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Abstract: Accurate prediction of the state of charge (SOC) of lead-acid batteries is the key to ensuring battery life. In this
paper, a new combined SOC prediction model IF-GRU (Isolation Forest, Gated Recurrent Unit) is proposed. The model combines
the Isolation Forest anomaly detection algorithm and the Gated Recurrent Network. The Isolation Forest algorithm is used to
detect anomalous and missing values in the raw data. Length dependence of the GRU network can be further utilized to perform
high-accuracy SOC estimation by implementing a sliding window that takes into account the data's charging and discharging
details. In addition, the conventional Adam optimizer is utilized to improve the convergence speed of model training. The
experimental data demonstrate that the IF-GRU model proposed in this paper has higher prediction accuracy and convergence
speed with a RMSE of 1.59% compared with traditional LSTM network, GRU network, and BP network.
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1. Introduction

As a kind of chemical power source with a history of more
than 160 years, lead-acid battery is widely used in
communications, electricity, emergency energy storage and
other fields. As a secondary battery, lead-acid batteries
influence the State of Charge (SOC) during the use process,
such as current, voltage, time and other factors. So, it’s crucial
to accurately predict the SOC of lead-acid batteries.
Considerable research has been undertaken both domestically
and internationally regarding the prediction of battery SOC in
light of the rapid development of artificial intelligence in
recent years[1-3]. Currently, the key techniques for lead-acid
battery prediction can be broadly categorized into two
methods: one is the physical modeling method, and the other
one is the system identification and parameter estimation
modeling method. Within these methods, the physical
modeling approach presents a complex prediction process,
making it challenging to comprehensively account for all
influencing factors. As a result, the prediction outcomes often
lack the desired level of accuracy, leading to numerous errors.
The physical modeling methods encompass various
techniques such as the discharge experiment method, ampere-
time integration method, density method, open-circuit voltage
method, and internal resistance method[4]. The commonly
used methods are the discharge experimental method, ampere-
time integration method, and open-circuit voltage method. The
discharge experiment method is mainly used in the laboratory
to calculate the charging efficiency of battery packs, check the
accuracy of SOC estimation, or for battery maintenance, and
is applicable to all batteries. This method might be risky when
applied to critical applications. The ampere-time integration
method is the most commonly used SOC estimation method,
which essentially treats the battery as a black box and
considers that the power flowing into the battery has a
proportional relationship with the power flowing out. This
method does not consider the inner configuration and external
electrical properties of the battery[5-7]. However, in practice,

the inaccurate calculation of current often leads to errors. The

17

open-circuit voltage method is based on a certain linear
relationship between the remaining capacity of the battery and
the open-circuit voltage. The remaining capacity can be
obtained directly by measuring the open-circuit voltage. In
practical scenarios, as the battery ages and the remaining
capacity diminishes, the open-circuit voltage exhibits minimal
noticeable changes. So, it is impossible to predict the residual
power accurately[8,9]. The Neural network likes a black box,
the data predicted with high accuracy by feeding them into the
network[10,11]. The Long Short Term Memory (LSTM)
network has some advantages in processing and predicting
time series[12]. The Gated Recurrent Unit (GRU) network is
a variant of LSTM with a simple structure but improves
gradient disappearance and explosion problems of recurrent
neural networks[13]. Therefore, the GRU network is widely
used for prediction [14].

The subsequent sections of this paper are structured as
follows: Section 2 presents an analysis of the Lead-acid
Battery dataset. Section 3 introduces a combined approach of
the isolated forest anomaly detection algorithm with the GRU
network. In Section 4, the performance of our model is
evaluated through testing. Lastly, Section 5 provides the
concluding remarks of this article.

2. Model construction and algorithms

2.1. GRU neural network

The lead-acid battery SOC prediction process is actually
the analysis of the battery historical discharge data time series.
The longer the time series, the more battery historical
discharge data analyzed, and the higher the prediction
accuracy. The traditional RNN cannot handle long-time data
feature information well. The LSTM network, as an improved
algorithm of RNN, solves the long-term dependence problem
of RNN by introducing three gates in the network.GRU is a
variation of LSTM, which changes the three gate structures of
LSTM into two, the reset gate and update gate. The reduction
of the number of gate structures greatly reduces the training
sample data required for GRU and further accelerates the



convergence speed, which overcomes the overfitting problem
of LSTM and largely improves the learning effect of the
network[15-20]. The structure of GRU network is shown in
Fig. 1.

Figure 1. Structure of GRU neural network

= U(W r'[rlt—l'WrXt]+br)

Z,=o(\W ,[h.W,x]+b,)

|:1='{6mh(WFXt +W;(rt®ht,l)+bg) (€8]

h.=Z ®h,+@1-2)®h
In (1): Uis the current moment; t-1is the previous

r Z, .
moment; 'and " 'is the reset gate and update gate,

respectively; X and h, is the current input capacity value

and output capacity value of the battery, respectively; h, is
the hidden layer state information passed from the previous

cell node; M is the cell to be updated; W, ,b' alndWZ ,bz are

the weight matrix and bias parameters required to calculate
the reset gate output, update gate output and process volume,

respectively; @ and tanh js the sigmoid
hyperbolic tangent function, respectively.

function and

3. Analysis of examples
3.1. Lead-Acid battery data set

The dataset used in this paper consists of real-time online
data obtained from the cloud data management system of a
communication base station in Shenzhen. The lead-acid
battery pack utilized in the system is of the 2V/500Ah Nandu
battery type. The data collection spanned from June 2021 to
August 2021, with hourly monitoring. The dataset includes
three key variables: voltage, temperature, and SOC of the lead-
acid battery. The voltage and temperature data exhibit minimal
abnormal values, with values fluctuating within a specific
range. For the SOC of lead-acid batteries, the data varies and
fluctuates considerably and therefore requires anomaly
detection processing. The objective is to attain a high level of
accuracy in data prediction with fully use data, to detect some
missing values as well as anomalous values, and to enhance
the accuracy of lead-acid battery SOC prediction. In this paper,
we use the isolated forest anomaly detection algorithm for
anomaly detection. We also compare it with the classical local
outlier anomaly detection algorithm to obtain the optimal

algorithm for SOC of lead-acid batteries for anomaly detection.
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3.2. Battery data preprocessing

The SOC data of lead-acid batteries contain missing values,
anomalous values and other irregularities. The isolated forest
algorithm is a classical and unsupervised learning anomaly
detection algorithm, which is introduced in this paper to detect
outliers within the lead-acid battery data. iForest, derived from
Isolation Forest, is similar to a random forest as it comprises a
substantial number of decision trees. The trees within iForest
are referred to as isolated trees and tested for each iTree, as
shown in Fig.2. iForest is a rapid anomaly detection algorithm
based on isolation, introduced by Zhou et al f5iRIARTREIF]
F¥R. -16]. It exhibits linear time complexity and offers high
accuracy. Anomalies, due to their distinct characteristics, tend
to be more easily isolated compared to normal instances.
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Figure 2. Schematic diagram of isolated forest segmentation

The implementation of iForest can be divided into two
phases [17]: the training phase and the evaluation phase.

1) The training phase is as follows:

a. Select randomly sampled points ¥ as a sub-sample set;

b. Randomly selecting the dimensions and generating the

variation of cut points in size between minimum and
maximum values;

c. Place data of specified size less than P in the left side of
the current node, greater or equal than P in the right side;

d. Repeat steps a and b in the sub-node to construct a new
sub-node in succession until the data is indivisible or the child
nodes have reached a limited height. The iForest training is
finished after obtaining N iTrees.

2) Evaluation phase: for each test point, calculate the

anomaly score. The formula is as follows:
_E(h (x) )
c (@

S(x, =2 )

h(X) is the height of sample x in each tree for a given
sample. C((a) is the given number of sample. ® is the

average of the path length, which is used to normalize the path

length h(x) of sample x. E(h(x)) is the mean value of the



sample. When the anomaly score is close to 1, the data points
are easily isolated, which means they are anomalous points.
When the score is less than 0.5, it is a normal data point.

As shown in Fig. 3, SOC data of lead-acid battery has been
abnormal detected. A total of 33 data outliers were found,
printed and marked in red. In the case of abnormal detection,
because the data changes before and after are relatively large,
the method of outlier elimination is adopted.
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Figure 3. Data anomaly detection diagram

3.3. Evaluation metrics

Numerous evaluation methods exist to assess the
effectiveness of a model. In this paper, to ensure both accuracy
and efficiency, the following statistical metrics have been
selected: Root Mean Square Error (RMSE) [21], Mean
Absolute Error (MAE)[23-25], Mean Absolute Percentage
Error (MAPE), Mean Relative Percentage Error (MRPE), and
coefficient of determination (R?). Regarding RMSE and MAE,
a value closer to zero indicates better performance. For R?, a
value closer to 1 indicates a stronger correlation. MAPE is a
relative measure, where a smaller value indicates better
performance, but it should be compared within different
models. The formulas for each evaluation indicator are as
follows:
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In the above equations, [is the number of samples, Yi

R?=1- (6)

is the true value of lead-acid batteries, Yt is the predicted

value of lead-acid batteries, and Yt is the mean value of the

samples.

3.4. Sliding window

The sliding window method is used when dealing with time
series prediction. Similar to the principle of CNN in image
processing, this approach employs sliding windows to capture
sequential segments within sequence data. Due to the
influence of sampling accuracy, the battery data sequence may
have a disparity in length during the actual operation of the
battery. At the same time, In the battery case, the output of the
system has limited temporal dependence on the input sequence,
which means it is weakly correlated with the older input
information[26-28]. Therefore, in this paper, a sliding
window-based approach is used to implement the
preprocessing of the input vectors. The experimental data
presented in this paper are time series data, and the prediction
strategy is single-step prediction, which means the time data
of the first N moments are used to predict the N+1th moment.
The size of the sliding window is denoted as N. To determine
the optimal value of N, the size of the sliding window is
changed for the experiment. The experimental results are
shown in Table 1.

Table 1. Sliding window experiment

N RMSE MAE MAPE R?

3 0.0177 0.0115 3.3408 0.6686
4 0.0187 0.0127 3.3582 0.6303
5 0.0167 0.0090 3.2487 0.7070
6 0.0168 0.0093 3.2320 0.7053
7 0.0180 0.0114 3.2996 0.6611
8 0.0162 0.0081 3.2654 0.7251
9 0.0204 0.0147 3.3750 0.5637

Therefore, we achieved the minimum value of convergence
when we set the N to 8. At the same time, it has the best
prediction with the smallest error taking into account RMSE
and MAPE.

3.5. Parameter selection

Table 2. Experimental diagram of the parameter settings

A total of 50 GRU units RMSE MAE MAPE R2
Epoch=50 batch_size=1 0.0179 0.0114 3.3492 0.6654
Epoch=100  batch_size=1 0.0176 0.0097 3.3478 0.6766
Epoch=1000 batch_size=1 0.0302 0.0211 3.6202 0.0433
Epoch=50 batch_size=8 0.0161 0.0083 3.2713 0.7186
Epoch=100  batch_size=8 0.0162 0.0084 3.3076 0.7236
Epoch=1000 batch_size=8 0.0232 0.0137 3.6751 0.4375
Epoch=50 batch_size=16 0.0171 0.0100 3.1800 0.6938
Epoch=100  batch_size=16 0.0184 0.0123 3.3401 0.6436
Epoch=1000 batch_size=16 0.0256 0.0177 3.5867 0.3142
Epoch=50 batch_size=32 0.0181 0.0113 3.0892 0.6550
Epoch=100  batch_size=32 0.0162 0.0086 3.2365 0.7152
Epoch=1000 batch_size=32 0.0171 0.0088 3.3746 0.6932

In this paper, the GRU network is used, which has a GRU
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layer that maps the learned states to the desired SOC output.



Input time series of the given deep GRU network are defined
45 LInputg, Inputy, -, Input, ] [V,.T,,---,SOC,]

represent the voltage, temperature and SOC for each time step,
respectively. The implemented model utilizes the Keras library,
with the Adam optimizer selected to update the network's
weights and biases. To identify the optimal model, various
experiments were conducted by adjusting the epochs, batch
size, and GRU units (with the activation function set as
tanh).The experimental results are shown in TABLE 2. The
following are the fundamental parameters configured for the
model:

Number of GRU units: 50

Batch size: 8

Epoch:50

Optimizer: Adam.

3.6. Combined prediction model of GRU
network and isolated forest anomaly
detection

>

In this paper, we proposed a combined model IF-GRU for
predicting the SOC of lead-acid batteries, and the prediction
flow chart is shown in Fig.4. The initial step involves data
processing, which includes handling multiple variables such
as voltage, temperature, and SOC data, along with performing
anomaly detection and applying a sliding window technique to
the input data. The main objective of the prediction model
proposed in this paper is to identify deviant points within the
SOC data using isolated forest anomaly detection. By
achieving accurate data prediction, the model aims to
effectively utilize valuable data and enhance the prediction of
SOC for lead-acid batteries.

Lead-acid battery data
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Figure 4. The prediction flow chart

4. Experiment and analysis

In this experiment, the training and validation datasets are
split in a ratio of 7:3, and the dataset is from June 2021 to
August 2021. The models compared in this study include the
traditional LSTM, BP, GRUand LOF-LSTM network, which
combines the local outlier detection method with LSTM
network. The results of SOC prediction for lead-acid batteries
are shown in Figs. 5, 6, 7, 8, 9and Table 3. The prediction plots
comparing the predicted and real values show that the I[F-GRU
model has better prediction effect and the fastest convergence
speed. And the RMSE of IF-GRU model reaches 1.99%.
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Table 3. Evaluation metrics for each model

Model RMSE MAE MAPE R?
LSTM 0.0451 0.0165 7.6871 0.7413
BP 0.0457 0.0226 7.8279 0.7346
GRU 0.0433 0.0170 7.7926 0.7620
LOF-LSTM 0.0369 0.0157 4.5803 0.5700
IF-GRU 0.0199 0.0142 3.3000 0.7871
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Figure 5. LSTM model prediction chart
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Figure 6. BP model prediction chart
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Figure 9. IF-GRU model prediction chart

5. Conclusion

Firstly, in this paper, the isolated forest anomaly detection
algorithm is used to detect and pre-process anomalies in the
actual data, which effectively solves the problem of mutations
in the data and improves the shortcomings of the traditional
algorithm with low prediction accuracy and weak immunity.
Secondly, the sliding window model is employed to mitigate
the impact of abnormal data on the prediction accuracy of the
model. Experimental studies are conducted to examine the
influence of various window sizes on the results. Finally, the
GRU model serves as the foundational experimental model,
leading to the development of the novel SOC combined
prediction model named IF-GRU, as proposed in this study.
Through extensive research based on real data, the main
contributions of this research can be summarized in the
following three aspects:
® To achieve accurate SOC prediction for lead-acid
batteries, this study introduces a prediction model that
combines a GRU neural network with the isolated forest
anomaly detection algorithm and sliding window
method.

®  The isolated forest anomaly detection algorithm is used
to preprocess the data for the lead-acid battery SOC
prediction model. In contrast, the anomaly detection
algorithm can swiftly identify anomalous values within
a specific range and adapt the anomaly ratio accordingly.

®  The accuracy of prediction is improved by changing the
size of the sliding window.

We have developed a novel approach described in this
research paper that demonstrates significantly reduced errors
and improved accuracy in predicting abnormal mutation data.
Our model also exhibits enhanced reliability, providing more
robust results. To ensure practical applicability, we have
utilized real-world data and placed a strong emphasis on
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practical implementation throughout our study. Moving
forward, our research will concentrate on further optimizing
our proposed model by building upon the existing framework.
We will focus on implementing multi-step prediction as well
as achieving real-time online prediction with more advanced
models for engineering applications and working on
decreasing equipment expenses and enhance estimation
accuracy in future work.
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