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Abstract

There is an increasing demand for modern diagnostic systems for batteries under real-world operation,

specifically for the estimation of their state of health, for example, via their remaining capacity. The online

estimation of the capacity of a cell is challenging due to the dynamic nature of cell aging and the limited

variety of inputs available from a cell under operation. The scope of this work is the development of a

data-driven capacity estimation model for cells under real-world working conditions with recurrent neural

networks having long short-term memory capability. Voltage-time sensor data from the partial constant

current phase charging curve is used as input, reflecting input availability in the real world. The network

achieves a best-case mean absolute percentage error of 0.76% and is extremely robust while handling input

noise. It also has the ability to handle variations in the length of the input time series and can generate a

viable estimation even with an incomplete collection of input due to sensor errors. The model validation

with several scenarios is done in a local embedded device, highlighting the use case of such models in future

battery management systems.
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1. Introduction

Lithium-ion batteries (LIBs) are developing into a widely used technology, especially in the field of

electromobility, due to their low associated costs and high energy density. However, as is the case with

almost all electrochemical systems, LIBs also undergo performance degradation with time during usage
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as well as storage, which increases the need for evaluation of the longevity and reliability of the cell under

operation. Therefore, appropriate monitoring of the health of LIBs, as a function of the battery management

system (BMS), is crucial for both manufacturers and customers of electric vehicles (EVs).

As a metric for the aging status of the LIBs, state of health (SOH) is commonly defined in the industry

using one of two indicators, which are remaining cell capacity and internal ohmic resistance. End of life

(EOL) is then defined to be the point in the cell’s life when the chosen SOH indicator crosses a certain

limit, which is usually 80% of the original value in case of remaining capacity, and 200% of the original

value in case of internal resistance. In this work, the remaining capacity is chosen as the SOH indicator to

be estimated. An accurate SOH estimation is essential for operation, maintenance, and optimization of the

cell, but monitoring the aging of a LIB is a non-trivial task due to the complex and non-linear underlying

mechanisms that contribute to the aging of the cell. There are several aging mechanisms, as described in

[1, 2], such as the formulation of the solid electrolyte interface (SEI), lithium plating during operation, and

current collector degradation. These mechanisms are coupled with each other and contribute to different

aging modes, which consequently age the cell via complex degradation pathways. Due to this, the battery

loses its ability to store energy and deliver power with time.

There are several approaches found in the literature for the estimation of the SOH of a cell. A controlled

experimental approach is the first method for SOH estimation, and this can be done using trivial methods

such as coulomb counting or more sophisticated approaches such as electrochemical impedance spectroscopy

(EIS) [3, 4] and incremental capacity and differential voltage (IC/DV) analysis [5–8]. The major limitation

of such methods is that they require a unique current profile, which is hard to obtain in real operational

scenarios. For example, IC/DV analysis uses charge-voltage (Q-V) curves typically obtained by passing a

very low current through the cell, to simulate equilibrium operation. The curves are then differentiated

to get IC and DV plots. The differentiation amplifies the influence of noise, even with added smoothing

filters, and the gathering of input data must be done over a wide voltage range, which is challenging in real

scenarios. To avoid such limitations, there is a need for methods that can work with sensor data available,

usually from a working cell. Particularly, the time series sensor data available from the charging-discharging

curves in the normal operation of the battery serves to be ideal for an estimation approach that does not

interrupt regular cell operation.

The most widely used online SOH estimation approach in industry is the parameterization of a battery

model, usually online in a recursive implementation such as a Kalman filter. Models can be of several types,

such as equivalent circuit models [9–13] or electrochemical models [14–21]. Circuit models define an electrical

circuit with various components to simulate the cell’s electrical dynamics, whereas electrochemical models

represent the distribution of lithium-ion concentration and potential within a cell using a set of coupled

partial differential equations. The main limitation of these approaches is that their accuracy depends highly

on the choice of underlying battery model. Moreover, the identification and tuning of the parameters of

2



the model so that it captures all the underlying cell degradation mechanisms is a challenging and often

computationally expensive task, complicated by the requirement to simultaneously estimate state of charge.

To this end, data-driven supervised learning approaches are becoming increasingly attractive due to

their ability to map the input (measurements) to output (SOH) data without necessarily having to choose

a physical model. These can range from modified linear regression to Gaussian processes, deep learning and

other neural network (NN) approaches [22–35]. For example, Richardson et al. [32], Yang et al. [35], Wang et

al. [33] set up different estimation approaches using Gaussian process regression (GPR). This method gives

mean capacity estimates as well as probabilistic bounds, using features such as voltage, current, and discharge

time, calculated from the charging and discharging curves of the cells. Support vector machines (SVMs) [31]

have also produced good results for SOH estimation using similar features. Approaches based on deep neural

networks (DNN) [26, 36] employ autoencoders to extract the high-level features from raw charging curve

data and pass them to a DNN to obtain the SOH as output. Wu et al. [28] use importance sampling from

an extensive input feature set from the charging curves and train a DNN for capacity estimation. Recurrent

neural networks (RNNs) have also been used to process an input time sequence and obtain the nominal

capacity [23, 24]. The main limitation with the above data-based approaches is that almost all of them

require external preprocessing and feature engineering steps, which may require extensive domain-specific

knowledge. Moreover, machine learning approaches such as GPR and SVMs often increase substantially in

computational complexity with the amount of data to be processed. Thus, they are usually not suitable

for placing in small embedded systems associated with a BMS. Approaches using NNs do not have the

size limitation but still require the feature extraction step. RNNs would serve as an ideal approach for

processing raw time series data, but they are limited by having a short term memory, which leads to the

learning gradients vanishing after a few time steps [37]. Therefore, most approaches using RNNs must reduce

their input features to a few time steps to train the network effectively.

This paper aims to bridge the aforementioned research gap and proposes a supervised learning approach

containing an RNN with long short-term memory (LSTM) cells that can estimate the remaining capacity

of a battery under operation. The proposed framework uses the data gathered from cell aging experiments

similar to the intended use cases to train the model. The trained model is then served in a local deep

learning capable embedded device for validation, to test the usage of such models in future battery systems.

The inputs of the network are the voltage and time samples from the partial constant current charging curve

of the cell, which is determined to be the most reliably available input without operational interference and

requires no further processing or feature engineering. The proposed LSTM-RNN model grants the ability

to accept variable lengths of time series data as input, requiring no specific input time size or length. The

model validation results show that it is very robust while handling noisy inputs, and is capable of generating

viable outputs even with an incomplete input set provided to it. This leads to having feasible SOH estimates

even when the input measurement process is interrupted or erroneous.
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2. Dataset

2.1. Aging experiments

The motivation for this work is to develop a SOH estimation method that can identify cell-specific

degradation of equivalently manufactured cells and give accurate estimates of the remaining capacity of

a cell. The dataset used in this work was gathered from in-house experiments at ISEA, RWTH Aachen

University, on 48 Sanyo/Panasonic UR18650E cells manufactured in the same batch and labeled the same

grade by the manufacturer, as per [38]. The specifications of the cell are given in Table 1. The cells were

aged using one specific profile, well beyond their industry-standard EOL, to analyze the variations that arise

in aging paths over time. The experiment consisted of cyclic aging interspersed with characterization tests.

Each cell had, on average, 17 characterization tests spread across around 2400 cycles over its life, and each

cycling aging period contains, on average, 160 cycles.

Category Specification

Manufacturer Sanyo/Panasonic

Type Cylindrical

Chemistry Graphite/NMC

Nominal Capacity 1.85 Ah

Weight 45.5 g

Table 1: Cell specifications.

The current and voltage response of one cycling aging period is shown in Fig. 1(a) and Fig. 1(b),

respectively. Cycling of the cells was conducted at a constant temperature of 25 ◦C. Each cycle consists of

discharging to 3.5 V and charging to 3.9 V with a constant current of 4 A in constant current (CC) mode,

followed by a constant voltage (CV) phase until the minimum cut-off current of 40 mA was reached. The

focus of this work is the development of a deep learning approach for remaining capacity estimation from

available sensor data of battery operation, and this dataset serves as the first proof of concept with one

temperature and one fixed profile for battery aging. Expansion of aging profile types and temperatures is

a future activity. The current and voltage responses of the characterization test are shown in Fig. 1(c) and

Fig. 1(d), respectively. The characterization tests were conducted once at the beginning of life (BOL), and

then periodically until EOL was reached. The maximum discharge capacity for different current C-rates

was measured first, followed by the OCV curve. Finally, the pulse resistances under different current rates

for three different SOCs were determined.

Fig. 2(a) shows the degradation curve of one cell from the dataset, and it is clear that the trend is not

linear but changes at a certain point of a cell’s lifetime. This ‘knee point’ is also variable for different cells, as
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Figure 1: Measured data. (a) Current and (b) voltage response during cycling. (c) Current and (d) voltage response during a

characterization test.

seen in Fig. 2(b), which shows the degradation curves of all 48 cells in the dataset, highlighting the dynamic

variation that equivalent cells undergo while being aged. Consequently, the cycle number at which the cells

reach their respective EOL also widely varies, as seen in Fig. 2(c), with a range of almost 500 cycles between

the cells with the longest and shortest lives, respectively. Fig. 2(d), (e), and (f) present correlations of the

capacity of the cells at the start, midpoint, and end of their lives, with the final EOL cycle number. An

important observation from these figures is that the correlation between EOL and remaining capacity is

highly unclear at the BOL. This highlights the need for a SOH estimation approach that can capture the

variations observed throughout the cell’s life, to give an accurate estimation of the cell’s SOH at any point.

After obtaining the raw data, the capacity measurements were interpolated to create the supervised

learning dataset, using the piecewise cubic hermite interpolating polynomial (PCHIP) function in MATLAB.
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Figure 2: Analysis of the battery dataset. (a) Degradation trend over the lifetime of a single cell. (b) Degradation curves of

48 cells. (c) Variation in the EOL cycle number of the 48 cells. EOL cycle number as a function of (d) initial, (e) mid-life and

(f) late-life maximum capacity of the 48 cells, to highlight the variations in correlation.

Subsequently, bad input cycles due to missing data, clearly erroneous measurement, smaller than minimum

sample sizes of input, and other factors, were removed from the dataset before training. Cycle data down to

nearly 65% of the initial nominal capacity of the cells were then selected for training. This was done to test

the viability of the model for batteries in second life operations and to improve the tolerance of the model

well beyond the industry-accepted EOL of 80% of the initial nominal capacity. The other available dataset

rarely includes the aging data after 80%. Accurate capacity estimation until the extended EOL criteria is

also more challenging since the nonlinearities in the cell’s capacity degradation pathway increase as the EOL

criteria shifts downwards, and the point of acceleration in aging is encountered in this region. Successfully

performing this task leads to a robust model for real-world scenarios.
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2.2. Choice of input to the model

The voltage and time samples from the raw partial charging curve of the CC-CV charging operation of

the cell are used as inputs to the model. This sensor data is relatively easy to obtain from a vehicle during

charging, and charging is typically a uniform process over a cell’s lifetime since it usually happens over

similar periods of time at a charging station. Discharge curves, however, are dependent on vehicle behavior

and can differ significantly with distance traveled, traffic trends, driving behavior, and other factors. The

focus is on the CC phase of charging because the nature of charging management of the cells in a battery

pack may lead to incomplete CV phases for some cells and extended CV phases for others. The entire pack

is shifted to CV mode to prevent overcharging as soon as one cell reaches the cut-off voltage, and therefore,

many cells in a pack may have different voltage levels in CV mode. The CC phase of the charging operation

is clearly more uniform among all cells in a pack, to reliably gather input data. The choice of input data

window must be balanced between the availability of data and the information contained in the input. Thus

the input window must be chosen in such a way that it is obtainable throughout the cell’s lifetime while

maximizing the information captured. The type of data available for training the model also affects the

window choice, and our chosen window is not the only possible alternative, but may differ with different

training datasets and use cases. Commonly, charging of the vehicle may begin from any value of SOC of the

battery but typically will go to 100% before being discontinued. Thus, it is clear that the upper part of the

CC phase of the charging curve will be reliably available over the cell’s lifetime, and therefore is the choice

of input to train our model.

Fig. 3 presents an analysis of the inputs chosen for network training and operation. Fig. 3(a) shows the

data window for the gathering of the voltage and time samples (starting at 3.65 V and ending at 3.89 V).

The manufacturer specified full-cycle voltage range for the cell is 2.75 V to 4.20 V, and the cell aging was

done using partial charge-discharge cycles with the voltage range of 3.5 V to 3.9 V. Our chosen window

amounts to 60% of the aging voltage range, and 16.5% of the manufacturer specified full charge range.

Fig. 3(b) shows the comparison plot of the partial charging curves of the cell as the cell ages. It is clear that

there is a wide variation in the shape of the charging curves, which supports the use of such input for the

estimation of the nominal capacity at any point of the cell’s life. Fig. 3(c) highlights the need for a network

capable of handling variable lengths of input sequences since the constant current charging time and the

number of samples clearly vary with the age of the cell.

A network operating with raw sensor data does not need the manual extraction of features that may be

unreliable to obtain when the raw curves change in shape and size throughout life, making this model more

generally applicable. The correlation plots between the number of input samples and the total charging time,

with the maximum capacity of the cell at that time point, are also given in Fig. 3(d) and (e), respectively,

again highlighting the different variations.

Subsequently, for the creation of the supervised learning dataset for network training, the inputs were first
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Figure 3: Analysis of the chosen input data window. (a) The selected window of time-voltage curve samples, from 3.65 V to

3.89 V. (b) Time-voltage curves over the cell’s lifetime. (c) Input size (number of samples) vs. charging time curves over the

cell’s lifetime. (d) Input size as a function of capacity, over the cell’s lifetime. (e) Constant current charging time as a function

of capacity, over the cell’s lifetime.

normalized to have values between 0 and 1. This normalization was done by dividing the input matrices with

a constant value exceeding the maximum range of the respective inputs in the dataset. After normalization,

the input matrices were leading zero-padded to fulfill the requirement of uniform dimensional matrices in

the TensorFlow training environment. However, this is not a model-side requirement and the trained model

after being implemented, can accept inputs of any shape. Finally, the entire dataset was divided into two

parts, with 40 cells being used to train the model, and eight cells kept aside to serve as the blind testing

dataset. Additionally, a random 20% of the training data was used for model validation checkpoints in each
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Figure 4: An overview of the model framework.

training epoch.

3. Methodology

3.1. Model framework

The framework of the online capacity estimation model can be split into two major parts, namely the

initial training of the model, and the deployment of the trained model to vehicles in operation. Fig. 4 shows

an overview of the framework. The experiments to gather aging data, as previously discussed, are the first

step, after which the obtained dataset is processed and stored in the cloud to be used for model training.

The cloud server offers a bidirectional connection to all inference devices present in the field. Its main task

is to train the model with the data provided and serve the best performing model to the devices connected

to it. The local devices can also forward their gathered output data, new input samples, and other metrics

to the server, which can be used for future improvements of the models. This cloud connectivity feature

is a key factor that enables a continuously updatable deep learning model. The hardware present in the

cloud server must be sufficiently powerful for model training with huge amounts of gathered data. The local

inferences can then be computed on relatively cheap embedded devices within the BMS of EVs, since deep

learning models are very computationally cheap to evaluate.

3.2. LSTM-RNN architecture

As mentioned above, this work uses LSTM-RNNs for the estimation of remaining capacity from voltage-

time sensor data. Regression methods, e.g. linear models [39] and Gaussian processes [32], need feature

extraction from the raw charging data, which requires a lot of domain-specific experiences. Deep learning

models have the ability to do efficient feature extraction from the raw data directly. Furthermore, the size

9



of the input matrix (the number of time-voltage samples) is changing during aging, as shown in Fig. 3,

which requires a processing step to have a fixed size of the input matrix for regression methods. In contrast,

LSTMs can work with inputs with varying sizes, satisfying the requirements and reducing the processing

effort. LSTMs were first proposed by Hochreiter and Schmidhuber in 1997 [40], and gained popularity in

the late 2000s, with a simpler version called Gated Recurrent Unit coming out in 2014.

The training of all NNs has its basis on a process called backpropagation. Neural network layers include

a non-linear ‘activation function,’ which produces an output for each hidden node in the layers of the NN,

after seeing the values of the weights associated with the nodes, and the input. The network learns during

training by modifying the values of these node weights so that the activation function outputs values which

are matching with the training data provided. This weighting modification is done by the backpropagation

process, which takes the output of the NN and generates an error value by comparing it to the labeled data

using a cost function termed the ‘loss,’ which is selected manually for each application. The gradients of

the error are then propagated backward through all the nodes of the NN, and an ‘optimizer’ function uses

this error to optimize the weights of the NN to produce better outputs after every training step. RNNs

use a variant of backpropagation called backpropagation through time (BPTT) [41]. This ‘unfolds’ the

neural network in time in the forward pass while generating outputs, and calculating the loss for each time

step, and then propagates the gradients of the loss with respect to each parameter in the backward pass.

The gradients are then used to update the shared parameter vector w across all time steps in the network,

using the optimizer. LSTMs were specially developed modifications to standard RNN cells, and they have

a hidden memory state along with the cell state at each timestep, which leads them to have the ability for

long memory retention.

Fig. 5 shows an overview of the architecture of the LSTM cell. A brief description of the operation of

the cell, along with its equations, obtained from [42], is given below, where σ and tanh are the sigmoid and

hyperbolic tangent activation functions, w are the different weight matrices, and xt is the input at the present

timestep respectively. Moreover, ht and ht−1 are the hidden output states of the cell at present time step

and the previous time step, respectively, Ct−1 is the cell’s previous memory state, C̃t is the generated new

memory, and Ct is the cell’s present memory state. The (∗) operator signifies element-wise multiplication

of the vectors. There are three gates, namely the input gate it, the forget gate ft and the output gate

ot, and there are two generator circuits, namely the new memory (C̃t) generator and the hidden state (ht)

generator.

ft = σ (wf · [ht−1, xt] + bf ) (1)
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Figure 5: Representation of the architecture of the LSTM-RNN Cell.

it = σ (wi · [ht−1, xt] + bi) (2)

ot = σ (wo · [ht−1, xt] + bo) (3)

C̃t = tanh (wC · [ht−1, xt] + bC) (4)

Ct = ft ∗ Ct−1 + it ∗ C̃t (5)

ht = ot ∗ tanh (Ct) (6)

The LSTM cell takes the previous timestep’s memory state Ct−1, output state ht−1, and the input vector

for the current timestep xt, as input. The forget valve contains the forget gate, which decides which part

of the old memory to forget and pushes the forgetting vector ft into the cell pipeline. The new memory

valve contains two networks, one to decide the influence of the new memory on the current cell state, called

the input gate, which generates the influencing vector it, and the other, called the memory generator, to

generate the new memory for the current timestep, C̃t. The operations of the forget valve and the new

memory valve together update the cell’s memory state, which is then forwarded to the next time step as

Ct. The output gate then generates the current output state vector ot, which is then updated in accordance

with the new memory state Ct in the hidden state generator. Finally, the new output state ht is obtained,

which becomes the output of the current timestep.
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In this paper, the architecture was developed in a Python 3 environment, with TensorFlow 1.14 as the

backend and the Keras deep learning library used for layer creation [43, 44]. The LSTM-RNN cell is wrapped

in a bidirectional wrapper, which allows the network to process the input timesteps twice, once normally and

once in reverse, for additional context and feature recognition while training. The optimizer “Adam” [45],

used for training the network, is an adaptive learning method that computes individual learning rates for

each parameter in the network. Adam is the current state-of-the-art for training time series neural networks

and has been demonstrated to be one of the most efficient training processes, especially when coupled with

a momentum parameter, as in [46]. It uses the first and second moments of the error gradients to update

the learning rates of each parameter of the network individually, leading to highly efficient training.

Criteria Value

Number of epochs 250

Learning rate 0.0001

Validation split 20%

Dropout 30%

Minibatch size 1900 samples

Training loss Mean absolute error

Table 2: Training Hyperparameters.

3.3. Network training

Several bidirectionally wrapped LSTM-RNN networks were trained, with varying layer and node dimen-

sion sizes, and the most efficient network after observation of performance metrics (defined in section 4) was

chosen for implementation. The network loss for learning was chosen to be ‘mean absolute error’ since this

loss performs best for regression type models. Other experiment hyper-parameters, such as training length,

learning rate limits, and the training-testing split of the training dataset for the network training, are given

in Table 2. Regularization was implemented in all networks in the form of dropout layers, which assigns a

certain probability for each node to be randomly dropped from being trained in the current training step,

increasing the generality of the network further and decreasing the chances of overfitting the network to the

training data.

The best performing network after training was found to be a bidirectional LSTM network with four

layers and 50 nodes per layer, with the best training loss at 0.94%. A simple RNN cell with the same

number of layers and hidden nodes per layer was also trained to have a benchmark for the effectiveness

of the LSTM-RNN on the data. The final training loss reached by the simple RNN was 7.8% It is clear

that the accuracy is low because the simple RNN does not have the long short-term memory ability of the
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(a)

(b)

Figure 6: (a) The role of the processor in the loop. (b) The different validation scenarios performed during the processor-in-

the-loop validation.

LSTM-RNN, therefore making it impossible for it to derive the correlations between the charging curve

data and capacity when the number of time steps is large, causing the loss of predictive ability. However,

the LSTM-RNN does not suffer from this setback and can accurately capture the full range of correlations

between the input and output throughout the cell’s lifetime.
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3.4. Processor-in-the-loop validation

As talked about in the framework section, this model is meant to be usable in small deep learning capable

embedded devices, highlighted in Fig. 4, which could serve as the processor for the data fed from the sensors

attached to the battery inside an EV in operation. The embedded device used for the processor-in-the-loop

(PIL) validation in this paper is a small on-board computer specially designed for machine learning and deep

learning applications, the Nvidia Jetson Nano. Its role in the framework is shown in Fig. 6(a). It has a small

form factor and a CUDA technology-enabled processing unit, which enables it to perform deep-learning

operations, making it ideal for association with an EV’s BMS [47] for prognostics tasks. The PIL validation

was done after deploying the trained model into the Nano. The connection environment to an actual BMS

to stream sensor data was not realized in this work; rather, the data arrays are fed to the Nano, from which

the capacity estimation model takes input cycle by cycle as it would do in the case of real data availability.

The objective is to validate the model by simulating various conditions reflecting real operation scenarios

and to demonstrate the computing capability and the viability of using the proposed model in such devices

in future BMSs.

4. Results and discussion

There are three validation scenarios, as shown in Fig. 6(b), for the capacity estimation model. Validation

with ideal inputs, as well with special input condition scenarios, was chosen to test the robustness of the

model when performing in real-life operation conditions, where the network may have less than ideal inputs

provided to it. Data from eight battery cells was used for validation, as stated before, and this data was

not used for the model training process. The cells having the best and worst-case results are shown in the

tables below, for all scenarios. The error metrics used are defined as follows:

APE =

∣∣∣∣ ỹ − yy
∣∣∣∣× 100% (7)

MAPE =

∑n
i=1 APEi

n
(8)

M-SIGMA =

∑n
i=1 |APEi −MAPE|

n
(9)

where y and ỹ are the real and the estimated capacity, respectively, and n is the number of data points for

each battery cell.

There are two significant evaluation metrics, the first of which is the mean absolute percentage error

(MAPE) score of the network on each battery cell. The equation for calculating the MAPE score is given in

(8). MAPE highlights the average accuracy of the model’s estimates over the whole life of the battery cell.
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Figure 7: Validation results of scenario 1. The first two plots are for overall metrics with (a) Estimated maximum capacity vs.

cycle number plot for all 8 cells and (b) MAPE comparison of all 8 cells. Comparison plots for estimates and references for the

(c) best-case cell and (d) worst-case cell are shown in the next two figures. The following two plots show the error in percentage

for each charging cycle, over the life of the (e) best-case cell and (f) worst-case cell. Plots of estimates as a function of the

reference values to highlight the deviation of the estimates from the references for the (g) best-case cell and (h) worst-case cell,

over their lifetime.

The second evaluation metric is the mean deviation from the MAPE, M-SIGMA of the network for each cell,

with its equation given in (9). M-SIGMA highlights the consistency of the quality of model estimates by

indicating the average deviation of the estimation error from the MAPE, over the whole life of the battery

cell. Both scores indicate better performance with lower values. The three validation scenarios, their results,

and relevant discussion are given subsequently.

4.1. Capacity estimation from nominal sensor input

As highlighted in section 3.4, the model directly receives the raw sensor data of the partial charging

curve without normalization or padding and processes one curve at a time, as would be the use case in a

real application. The curves are then dynamically normalized by the model using similar predefined limits,

and estimation is done without the need for zero paddings to highlight the ability of the LSTM network to

handle input data of varying time steps. The result metrics of the best-case and worst-case cells from the

validation set are given in Table 3.

Fig. 7 shows the results from validation scenario 1. Fig. 7(a) shows the plot comparing the estimated

capacity degradation curves of all eight cells of the testing dataset. This is to show that the model can

capture different capacity degradation paths for the different cells, and does not produce a single averaged
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Figure 8: Validation results of scenario 2 (noise added) in rows 1 and 2 and scenario 3 (samples dropped) in rows 3 and 4.

The first two figures (a, b, i, j) of row 1 and 3 show the estimated remaining capacity vs. cycle number plot and the MAPE

comparison of all 8 cells, respectively. Estimations and references comparison plot for the (c, k) best-case cell and (d, l)

worst-case cell are shown for both scenarios. Similarly, the error progression plot over lifetime of (e, m) best-case cell and (f,

n) worst-case cell, as well as the deviation of estimations from references plot for the (g, o) best-case cell and (h, p) worst-case

cell are also shown.

curve for all the cells in the dataset. In Fig. 7(b), the MAPE of each cell over the entire life is given and

can be seen to be within acceptable tolerances, with the mean MAPE of all eight cells being 1.24%, and

the best and worst-case cells having a MAPE of 0.76% and 2.08%, respectively. Fig. 7(c) and (d) show

the comparison plots of estimated capacity against real capacity from the validation data to highlight the

16



Criteria Best-case Worst-case

MAPE 0.76% 2.08%

M-SIGMA 0.46% 1.02%

Table 3: Validation results of scenario 1.

accuracy of the model in the best and worst cases. In contrast, Fig. 7(e) and (f) show the error values for

each cycle in the best and worst-case cell, and lead to the observation that the estimation is more erroneous

in the late stages of the cell’s life, which is because the quality of input collected also suffers when the cell is

close to it’s EOL. Fig. 7(g) and (h) show the deviations of each estimation from the reference, by plotting

the estimated capacity values as a function of the reference capacities with the reference line added for

the best-case and worst-case cells. This is a visualization of the model’s M-SIGMA score and serves as an

indicator of the consistency of the quality of estimates of the network.

4.2. Capacity estimation from noisy sensor input

This scenario highlights the robustness of the model while dealing with noisy sensor data. The data

generation method is like scenario 1, with the addition of zero-mean additive white gaussian noise (AWGN)

with a mean standard deviation (σ) of 5% to both the time and the voltage signal, before forwarding it to

the model. This level of noise is higher than most industry acceptable sensor tolerances. The result metrics

of the best-case and worst-case cells from the validation set are given in Table 4.

Criteria Best-case Worst-case

MAPE 0.77% 2.09%

M-SIGMA 0.47% 1.02%

Table 4: Validation results of scenario 2.

The first two rows of Fig. 8 show the result plots of validation scenario 2, i.e., validation when noise

is added to the input data. The model proves to be extremely robust when estimating with noisy inputs

since the mean MAPE for the entire validation dataset is still well within 3%, with the best-case MAPE

being 0.77% and the worst-case MAPE being 2.09%, as seen in Fig. 8 (b). The estimation comparison

with reference plots, error progression over the lifetime of the cell plots and the estimation deviation from

reference plots are also shown, similar to scenario 1, for the best-case cell in Fig. 8(c), (e), and (g) and the

worst-case cell in Fig. 8(d), (f), and (h), respectively.
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4.3. Capacity estimation from incomplete sensor input

This evaluation scenario is used to highlight the predictive ability of the model when a percentage of

data is randomly selected to be dropped while sampling before feeding the input to the model. The model

was validated with 15% of the input samples randomly dropped before being forwarded to the estimation

network. The result metrics of the best-case and worst-case cells from the validation set are given in Table 5.

Criteria Best-case Worst-case

MAPE 1.04% 4.26%

M-SIGMA 0.68% 1.66%

Table 5: Validation results of scenario 3.

The third and fourth rows of Fig. 8 show the validation results for scenario 3 similarly, with Fig. 8 (i)

showing the degradation curves and Fig. 8(j) showing the MAPE score of the 8 test cells, as before. A key

feature of LSTM networks is that they can work with flexible input sizes, and the input window shrinking

or expanding does not hinder the model operation. The results show that the model suffers from missed

data more than noisy data, which is expected since it is a data-based estimation approach. However, even

with this handicap, the model performs appreciably well, as seen in the results. Validation with 15% of the

data dropped is carried out, and as can be seen in Fig. 8(j), the mean MAPE is still less than 3%, and the

worst-case MAPE is 4.26%, which is still within the 5% error tolerance band. As can be seen from the plots,

the model suffers the most from missing data, with the error increasing by more than 100% of the error

with a complete input set for the worst case. The best case error, even with 15% of input data missing, is at

1.04%, which is also acceptable. The prediction comparison with reference plots, error progression over the

lifetime of the cell plots, and the prediction deviation plots are also shown for the best-case cell in Fig. 8(k),

(m), and (o), and for the worst-case cell in Fig. 8(l), (n), and (p), respectively.

5. Conclusions

This work aimed to create a battery remaining capacity estimation model that is suitable for application

in electric vehicles under real-world operation, to be associated with future battery management systems

with the capability to take advantage of intelligent diagnostics algorithms.

To date, in this domain, no comparable work has been found which implements long short-term memory

networks to use raw voltage-time sensor data from partial CC-phase charging curves to obtain remaining

capacity estimates. The validation of our model with a market-ready machine learning capable embedded

device was also achieved, demonstrating the viability of deep learning-based diagnostics in future battery

management systems. The cloud-based training and deployment to localized devices for implementation
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makes model operation and updating a seamless process with no changes to the architecture needed even

with new data, the model parameters just need to be updated online with new training and then distributed.

Several highlights of the proposed model are given below:

• Estimates battery remaining capacity from raw data from constant current charging curves without

the requirement of additional processing of the raw voltage-time charging curve samples.

• LSTM-based time series processing architecture implemented, allowing the input charging curves to

be variable in time steps and estimation also possible with incomplete sensor data.

• Fast computation times, as measured in an embedded device, at around 2 seconds per sample charging

curve. This time is considered negligible, especially when put in relation to the time taken to gather

the sensor data per charging cycle of the EV.

• Accuracy is acceptable by industry standards with error (MAPE) in the worst-case being 2.08% and

increasing negligibly upon the addition of AWGN noise to the input.

• The model still outputs reasonable predictions with up to 15% missing data, with the worst-case error

being 4.26%.

In the future, we aim to expand the scope of this model in various directions, the priority being to expand

the model from capacity diagnostics to future prediction of capacity and lifetime, and to make the model

more general, by training with different types of data such as common drive cycles, accelerated aging cycles

and different types of cells used in various aging scenarios. Exploring further options for increasing training

efficiency and looking at upcoming network architectures specialized for such applications can also be added

to future goals. This direction will serve to complete the functionality of the model and will require the

use of different deep learning-based networks to predict the future degradation path of each cell, based on

the past data. Finally, the full integration of the model in an embedded platform by setting up a deep

learning-based inference environment within a BMS with application-based prediction and display capacity,

along with other metrics of the battery needs to be implemented and evaluated in the future.
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