claim of the model explainability.

The worst-case overestimation and underestimation error sections are depicted

in Figures 3.12 and 3.13. The battery current within these sections is plotted as

well for reference. The difference between the predicted voltage and ground truth

is much higher in overestimation cases than underestimation cases. Interestingly, in

the overestimation cases, the shape of the predicted voltage and ground truth look

somewhat similar, suggesting the presence of a dynamic bias. This phenomenon may

be worth exploring further, which is one of possible directions of future work outlined

in Chapter 6.
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Chapter 4

Alternative Model with

Equation-Based OCV Predictor

4.1 Approximate OCV Equation

In the previous chapter, our proposed battery voltage model used a 105-parameter

MLP as the OCV predictor. Here, we replace the MLP with a 4-parameter OCV

equation, which is a special case of an approximate non-DL voltage model from [8].

This equation is shown below, and its parameters are denoted by Vo, φ, αn, and αp.

VOC(t) = Vo − φ · ln
(
αn + C(t)

αp − C(t)

)
(4.1)

Note that VOC(t) in Equation (4.1) is a function of the consumed battery charge

C(t), and recall that the OCV-predicting MLP from Chapter 3 also uses C(t) as the

input. In other words, both Equation (4.1) and the MLP in question are both aiming

to capture a mapping from C(t) to VOC(t). Since the equation-based approach is more

explainable, we argue that the alternative model presented here is better in terms of

its explainability (compared to the MLP-based model from the previous chapter). In

the sequel, we refer to this alternative as the ”equation-based model”.

The thermodynamic origin of (4.1) is the Nernst equation [41] that expresses the

interfacial ionic equilibrium potential E as follows:

E = E0 +
RT

νF
ln

c1
c2
, (4.2)

where E0 is the so-called formal potential, R is the gas constant, F is the Faraday
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constant, and ν is the ion charge, while c1 and c2 are ion concentrations at the

two sides of the interface. Equation (4.1) mimics the structure of the above Nernst

equation with VOC = E, Vo = E0, φ = RT/(νF ), c1 = αp−C(t), and c2 = αn+C(t).

4.2 Training Details

4.2.1 Initialization of Trainable Parameters

Among the trainable parameters of the OCV equation given by (4.1), Vo has been

initialized to 0.5 prior to training. Meanwhile, φ has been initialized to 0.1, with an

additional constraint that this parameter must always be non-negative. On the other

hand, αn and αp have been initialized randomly within specific ranges [0.1, 1.0] and

[1.1, 2.0], respectively. The summary of the initialization is given in Table 4.1.

Table 4.1: Parameter Initialization for OCV Equation
Parameters Constraint Initial Value

Vo N/A 0.5
φ Non-negative 0.1
αn N/A Random(0.1 to 1.0)
αp N/A Random(1.1 to 2.0)

4.2.2 Training Process

The training setup was the same as described in the previous chapter, using the

same training and validation datasets. The training time was 1 hour and 4 minutes

(i.e., very similar to the time reported in Chapter 3), which is dominated by the

optimization of over 2K parameters of the LSTM in Wing B. The training loss curve is

shown in Figure 4.1. The smallest validation error has been found at the 28th epoch,

where the training MAE and Validation MAE were 0.018 and 0.067, respectively.

These values are practically the same as those reported for the MLP-based model

(0.018 and 0.066, respectively). It illustrates that the MLP with 105 parameters was

effectively replaced by the explainable OCV equation with only 4 parameters. Their

optimized values are listed in Table 4.1.
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Figure 4.1: Custom Training Loss vs Mean Absolute Error

Table 4.2: Optimized Parameters of OCV Equation
Parameters Optimized Value

Vo 0.66
φ 0.61
αn 1.32
αp 2.2

4.3 Test Result

The testing process was identical to the one described in Chapter 3. The overall

test results are summarized in Table 4.3 and depicted in Figure 4.2. The predicted

voltage and the ground truth are plotted in Figures 4.3, 4.5, 4.7, and 4.9 (along with

the errors curves). The corresponding plots of the VOC and ∆V predictions are shown

in Figures 4.4, 4.6, 4.8, and 4.10.

Table 4.3: Summary of Test Results for Equation-Based Model
Ambient MAPE RMSPE Worst Case Worst Case
Temp. (%) (%) Overestimation (V) Underestimation (V)
-10 ◦C 0.76 1.42 0.48 0.26
0 ◦C 0.64 1.10 0.37 0.17
10 ◦C 0.70 1.18 0.30 0.12
25 ◦C 0.72 1.22 0.30 0.09
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Figure 4.2: MAPE and RMSPE of Equation-Based Model

The MAPE is 0.76% at -10 ◦C, which drops to 0.64% at 0 ◦C. It marginally

increases to 0.70% at 10 ◦C, and then to 0.72% at 25 ◦C. Similarly to the MAPE, the

largest RMSPE of 1.42% occurs at -10 ◦C. The RMSPE drops to 1.1% at 0 ◦C and

then rises to 1.18% at 10 ◦C and to 1.22% at 25 ◦C.

With the lowest MAPE (0.64%) and RMSPE (1.1%), the model performs best at

0 ◦C. The model performs worst at -10 ◦C, with the slightly larger RMSPE (1.42%)

and MAPE (0.76%). It should be mentioned that the largest MAPE (0.76%) of

the equation-based model is slightly better than that of the MLP-based model from

Chapter 3 (0.82%). However, the largest RMSPE (1.42%) of the equation-based

model is slightly worse than that of the MLP-based model (1.28%).

The worst-case overestimation of 0.48 V occurs at -10 ◦C, which decreases to 0.37

V at 0 ◦C and then to 0.30 V at 10 ◦C and 25 ◦C. These occurrences are depicted in

Figure 4.11, where one can observe the presence of a dynamic bias (as in Figure 3.12

for the MLP-based model).

The worst-case underestimation happens at -10 ◦C (0.26 V), which drops to 0.17

V at 0 ◦C and then to 0.12 V at 10 ◦C. At 25 ◦C, we have the smallest worst-case

underestimation of only 0.09 V. This implies that the model gets more accurate as

the temperature rises. Recall that the same trend was observed for the MLP-based

model as well.

Finally, it is worth highlighting that the first wing output of the equation-based

model also looks similar to the first wing output of the MLP-based model. This
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Figure 4.3: Equation-Based Model, Test Results at -10 ◦C
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Figure 4.4: Individual Wing Outputs of Equation-Based Model, -10 ◦C Data.
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Figure 4.5: Equation-Based Model, Test Results at 0◦C
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Figure 4.6: Individual Wing Outputs of Equation-Based Model, 0 ◦C Data.
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Figure 4.7: Equation-Based Model, Test Results at 10 ◦C
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Figure 4.8: Individual Wing Outputs of Equation-Based Model, 10 ◦C Data.
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Figure 4.9: Equation-Based Model, Test Results at 25 ◦C
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Figure 4.10: Individual Wing Outputs of Equation-Based Model, 25 ◦C Data.
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Figure 4.11: Worst-Case Voltage Overestimation by Equation-Based Model
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Figure 4.12: Worst-Case Voltage Underestimation by Equation-Based Model
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evidence further demonstrates that the equation-based can successfully compete with

the MLP-based OCV predictor. However, the former is more efficient as it requires

less memory and involves fewer computations.
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Chapter 5

Comparison of MLP-Based and

Equation-Based Models

5.1 Structural Difference

Deep neural networks (DNNs) are often referred to as universal approximators due

to their ability to model complex relationships within data [42]. An MLP has been

used in this study in Chapter 3 as a DNN example for modeling the OCV behavior.

It consists of multiple layers of interconnected neurons, each capable of processing

input information by applying local weights and biases. To introduce non-linearity,

activation functions like ReLU are applied in the hidden layers. However, one of the

significant drawbacks of DNNs is their ”black box” nature, making the prediction

process difficult to interpret.

In contrast, Chapter 4 utilizes an approximate equation from [8] as the OCV

predictor. It has been derived mathematically and offers a transparent and explain-

able tool for understanding the OCV behaviour. This equation is non-linear, and

it requires only four parameters, making it computationally efficient for this specific

task.

Despite its advantages, the OCV equation does not account for the influence of

temperature. Conversely, any MLP can incorporate temperature as another input

and capture its influence after training. However, to make the equation-based OCV

predictor directly comparable to its MLP counterpart, temperature T (t) was not

taken as the input of the MLP model.
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5.2 Performance Difference
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Figure 5.1: Comparison of Worst-Case Voltage Overestimation and Underestimation
Errors

Table 3.3 and Table 4.3 in the previous chapters illustrate the performance of the

MLP-based and equation-based models, using such indicators as the MAPE, RM-

SPE, worst-case overestimation, and worst-case underestimation. The corresponding

bar charts are shown in Figures 5.1 and 5.2. At -10 ◦C, the MLP-based model over-

estimated the battery voltage by 0.50 V in the worst case, which is slightly higher

than the equation-based model’s error of 0.48 V. As the temperature increases, the

worst-case overestimation error of the MLP-based model drops to 0.38 V at 0 ◦C, 0.31

V at 10 ◦C, and 0.23 V at 25 ◦C. The equation-based model shows a similar trend,

producing the worst-case overestimates of 0.37 V at 0 ◦C and 0.30 V at 10 ◦C and

25 ◦C. Note that the voltage-based model outperforms the MLP-based model in all

cases but one (specifically, at 25 ◦C).

As for the worst-case underestimation errors, the MLP-based model gives 0.27 V

at -10 ◦C, 0.15 V at 0 ◦C, 0.18 V at 10 ◦C, and 0.11 V at 25 ◦C. Meanwhile, the

equation-based model’s errors are 0.26 V at -10 ◦C, 0.17 V at 0 ◦C, 0.12 V at 10 ◦C,

and 0.09 V at 25 ◦C. Note that the equation-based model outperforms the MLP-based

model in all cases but one (specifically, at 0 ◦C).

When we compare the MAPE and RMSPE at -10 ◦C and 25 ◦C (see Figure 5.2),
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Figure 5.2: Comparison of MAPE and RMSPE

the MLP-based model performs better than the equation-based model, producing

smaller MAPE (0.67% vs. 0.76% at -10 ◦C and 0.70% vs. 0.72% at 25 ◦C) and

smaller RMSPE (1.28% vs. 1.42% at -10 ◦C and 1.17% vs. 1.22% at 25 ◦C). On the

other hand, at 0 ◦C and 10◦C, the equation-based model performs better than the

MLP-based model, producing smaller MAPE (0.64% vs. 0.67% at 0 ◦C and 0.70% vs.

0.82% at 10 ◦C) and smaller RMSPE (1.10% vs. 1.13% at 0 ◦C and 1.18% vs. 1.22%

at 10 ◦C). Overall, it should be noted that the error differences mentioned above are

relatively small. This indicates that both models are competitive with each other in

terms of their prediction accuracy.

Figure 5.3 further illustrates the similarity between the MLP and equation-based

models. It shows their predicted voltage curves at -10 ◦C within some selected time

window. Recall that both models produced the largest worst-case overestimation

error at this temperature and within this time window (see Figures 3.12 and 4.11).

As one can see in Figure 5.3, the voltage predictions given by the two models are very

close.

In Figure 5.3, it appears that the equation-based model is generating slightly lower

voltage values compared to the MLP-based model. Since our modeling approach

allows us to break down such predictions into the VOC and ∆V components, Figure

5.4 shows each model’s OCV prediction curves to illustrate the difference between

the MLP and equation outputs. These curves demonstrate that most of the time, the

OCV equation produces slightly smaller values compared to the MLP. However, at
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Figure 5.3: Comparison of Predicted voltage generated by MLP and Voltage
Equation-based Model at -10 ◦C

10 ◦C and 25 ◦C, the OCV equation’s predicted values are higher than those of the

MLP. Since the utilized test dataset does not contain the ground truth for the OCV,

it is difficult to determine which OCV predictor is more accurate in our case.

5.3 Comparison to Related Work

The closest related work on DL-based EV battery voltage modeling is due to Liang

et al. [17]. Unfortunately, the dataset utilized in [17] is different from the one used

here. The experimental measurements (not publicly available) were performed on a

different battery, which prevents direct comparisons. Nevertheless, for the sake of

completeness, we describe key details of their work below and compare it to ours

indirectly.

A 47-Ah pouch cell (with NMC/graphite chemistry) from a Chrysler Pacifica

Hybrid vehicle was used in [17]. Its nominal operating voltage was 3.65 V, while the

minimum and maximum voltage limits were 2.7 and 4.25 V, respectively. In our case,

the measurement data were acquired on a 3-Ah LG Li-ion cell, where the nominal

voltage was 3.6 V, and the minimum and maximum voltage limits were 2.79 and 4.23

V, respectively. Four drive cycles (US06, LA92, HWFET, and UDDS) were utilized

for testing a DL model that predicted the terminal voltage as a whole. In our case,
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the test data were comprised of three drive cycles (US06, LA92, and UDDS), while

the evaluated models were predicting the terminal voltage as a separable combination

of VOC and ∆V . Liang et al. used an LSTM-based model with ten cells followed by a

fully connected layer coupled with the clipped ReLU activation function. This model

achieved RMSE values ranging from 9 to 60 mV across four temperatures (-10 ◦C, 0
◦C, 10 ◦C, and 25 ◦C) for UDDS, LA92, and US06.

In our case, the RMSE for both the MLP- and equation-based models ranged

from 32 to 112 mV across all three drive cycles and all four temperatures under

consideration. It is worth reiterating that these numbers correspond to the measure-

ments taken on a different EV battery, i.e., they are not directly comparable to those

from [17]. Our models require under 2.6K parameters in total, which is considered

lightweight (in comparison to typical deep learning networks having millions of pa-

rameters). As mentioned earlier, this parameter count is mainly due to the presence

of 16 LSTM cells (preceded by a convolutional layer) inside the ∆V predictor. In

contrast, the model from [17] was reported to have about 800 parameters, i.e., it is

lighter. However, the key advantage of our models is their enhanced explainability.
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Chapter 6

Conclusions

Lithium-ion (Li-ion) batteries play a critical role in diverse applications, including

renewable energy storage, portable electronics, and EVs [43]. To facilitate efficient and

sustainable operation, a BMS is essential. The BMS monitors and manages various

parameters of the battery, such as the SoC, SoH, state of energy (SoE), and terminal

voltage [44]. Among these, accurate voltage predictions in relation to the load current

can be highly valuable. Since a battery must operate within certain maximum and

minimum voltage limits, early and accurate voltage estimation can enable better

control over the battery load, optimizing the discharge and recharge cycles and thus

extending battery lifetime. In other words, battery voltage prediction can play an

important role in preventing issues such as overcharging and over-discharging, both

of which can compromise battery safety and performance.

DL models have been shown to improve the BMS performance, as they are capable

of discovering and exploiting hidden patterns in the battery data. Such models are

typically treated as black boxes, because it is usually difficult to explain their behavior.

The primary goal of this study is to make the DL-based voltage prediction process

more explainable without compromising the accuracy.

We have proposed a novel two-wing architecture. The first wing takes the con-

sumed charge C(t) over time t (obtained via Coulomb counting) and predicts the

steady-state OCV component VOC(t). The second wing takes the instantaneous cur-

rent I(t) and the cell temperature T (t), and it predicts the transient voltage compo-

nent ∆V (t). The OCV and transient components are then combined into the terminal

voltage prediction V (t) using a single-layer perceptron.

An LSTM-based structure was used in the second wing (i.e., the ∆V predictor) to

capture the discharge/charge current history, which is important for the determina-
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tion of the voltage change. On the other hand, the first wing (i.e., the OCV predictor)

was designed using two different approaches. The first approach used an MLP struc-

ture with 105 learnable parameters, while the second approach used an approximate

4-parameter OCV equation from [8]. A well-known experimental dataset from [21]

was used for training, validation, and testing purposes. This dataset represents mea-

surements taken on an LG 18650HG2 Li-ion battery cell subjected to typical loads

associated with EV drive cycles (combined with charge cycles) at various ambient

temperatures. In this study, the considered temperatures were -10 ◦C, 0 ◦C, 10 ◦C,

and 25 ◦C.

The MLP-based model estimated the battery voltage with the MAPE range from

0.67% to 0.82%. The equation-based model estimated voltage the battery voltage with

the MAPE range from 0.64% to 0.76%. The worst-case scenario of overestimation and

underestimation was observed at -10◦C for both approaches. The predicted voltage

was overestimated by 0.50V by the MLP-based model and 0.48V by the voltage

equation-based model. While such errors are relatively large, they correspond to the

worst case only, i.e., not the overall average across the entire test dataset.

Future work could focus on developing a more accurate OCV equation that can

take temperature as an input, in addition to the consumed charge. Alternatively,

the OCV-predicting MLP can be supplied with the temperature information and be

trained accordingly. Another interesting direction would be to explore reinforcement

learning in the BMS context [45]. The basic idea is to check the past predictions of

a voltage model with the measured values during the battery operation and then use

detected differences to recalibrate the model parameters dynamically. This can be

used, for example, as a mechanism for implementing a self-correcting dynamic bias

briefly mentioned at the end of Chapter 3. Finally, one should investigate the effect

of battery aging on voltage predictions, as our current modeling approach does not

account for it, mainly due to the lack of training data.
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reinforcement learning-based voltage control to deal with model uncertainties in

distribution networks,” Energies, vol. 13, no. 15, p. 3928, 2020.


