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Abstract 

This investigation presents a data-driven Long-short Term Memory battery model for 

predicting State of Charge for lithium-ion batteries LiFePO4 for next-generation vehicle 

operations. Our modified algorithm builds and updates a model using multivariate inputs that 

include physical properties, voltage, current, and ambient temperature during operations. 

The primary research goal is to improve prediction performance on future values from 

multiple training examples using an online learning scheme. Initial results demonstrate 

excellent predictions that outperform results from literature and other neural network 

algorithms. Due to computing constraints in on-board vehicle systems, the authors develop 

online training with autonomous control of lag (window width). The control algorithm embeds 

in the model with rules that govern and adjust lag during training. This method ensures the 
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minimization of computational cost and prediction errors with the use of standard computing 

equipment during driving conditions.  

Keywords  

Long-short term memory; continuous model size control; battery management system 

 

1. Introduction 

With the increase of devices and applications that require sophisticated, next-generation 

batteries, management and control have become critical to maintaining the safety and reliability of 

these systems. Battery Management Systems (BMS) are used to monitor the overall health of 

batteries and are customizable to fit a variety of different battery types and various applications. 

Critical BMS parameters and functions established by Xing, Y, et al. include data acquisition, safety 

protection, ability to determine and predict state evaluation, ability to control battery charging and 

discharging, cell balancing, thermal management, delivery of battery status updates to a user 

interface, communication with all battery components, and prolonged battery life [1]. 

While battery operational conditions are different for different applications, this research 

focuses on next-generation automobiles [2]. In the case of Fuel Cell Vehicle (FCV) and Electric 

Vehicle (EV) operation, the BMS controls many parameters and functions - none being more 

important than state determination. Researchers consider state of charge (SOC) to be the most 

influential of the state determination parameters [3]. SOC provides information about the battery's 

current and remaining life, which is useful for protecting the battery from over-charging and over-

discharging [3]. Furthermore, an accurate estimation of the battery state assures reliable and safe 

operating conditions for the user. In the case of battery operation, SOC is the equivalent of a fuel 

gauge and indicates to the user how much energy is available for usage. Therefore, accurate SOC 

prediction remains one of the main challenges in the successful operation of FCVs [2].  

SOC estimation methods are typically complex, with scarce literature found to provide a detailed 

explanation of algorithmic approaches to the problem. Most of the methods have significant issues 

that become more apparent during the aging of the battery, temperature fluctuation, and change 

in discharge cycles [4]. Also, many of the methods produce inaccurate estimations of SOC because 

of the high sensitivity that lithium-ion batteries have to internal/external factors and complex 

electrochemical reactions. This problem results in a model attempting to evaluate complex 

calculations with high computation cost and negligence on the effects of time. A small number of 

Machine Learning (ML) algorithms have been utilized in an attempt to accurately predict SOC due 

to the ability to adapt and self-learn on a complex nonlinear dataset [5].  

He et al. developed one such architecture using a Back Propagation Neural Network (BPNN) along 

with an Unscented Kalman Filter (UKF). This method estimates SOC during different driving 

conditions and directly tests recurrent neural network algorithms with algorithmic adjustments 

against BPNN and BPNN+UKF methods [6]. 

In a BMS, SOC is widely considered the most influential and essential parameters for battery-

operated applications. SOC is defined as the percentage of residual capacity and the total capacity 

of the battery cell [3, 7-9]. When a battery discharges, the formula to calculate SOC is the ratio of 
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releasable capacity, Qreleasable, relative to the rated capacity, Qrated, this percentage can be expressed 

in the following formula: SOC = Qreleasable * Qrated * 100. It is desirable to maintain SOC percentage 

within certain limits, typically between 20 to 95 percent capacity [10].  

While current literature demonstrates that there is no way to measure SOC of the chemical 

energy directly and precisely, Chang recommends four categories that distribute the many different 

methods of addressing the issue of SOC estimation [11]. SOC is estimated through direct 

measurement through physical battery properties such as terminal voltage, book-keeping 

evaluation, and indirect methods utilizing discharging current as one of the inputs. Adaptive systems 

automatically adjust the SOC when subjected under various discharging conditions. Finally, hybrid 

methods employ the advantageous parts of each SOC estimation method to provide estimates. The 

majority of estimation issues occur at full to partial SOC because the change in impedance is small 

resulting in a significant prediction error [12]. 

The voltage measurement method (or terminal voltage method) is based on evaluating terminal 

voltage drops due to internal impedances as the battery discharges [11]. Sato et al. proposed the 

following SOC estimation equation that literature accepts as the current standard: 𝑆𝑂𝐶 =  𝛼𝑉 +

 𝛽𝑅 + 𝛾√𝑉 + 𝜕√𝑅 + 𝐶 [13].  

Typically, AC Impedance measurements are used as a method to indirectly determine battery 

capacity by inputting a sinusoidal, controlled current or voltage test signal of a single frequency or 

combination of signals with different frequencies [14]. Huet states that impedance is defined by: 

|𝑍| =
𝑉𝑚𝑎𝑥

𝐼𝑚𝑎𝑥𝑒𝑗/𝜑  [15]. Therefore, the electrochemical impedance of a battery is a frequency-

dependent complex number characterized either by its real and imaginary parts. Through the mid 

to late seventies, bridges and lock-in amplifiers were utilized to measure impedance. Later on, 

impedance measurements were performed by frequency response analyzers based on harmonic 

analysis [15]. Early literature (before 1977) had conducted experimentation with the procedure 

involving the battery reaching equilibrium, which results in precise measurement. However, more 

recent research argues against this procedure and proposes the method of impedance 

measurement carried out while the battery is charging or discharging [16, 17]. However, this 

alteration creates additional errors and increases the measurement period.  

Newer literature suggests a model-based approach to predict a state of charge, health, and life 

(SOC, SOH, SOL). Kozlowski used three models (neural networks, fuzzy logic, and auto-regressive 

moving average (ARMA) to identify electrochemical parameters in four battery types [18]. These 

models were offline, where there was a cutoff between training, test, and validation. Offline 

training, however, is less helpful for real-time SOC measurement. Hung et al. state that the 

motivation for online estimation is 1) the need for initial values or historical data, 2) the inability to 

perform real-time detection, and 3) the failure to determine the actual SOC from calculations in the 

event of fluctuations in SOH [19]. Bundy et al. present a multivariate method for predicting SOC 

using electrochemical data of a nickel-metal hydride (NiMH) battery [20]. This method generates 

predictions through partial least squares (PLS) regressions. These predictions then evaluate the 

electrochemical impedance spectra and estimate SOC.  

For this research, artificial intelligence methods are utilized to predict SOC in an online training 

environment. Literature includes techniques involving backward propagation neural networks 

(BPNN), artificial neural networks (ANN), fuzzy logic, radial basis function neural networks (RBFNN), 

support vector machines (SVM), Kalman filters (KF) and particle filters (PF) [5, 21-23]. In the early 
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2000s, literature saw several ANN models utilized to estimate SOC in NiMH batteries [24]. Shen et 

al. created an input layer consisted of temperature, discharge, and regenerative capacity 

distribution through a total of six input neurons. The hidden layer consists of ten neurons, 

suggesting that increasing the number of neurons past ten has "no significant improvement in the 

estimation accuracy." Cai et al. estimated SOC of a high powered NiMH battery with an ANN [25]. 

In the study, researchers used a three-layered, feed-forward, back-propagation ANN. Since battery 

behavior is complex and nonlinear, input selection was accomplished by initially testing several 

different battery parameters (terminal voltage, discharge current, time-average voltage, etc.). Then 

the correlation coefficient was calculated based on variables and SOC. They rank results in order of 

the highest correlation to the least correlated. The researchers selected five variables as input 

neurons to the model: battery discharge current (I), accumulated ampere-hours (Ah), battery 

terminal voltage (V), time-average terminal voltage (TAV), and twice time-average terminal voltage 

(TTAV). It is worth noting that the linear correlation coefficients of the variables were very high for 

several of the selected variables (>0.942). Yanqing presented a novel approach for online SOC 

determination by using n neural network-based model and neuro-controller. First, Yanqing erects a 

nonlinear dynamic system cell model, that can be represented by discrete state-space form 

calculations [5]. Linda et al. published research on predicting SOC with a feed-forward neural 

network model using voltage, current, and ambient temperature [26]. 

Support vector machine (SVM) is a minimization-maximization algorithm that produces 

hyperplanes within data. Researchers have used SVM to estimate SOC of a variety of batteries [27-

31]. The fuzzy logic (FL) method is a rule-based option for nonlinear data. FL models include four 

parts: a relationship in rule-based input-output, the membership function for both input and output, 

reasoning, and defuzzification of outputs. Singh et al. use an FL based SOC meter developed for use 

in a Lithium-ion battery in a portable defibrillator [32]. In a study conducted by Hu et al., fuzzy 

adaptive federated filtering is utilized for SOC estimations for series-connected battery packs to 

combat inconsistencies in battery cell state [33]. The investigation found that online and offline 

parameters experience less than 0.4% and 1%, respectively.  

Current literature based on electrochemical battery modeling indicates a keen interest in SOC 

estimation methods with an attempt to create an efficient BMS [34-39]. Much of the research 

conducted focuses on external battery influences that do not consider internal dynamics nor energy 

losses of the battery [40-42]. Other studies estimate SOC without online parameters, which become 

inaccurate as the battery ages [43]. Some research has investigated internal dynamics and online 

SOC determination of batteries but does not take into account temperature effects on battery 

performance [44]. Data-driven methods present a new possibility of explaining internal battery 

dynamics from an applied systems approach. An intelligent/online BMS that considers internal 

dynamics and temperature effects work to ensure the Lithium-ion batteries operate efficiently for 

vehicle operation throughout the life of the battery. Unlike the approaches used in literature, this 

investigation treats the battery performance data as a time series to ensure the time-dependent 

relationships of the parameters are accurately monitored.  

The issue of computational time during SOC prediction was addressed in the work completed by 

Kim in [45], which demonstrates a battery model capable of limiting computational time while 

introducing a robust slider mode observer to compensate for model error. The model restricts SOC 

error to less than 3% in most cases. In another study, Skrylnyk et al. investigate slider mode along 



JEPT 2021; 3(1), doi:10.21926/jept.2101003 
 

Page 5/24 

with fuzzy logic modeling for SOC estimation during autonomous solar application [46]. In the study, 

authors report excellent estimation capabilities with the tradeoff of increased training time.  

On an application level, methods like ANN, FL, and KF have their own set of issues. ANN 

algorithms require a substantial amount of data before they can increase accuracy, which prevents 

these models from being rapid. FL method requires definitions of its membership functions, making 

this method undesirable for large models. KF is suited more for linear systems, of which battery 

models are not. Other versions of the KF like EKF and UKF methods can be challenging to tune and 

will provide inaccurate estimations if nonlinearities in the battery model are severe [6]. 

Based on the literature review, the following knowledge gaps are directly addressed in this 

research: 

1) There is limited research on state of charge prediction using state of the art RNN architectures, 

notably long short-term memory neural networks. 

2) Feature selection using statistical learning can determine variable importance in the state of 

charge prediction that has previously been assumed or reported through observational evidence. 

3) There is limited research on comparison of multiple methods for SOC prediction. 

4) On-boarding an online algorithm will require controlling data size that can be accomplished 

through continuously controlling lag as a hyperparameter during learning.  

In this study, data used was collected by the CALCE lab at the University of Maryland on LiFePO4 

batteries under dynamical stress testing (DST), US06 highway driving schedule, and the federal 

driving schedule. We thank CALCE for the use of their data and for their willingness to answer 

questions about testing procedures [43]. 

2. Materials and Methods 

Time computations are performed on a personal computer platform to mimic the capabilities of 

a next-generation vehicle platform. This setup used an Intel Core i3 7100U running up to 2.4 GHz/s 

and 8 GB of RAM. For hyperparameter search and model development, the New Mexico State 

University Discovery Computing Cluster was utilized. All computations were executed on Python 3 

with the Tensor Flow 2.1.0 package. 

2.1 Feature Selection 

An essential aspect of this investigation was to identify the most influential physical battery 

features to input into the predictive battery model. This dataset is highly dynamical with high 

dimensionality; therefore, it was essential to decide which features were necessary for high 

prediction accuracy and which weren't. Therefore, non-informative variables were removed from 

the dataset through analysis using the Random Forest technique.  

2.2.1 Random Forest Definition 

Random Forest (RF) is a method focused on reducing variance by utilizing the bagging (bootstrap 

aggregation) technique to comprise a mean of noisy but unbiased models [47]. RF works through a 

tree-growing process in which random selection of input variables bootstraps on a dataset. The idea 

is to de-correlate the trees without increasing variance [48]. RF introduces randomness to the tree-

growing process. RF selects 𝑚 variables by randomly pulling from 𝑝 variables so that 𝑚 =  √𝑝. The 
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driving force behind this process is the regression predictor, mathematically represented as (for 

regression): 

 𝑓𝑟𝑓
𝐵 (𝑥) =

1

𝐵
∑ 𝑇𝑏(𝑥)

𝐵

𝑏=1

(1) 

Where B is the total number of trees that we are predicting on a new point x.  

2.2.2 Feature Importance 

Random Forests techniques are capable of producing feature importance charts, as seen in 

Section 3.1. In this method, the importance measure determines the split point when growing the 

tree. Therefore, highly correlated features show little to no importance measure. The process uses 

Out of Bag (OOB) samples at the 𝑏th tree to pass down the tree to record prediction accuracy [47]. 

Then, values at the 𝑗th variable are arbitrarily permuted from the OOB samples and again accuracy 

is computed and recorded. The computed accuracy is then averaged across all trees and used a 

metric for determining importance at the 𝑗th feature with the Random Forest.  

2.2 LSTM 

2.2.1 Definition 

Long-Short Term Memory (LSTM) is a specific type of recurrent neural network (RNN) 

architecture developed to solve the vanishing gradient problem [49, 50]. The LSTM does not 

experience long term dependency issues seen in other RNN architectures. In practice, the LSTM has 

demonstrated a superior ability to learn long-range dependencies as compared to simplified RNNs 

[51]. As seen in Figure 1, this model introduces a memory cell. RNNs utilize long-term memory in 

the form of weights, which change slowly during training and short-term memory in the form of 

temporary activations which pass from one node to another [51]. The memory cell in a LSTM 

network has intermediate storage in the form of gates within each hidden layer. Figure 1 depicts an 

LSTM architecture that contains four parts within the memory block: an input gate (i), a forget gate 

(f), an output gate (o), and cell state (Ct-1). The forget gate is responsible for deciding which 

information is retained or discarded from the cell state. The input gate determines which values will 

be updated to a vector of new candidate values (Ct). Finally, the output gate decides what 

information will be passed to the cell state in the next time step. 
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Figure 1 LSTM memory cell. 

LSTM connections are represented through the following equations: 

𝑓𝑡 = 𝜎(𝑊𝑓ℎℎ𝑡−1 + 𝑊𝑓𝑥𝑥𝑡 + 𝑏𝑓) (2a) 

𝑖𝑡 =  𝜎(𝑊𝑖ℎℎ𝑡−1 + 𝑊𝑖𝑥𝑥𝑡 + 𝑏𝑖) (2b) 

𝐶𝑡 = 𝑓𝑡 ∙ 𝑐𝑡−1 + 𝑖𝑡 ∙ 𝑁𝐶𝑡 (2c) 

𝑁𝐶𝑡 = tanh(𝑊𝑁𝐶𝑡ℎℎ𝑡−1 + 𝑊𝑁𝐶𝑡𝑥𝑥𝑡 + 𝑏𝑁𝐶𝑡
) (2d) 

𝑜𝑡 = 𝜎(𝑊𝑜ℎℎ𝑡−1 + 𝑊𝑜𝑥𝑥𝑡 + 𝑏𝑜) (2e) 

ℎ𝑡 =  𝑜𝑡 ∙ tanh(𝑐𝑡) (2f) 

In these equations, σ is a random sigmoid activation, (it, ft, ht, ct, and ot) are vectors from the 

input, forget gate, hidden gate, cell gate, and output, 𝑏𝑡 is the bias vector, and W represents weight 

vectors at various portions of the LSTM. 

2.3 Data 

2.3.1 Collection of Data 

CALCE collected and reported all data used in this experiment [43]. The battery tested was 

lithium-ion (LiFePO4) and was subjected to three battery testing load profiles; dynamical stress 

testing (DST), US06 highway driving schedule, and federal urban driving schedule (FUDS). DST data 

is a basic loading profile built for battery testing. US06 and FUDS are complex, highly nonlinear data 

that simulates real life driving cycles. Figure 2 depicts the load profiles of the DST (top), US06 

(middle), and FUDS (bottom) datasets. 
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Figure 2 Loading profiles(current) of DST (top), US06 (middle), and FUDS (bottom). 

Load Profiles. The DST test is a testing procedure established by the US Department of Energy 

Vehicle Technologies Program used throughout literature to evaluate the performance of EVs [52]. 

The test validates models and algorithmic accuracy [25]. During the trial, a battery experiences 

different DST cycles that alter SOC from 90% to 20%.  

US06 is a high acceleration aggressive driving schedule identified as the "Supplemental FTP" 

driving schedule EPAUS06. Figure 3 (a) shows the aggressive driving schedule. Figure 3 (b) shows 

the noticeably more complex FUDS. Researchers subjected all the loading profiles to varying 

ambient temperatures; 0, 10, 20, 30, 40, and 50 𝐶𝑒𝑙𝑠𝑖𝑢𝑠 . This investigation focused on the 

0 𝐶𝑒𝑙𝑠𝑖𝑢𝑠 datasets to test our algorithm.  

 

Figure 3 (a) US06 highway driving schedule (b) FUDS highway driving schedule. 

2.3.2 Data Formatting and Reshape 

Raw data was imported to the predictive battery model as individual load profiles in the comma-

separated value (CSV) format. Then, each dataset is cleaned and prepared. The small number of 

rows containing empty (NaN) values were eliminated and included the current, voltage, 
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temperature, and SOC features. Once the cleaning was complete, the time series data was 

normalized to a range of (0, 1).  

Next, the data was reshaped and prepared for training on a time-series cross-validation split. 

Experiments were run for all the data according to the following combinations of lag capacity, 

horizon, and load profile, with 36 experiments completed in total. 

In our construct, a walk-forward validation model was created where the train and test index 

splits into feature train and test, along with predictor train and test tuples. Since this is a time-series 

and the data is auto-correlated, our function trains on the feature and predictor training set then 

uses the Xth test sample to generate a �̂�+1 prediction. Walk-forward validation iterates through the 

train and test sets. Since this is a time-series dataset, we predict a value x at time T from T-H, where 

H is the pre-set horizon value.  

Using the TensorFlow package in Python, the model is formatted to a sequential model with 

LSTM of 50 input layers (determined through hyperparameter grid search along with batch size and 

epochs). The raw data (after cleaning and data prep) has 6000 to 8000-time steps (n) with four 

features (p). Raw data was reshaped into a 3D tensor with the shape of [batch, time steps, feature]. 

A reshape() function is executed that accepts a tuple argument. The data now takes the form of: 

[𝑋 𝑡𝑟𝑎𝑖𝑛, (𝑋 𝑡𝑟𝑎𝑖𝑛[0], 𝑋 𝑡𝑟𝑎𝑖𝑛[1]), 1] (3) 

Where X train [0] has the shape [batch, time steps, 1] and X train [1] has the shape [batch, time 

steps, +1, 1]. 

Each experiment runs for 1,000 iterations. Once the input is reshaped, the model is fit to an 

epoch cycle of 100 and a batch size of 50. The model trains by slicing inputs into batch sizes and 

iterating over the specified number of epoch cycles. At the end of each epoch, the model iterates 

over the validation dataset and computes the validation loss.  

2.4 LSTM-CLC 

2.4.1 Network Architecture 

Figure 4 depicts how our algorithm predicts SOC on the battery model. The model is compiled 

with a loss calculation of MAE, using the Adam optimizer. Using a walk-forward validation technique, 

the model predicts a pre-set horizon value (1, 3, or 5), indicating 10, 30, and 50 seconds in the future 

as the time-series is in a 10-second format. 
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Figure 4 Illustration of LSTM-CLC memory block. 

Here, the forget, input, and output gates all function as a vanilla LSTM. However, once the LSTM 

initiates the backward pass, the lag capacity adjusts (or remains the same from the previous time 

step), and the next forward pass begins. This next pass uses the lag capacity to train on the allowable 

data size set by the lag capacity rules. The algorithm runs until all iterations are complete, in this 

case, 1,000 iterations.  

During each grid search, testing parameters are recorded. RMSE, computation time, loss, 

validation loss, predicted value, and expected value are all appended to respective variables. Once 

the experiment has completed, the variables are saved and stored in a CSV file for further analysis, 

discussed in Section 3 and 4.  

Figure 5 depicts how the lag capacity could expand during any experiment. However, restriction 

of the data size up to the lag capacity during experimentation mimics onboard computational 

capacities. An important note is that during each iteration, an observation has only one time to be 

in the test set. This type of cross validation ensures low bias in each model. 

 

Figure 5 Visualization of train set modification with walk forward validation. 

2.4.2 Pseudo Algorithm 

The algorithm is explained in pseudo code below.  
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Figure 6 Pseudocode for LSTM-CLC algorithm. 

2.4.3 Rules Governing Lag Control 

Rule 1- Data Capacity. Walk-forward validation is utilized for sequential predictive models to split 

data into training and test sets. Since the data in sequential models are time dependant, the order 

of arrival is important. Features must remain in order as they arrived in the dataset. Applying the 

walk-forward method to an application like HEV proposes difficulty due to ever-increasing memory 

tax as the model learns. Although with our other rules, lag is capped to a maximum value in the 

model, which allows the training index to reach back only as far as the lag cap will allow.  

This cap minimizes the maximum allowed size of the training index at time 𝑡 within the planning 

horizon [0, T]. The control algorithm implements the cap by disallowing the training set to be larger 

than that of the lag cap. If the size of the training set extends beyond the lag cap, the model is 

adjusted to include the previous training set within the lag cap only. Four different lag caps are run 

in the experiments: 10, 20, 30, and 40. The lag caps are somewhat arbitrary and can be increased 

when there is additional on-board computational power. 

Rule 2- Sampling Distribution. The lag control algorithm monitors and adjusts to diminishing 

standard error values. If three consecutive error values are decreasing, that is if 𝜖[0] <

𝜖[−1] 𝑎𝑛𝑑 𝜖[−1] < 𝜖[−2], the lag value will pull back from 𝑙𝑎𝑔 to lag -1. This cap continuously 

monitors and adjusts the window width to ensure lag controls sampling distribution (standard error). 
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Rule 3 Outlier Detection. There are three specific cases that the control algorithm adjusts lag 

based on outlier detection. If the standard error of the residuals is outside two standard deviations 

from the mean on a particular iteration, lag adjusts from lag to lag +1. 

3. Results 

3.1 Feature Analysis 

Figure 7 shows the relative variable importance in each of the driving loading profiles. Although 

there are differences in the importance levels, we see that current is the most significant predictive 

feature for SOC prediction, followed by voltage, and then ambient temperature. Test time 

(degradation of the battery), discharge capacity, charge energy, and charge capacity have a 

measurable but less significant effect on SOC. 

 

Figure 7 Feature importance comparison (random forest) for a) DST, b) FUDS, c) US06. 

We can see that importance for variable influence changes based on driving cycle, indicating that 

variable importance is not collinear with the increase of dynamical data. 

3.2 Residual Analysis 

During online training, residuals are plotted for the loading profiles in Figure 8. In Figure 9, we 

perform QQ plots to check the normality of the residuals, given the assumption that our lag control 

model identifies an outlier that is three standard deviations from the mean. Figures 8 and 9 show 

that FUDS has higher residuals than DST or US06, but has a more normal distribution. While there 

is a lack of residual normality in DST, it is also the simplest of the loading profiles and has the most 

autocorrelation. There is confidence that while the outlier rule might not help with the DST model, 

it also does not impede learning.  
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Figure 8 Residual time series plots for validation results for a) DST, b) FUDS, and c) US06. 

 

Figure 9 QQ Plots of residuals for a) DST, b) FUDS, c) US06. 

Residual analysis demonstrates a lack of cyclic nature and patterns, which indicates that the 

errors are random and are a result from the model.  

3.2 Model Performance 

In Table 1, the algorithm is compared with results from literature and computations made on 

CPU. The first two rows include the NN (neural network, an artificial neural network) and the 

NN+UKF (neural network with unscented Kalman Filter), results were taken from He (2014) [42]. 

These two rows do not include results from the DST load profile because the authors from the study 

trained on that dataset. Results from the vanilla LSTM demonstrate the power of this algorithm on 

time-series data which set the desire to perform online LSTM and on-board the algorithm to HEV 

application. The models were trained and tested on each load profile which is likely the reason that 

the model performs at such a high level. Literature involving SOC prediction using SVM does not 

perform tests on the DST, US06, and FUDS datasets, therefore tests were conducted with the three 

most common kernel types using the skLearn toolset in Python and included in the comparison. 

Finally, results were averaged over ten runs and employ the CLC modification to show that the 

LSTM+CLC has the best predictive performance. 

Table 1 Comparison of different predictive models. 

 DST US06 FUDS 

NN (42) N/A 4.100 4.200 

NN+UKF (42) N/A 2.400 2.200 
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Vanilla LSTM 0.372 0.464 0.493 

SVM (RBF) +CLC 0.126 0.155 0.210 

SVM (Poly) + CLC 0.119 0.124 0.201 

SVM (Linear) +CLC 0.099 0.128 0.193 

LSTM + CLC 0.076 0.102 0.166 

 

In Table 2, average RMSE values are displayed (over ten runs) with a ten-second (H=1), thirty-

second (H=3), and fifty-second (H=5) future prediction. It was anticipated that predictions would 

degrade given longer horizon time however, the results demonstrate robust future prediction 

capabilities. Longer predictive horizons benefit from a larger lag cap. Table 3 shows the standard 

deviations in each of the average runs. This table illustrates relatively low variability between runs 

and demonstrates that the CLC is effective at controlling outliers.  

Table 2 Average (Mean) of RMSE results. 

 H=1 H=3 H=5 

 DST US06 FUDS DST US06 FUDS DST US06 FUDS 

Lag Cap 10 0.064 0.091 0.140 0.078 0.111 0.202 0.084 0.120 0.212 

Lag Cap 20 0.070 0.088 0.132 0.076 0.104 0.180 0.083 0.113 0.184 

Lag Cap 30 0.069 0.087 0.128 0.076 0.104 0.172 0.082 0.112 0.180 

Lag Cap 40 0.070 0.086 0.125 0.078 0.102 0.170 0.084 0.112 0.178 

Table 3 Standard deviation of RMSE results. 

 H=1 H=3 H=5 

 DST US06 FUDS DST US06 FUDS DST US06 FUDS 

Lag Cap 10 0.011 0.008 0.024 0.012 0.013 0.029 0.012 0.013 0.027 

Lag Cap 20 0.011 0.006 0.020 0.010 0.014 0.023 0.011 0.012 0.022 

Lag Cap 30 0.012 0.006 0.018 0.011 0.011 0.022 0.011 0.011 0.024 

Lag Cap 40 0.012 0.006 0.018 0.012 0.013 0.023 0.012 0.011 0.024 

 

Table 4 illustrates ten-second (H=1) predictions for each of the loading profiles. A significant 

result is that with the simulated on-board system (Core i3 processor), average computational time 

was 2.05 seconds per online prediction. Therefore, despite using an advanced deep learning 

technique, this BMS would receive a forecast for an event 8 seconds in the future with excellent 

prediction performance.  
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Table 4 Results of ten-second horizon. 

Lag Cap Load Profile Ave SDE Max SDE Ave Time Max Time Total Time 

10 DST 0.064 0.080 2.065 3.577 2061.141 

 US06 0.091 0.127 2.053 3.351 2048.867 

 FUDS 0.140 0.208 2.100 3.150 2095.649 

20 DST 0.069 0.087 2.051 2.755 2051.213 

 US06 0.087 0.123 2.035 3.053 2034.995 

 FUDS 0.131 0.169 2.058 3.225 2057.557 

30 DST 0.069 0.087 2.108 3.948 2108.107 

 US06 0.086 0.112 2.128 5.079 2127.751 

 FUDS 0.127 0.152 2.164 4.512 2164.085 

40 DST 0.070 0.088 2.031 2.440 2030.791 

 US06 0.085 0.123 2.039 2.851 2039.138 

 FUDS 0.124 0.155 2.037 2.854 2037.492 

In Table 5 and Table 6, the predictive horizon is pushed to thirty seconds (H=3) and fifty seconds 

(H=5) and have roughly the same computational time per iteration. It can be stated that horizon 

window has minimal effect on computational time in the model.  

Table 5 Results of thirty-second horizon. 

Lag Cap Load Profile Ave SDE Max SDE Ave Time Max Time Total Time 

10 DST 0.096 0.129 2.037 3.125 2037.435 

 US06 0.126 0.171 2.145 4.049 2144.721 

 FUDS 0.200 0.268 2.171 5.119 2171.391 

20 DST 0.098 0.129 2.062 3.610 2062.110 

 US06 0.121 0.179 2.067 2.649 2066.734 

 FUDS 0.179 0.223 2.071 2.939 2071.450 

30 DST 0.097 0.128 2.173 3.643 2173.444 

 US06 0.119 0.172 2.145 3.370 2144.582 

 FUDS 0.171 0.219 2.110 3.347 2110.102 

40 DST 0.095 0.128 2.152 2.591 2152.111 

 US06 0.119 0.177 2.154 4.550 2153.868 

 FUDS 0.169 0.220 2.145 4.156 2144.919 
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Table 6 Results of fifty-second horizon. 

Lag Cap Load Profile Ave SDE Max SDE Ave Time Max Time Total Time 

10 DST 0.117 0.145 2.230 4.335 2229.806 

 US06 0.089 0.131 2.034 3.051 2030.082 

 FUDS 0.211 0.287 2.060 2.876 2060.138 

20 DST 0.115 0.143 2.131 3.769 2131.025 

 US06 0.127 0.146 2.092 3.221 2092.484 

 FUDS 0.183 0.251 2.154 4.162 2154.042 

30 DST 0.110 0.144 2.171 5.362 2171.285 

 US06 0.125 0.156 2.166 4.142 2165.733 

 FUDS 0.180 0.251 2.203 3.992 2202.841 

40 DST 0.105 0.144 2.168 3.138 2168.166 

 US06 0.125 0.157 2.169 3.957 2168.595 

 FUDS 0.177 0.251 2.169 3.164 2168.849 

Figure 10 displays RMSE plots through 1000 iterations for all experiments including DST, US06, 
and FUDS load profiles. Datasets with less variability (DST) train similarly, while there is more 
training variability in complex driving profiles (FUDS). These plots demonstrate that training takes 
roughly 200-300 iterations before the model reaches a constant prediction error. Training error 
increases as the datasets become more dynamical, which is expected. 

 

Figure 10 RMSE Values for runs of a) DST, b) US06, and c) FUDS. 

In Figure 11, the effect of controlling training data size is shown and how valuable the CLC is for 

a possible on-board application. Figure 11a shows the necessity of adding a lag control as training 

exponentially grows and becomes computationally too complex after 500 iterations. This additional 

time and computational complexity does not equate to better training or a lower RMSE as seen in 

Figure 11b. It can be seen that model performance remains excellent with minimal computation 

time in 11b.  
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Figure 11 a) Comparison of computation of load profiles with a lag cap and one profile 

with a lag cap and b) Standard error plots of the same load profiles. 

In Figure 12, Figure 13, Figure 14, Figure 15, Figure 16 and Figure 17, actual values versus 

predictive values are plotted with varying values of lag capacity limits and validation horizon. As 

stated in Section 2, it was ensured that training and validation sets were separate during online 

training. Therefore, an apparent decrease of predictive power can be seen with broader training 

horizons and a smaller increase of power with larger lag capacity limits. 

 

Figure 12 Expected vs. predicted plots with horizon set at one and lag cap set to 10 for 

a) DST, b) US06, c) FUDS. 

 

Figure 13 Expected vs. predicted plots with horizon set at three and lag cap set to 10 for 
a) DST, b) US06, c) FUDS. 



JEPT 2021; 3(1), doi:10.21926/jept.2101003 
 

Page 18/24 

Figure 14 Expected vs. predicted plots with horizon set at five and lag cap set to 10 for 

a) DST, b) US06, c) FUDS. 

 

Figure 15 Expected vs. predicted plots with horizon set at one and lag cap set to 40 for 

a) DST, b) US06, c) FUDS. 

 

Figure 16 Expected vs. predicted plots with horizon set at three and lag cap set to 40 for 

a) DST, b) US06, c) FUDS. 

 

 

Figure 17 Expected vs. predicted plots with horizon set at five and lag cap set to 40 for 

a) DST, b) US06, c) FUDS. 
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False positive predictions (Type II error) increase slightly as the prediction horizon increases from 

10 to 30 seconds. Although an error of this type would be hazardous during operation, we don’t see 

false positive predictions to be a significant issue with this battery model. 

Finally, extension of the prediction window out to 50 seconds demonstrates excellent prediction 

between actual and predicted plots. Compared to the 30 second horizon plot there is a slight 

increase in type II error however, even at the extended prediction window there doesn’t appear to 

be enough error to cause the model to fail to meet expectations. 

Plots 15 through 17 show the prediction performance while extending the training window to 40. 

When comparing these plots to corresponding plots above (same horizon windows), it is determined 

the expanding the training size from 10 to 40 doesn’t have a drastic effect on performance.  

Using offline training (where one section of the data is trained and validate once over another 

portion of the data), plots are generated (Figure 18) to ensure that bias is not introduced to the 

model. Although the following plot is only a snapshot, training and validation losses are consistent 

during training. It can be seen visually that 20 epochs are where training levels stabilize during 

offline training. 

 

Figure 18 Training versus validation loss for offline profiles a) DST, b) US06, c) FUDS. 

4. Conclusions 

Although many consider deep learning to be a "black box" method, this study provides 

illumination into a methodology for using advanced recurrent neural networks within a vehicle 

battery management system. By examining feature importance, hyperparameter impact, 

contrasting model performance, and developing an algorithm for vehicle on-boarding, it is shown 

that recurrent neural networks combined with online training are a viable and impactful solution 

for next-generation vehicles. 

In this research, feature analysis using a random forest algorithm to determine the impact of 

various parameters on the state of charge prediction was conducted. Although the literature 

assumes the impact of variables, this research quantifies the impact of temperature, voltage, and 

current on the state of charge. Next, hyperparameter search and comparison between an LSTM 

algorithm and models used in literature for the state of change prediction was performed. Tests 

were conducted on a high-performance cluster to perform gradient search to optimize the number 

of epochs, batch size, and gradient methods. 

Although the first two objectives to this research are new applications for state of charge 

prediction, the methods are within deep learning literature. However, to on-board a recurrent 

neural network into a vehicle system required moving away from high-performance cluster 
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computing. By considering computational performance and the notion that a late predictor is 

worthless, a rules-based model was created and a continuous training data size control mechanism 

embedded into a recurrent neural network architecture. Through this mechanism, the feasibility of 

online predictions from 10 seconds up to 50 seconds in the future is demonstrated. 

5. Conclusions and Future Studies 

In this study, the feasibility of using advanced deep learning for online battery management in a 

vehicle platform is examined.  Limiting training time (∼2 sec) and computational complexity allows 

for this battery predictive model to be on-boarded to a HEV application without hindering model 

performance. While these results indicate that continuous data size control allows for the 

mechanism of optimizing energy pulls from fuel cells to batteries, we plan to improve our model for 

eventual vehicle tests.  

One limitation of this study is the use of only three driving profiles. Actual driving consists of a 

combination of many iterations of stop-and-go traffic, open freeway, urban driving, and city driving. 

To improve the BMS, the plan is to use a classifier in coordination with a recurrent neural network 

to enhance regression. More data would allow the use of a Conv-LSTM (Convolutional Neural 

Network classifier embedded in a Long Short-Term neural network regression algorithm) that 

optimizes data size and improves predictions during online training.  

The authors are interested in studying capacity fade over long term use and implementing these 

effects into our model. This is an open area of research that could benefit from deep learning. 

Capacity fade is not considered in this study and is a limitation of this model since a battery performs 

differently as it ages. Future experiments are planned to account for how aging batteries in a HEV 

application effect state of charge, state of health, and overall effects on a BMS.  
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