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Abstract: This paper presents an improved SOC estimation method for lithium ion batteries in Electric Vehicles
using Bayesian optimized feedforward network. This innovative bayesian optimized neural network method
attempts to minimize a scalar objective function by extracting hyperparameters (hidden neurons in both layers)
using a surrogate model. Furthemore, the hyperparameters are built and data samples are trained and vali-
dated. The performance of the proposed deep learning neural network is evaluated. Two reasonable size data
samples are extracted from Panasonic 18650PF Li-ion Mendeley datasets that are used for training and valida-
tion. RNN and LSTM neural network algorithms offer the common core property of retaining past information
and/or hidden states for better SOC estimation. However, the feature of this proposed method is the inclusion
of Bayesian optimization that chooses optimal double layer hidden neurons. Analysis of results shows that
Bayesian optimized feedforward algorithm with average MAPE (0.20%) is the lowest and is the best selection
compared with average MAPE for other five deep learning algorithms. In the last quarter of fuel gauge, where
fuel anxiety is severe, feedforward with Bayesian Optimization algorithm is still the best selection (with MAPE
of 0.64%).

Keywords: Electric Vehicles; battery management system; lithium-ion batteries; deep learning

1. Introduction

In Electric Vehicles (EVs), small battery cells are packed and integrated to a larger battery mod-
ule as per vehicle requirement. In EV, small Lithium-ion battery cells are used because it offers the
several benefits, for example better specific power (W/kg), specific energy (W-h/kg), safety, lifespan
and superior performance over range of operating temperatures.To operate, manage and control bat-
tery module, the battery management system (BMS) is used. BMS is comprised of sensors, actuators,
controllers and signal wires. One of the functions of BMS is state of charge estimation. State of charge
(50C) in EV battery is defined as remaining run time capacity over the rated capacity [1]. Accurate
SOC prediction is useful for EV fuel range determination and ensuring battery dependability and

safety. SOC is influenced by many factors. However, these multiple factors don’t have a linear rela-
tionship with SOC. Thus, advanced algorithms are required for accurate SOC prediction [2]. Large
number of methods is proposed in literature for accurate SOC prediction. The SOC prediction meth-
ods come under different classifications as explained below.

Wanget al. [3] presented a method for estimating the SOC of lithium-ion battery based on least
squares support vector machine regression. Feature of this model is that it uses a gray wolf optimi-
zation algorithm to optimize support vector machine parameters for better performance (within
1.1%).

Aryal et al.[1] utilized feedforward neural network to predict SOC to a reasonable accuracy.
Hyperparameters were optimized to forecast validation error after training network. Ismail and
Zhang et al.[4,5] also uses feedforward network to forecast errors (to less than 3%). Survey of litera-
ture [4-14] shows deep learning neural network is applied to estimation of SOC using following to-
pologies: recurrent neural network (RNN), long short-term memory (LSTM) neural network and
feedforward neural network.

Chaoui and Ibe-Ekeocha [6] uses RNN structure that makes use of historical time sampled in-
formation to improve SOC. In addition to this basic feature of RNN, advanced nonlinear
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autoregressive exogenous model is utilized. This advanced structure reports error within 2%. How-
ever, during network training, with this RNN structure, the gradient of the loss function decays ex-
ponentially with time (known in literature as vanishing gradient problem) [9]. In Yang et al.[13], a
GRU-RNN (Gated Recurrent Unit-RNN) architecture is proposed for SOC estimation in lithium-ion
batteries. GRU has forget gate and update gate to pass selective information from hidden states and
avoid the problem of vanishing gradient compared to generic RNN structure [13]. LSTM-RNN and
GRU-RNN are alike and both take long term dependencies into consideration [10]. However, LSTM
have more number of control gates and proven to yield reduced estimation errors in both speech
recognition task [10] as well SOC estimation task [7,11]. Compared to GRU-RNN (which yield errors
within 3.5%), LSTM can yield smaller errors (within 1.5%) [7,11,13]. A computationally efficient dou-
ble layered feedforward neural network is implemented in relatively recent paper [8] with estimation
error less than 1%. Bayesian optimization is a method applied to build a surrogate probabilistic model
of the function mapping from hyperparameter values to the objective evaluated on a validation set
[12]. The Bayesian optimization uses gaussian processes to fit the regression model and find tune
hyperparameters of different models during training [12]. Bayesian optimization for hyperparame-
ters in neural network for SOC estimation is reported in paper [14]. However, this paper does not test
algorithm on validation set with percentage error indicators like MAPE or NRMSE

Both literature [15,16] (published after 2020) utilizes hybrid methods to improve the accuracy of
SOC estimation algorithms. Data-driven coulomb counting hybrid method [16] involves the calibra-
tion of the initial SOC and actual capacity for better relative error (0.5%). Nevertheless, this method
requires additional experiment increasing difficulty of design. Another method is the Gated Recur-
rent Neural Network (RNN) and an Adaptive Unscented Kalman Filter (AUKF) hybrid method [15]
with robust design to estimate accuracy to 1.5% and reduce noise due to fast convergence capability
of Kalman filter. This hybrid method also has capability to correct the initial SOC errors within 5 s.
Only Coulomb counting method, Data-driven coulomb counting hybrid method and Electro chemi-
cal method offer negligible errors of less than 0.5%. However, to achieve this, additional experiment
is required or additional chemical theory need to be learned adding complexity/difficulty to imple-
ment model [16-18].

A computationally efficient double layered feedforward neural network is implemented in rel-
atively recent paper [8] with estimation error less than 1%. The Bayesian optimization [12] can be
used to optimize neural network performance where this design is unreported in literature and thus
addresses the gaps. RNN and LSTM without optimization [6,7,11] report errors to less than 2% and
1.5%. Because of relatively small errors all three deep learning methods and can be implemented to
serve as algorithms for comparison with Bayesian optimized neural network counterparts. Other
non-Bayesian optimization techniques [3,19] have been included to improve fuzzy logic algorithm
and support vector machine learning algorithm where errors (MAPE or NRMSE) cannot reduce more
than 1.1%. The main feature of this paper is the Bayesian optimized feedforward network where this
novel design is unreported in literature and significantly improves accuracy.

This journal offers the contribution to literature by means of deep neural network SOC estima-
tion hyperparameter adjustment using novel Bayesian optimization previously unreported litera-
ture. Bayesian optimized feedforward network presents almost perfect overall tracking (average
MAPE of 0.20%). Lastly, contribution to literature by means of Bayesian optimized feedforward net-
work presents highly accurate last remaining quarter tracking during fuel anxiety phase (with aver-
age MAPE of 0.64%).

2. Modelling

This section describes the standard feedforward model and then introduces the RNN and LSTM
model in detail.
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2.1. Feedforward Model

Feed forward neural network consists of input layer, output layer, hidden layer(s) with hidden
neurons, weights, bias and non-linear activation function. The feedforward network architecture is
employed to forecast validation error after training and validation phases. It uses the backpropaga-
tion algorithm to adjust random weights, and the goal is to reduce the error until the neural network
learns the training data. This network algorithm goes-over the entire training set and completes iter-
ation, batch and epoch. When the maximum iterations are reached and the requirements of train-
ing/validation is met then the prediction is accomplished.

2.2. RNN Model

Feed forward neural network does not pass past information retained through memory in time
unlike generic RNN units. RNN units have additional advantages like capability to handle sequence
data and capability to handle inputs of varying lengths that can be applied to model other types of
applications. Architecture of compressed RNN and RNN unfolded in time is shown in Figure 1.
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Figure 1. Architecture of compressed RNN (left) and RNN unfolded in time (right) where input fea-
tures is given by Input=[V(k-1), V(k), I(k-1), T(k-1), T(k), Ah(k)] Output = [ SOC] where V is Voltage,
Lis current, T is temperature and Ah is Amp-hour Capacity (Adapted from [7]).

Practically, the update of the hidden state hx and final state Oximplemented in equation 1 and 2
[13]:

hi=g (Wh- [hk11x] + bn) 1)

Ox=g (Wn hk + by) 2)

where g is activation function, Wh is weight matrix, b is bias, by is adjusted bias.

2.3. LSTM Model

Compared to RNN, LSTM is not only able to keep short-term memories, but also maintain
information in memory for long periods of time. LSTM neural network link cause and effects of
features and dependant variable respectably by allowing recurrent nets to continue to learn over
many time steps [20]. LSTM neural network contains information in a gated cell. Information can be
stored in, written to, or read from a cell via gates that open and close (forget gate, cell candidate,
input gate and output gate). x: is the input features and he1is the previous hidden state (also referred
to as dependent variable) [20,21]. LSTM cell is shown in Figure 2. Each gate has weight, bias and
activation function. These gates act on the signals to block or pass on information based what they
filter with their own sets of weights [20]. The weights are adjusted by gradient descend method or
similar.
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Figure 2. Architecture of LSTM cell (Adapted from [21]).

2.4. Battery drive cycle Model

Abrand new 2.9Ah Panasonic 18650PF cell dataset is used that is tested in thermal chamber with
a 25-amp, 18-volt Digatron Firing Circuits Universal Battery Tester channel. Series of two drive cycles
performed are extracted: Cycle 1 and Cycle 2. The drive cycles are datasets for Training and Valida-
tion (Cycle 1 and Cycle 2). Cycles 1 and 2 consist of random mixture of US06, HWFET, UDDS, LA92,
and Neural Network based drive cycles. The drive cycle profiles are shown in Figure 3.

Drive cycle 1 Profile Drive cycle 2 Profile
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Figure 3. (a) Drive cycle 1 Profile (b) Drive cycle 2 Profile.

These two cycles were applied on the battery on all algorithms (Generic RNN, LSTM and feed-
forward neural network with and without Bayesian Optimization) at standard ambient temperature
(25 deg C). For training: voltage, current, amp-hour capacity and temperature measurements are ap-
plied for online SOC estimation. The profiles for input variables are shown in Figures 4 and 5.
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Figure 4. (a) Voltage Profile (b) Current Profile.
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Drive cycle 1 Capacity Profile Drive cycle 1 Temperature Profile
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Figure 5. (a) Capacity Profile (b) Temperature Profile.

3. Methodology

First, the battery discharging load profile data is obtained from battery degradation experiment
from the Panasonic 18650PF Li-ion Mendeley datasets. A reasonable sized data samples is extracted
from two dataset: Cycle 1 and Cycle 2. The reasonable sized data samples are utilized to generate
features {V(k-1), V(k), I(k-1), T(k-1), T(k), Ah(k)}. For deep learning algorithms, parameters are spec-
ified (learning rate = 0.01, epoch = 300 and hidden neurons = 100) in each hidden layer as per Table 2
in cited journal [22]. With presumed optimization range of 5-200 neurons. The deep learning algo-
rithms with and without Bayesian optimization counterparts is explained below:

3.1. Standard double layered Feedforward

The network diagram of double layered standard feedforward topology is shown in Figure 6. It
has two hidden layers with hidden neurons. The activation functions Sigmoid is used on two hidden
layers. The feedforward without optimizations set as 100 neurons in both layers. The feedforward
with Bayesian optimization range is set as 5-200 neurons per layer as explained in previous para-
graph.

Input Layer Hidden Layer 1 Hidden Layer 2 Output Layer
Figure 6. Double layered feedforward topology.

3.2. Standard double layered RNN

The network diagram of double layered generic RNN topology is shown in Figure 7. It has feed-
back tap delays elements with 100 hidden neurons on each layer for algorithm without Bayesian
optimization. The activation functions log-sigmoid is used on two hidden layers and purelin on the
output layer. The selection of tap delays (z), hidden neurons and activation functions depends on
experimentation and skill of the designer. The weights (w) and bias is updated with training.
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Figure 7. Generic double layered RNN topology.

3.3. Doubled layered LSTM Model

The network diagram of double layered LSTM topology is shown in Figure 8. The number of
nodes is shown inside the bracket. A dropout layer is not used in this design. There are numerous
non-linearities within LSTM cells. Therefore, it is unnecessary to add another activation function be-
tween the stacked LSTM layers 1 and 2 or between any of the other layers. For LSTM without opti-
mization, 100 neurons are used in each LSTM layer. A fully connected layer of 1500 nodes are used.
Second fully connected layer multiplies the input by a weight and then adds a bias similar to neuron
in feedforward neural network but without an activation function. A regression layer computes the
half-mean-squared-error loss for regression tasks. For typical regression problem like this, a regres-
sion layer follows the final fully connected layer. Adam optimizer (adaptive moment estimation) is
used in MATLARB to train the weights of network. Training options for Adam is specified. Discussion
of trainings options is outside the scope of this journal paper. Allocating number of layers and num-
ber of nodes in layers depends on skill of the designer.

Sequence Input Layer LSTM Layer 1 LSTM Layer 2
(Feature dimension) (hidden neurons) (hidden neurons)
Fully Connected Layer Fully Connected Layer Regression Output
(1500 nodes) (Response Variables) Layer

Figure 8. Doubled layered LSTM topology.

3.4. Bayesian optimization for deep learning counterparts

The Bayesian optimization algorithm attempts to minimize a scalar objective function f(x) for x
in a bounded domain. Here f(x) represents a mean squared error (MSE) objective score that is to be
minimized and evaluated on the validation set. x symbolizes the set of hyperparameters which pro-
duces the minimal value of the respective score. The novel Bayesian optimized deep neural network
consist of the following sections as depicted in the flow chart (Figure 9):

1. Build a surrogate model of objective function

2. Find the hyperparameters (hidden neurons in both hidden layers) that perform best on the sur-
rogate model

3. Use these hyperparameters obtained into the true objective function

4.  Update the surrogate model including new result

5. Extract hyper parameters and build and train feedforward network based on these hyper
parameters.
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Bayesian Optimization Block
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! |
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’ Validate network using validation data ‘ l

Define the neural network objective

function to minimise error
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Whether
Forecast Error - MAPE conditions
and NRMSE

are met?

Figure 9. Bayesian Optimization in (RNN/LSTM/Feedforward algorithm) (Adapted from [23]).

Instead of manually selecting options to reduce Forecast error, Bayesian hyperparameter opti-
mization is used where different combinations of hyperparameter values (hidden neurons) are se-
lected in the optimization scheme. The optimization range in two layers is 5-200 neurons. This opti-
mization scheme seeks to minimize the model MSE and returns a model with the optimized hyperpa-
rameters. It is then possible to use the resulting optimized model as you would use deep trained
neural network model without hyperparameter optimization.

4. Results

In this section, the network is trained on Drive cycle 1 while validation is performed on Drive
cycle 2 (Figure 3 a & b). This is done to generate SOC prediction curves and SOC absolute error
curves. These curves are presented on Figures 10-12 for minimum MAPE error profile (when exper-
imented in 3 attempts). The average and minimum error is generated in simulation for 3 attempts is
shown in Table 1. Simulations is conducted for 3 deep learning algorithms without optimization and
also for a same 3 algorithms with proposed Bayesian optimization.

RNN battery discharging SOC profile SOC Absolute Error

120

SOC (%)
Error (%)

Number of Samples

0 500 1000 1500 2000 2500 3000
Number of Samples

= - - Predcted SOC

(a) (b)

Actual SOC


https://doi.org/10.20944/preprints202304.0203.v4

Preprints (www.preprints.org) | NOT PEER-REVIEWED | Posted:

Bayesian RNN battery discharging SOC profile
120

SOC (%)

N T N
AR e RYh S N8588285258858888R
CRBREAIRNEES S ERS 3R acanaln
Ea09U3NgEN8aINAAIY
Number of Samples
= -« « Predcted SOC Actual SOC

()

19 April 2023

SOC Absolute Error
100

Error (%)

1000 1500

Number of Samples

(d)

2000 2500 3000

Figure 10. (a) RNN battery SOC discharging profile (b) RNN SOC Absolute Error curve (c) Bay Opti-
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Figure 11. (a) LSTM battery SOC discharging profile (b) LSTM SOC Absolute Error curve (c) Bay
Optimized LSTM battery SOC discharging profile (d) Bay Optimized LSTM Absolute Error curve.
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Table 1. Average and minimum error generated in MATLAB for three algorithms.

RNN | LSTM FF | Bay RNN | Bay LSTM | Bay FF
MAPE (min MAPE profile) 10.57% | 0.81% | 0.54% | 8.09% 8.65% 0.06%
NRMSE (min NRMSE profile) | 17.42% [ 1.21% | 1.33% | 13.32% 13.96% 0.10%
MAPE (average for 3 profiles) | 14.02% [ 1.04% | 0.80% | 11.05% 8.67% 0.20%
NRMSE(average for 3 profiles) | 23.10% | 1.48% [ 2.67% | 17.08% 14.25% 0.55%

NRMSE in Tablel gives a relatively high weight to large errors. This means that NRMSE is more
suitable when maximum errors are significant. The linear scoring is attributed to MAPE is better
indicator at revealing error where minimum error is significant as considered in this research. In
MAPE profile, MAPE has components that incorporates both spread term (Absolute SOC Error) and
accuracy term (bias) in its formulae. The spread term is divided by actual SOC. In end phases during
low values of actual SOC when spread term is high, MAPE indicator is skewed and can give overes-
timated result. In Bayesian optimized feedforward network, in end phases where there are low values
of SOC (for last quarter of fuel gauge Figure 11d), the relatively higher error peaks in end phases
contribute to higher spread term and overestimation of average MAPE (for 3 profiles). Despite the
overestimation of overall MAPE in end phases, it is safe to conclude that Bayesian optimized feed-
forward algorithm with average MAPE (0.20%) is lowest and is best selection compared with average
MAPE for other 5 algorithms considered in Table 1. From a slightly different perspective, where the
results show the minimum MAPE is lowest, feedforward algorithm with optimization is also best
selection (min MAPE of 0.06%).

Results is also compiled for algorithms for first three quarter and last quarter of battery  dis-
charge samples in Table 2. In the last remaining quarter of fuel gauge (where actual SOC is less than
25%) feedforward without Bayesian optimization is the best algorithm with lowest average MAPE
(MAPE of 0.64%). Overall average MAPE (for example 0.20% Bay Feedforward) is sectioned in first
% quarter of cycle (0.10% Bay FF) and last ¥4 quarter of cycle (0.64% Bay FF).

Table 2. Average MAPE sectioned samples for deep learning algorithms.

Average MAPE RNN LSTM FF | Bay RNN | Bay LSTM | Bay FF
(First three quarter samples) 7.80% 0.78% | 0.26% 6.70% 7.08% 0.10%
(Last quarter samples) 39.30% | 2.15% | 3.19% 30.06% 16.76% 0.64%
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5. Conclusion

In this paper, three deep learning neural network algorithms without optimization is compared
with identical three algorithm with Bayesian Optimization for battery SOC estimation. The three
double layered deep learning algorithms applied are: RNN, LSTM and feedforward network. The
Bayesian optimization attempts to minimize a scalar objective function for each of the three networks
using a surrogate model. The hyperparameters (hidden neurons in both layers) are extracted using
surrogate model. Furthemore the hyperparameters are build and trained for first drive cycle.
Validation is done for second drive cycle. As per explaination in results section MAPE indicator is
preferred over NRMSE indicator. However, overall MAPE is a overestimated indicator in the context
of results shown in Figures 9-11 and arguments presented in results section thereof. Despite the over-
estimation of overall MAPE in end phases, it is safe to conclude that Bayesian optimized feedforward
algorithm with average MAPE (0.20%) is lowest and is best selection compared with average MAPE
for other 5 deep learning algorithms. From a slightly different perspective, where results show the
minimum MAPE is lowest, feedforward algorithm with optimization is best selection (min MAPE of
0.06%). In the last remaining quarter of fuel gauge (where actual SOC is less than 25%) feedforward
with optimization is still the best selection with low average MAPE error of 0.64%.
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