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ARTICLE INFO ABSTRACT

Keywords: Estimation or prediction of several battery cell attributes can be very useful in developing operation strategies
Remaining useful life to prevent battery failures or to schedule battery replacements or updates in electronic devices including
RUL

electrical vehicles (EVs) that use lithium-ion batteries. Examples of such attributes include state of charge (SoC),
remaining useful life (RUL), and temperature. While one can develop individual AI/ML models to predict such
attributes, the models may require too much memory and computational capacities that may not be available
on resource constrained edge devices that use microcontrollers or small processors. That is why, developing
AI/ML models that predict multiple such attributes with a single model may offer a better trade-off between
required resources and performance when deployed on edge devices. Therefore, in this paper, we investigate
a novel AI/ML model to predict both battery RUL and cell temperature. The proposed novel deep learning
model combines a temporal convolutional network (TCN) with a multi-head attention layer that can output
two or more variables simultaneously. Simulation results demonstrate that prediction of both RUL and cell
temperature can be achieved accurately with a single model and that accuracy is on par with models from
existing literature that focused on models for individual predictions. Moreover, we optimize the proposed model
using tinyML technologies and deploy it for real time inference on a Raspberry Pi 4 edge device. Experiments
show that the model performance is still very good even after such optimizations of the model to make it fit
on the edge device.

Cell temperature
Deep learning
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1. Introduction Continuous temperature monitoring can help detect significant tem-

perature variations, which in turn can be used to develop operation

Combining artificial intelligence/machine learning (AI/ML) with
Internet of Things (IoTs) devices can lead to technologies that are
revolutionizing how traditional electronic systems are designed and
operated — including battery health management systems in elec-
tric vehicles (EVs), hybrid electric vehicles (HEVs), portable power
drills, defibrillators, and portable x-ray machines [1]. Regarding bat-
tery health management in EVs for instance, there are several vital
attributes that can benefit from such technologies, including remaining
useful life (RUL, also known as battery cycle life) and cell temperature
control used for thermal management [2,3]. This is because accurate
RUL and temperature estimation can help develop strategies to prevent
failures and thermal runaway [4]. Continuously monitoring the RUL
can help develop better battery management strategies and inform
maintenance schedules. This in turn can result in longer battery lifespan
and reduced maintenance costs [5]. Because significant temperature
variations can lead to failures [6,7], temperature monitoring is crucial.

* Corresponding author.

modes that pro-actively prevent battery pack or cell failure [8,9]. For
example, research showed that thermal runaways can be prevented by
monitoring and analyzing thermal behavior patterns [10]. That is why,
in this paper we focus our attention on prediction and monitoring of
RUL and cell temperature as two of the most essential attributes.

2. Related work

The remaining useful life of a battery is the number of battery cycles
from its rated capacity to the end of its life (EOL) [11]. The expression
for RUL calculation is as follows:

RUL=N,,-N @

where N, denotes the maximum number of battery cycles, and N is
the current number for battery cycles. It is considered that a lithium-
ion battery reaches its EOL when the capacity drops to 60%—-80% of its
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rated capacity [12]. The existing literature on RUL prediction can be
organized into three different types of approaches or categories: mathe-
matical model based, data-driven, and hybrid approaches [13,14]. The
prediction can be accurate for a model based approach when the model
simulates the physical world behavior closely. However, the challenge
is that detailed battery chemistry and physics knowledge are needed.
Data-driven methods, employing AI/ML models, can easily capture the
complex relationships and patterns inside data and they have become
very popular recently. AI/ML models are flexible and they can be easily
adapted to different battery types and different operation conditions
with minimal re-training and optimization. However, model driven
approaches suffer from a lack of interpretability and they rely on large
amounts and high-quality datasets. Hybrid approaches combine the
first two methods to benefit from the advantages offered by both, and
they require insights into both physical modeling and data analytics.

Examples of model based RUL prediction are the studies in [13,
15]. In [15], an algorithm is presented that combines an unscented
Kalman filter (AUKF) with a genetic algorithm optimized support vector
regression (GA-SVR) method to predict the battery RUL. A mamba-
based state space model is proposed in [16] and shown to perform
better in accuracy, robustness, and efficiency than previous approaches.
In [17], the authors proposed a hybrid convolutional neural network
(CNN), which is based on a fusion of three-dimensional CNN and
two-dimensional CNN. In [18], the RUL is measured in two stages:
before and after battery capacity degradation. A simple mechanism is
developed to detect the unhealthy state of the battery, and an LSTM
model is used to predict the RUL of the battery. The study in [19] uses
an Elastic Net algorithm for battery remaining useful life predictions,
combining Ridge Regression (RR) and LASSO regression. In [20,21],
several ML algorithms, including random forest regression, decision
tree, linear regression, and gradient boosting regression, are used to
predict the battery RUL by using the battery life cycle data from the
Hawaii National Energy Institute (HNEI). Their results are compared in
the papers. Other deep learning and ensemble learning algorithms on
data-dependent models for RUL predictions are listed in [22]. Examples
of hybrid approaches for RUL prediction can be found in [11,14,23].

Overheating, short battery’s remaining useful life, and other chem-
ical reactions inside the batteries are reasons for which manufacturers
use accurate thermal management and temperature prediction. Data-
driven models for temperature prediction have been widely used due
to their efficiency and accuracy [24]. Compared to traditional electro-
chemical modeling, in which the physical and chemical laws of the
model need to be understood, data-driven models are favored in re-
cent literature. Another reason a data-driven approach for temperature
prediction and monitoring is useful is that it can eliminate the need to
install temperature sensors in battery cells, which may be impractical
or very costly [24]. The study in [25] shows that an improved RNN
model can estimate the temperature of a Lithium-ion battery. In [26],
it was shown that CNN models can help monitor battery pack tem-
perature inside a battery management system better than other ML
models. Additional data-driven previous studies that used supervised,
unsupervised, and reinforcement learning for temperature prediction
can be found in [27].

Existing literature reveals that there are several questions that are
not fully answered when it comes to battery management systems: (1)
It is not clear if multivariable time-series prediction with AI/ML models
would offer better prediction performance than single variable predic-
tion. There is still active research on multivariable prediction [28]. (2)
It is not clear how applicable are tinyML technologies to such Al/ML
models that are intended to be deployed on edge devices for real time
inference that use resource constrained microcontroller units (MCU) or
simple general purpose processors such as Raspberry Pi [29]. There
are several studies that investigated optimized tinyML models for state
of health (SoH) and state of charge (SoC) predictions in the area of
battery management systems [30,31]. But, to the best knowledge of
the authors, there are no previously reported studies that focused on
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Fig. 1. Description of tinyML as edge ML under the efficient ML umbrella.

tinyML models for prediction of RUL and temperature with verification
on actual edge devices. Therefore, in this paper, we investigate a novel
AI/ML model to predict both RUL and battery cell temperature. The
proposed novel deep learning model combines a temporal convolu-
tional network (TCN) with a multi-head attention layer that can output
two or more variables simultaneously. We develop the proposed model
using three publicly available datasets from battery cycling experiments
conducted by Sandia National Lab (SNL) for two different types of
lithium batteries. The model is tuned and trained on one dataset and
trained and tested on the remaining two datasets with different cycling
conditions. Our approach is inspired by insights from [28], where it was
reported that deep learning structures like transformers, and attention
mechanisms are advantageous for handling long-term dependencies in
multivariable time-series data.

The remainder of this paper is structured as follows. Section 3
presents an overview of tinyML technologies. Section 5 describes the
datasets used in this work and the testing workflow pipeline. The
proposed deep learning model is introduced and explained in Section 4.
Results and discussions are presented in Section 6. Finally, Section 7
concludes this work and highlights several directions for future work.

3. Overview of TinyML
3.1. TinyML and applications

TinyML technologies have emerged as a promising approach to
achieve energy efficiency at performance levels offered by cloud ML.
TinyML represents a new frontier in machine learning research [32]. It
further pushes the efficiency boundary, enabling powerful ML models
to run on resource constrained low-power devices [32]. As illustrated
in Fig. 1, tinyML is one approach to facilitate edge ML and effi-
cient ML. It combines machine learning with embedded or edge de-
vices (e.g., Raspberry Pi, Arduino, and ESP32) for various applications
including healthcare and automotive.

TinyML is becoming very popular, and it has been already applied in
various application areas as summarized in Fig. 2. One such application
areas is that of automotive applications. TinyML has mainly been used
in autonomous driving and used for problems such as lane departure
warnings, pedestrian detection, and traffic sign recognition. It can
also be used in battery health monitoring systems. For example, the
study in [33] developed tinyML optimized AIl/ML models for individual
prediction of RUL and cell temperature for lithium-ion batteries. In
this work, we develop similar deep learning models to predict multiple
attributes or variables of interest at the same time, in an effort to further
reduce the memory capacity and energy consumption required to store
and use such models for real time inference on edge devices.

3.2. Deployment on edge

A typical working flow in developing tinyML models and applica-
tions involves model development, training, optimization using tinyML,
deployment to edge device, and real time inference for the application
at hand. A popular choice for model development is Google’s Tensor-
Flow (TF) and TensorFlow Lite (TFL) for optimization [35]. Typical
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Fig. 2. Overview of tinyML applications in various areas, including smart farming, industrial automation, healthcare, environment, and EVs and electronic devices.

Ener,
Smaller -gy Czjlrb.orl
efficient emissions
models
hardware aware

Fig. 3. TinyML technologies enable smaller ML/AI models on more energy-
efficient hardware [34].

optimization techniques include model pruning [36,37], which reduces
or eliminates unnecessary elements in the model and quantization [37],
which simplifies the numerical precision of computations to reduce
the model size and improve its speed. Another technique is knowledge
distillation [37], which is a technique that creates a smaller learner
model that mirrors the functionality of a larger teacher model. These
optimization techniques allow for AI/ML models to be reduced signif-
icantly, without compromising model accuracy, to be able to easily
integrate into regular C/C++ applications deployed onto edge devices.
In addition to efficient algorithms, computationally efficient hard-
ware has also received lots of attention. For example, tensor processing
units (TPUs) and field-programmable gate arrays (FPGAs) have been
used in tinyML applications. TPUs are specifically tailored to accel-
erate ML/AI processes. These units significantly improve performance
and energy efficiency [38]. Meanwhile, FPGAs can be reprogrammed
for specific tasks, offering enhanced performance and reduced energy
consumption [38]. By compressing models and reducing the memory
space needed for the optimized models, tinyML is a prime example
of technologies that aim to achieve carbon awareness (see Fig. 3) by
combining smaller models and energy-efficient hardware [34].

4. Proposed deep learning AI/ML model

In this section, we present the proposed AI/ML model. We discuss
its architecture and present several specific details on its main com-
ponents. The simplified diagram that illustrates the structure of the
proposed model is presented in Fig. 4. In our previous work [33],
we showed that the TCN model offered better performance than other
models discussed in [33]. In order to predict the two variables simul-
taneously, in this paper, we add the multi-head attention mechanism
on top of the TCN model to boost prediction performance. This is the
main motivation for using the proposed approach.

4.1. Proposed model and loss function

The hyperparameters of the model have been identified via nu-
merous empirical investigations that were driven by the objective of

improving model accuracy. That is, all convolution layers in the model
— including the first regular convolution and the causal convolution
layers inside the TCN block — use 64 kernels and 2 filters. Furthermore,
there are four residual blocks inside the TCN block, the number of
heads in the attention layer is set to 8, and the learning rate used
is 0.001. The loss function used during model development is Huber
loss [39]. The Huber loss function is a combination of MAE and RMSE,
and thus it combines the properties of both MAE and RMSE [40]. The
6 in Huber loss function is a hyperparameter defined by the user; the
hyperparameter setting also affects the gradient descent, which sig-
nificantly influences convergence speed [40]. Consequently, parameter
tuning is of great importance for this loss function.

L 52 1y -9l <6
Huber = Z(yl 3][) ’livlz yll —Av (2)
Sly; = 9il = 56,1y = %l > 6,

4.2. Time-series modeling

Time-series or sequence modeling is the core of the proposed
model, as its inputs are time-series data. Assume an input sequence
{xg,xq,....,xp} is given. The goal is to predict associated outputs
{¥9,¥1, ..., yr}. The key observation in time-series modeling is that one
must predict the output y, based only on those inputs that have been
already observed, i.e., {xg, x|, ..., x,} [41]. Thus, a time-series modeling
network is any function f : X7+! - YT+! that produces the mapping:

,ﬁT}Zf(xo,xl,...,xT). (3)

This function takes inputs as a sequence of past observations and
produces predicted future values. If the function f is fed with inputs
of T + 1 observations, the function will return T + 1 predicted values.
The length of the input, {x(,x,,...,x,}, is called sequence length. The
output y, can be a sequence of predictions, {J, |, ..., 97}, as described
by Eq. (3). On the other hand, the output can be a single time-step
prediction with a single output, §;, or it can be a single time-step
prediction with two or more outputs, for example }7(Tl> and jz(Tz). The
objective of AI/ML model development when dealing with time-series
modeling is to learn such function f that minimizes the loss between
the actual and predicted outputs as shown in Eq. (4) [41].

{30: 915 ---

mfinL(Y()»Y1~--sYT,f(xr+1er+2’--~’xT)) “

where L is the loss function that f tries to minimize. In this work, the
sequence length is set to 50, and 4 features are used. Therefore, the
input shape for the proposed deep learning model is (batch_size,50,4).
Since there are 64 filters for all convolution layers, the output shape
for the first convolution layer is (batch_size, 50, 64).

4.3. Temporal convolutional networks

Convolutional neural networks (CNNs) have been widely used in
sequence-to-sequence or time-series predictions. Particularly, 1D CNN
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Fig. 4. Simplified diagram to illustrate the architecture of the proposed AI/ML model. The input includes voltage (V), current (I), test time (seconds), which
represents the aging of the battery, and environmental temperature (°C). The two most important layers in this model are the temporal convolutional network
(TCN) layer and the multi-head attention layer. The output layer has two neurons that provide prediction of RUL in cycles and of cell temperature (°C). Note

that “xh” means duplication by “h” times.

Table 1
Wide application domains and examples of the TCN model.

TCN model applications Examples

Time-series forecasting PM2.5 prediction and appliances
energy time-series forecasting

[44]

Healthcare signal processing Automated epilepsy detection
from electroencephalogram (EEG)

[45]

Human activity recognition Action segmentation and

detection [46]

Natural Language Processing Text sentiment classification [47]

(NLP)

Anomaly detection Anomaly detection in cloud—edge

collaboration system [48]

have been proven highly efficient in fields like speech recognition,
neural language processing, anomaly detection, and air pollution pre-
diction [31]. Compared to 2D CNN, 1D CNN has the advantage of
a faster training process, so it needs fewer computational and power
resources. On the other hand, a temporal convolutional network (TCN)
is a special case of CNN, which further shortens the time of neural
networks’ training process. The TCN block used in the proposed model
is a modified version of the networks originally introduced in [42] as
WaveNet for generating raw audio waveforms. The networks are built
using a specialized convolution technique, dilated causal convolution.
Inside the networks, the convolution filter operates over an expanded
receptive field by skipping input data with different steps on different
layers. The TCN blocks are proven highly effective for long time-series
sequence inputs [43]. Wide application domains and examples of the
TCN model can be found in Table 1.

4.3.1. Dilated causal convolution

There are two operation principles for in TCNs: (1) Dimensions of
output and the input of a TCN model must be the same, and (2) There
is no future data leakage to the past [41], meaning causal convolution
only takes the present and past inputs ({xy,x;,...,x,;}). Thus, there
is no future information ({x,,,...}) involved with the TCN model at
time ¢ or earlier. The causal convolution is better than the standard
convolution in time-series modeling because if the model uses future
information in training, it may lead to the model overfitting during
inference because the model is overly optimistic during the training

process. These two principles are illustrated in the TCN block from Fig.
4, which displays the form of causal convolution with different dilation
rates in each layer. The dilation rate helps expand the receptive field by
skipping specific input data. To define a dilated convolution, for a one-
dimensional input sequence x € X and filter f : {0,1,...,k— 1} > R,
the dilated convolution operation F of the input sequence s can be
defined as [43]:
k-1
F(s) = (x %g 1)) = Y f(0) - Xs_g. ®)
i=0
where the first part, *, denotes the dilated convolution. Moreover,
(x %4 f)(s) represents the dilated convolution for input sequence x at
position s, d is the dilation rate, k is the filter size, x,_,; represents
the input element that corresponds to the ith filter after applying the
dilation rate. When d = 1, the dilated convolution is the same as a
regular convolution [41].

4.3.2. Residual block

Deeper and larger TCN models are becoming increasingly crucial in
prediction tasks. The residual connections or blocks, first introduced
in [49], are helpful for deep neural networks because the residual
connections can help the deep neural network avoid the vanishing or
exploding gradient problem. The TCN model is usually connected to a
residual block, where the residual block can help with deep convolution
layers inside the TCN model. As shown in Fig. 5.a, a TCN block has
a kernel size of 3, and dilation rates are set to 1. Besides the input
layer, each convolution layer, including hidden and output layers, is a
residual block. Fig. 5.b provides details of the residual block used in
the proposed model. Inside each residual block there are two rounds
of a combination of dilated causal convolution, LayerNorm, ReLu,
and Dropout. Because each residual block contains two convolutional
layers, a TCN block with a dilation rate sequence of length D consists
of 2D convolutional layers. Thus, the total number of layers in the TCN
block, including the input layer is L,,,, = 2D + 1. The dilation rate for
the TCN block is set to 1 because integer quantization is incompatible
with a dilation rate other than 1. Since the dimensions of the output
and the input of a TCN model do not change, the output shape for the
TCN block remains (batch_size, 50, 64).

4.4. Multi-head attention layer
A multi-head attention layer is used after the TCN block, as shown

in Fig. 4. Attention mechanism has become very popular since its inven-
tion [50]. It has been used in larger language models like ChatGPT or
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other time-series prediction studies. For example, multi-head attention-
based anomaly detection in wireless sensor networks was presented
in [51]. Attention-based models for traffic load forecasting were studied
in [52]. Inside an attention layer, the input sequence {x, x;,...,xy} is
first transformed by a linear projection into three different matrices,
namely queries (Q), keys (k), and values (V). Then, a special operation
(see Eq. (6) below), is used to compute the output of these three
matrices.

. < OKT >
Attention(Q, K, V') = softmax - 14 6)
k
This unique operation is computed to obtain the weights of attention
on the values (V) that consist of a dot-product of the query (Q) with all
keys (K) and a division by 1/d,, where 1/d, is the dimension of keys
(K) [51]. The division is to prevent large values that could lead to small
gradients. In addition, scaled dot-product attention can be computed
multiple times in parallel, as shown in the attention layer from Fig.
4. This is called the total number of heads inside the attention layer.
Note that the “xh” in Fig. 4 means the scaled dot-product attention is
computed “h” times in parallel. Note also that the multi-head attention
layer’s input and output shapes do not change either. However, the
output shape after the flatten layer becomes (batch_size, 3200). Finally,
the output layer has 2 neurons ( y$> and y‘Tz)), representing RUL and cell

temperature.

5. Model development workflow
5.1. Datasets description

The proposed deep learning model is trained and tested using three
datasets, publicly available from Sandia National Lab [53]. We present
here a brief description of the cycling experiments and collection of
these datasets. Sandia National Lab conducted and investigated cy-
cling tests for three lithium-ion commercial cells (different chemistry)
with an 18650 form factor [54]. These include lithium Nickel Man-
ganese Cobalt (NMC), lithium nickel cobalt aluminum oxide (NCA),
and lithium iron phosphate (LFP). NMC and NCA batteries are widely
used in various applications, including EVs and electrical medical
devices [55], because of several advantages, including high energy
density, a good RUL, and less sensitivity to cold temperatures. The NMC
batteries have the highest energy density among all three batteries [56].
One advantage of higher energy density batteries is that devices can
operate for longer times without increasing battery size and weight
compared to low energy density batteries. Therefore, the overall size

and weight of the higher energy-density batteries are smaller and
lighter, which makes EVs or devices more cost-friendly. Although LFP
has a lower cost per weight unit and a longer RUL, its energy density
is much lower than that of NMC and NCA, which makes it heavier
than NMC and NCA batteries. Consequently, the overall cost of LFP
batteries is higher than that of NMC and NCA due to less energy storage
per weight and volume [57]. This is also why LFP is less popular
than NMC and NCA in the American and Western rechargeable battery
markets [58]. Consequently, in this work, we only focus on NMC and
NCA batteries.

In Sandia’s cycling test experiments, different environmental tem-
perature ranges, depth of discharge (DoD), and discharging current
(with the same charging rate as 0.5C) are used [59]. The majority DoD
of all cycling experiments for the State of Charge (SoC) is 0%—-100%,
and the rest is 40%-60% and 20%-80%. A battery RUL is defined
as an entire charging and discharging process regardless of the dif-
ference in DoD. The advantages of using cycle numbers to represent
battery remaining useful life include: (1) The cycle index is a more
measurable and interpretable way to compare battery replacement
and maintenance, which is often used in battery management systems
(BMS). (2) The cycle index can be estimated without any direct capacity
measurements in real-time, reducing extra capacity calculations and
capacity fade estimation, making it easier for real-time applications. (3)
The applications for secondary battery usage which do not prioritize
battery health as a priority can also be benefited from the cycling life
estimation. Furthermore, the capacity of the NMC and NCA battery
dataset used in this work (available at [53]), is lower than the nominal
capacity due to degradation before the recorded experiment or prior
battery usage. However, the cycle index, as the indicator of the RUL,
is preserved by observing the charging and discharging process. In
addition, experiments are carried out to estimate the battery’s entire
cycle numbers instead of stopping at EOF, which gives information
about RUL before EOF and RUL for secondary usage. The purpose of
the AI/ML deep learning model built in this work is to accurately
predict both RUL and the cell temperature. The manufacturer-specified
operating bounds for NMC and NCA batteries are reported in Table 2.

5.2. Workflow pipeline

The workflow pipeline that describes the main stages of model
development, testing, and deployment in hardware is described in
Fig. 6. As shown in the first quadrant of this diagram, the dataset
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Table 2
NMC and NCA lithium-ion battery manufacturer-specified operating bounds
[60].

Battery NMC NCA
Nominal capacity (Ah) 3 3.2
Nominal voltage (V) 3.6 3.6
Voltage range (V) 2to 4.2 2.5 to 4.2
Max discharge current (A) 20 6
Acceptable temperature (°C) -5 to 50 0 to 45
Nominal mass (g) 47 48.5

Data collection and
data preprocessing

Data | Filtered dataset

filtering

'ﬁ BATTERY
Datasel collected

from BatteryArchive

desigt
tunning

structure,
welghts

Deep learning mdoel

RUL and cell temperature

prediction

Fig. 6. Overall workflow for AI/ML model development.

is first filtered using a moving average (MA) filtering technique. This
technique uses the following expression:

n

pi+py+-+p, 1

R DY @
k ki:l

The moving average calculates the mean of the data point p, within
a specific time window of length k. We have tested different sizes of
the time window for this research; the best size we found is 1500 s.
The benefits of MA filtering technique for time-series data analysis
include [61]: (1) Noise reduction: reduce noise and fluctuations from
the original signal. (2) Signal smoothing: capture the trend of the signal
effectively. (3) Simplicity: easy to implement with small computational
resources, ideal for real-time applications and for deployment on edge
devices. Note that the ambient temperature is also considered as one
of the inputs to the model since it significantly affects the battery’s
internal resistor and degradation rate. To ensure high prediction ac-
curacy, we also incorporate the ambient temperature measurement
and apply the MA filtering technique to reduce the fluctuations and
noise in the sensor-captured temperature values. Then, the dataset
is split into training, validation, and testing portions. The train and
validation dataset portions are used for model development, which
is done with TensorFlow, as shown in the second quadrant of Fig.
6. Next, as shown in the third quadrant, several error metrics are
used to evaluate the model on the test portion of the dataset: mean
absolute error (MAE), mean square error (MSE), root mean square error
(RMSE), mean absolute percentage error (MAPE), and R? score whose
expressions are given in the following equations:

MA, =

n

1 o
MAE—;Z{|y,.—y,.| ®

I oy
MSE = ;(y, ) ©)

RMSE = (10)
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To keep the development time to a minimum, the proposed AI/ML
model is first tuned using the NMC1 battery dataset. Then, the tuned
hyperparameters are used to train and test the model also on the other
datasets (i.e., NMC2 and NCA).

In the last stage of our experiments, the model is optimized using
tinyML technologies; that is, translated into the TensorFlow Lite for-
mat using three different types of quantization: 8-bit integer, dynamic
range, and 16-bit floating quantization. The details of these three types
of quantization will be described later. The final optimized quantized
models will be deployed to a Raspberry Pi 4 processor for real time
inference testing (as shown in the last quadrant of Fig. 6). Raspberry Pi
4 is used in this work because it is a low-power, single-board computer
with a Broadcom BCM2711 processor based on ARM Cortex-A72 archi-
tecture, which suits well for tinyML tasks. Another reason Raspberry
Pi 4 is used in this research is that while resources-constrained devices
like the Arduino are well-suited for simple tasks, they lack the necessary
computational resources to support the execution of the multi-variable
deep learning model in this work. In contrast, Raspberry Pi 4 provides a
more capable and energy-friendly embedded platform for this research.
The Raspberry Pi 4 board used in our experiments has 2 GB of LPDDR4
SDRAM, a microSD, and a 2 x micro-HDMI port. It is a popular choice
for power-efficient light-weight AI/ML projects due to its ease of use,
good performance, and low cost.

6. Results and discussion
6.1. Comparison of the proposed model on different datasets

The proposed model was developed and tuned using the NMC1
battery dataset. There are four features inside the NMC1 battery dataset
used in this work. They are current (A), voltage (V), environment
temperature (°C), and test time (S). The current is a square wave cycle
with a maximum of 1.5 A and a minimum of —3 A, and the voltage
ranges from 2 V to 4 V; the test time for one data instance ranges
from 10 s to 600 s. These four features are presented in Fig. 7, where
the y-axis is the current, voltage, environment temperature, and test
time with their corresponding units. The x-axis is the time step index
from the first to the last data point recorded in the cycling experiment.
The NMC1 battery dataset was tested with a 1C discharging rate, a
DoD of 0% to 100%, and an environmental temperature of 15 °C. It
has 513 cycles, each varying from 100 to 1000 time steps, and the
cell temperature range is from 15.368 °C to 26.291 °C (total range
of 10.923). As described in Section 5.2, the MA filtering technique is
applied every 1500 s. The NMC dataset has 48,118 data points (time
steps) and is divided into training 36,149 data points (75%), validation
8397 data points (17.5%), and testing 3572 data points (7.5%). The
training set is used to train the model, and it comprises typically
70%-75% of the whole dataset. The validation set monitors the model’s
performance during the training process. The testing set, on the other
hand, which tests the model on completely unseen datapoints during
both the training and validation process, is used to evaluate the model’s
generalization ability. Note that this split into training, validation and
test is common in the literature.

The prediction results obtained with the proposed model before
optimization with tinyML technologies (i.e., at TensorFlow level) and
using the NMC1 battery dataset are shown in Fig. 8. In these plots, the
x-axis represents the time step index, and the y-axis shows RUL in cycles
or cell temperature. The “x” markers indicate the true values, and “A”
markers indicate the predicted values. In addition to the prediction
results with both true and predicted values, we plot the true values
solely of both RUL and cell temperature (Fig. 8.a and .b) as well for a
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and (d) test time (s).

Table 3

RUL errors for NMC1, NMC2 and NCA battery datasets.
Datasets MAE MSE RMSE MAPE R2
NMC1 0.8321 1.0953 1.0466 5.58% 0.9999
NMC2 1.1091 2.2237 1.4912 1.69% 0.9999
NCA 0.8628 1.334 1.155 3.13% 0.9999

Table 4

Cell temperature errors for NMC1, NMC2 and NCA battery datasets.
Datasets MAE MSE RMSE MAPE R?
NMC1 0.3935 0.4485 0.6697 2.2% 0.8539
NMC2 0.1601 0.0432 0.2078 0.63% 0.7509
NCA 0.6295 1.248 1.1171 1.6% 0.8974

clearer and better comparison. We also plot the histograms of absolute
errors (|y, — §;|) and absolute percentage errors (|y, — $;|/y,) because
they offer a better picture of how prediction errors are distributed. The
error matrices for the NMC1, NMC2, and NCA datasets on TensorFlow
level are reported in Tables 3 and 4.

In reporting the performance of the proposed model on the other
two datasets, we first note that the absolute numerical ranges of RUL
can vary greatly, even for the same type of battery. That is because
the discharge rate, DoD, and environmental temperature can all affect
the battery’s health. To be more specific, the NMC2 battery cell was
tested with a 0.5C discharge rate, a DoD of 20% to 80%, and an
environment temperature of 25 °C. In this case, the RUL range is
from 1 to 1431 and the cell temperature range is from 24.093 °C
to 28.065 °C (total range of 3.972). Similarly, the NCA battery cell
was tested with a 2C discharge rate, a DoD of 0% to 100%, and an
environment temperature of 35 °C. Hence, the RUL range is from 1 to
654 and the cell temperature range is from 33.167 °C to 55.361 °C
(total range of 22.194). The reason these three datasets are selected
is that they have different discharging rates, DoD, and environmental
temperature when they are tested. Despite these differences in datasets,
the proposed model appears to be very robust, providing the same level
of performance when tested on all three battery datasets. This also
proves the model has good scalability for different data distributions.

Because however RUL and cell temperature ranges are different
for all three datasets, it is not ideal to compare them directly using
MAE, MSE, and RMSE. We still report them here for reference, but,
also use MAPE and R? scores to compare the investigated datasets.
MAE, MSE, and RMSE are still valuable for comparing the degradation
in prediction accuracy of different quantization methods, for a given
dataset. We observe that RUL, the MAPE varies from 1.69% to 5.58%,
and all R? values are 0.9999. This indicates the proposed model works

well for predicting RUL with only minor errors. The MAPE varies for
cell temperature from 0.63% to 2.2% and the R? score from 0.7509
to 0.8974. The NMC2 battery dataset has the lowest MAPE but also
the lowest R? score because MAPE can be favored by a small range of
values, like cell temperature in the NMC2 battery dataset. However, the
lowest R?> score means the model cannot explain the overall variance
of the data in the NMC2 dataset very well.

The R? score plots of both RUL and cell temperature on all three
datasets are plotted in Figs. 9 and 10. The dots in these two figures
are scatter plots of true and predicted values of battery cycles and cell
temperature, while the dashed line represents the ideal model with
zero error. The higher R? scores indicate better predictive performance
of the proposed model. Just as discussed beforehand, for RUL, the
predicted values follow well on the true values. On the other hand,
the predicted values for cell temperature are slightly off compared to
the performance of RUL predictions. The potential reason for this could
be that cell temperature is harder to predict than RUL. As seen in Fig.
8.a and .b, the fluctuation of the cell temperature is more significant
than that of RUL. In addition, one can see in Fig. 7.c that there are also
spikes in the environmental temperature. We suspect that these spikes
may be most likely due to erroneous readings during data collection
by SNL lab. They are however more difficult to deal with and the
MA filtering technique does not address these spikes entirely. As a
result, cell temperature prediction is more challenging and this results
in the R? score being lower than that in the case of RUL prediction. In
summary, our proposed model works very well on these three datasets,
with particularly excellent prediction accuracy for RUL.

6.2. Comparison of the proposed model to previous work

In this section, we compare our model to recently reported previous
works for the predictions of RUL and cell temperature. Results of this
comparison are summarized in Table 5. While the best comparison is by
MAPE, some previous studies reported only MSE and RMSE. Therefore,
the comparison table also provides a normalized MSE or RMSE; the
normalization uses MSE or RMSE divided by the range of the true
test values. In this way, the comparison to previous work is as fair as
possible. In Table 5, row 2 lists the errors for our proposed model, rows
3-9 list RUL and cell temperature errors found in existing literature.
When comparing the errors for RUL, the MAPE of the proposed model
is lower than [17,18], and the normalized RMSE of our proposed
model is also lower than [19]. For cell temperature predictions, the
cell temperature estimation in [25] at 5° is close to our proposed model
when using normalized MSE. In addition, our proposed model is better
than the temperature estimations under two other conditions in [25].
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Fig. 8. TensorFlow level model performance evaluation on the test portion of the NMC1 dataset (a) actual values of RUL, (b) actual values of cell temperature,
(c) actual and predicted values of RUL, (d) actual and predicted values of cell temperature, (e) absolute error histogram for RUL, (f) absolute error histogram for
cell temperature, (g) absolute percentage error histogram for RUL, (h) absolute percentage error histogram for cell temperature.

Finally, we outrun the performance of the model used in [26] with
respect to MAPE.

We also present a qualitative comparison of the proposed model
to previous studies that focused on multi-task learning for predictions
of other attributes, including SoC and state of energy (SoE), capacity
and resistance, and other tinyML applications in battery SoC and SoH
estimations. This comparison is presented in Table 5, rows 10-13.
Our work adds to this body of prior studies, which did not address
the problem that we focus on in this paper — that of simultaneously

predicting RUL and cell temperature. In [62], the authors investigated
forecasting battery capacity and power degradation with multi-task
learning. In [63], the authors developed a multi-task learning structure
for SoC and SoE. Note that these work did not provide any tinyML
implementation. In [30,31], a tinyML solution was presented for SoH
and SoC. Here, we only present model performance as reported at Ten-
sorFlow level (i.e., models executed on personal computers or servers)
and not as reported when models are executed on edge devices. We
observe that among all battery attributes that previous studies and our
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Table 5

RUL and cell temperature errors (row 2) compared to existing literature on RUL and cell temperature predictions (rows 3-9), multi-tasking learning (rows 10-11),

and other tinyML studies (rows 12-13).

Models MAPE Normalized RMSE Normalized MSE Multi-variables TinyML technology
Proposed model (best RUL, cell temp.) 1.69%, 0.63% 0.1%, 5.2% 0.16%, 1.09% Yes Yes
Ref. [17] (RUL) 3.6% NA NA No No
Ref. [18] (RUL) 8.82% NA NA No No
Ref. [19] (RUL) NA 4.13% NA No No
Ref. [25] at 5° (cell temp.) NA NA 2.8% No No
Ref. [25] at 25° (cell temp.) NA NA 13.43% No No
Ref. [25] at 45° (cell temp.) NA NA 6.15% No No
Ref. [26] (cell temp.) around 5% NA NA No No
Ref. [62] (Multi-tasking, capacity, resistance) 2.37%, 1.24% NA NA Yes No
Ref. [63] (Multi-tasking, SoC, SoE) NA 0.7709%, 0.8671% NA Yes No
Ref. [30] (TinyML for SoH) NA 4.86% NA No Yes
Ref. [31] (TinyML for SoC) NA 2.6915% 0.072% No Yes

work focused on, RUL is predicted with the highest accuracy while
temperature is predicted with lower accuracy. As discussed earlier, we
note that cell temperature is a more challenging attribute to work with
and to predict.

6.3. Lite is all you need

As discussed earlier, there is no existing previous work that focused
on optimizing AI/ML deep learning model to predict two or more
attributes and then deploy to test on edge devices in the area of battery
health monitoring. We are the first to conduct such a study and report
here the use of three different quantization methods: 8-bit integer, dy-
namic range, and 16-bit floating quantization. The model structure, the
weights, and biases inside the model represent essentially the AI/ML
model; they are stored on disk/memory inside the file that represents
the model. The size of the model is therefore related to the total number

of weights and associated activations inside the model; hence, the more
weights, the larger the model. Converting 32-bit floating point numbers
that are used to represent the weights to 8-bit integer numbers can have
a significant impact on reducing the model size. The algorithm for 8-
bit quantization to generate quantized tensors is called the “min-max”
algorithm [30] because the 8-bit integer quantization is a projection
of the 32-bit floating number using their min and max values. The
equation for 8-bit integer quantization and dequantization is as follows:

r

q = round( +2z)

scale
r=(q— z)* scale
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The r, ¢, and z represent real value, quantized value, and zero point,
respectively. The scale is calculated using the min-max difference
between the real values and then divided by the min and max difference
between the quantized values, which is always 255 for 8-bit integer
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Table 6
RUL prediction accuracy for NMC1 dataset — model at TensorFlow level and
after optimization with three quantization methods.

MAE MSE RMSE MAPE RrR?
TensorFlow 0.8321 1.0953 1.0466 5.58% 0.9999
8-bit integer 3.8857 25.4559 5.0454 21.12% 0.999
Degradation 3.0536 24.3606 3.9988 15.54% 0.0001
Dynamic range 0.8271 1.1113 1.0542 5.03% 0.9999
Degradation 0 0.016 0.0076 0 0
16-bit floating 0.8279 1.0873 1.0427 5.62% 0.9999
Degradation 0 0 0 0.04% 0
Table 7

Cell temperature prediction accuracy for NMC1 dataset — model at Tensor-
Flow level and after optimization with three quantization methods.

MAE MSE RMSE MAPE R?
TensorFlow 0.3935 0.4485 0.6697 2.2% 0.8539
8-bit integer 0.6211 0.8383 0.9156 3.43% 0.7269
Degradation 0.2276 0.3898 0.2459 1.23% 0.127
Dynamic range 0.3940 0.4448 0.6669 2.18% 0.8551
Degradation 0 0 0 0 0
16-bit floating 0.3935 0.4479 0.6693 2.2% 0.8541
Degradation 0 0 0 0 0
Table 8
Comparison of models’ size and inference time.
Model size Reduced Inference time
TensorFlow 2.27 MB NA 0.52 ms
8-bit integer 176 KB 13x 5.03 ms
Dynamic range 164 KB 14x 3.03 ms
16-bit floating 246 KB 9x 4.07 ms

Table 9
Comparison of RUL and cell temperature prediction accuracy for NMC1 dataset
at TensorFlow Lite level between this and previous work.

MAE (best at TensorFlow Lite level)

RUL (TCN-+attention) 0.8271
RUL (TCN) 1.88
Cell temp. (TCN+attention) 0.3935
Cell temp. (TCN) 0.25

quantization. On the other hand, the zero point value can be symmetric
or asymmetric depending on whether z equals zero. If z is zero, this
simplifies both processes for quantization and dequantization. In this
work, since post-training quantization from TensorFlow is adopted for
all three quantization methods, the weights are quantized in symmet-
ric format and signed integer type, and activations are quantized in
asymmetric format and signed integer type due to their asymmetric
nature [30]. This quantization scheme is called Symmetric (for weights)
and Asymmetric (for activations).

The dynamic range quantization also does the 8-bit quantization
for the weights; however, it does the fly quantization and dequan-
tization for activations. Only learnable parameters, like weights, are
permanently stored in the model, and activations are not stored as
weights are. The activations can be quantized dynamically at inference
if the deployed device has enough computational power [64]. Thus,
dynamic range quantization can preserve more accuracy of the model
than 8-bit integer quantization and does not necessarily increase the
inference time. As for 16-bit floating quantization, which is called half-
precision quantization, it adopts an IEEE 754 floating-point format.
The advantage of the 16-bit floating point number over the 32-bit
floating point number is that it only requires half the storage size of
a 32-bit floating point number. Even so, the quantized 16-bit floating
model is usually larger than the two before, but it may have the least
degradation among all three quantized models.

The proposed model was successfully quantized using the three
different methods, then deployed and tested on the Raspberry Pi 4 edge

10
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Fig. 11. Experimental set-up for deployment on Raspberry Pi 4.

Table 10
Power consumption and runtime memory usage of the proposed models
deployed on the edge device.

Model optim. Power consumption Runtime memory

8-bit integer 0.43 W 100 MB
Dynamic range 0.64 W 103 MB
16-bit floating 095 W 104 MB

device, as shown in the experimental set-up from Fig. 11. Degradations
of each quantized model compared to the original TensorFlow level
model are reported in Tables 6 and 7. The degradation is calculated
as the absolute difference between each term in the table for all three
quantization methods and the original TensorFlow model, which is a
reference for analyzing the performance of the quantization models.
If there is no degradation or the error term for the quantized model
is slightly better than the original model, the degradation is denoted
as 0 in these tables. Some results of the quantized model are slightly
better than those of the original model because quantization can act as
regularization or smoothing for the data, helping to reduce the errors
slightly. In addition, the model size and inference time are also listed
and compared in Table 8. We observe that the model size is reduced by
up to 14x. The inference time is calculated for one datapoint inference
and reported as the average of five values of the same experiments.
The average inference time for predicting RUL and cell temperature
individually on an embedded device in our previous work [33] was
5 ms. However, the best average inference time in this updated work
is 3 ms, which surpasses our previous work. More importantly, the
proposed multi-variable prediction model demonstrates faster inference
time than the single-variable model, indicating a clear advantage in
computational resource efficiency. The comparison of the accuracy of
the proposed model (TCN and attention layer) and the previous work
model (TCN) is also concluded in Table 9. Since our previous work
only reported the MAE at the TensorFlow Lite level, we will compare
RUL and cell temperature by MAE. The proposed model’s performance
on RUL is better, while the cell temperature is slightly worse than
our previous work. The reason why the cell temperature is harder
to capture can be referred to in the last paragraph of Section 6.1.
Note that the proposed model in this work simultaneously predicts two
variables, as stated before. The learning complexity increases compared
to single-output models. A slight drop in one output’s accuracy is
within reasonable expectations for multi-task learning, and the pro-
posed model still has two advantages compared to our previous work:
(1) higher RUL accuracy, and (2) faster inference time.

Besides accuracy, model size and inference time, the power con-
sumption and runtime memory of the deployment are presented in
Table 10. The power consumption is measured with the help of a
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Fig. 12. Performance evaluation of the model optimized with 8-bit integer quantization on the test portion of the NMC1 dataset (a) actual and predicted values
of RUL, (b) actual and predicted values of cell temperature, (c) absolute error histogram for RUL, (d) absolute error histogram for cell temperature, (e) absolute
percentage error histogram for RUL, (f) absolute percentage error histogram for cell temperature.

USB power tester, while the runtime memory usage is measured using
the BpyTOP that is readily available on Linux systems such as that
running on the Raspberry Pi. As it can be seen, all three models have
small power consumption when used for real-time inferencing on the
Raspberry Pi 4 edge device. In terms of the amount of runtime memory
usage, we observe that all models use around 100MB, which is only
a very small portion of the total memory available on the device of
2 GB; in other words, the proposed models use only 5% of the total
memory available. Compared to other previous studies that also used
Raspberry Pi for testing [65,66] we note that our models use less
memory. For example, the study in [65], which studied models for
gesture classification and keyword spotting use up to 11% memory
of a Raspberry Pi 4 with a total of 4 GB, while the natural language
processing models from [66] use 300-700 MB of memory.

The prediction results of the model optimized with 16-bit floating
quantization are not shown because there is nearly no degradation
from the original TensorFlow model and to save space. The prediction
results of the model optimized with the other two quantization methods
are presented in Figs. 12 and 13. We observe that the 8-bit integer
quantization leads to larger prediction accuracy degradation, which is
undesirable. Therefore, this version of the model is not useful. On the

11

other hand, the model optimized with dynamic range quantization is
affected minimally, its degradation is acceptable, and the model size
is also very small. In addition, its inference time is the shortest. We
conclude that its deployment in real time applications is possible and
sufficient (i.e., lite is all you need).

7. Conclusion and future work

In this paper, we proposed a novel AI/ML model to predict si-
multaneously multiple attributes for lithium-ion batteries. In contrast
with approaches that develop separate models for individual attributes
or variables, the proposed approach results in models that require
less computational capabilities when deployed on resource constrained
edge devices. The proposed model focused on the prediction of bat-
tery cell temperature and remaining useful life, which are essential
attributes used in battery management systems. The model is developed
using several public datasets from Sandia National Lab and verified
for prediction accuracy using extensive simulations. Furthermore, the
model is optimized using tinyML technologies and then deployed on
a Raspberry Pi 4 edge device for real time inference, with satisfactory
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Fig. 13. Performance evaluation of the model optimized with dynamic range quantization on the test portion of the NMC1 dataset (a) actual and predicted values
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prediction accuracy. Therefore, this work is a step forward towards de-
veloping multi-output AI/ML models aimed at deployment on resource
constrained edge devices for real time predictions. Feature engineering
and analysis for better model generalization ability on different bat-
teries and model size reduction, such as pruning unnecessary layers
in the TCN model for less memory consumption, will be the direction
of our future work for continuing the tinyML research. The proposed
model’s generalization capability can be further strengthened through
cross-dataset validation, which can also be conducted and explored in
future work.
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