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ABSTRACT 

Fault detection in lithium-ion batteries (LiB) is paramount to ensuring the long life and 

proper functioning of the batteries. To that end, this thesis proposes a combined fault 

diagnosis framework that leverages voltage charging curves and voltage charging curve 

fault residuals to accurately detect multiple faults within a LIB during partial and full 

charging regimes. This framework removes the need for parameter tuning and is also 

adaptable to varying battery chemistries and performs well with a small amount of 

available data. The framework leverages voltage residuals generated via a randomly 

initialized or pre-trained LSTM (Long Short Term Memory) model. Experimental 

results show its ability to accurately detect the different types of faults utilizing full 

voltage charging curve residuals with an accuracy of 95%. The framework can also 

detect faults utilizing partial voltage charging curve residuals & a pre-trained LSTM 

model with an accuracy of 94%.  

 

Keywords: Lithium-ion batteries, Transfer Learning, Convolutional Neural Networks, 

Electric Vehicles, Battery Fault Diagnosis  
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Outline 
 

The thesis is organized as follows: 

In Chapter 1 a brief introduction is presented. In Chapter 2, the details of the conducted 

literature review are covered. In Chapter 3, a theoretical background of LSTM and 

CNN neural networks and transfer learning are covered. Chapter 4 covers the 

methodology of the research project and Chapter 5 covers the results and their 

subsequent discussion followed by a brief conclusion in Chapter 6 summarizing the 

thesis and discussing future works.  

• Chapter 1 Introduction presents background information about LIBs and 

various fault diagnosis techniques. Also, the objectives, assumptions, and 

contributions of this thesis are presented. 

• Chapter 2 Literature Review reviews existing LIB fault diagnosis 

literature and the research gaps that this thesis addresses are articulated and 

presented. 

Chapter 3 Background discusses the LSTM and CNN neural networks as 

well as transfer learning. With regards to LSTMs and CNNs, the structure 

and mode of operation are discussed in detail followed by a discussion of 

transfer learning in terms of its mode of operation, advantages, 

disadvantages, and a literature review within the context of LIBs 

• Chapter 4 Methodology presents the fault diagnosis problem to be solved 

and discusses the battery manager used for data collection and the various 

techniques used to optimize the RES152 technique used for fault detection. 
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• Chapter 5 Results and Discussion presents the results of the conducted 

studies using plain partial voltage charging curves and voltage residuals 

followed by a discussion of the results. 

• Chapter 6 Conclusion and Future Works concludes the current work and 

suggest future works to be done. 
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Chapter 1. Introduction 

1.1 Background 

The turn of the 21st century has seen a rise in interest in cleaner energy sources to 

replace fossil fuels. Lithium-ion batteries (LiB) are one of these new clean energy 

sources that have seen applications in various industries such as automotive, industrial, 

and commercial energy industries. Although a new and interesting technology with 

various applications, LiB is still prone to failure due to varying operating and 

manufacturing conditions. As such, the need to create fault diagnosis systems that can 

detect a wide range of faults under a wide range of conditions becomes apparent. This 

need to detect these faults is a result of the high potential for loss of life and/or property 

when said faults occur. Also, the occurrence of LiB faults is usually accompanied by 

fire and/or toxic fumes making the early detection of faults paramount. Figure 1.1 

shows an overview of the different types of faults. LiB faults can be categorized into 

external and internal faults. In this thesis, we focus on internal faults but review the 

literature from both types of faults to ensure completeness. With regards to internal 

faults, these are the faults that occur inside the battery and their presence either 

degrades or leads to the accelerated degradation of the battery. External faults refer to 

those faults that occur in the associated sensors and maintenance devices such as 

cooling systems of batteries and battery packs. Internal faults are the main focus of this 

thesis because their occurrence has a higher associated risk. The occurrence of an 

internal fault is usually accompanied by fire, toxic fumes, and/or explosions. As such, 

their occurrence is very dangerous. For both internal and external faults, algorithms 
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have been developed to aid in the detection of these faults. Figure 1.2 shows the 

different types of algorithms that are present in the literature. Fault diagnosis algorithms 

can be broadly divided into model and non-model-based [1]. Model-based algorithms, 

as the name implies, utilize different types of models including physics-based and 

statistical models to predict the behavior of a healthy or faulty battery depending on the 

specific model used. Model-based techniques can be divided into four categories, 

namely parity space, parameter estimation, structural analysis, and state estimation. 

State estimation can be divided into filter and observer techniques. Parity space 

techniques involve detecting faults via the generation of residuals from the input and 

output relationship that a model and the corresponding experimental measurements will 

have. Parameter estimation involves the estimation of the model parameters based on 

measurements and a fault is then detected when there is a change in the estimated 

value. Structural analysis involves the identification of faults via the analysis which is a 

structural model of the battery system. Finally, state estimation involves the detection 

of faults via the generation of residuals using filters and/or observers to generate 

estimations which are then compared with the actual measured value. A fault is 

detected when a certain threshold for the estimation is exceeded.  

Non-model-based algorithms utilize raw data collected from attached sensors and/or 

features extracted from the collected raw data to infer the health of the battery and/or 

battery pack. It can be divided into signal-processing techniques and knowledge-based 

techniques.  

Signal processing techniques involve transforming the measured data into some fault 

parameters such as correlation coefficient or entropy. The fault detection is via the 
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detection of an abnormality in the parameters. Knowledge-based techniques utilize the 

knowledge obtained from measured data to generate rules about the regular operation 

and the faults are detected when the measured data deviates from the rules generated by 

the technique.  

The proposed technique in this thesis is a non-model-based, knowledge-based, 

Artificial Neural Network (ANN) technique that leverages transfer learning to 

overcome the high data requirements of knowledge-based techniques. The primary 

criticism of knowledge-based techniques is the data requirements needed to train the 

model effectively. The technique developed in this thesis addresses this issue via 

transfer learning. Transfer learning is a technique by which a model is trained on a 

source domain dataset with a large amount of data and then used on a target domain 

dataset which may have the same data format but encodes different information. 

Another contribution of this work is the use of partial voltage curves for fault detection. 

Most knowledge-based algorithms utilize full voltage charging curves. However, to 

closer mimic consumer usage of such devices, partial voltage curves were used. The 

third contribution of this work is the ability of the network to be used on varying 

battery chemistries. The development of a technique that can work with more battery 

chemistries with a small amount of data from said batteries is beneficial because it 

allows for the development of an adaptable fault diagnosis system. The fault diagnosis 

system can be deployed and slowly fine-tuned over time as more fault data for that 

specific battery is collected. 
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Figure 1.1: Types of Faults[1] 

Figure 1.2: Types of Fault Diagnosis Algorithms[2] 
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1.2 Objectives & Assumptions 

The primary goal of this research is to develop a fault diagnosis framework that can be used on 

various LIBs. 

The detailed objectives of this research include: 

i. The development of a fault diagnosis framework that can effectively detect 

thermal faults 

ii. The development of a fault diagnosis framework that can effectively detect 

short circuit faults 

iii. The development of a fault diagnosis framework that can effectively detect 

overcharge faults 

iv. The development of a  fault diagnosis framework that can leverage graphed 

voltage charge curves for fault diagnosis 

v. The development of a fault diagnosis framework that can leverage graphed 

voltage charging curve residuals for battery fault diagnosis.  

The assumptions made during this research include: 

i. Multiple faults do not occur simultaneously. 

ii. Electrochemical effects due to variability in manufacturing are negligible. 

1.3 Contributions 

To the best knowledge of the author, the main contributions of this research are as 

follows: 
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i. The development of an offline data-driven fault diagnostic approach that 

utilizes partial voltage charging curves to predict a fault present in the 

cell.  

ii. A transfer learning-based neural network approach that is low in training 

data requirements and training time compared to other data-driven 

approaches as well as requiring no feature engineering. 

iii. An offline data-driven fault diagnosis approach that can quickly adapt to 

varying battery conditions & chemistries via retraining or dataset 

augmentation. 

iv. The development of a combined data-driven and model-based fault 

detection framework. 

v. A scalable and adaptable framework for offline fault detection. 

vi. A fault prediction framework that allows for fault detection using both 

full and partial voltage charging curves. 

vii. A fault prediction framework that leverages voltage residuals for fault 

detection. 

1.4 Summary 

In this chapter, the model-based LIB fault detection algorithms were first reviewed, 

followed by a review of the non-model-based LIB fault detection algorithms. Finally, 

the existing research gaps were pointed out and discussed. 
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Chapter 2. Literature Review 

2.1 Introduction 

In this section, the existing literature with regards to LIB fault diagnosis algorithms are 

reviewed and discussed. Firstly, model-based algorithms are discussed in-depth 

followed by a discussion of non-model-based algorithms and finally, the research gaps 

are identified and explained. 

2.2 Fault Diagnosis Algorithms Review 

In this chapter, the various fault diagnosis algorithms in the literature are discussed, 

reviewed, and analyzed to determine research gaps that are addressed in this thesis 

2.2.1 Model-Based LIBs Fault Diagnosis Algorithms 

Review 
 

With regards to the current model-based fault diagnosis literature, in [2], the authors 

detected soft internal short circuit faults via the extraction and analysis of the open-

circuit voltage and thus the internal short circuit resistance. The measurement of the 

internal short circuit resistance can allow for the direct representation of the severity of 

the fault. Experimental results showed that the error of estimation does not exceed 

31.2% and so allows for the early detection of internal short circuit faults. In [3] the 

authors created a modified multi-scale entropy technique for online fault detection in 

electric vehicle BMS systems. The technique leverages past electric vehicle drive cycle 

data and uses said data to extract multi-scale features which are then used for early-
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stage fault detection & classification. Real-time experimental results from simulations 

show the novelty and efficacy of the developed framework. In [4], the authors created 

an online fault diagnosis technique based on the correlation coefficient method. The 

technique is combined with a redundant crossed-style measurement circuit and allows 

for efficient measurement of the voltage in neighboring cells without an accompanying 

increase in hardware costs. The researchers demonstrated that the technique can avoid 

false detection of faults and is robust to the variation in various operating conditions 

including ambient temperature and state-of-charge measurements. In [5], the authors 

created a fault diagnosis system for current and voltage sensors via the modeling of the 

battery pack as a hybrid system combined with the leveraging of an unscented particle 

filter. Results from their experiment showed not only effective state tracking 

performance but an accurate fault detection capability. In [6], the authors developed a 

two-step equivalent circuit model. It is used for online detection of external short circuit 

faults in 18650 form factor NMC (Nickel Manganese Cobalt Oxide) battery packs and 

cells. Results from their experiments showed that the developed technique can detect 

the faults in 3.5s. This detection occurs with a less than 25mV terminal voltage error. In 

[7], the authors created a novel fault diagnosis technique utilizing the interclass 

correlation coefficient principle. The authors leveraged electric vehicle voltage data to 

verify the efficacy of this technique. Results from their experiments showed that the 

novel technique can detect fault signals in electric vehicle voltage data accurately. In 

[8], the authors accurately detected voltage and temperature sensor faults via the 

combined use of a Thevenin equivalent circuit model, radial equivalent thermal model, 

and particle filters. Results from their experiments showed that the developed technique 
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is capable of accurately detecting thermal faults in battery cells. In [9], the researchers 

developed a model-based technique for voltage and temperature sensor fault detection 

via the use of an equivalent circuit model and extended Kalman Filter. It estimates the 

terminal voltage of the cell and generates residuals which are then used for fault 

detection. Results from their experiments showed that the proposed technique is 

capable of accurately detecting both types of faults. In [10], the authors developed a 

thermal fault diagnosis technique via a distributed parameter thermal model. Their 

model parametrizes a cylindrical shell battery which is used along with a fault diagnosis 

framework to detect and estimate the size of present thermal faults. Results from their 

experiments verified the efficacy of this proposed method. In [11], the authors created 

an online multi-fault diagnosis framework leveraging modified sample entropy. The 

technique makes use of a sliding window and is the presence and time of occurrence of 

a fault. Results from their experiments verified the validity of their proposed technique. 

In [12], the authors developed a sensor fault detection scheme for electric vehicle 

battery packs via the use of an extended Kalman Filter. The technique leverages the fact 

that residuals can be generated from the comparison of actual voltage measurements 

and voltage prediction. They used the UDD driving cycles dataset to experimentally 

validate their technique. In [13], the authors proposed an online fault diagnosis 

framework for the detection of external soft-short circuit faults in series battery packs 

via the use of a dual extended Kalman filter. Results from their experiments showed the 

benefits of the technique for the detection of external soft-circuit faults. In [14], Gao et. 

al developed a model-based technique for the detection of early-stage micro-short 

circuit faults. The technique makes use of a mean-difference model, an extended 
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Kalman filter, and a recursive least squares filter. Results from their experiments 

showed the technique has low computational load as well as accurate fault detection 

capabilities. In [15], the authors leveraged online capacity estimation to diagnose and 

differentiate between micro-short circuit faults and low-capacity faults present within a 

battery pack. Results from their experiments yield promising results and showed the 

efficacy of the proposed method. In [16], the authors detected sensor faults and located 

them in battery packs via the use of parameter estimation combined with recursive least 

squares. The recursive least squares method is used to estimate the parameters of the 

equivalent circuit model as cell degradation occurs. Results from their experiments 

validated the efficacy of the method. In [17], Nordmann et. al developed an innovative 

technique for thermal fault detection and localization that utilizes existent wire 

harnesses within the battery packs to detect thermal hotspots thus removing the need for 

the addition of extra thermal sensors. The experimental results validated the technique 

and provided a promising base for future sensor-less fault detection research. In [18], 

Zhang et. al proposed an online fault diagnosis scheme for micro short circuit faults in 

Li-ion cells via the use of the smoothing properties of low-pass filters,  a recursive least 

squares technique, and an equivalent circuit model. The technique was first verified on 

simulation data and then tested on experimental data collected from cycling cells, 

verifying the efficacy of the technique. In [19], Lai et. al proposed an online detection 

framework for internal short circuits via the use of a state-of-charge correlation 

technique. An extended Kalman Filter was also utilized along with a sliding window 

correlation coefficient technique to internal short circuits in a cell. Results from their 

experiments showed the efficacy of the model and fault severity detection capabilities. 
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In [20], Wei et. al proposed an electrothermal-coupled cylindrical battery model 

combined with a Lyapunov-based internal resistance estimator to detect various faults 

such as thermal parameter fault and heat generation. Results from their experiments 

confirmed the effectiveness of the model for thermal fault detection. In [21], Hashemi 

et. al developed a fast diagnosis methodology for various faults within battery packs 

used for electric and hybrid electric aircrafts. The technique relies on health factors that 

are extracted from models developed to mimic the aforementioned faults. These health 

factors from the models are then used in identifying faults present within cells during 

operation of the aircraft. The technique was validated on cell data from a typical flight 

cycle and confirmed the efficacy of the model. Overall, the model-based approaches 

have a place in the overall fault diagnosis landscape but the specificity which allows for 

the excellent fault detection abilities also become a drawback due to the inability of 

these techniques to be quickly adapted for use outside of the cells for which they were 

developed. Moreover, they suffer from lack of actual real-world data which may 

contain information not readily available from modelling. 

2.2.2 Non-Model-Based LIBs Fault Diagnosis 

Algorithms Review 
 

Surveying the current literature for non-model-based techniques, in [22] the authors 

developed a non-model-based algorithm to predict internal short circuits. The authors 

extracted features from the full voltage charge-discharge curves of cycled pouch cells 

and train a random forest classifier, achieving a classification accuracy of 97%. In [23], 

the authors created a multi-fault diagnostic approach making use of interleaved full 
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voltage curve measurements and the correlation coefficient method to diagnose internal 

and sensor faults present in a battery pack. In [24], the authors developed a DBSCAN-

based clustering algorithm for detecting thermal runaway faults in individual cells in 

battery packs based on the full voltage drive cycle curves. Results from their 

experiments showed the proposed technique can detect potential thermal runaway cells 

days before the occurrence of the fault. In [25], Yao et al. developed a grid search 

support vector machine framework utilizing a discrete cosine filtering technique and a 

modified covariance matrix to detect connection faults within the series battery pack of 

electric vehicles.  In [26], Wang et al. created a fault diagnosis and prognosis system 

based on the modified Shannon entropy and z-score. A large amount of data from the 

Service and Management Center for Electric Vehicles (OSMC-EV) in Beijing along 

with the modified entropy technique is used to predict voltage faults and the z-score 

technique is used for the prognosis. In [27], Hong et al. proposed an LSTM-based 

online fault diagnosis framework for electric vehicle battery packs making use of a 

large amount of data from the OSMC-EV in Beijing. The developed technique has 

good fault detection capabilities as well as voltage forecasting capabilities but requires 

a large amount of data for interval training like other data-driven techniques. In [28], 

the authors proposed an entropy-based fault diagnosis scheme for overvoltage detection 

in electric vehicle battery packs. The investigation made use of large amounts of pre-

processed data from the OSMC-EV in Beijing. Results from the experiments carried 

out by the researchers validated the technique however like other data-driven 

techniques reviewed in this thesis, becomes difficult to implement/retrain in the 

absence of these large amounts of data. In [29], the authors leveraged a state 
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representation methodology to develop a technique for early voltage fault detection and 

thermal runaway detection in electric vehicle battery packs. The technique is tested 

against real-world data from four different electric vehicles and the results verified that 

it is a novel and effective technique for fault diagnosis. In [30], Hong et. al developed a 

thermal runaway prognosis technique leveraging utilizing a large amount of data from 

the OSMC-EV in Beijing. The authors also developed a thermal security management 

strategy in addition to their prognosis technique and their experimental results validate 

the approach. In [31], a 3-delta multi-level screening strategy coupled with an 

optimized neural network is proposed by the authors to monitor cell voltage 

abnormalities to detect faults present within the battery. Vehicle driving data from a 

whole year was collected and used to validate the developed technique. The 

experimental results showed the efficacy of the technique however a major drawback 

like other data-driven techniques reviewed is the amount of data needed for validation. 

In [32], the authors utilized a combination of an LSTM neural network, an ECM 

(Equivalent Circuit Model) model, and a coupling module based on MAB (Modified 

Adaptive Booster) for online thermal runaway detection. The system is trained on 

historical voltage drive cycle data and the experimental results showed the efficacy of 

the proposed model. In [33], the authors developed a radial basis function neural 

network for the fault diagnosis of various battery faults. Results from the experiments 

conducted showed near 100% fault detection accuracy; however, the method employed 

feature generation from collected data. The main drawbacks of the employed technique 

are the use of feature engineering and the absence of realistic faults used for training the 

neural network. In [34], the authors proposed a lightweight context-aware fault 
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diagnosis system-based scheme that leveraged a novel machine-learning algorithm 

called Extra-Trees for use in detecting various sensor faults. The network is shown to 

outperform traditional machine learning algorithms like a Support Vector Machine 

(SVM) and a standard multi-layer perceptron neural network. A criticism of this work 

is the lack of experimental data as the data used for the study was artificially generated 

from healthy data. However, the researchers showed that this technique is valid via 

citations from previously conducted work. In [35], Yao et. al proposed a fault diagnosis 

scheme based on a wavelet neural network. The technique involved the removal of 

voltage noise via discrete wavelet transform followed by the creation of various 

features such as voltage differences. These features are then fed into a general 

regression neural network. Results from the experiment validated the efficacy of the 

fault diagnosis scheme in terms of its ability to diagnose the fault and also detection of 

the severity of the fault. In [36], Zheng et al. proposed a micro-short circuit fault 

detection strategy reliant on mutual information. The technique accounts for battery 

degradation and the fault masking effects of the developed faults. The mutual 

information scheme is capable of accurately differentiating between cells experiencing 

low capacity vs. cells in which micro-short circuits are occurring. Results from the 

conducted experiments of the researchers validate the technique. Overall, the non-

model-based approaches are an essential component in the overall fault diagnosis 

landscape but their dependence on large amounts of data and/or feature engineering for 

extracting useful information from the gathered data are both drawbacks that hinder 

their efficacy and applicability.  
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2.2.3 Existing Research Gaps in LIBs Fault 

Diagnosis Algorithms  
 

A review of the current state-of-the-art machine learning-based fault diagnosis 

algorithms has been conducted in [37]. It highlights the issues yet to be addressed in the 

data-driven fault diagnosis literature including lack of training time documentation and 

generalization ability of developed techniques. Training time documentation refers to 

measuring the amount of time it takes for machine/deep learning networks to tune their 

parameters using the data points within the dataset partitioned for training. In this study, 

the training times for the machine learning algorithms are negligible (<5s) due to the 

small dataset and so the training times of the deep learning algorithms are what are 

highlighted in Table 7.2. With regards to the generalization ability, we make that claim 

based on the experiment carried out on Validation Set 2. Validation Set 2 is comprised 

of cycling data from a new type of battery cell that is different from the cells used for 

the training/testing set and Validation Set 1. The network is able to diagnose the faults 

in this dataset with an accuracy of 75%. This is promising as the network was not 

trained on data from this dataset. In Validation Set 1, the network is able to detect faults 

with 85% accuracy. This is also promising since the network has not seen the data 

during the training or testing phases. Another issue raised in data-driven non-model-

based techniques, including machine learning techniques such as [22], is that they 

utilize various types of features extracted from the voltage/current curves of the 

battery/battery packs. The disadvantage of this is that any beneficial fault information 

not captured by these features is lost. As previously stated, feature engineering is the 
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practice of utilizing various metrics such as statistical (mean, median standard 

deviation), experiment-specific, and hand-crafted metrics (internal resistance, constant 

voltage charging time, energy loss etc.) as inputs for machine and deep learning 

algorithms rather than the raw data from which these features were extracted from. 

Since the researchers pick what features to generate and use within their model, if a 

feature that captures relevant data about the fault is not included, the resultant model 

may not be as accurate compared to a model developed with that feature as one of its 

inputs. The DLM technique prevents such omissions from happening since it removes 

the task of feature generation from hands of the researcher. The DLM technique is 

capable of automatically finding the best features. Moreover, data-driven non-model-

based techniques reviewed such as [10] and [11] require vast amounts of data. This 

becomes a limiting factor in cases where large amounts of training data are not readily 

available. Finally, many reviewed offline non-model-based data-driven fault prediction 

techniques utilize the full voltage charge/discharge curve directly or indirectly via 

feature engineering, where applicable. To the best of the author’s knowledge, no 

attempts have been made to use partial voltage charging curves for fault diagnosis. The 

use of partial voltage curves is of importance because of the real-life usage patterns of 

battery-powered devices such as consumer electronics and electric-powered vehicles. 

Consumers usually do not wait until full discharge before they charge their devices. As 

such an investigation into fault diagnosis during partial charge is necessary to account 

for this use case. This thesis addresses this gap by being the first to use the partial 

charging curves of a cycled LiB to develop an offline data-driven non-model-based 

technique that can accurately predict the fault present within the LiB battery cell.  
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2.3 Summary 

In this chapter, the model-based LIB fault detection algorithms were first reviewed, 

followed by a review of the non-model-based LIB fault detection algorithms. Finally, 

the existing research gaps were pointed out and discussed. 
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Chapter 3.Background 

3.1 LSTMs 

Long Short Term Memory neural networks are a subset of Recurrent Neural Networks 

(RNNs) which in turn are a subset of Artificial Neural Networks that are broadly 

classified under the umbrella of deep learning/machine learning [38]. RNNs unlike 

more traditional neural networks like Multi-Layer Perceptron(MLP) and Convolutional 

Neural Networks(CNNs) can handle sequential data. This makes them prime candidates 

for various forecasting activities including but not limited to time series forecasting, 

language translation, and also text-to-speech applications. LSTMs were introduced to 

address the shortcomings of RNNs which were primarily the vanishing and exploding 

gradient issues[39]. Figure 3.1 shows a temporally unfolded LSTM cell where the 

subscript t means the current timestep and the subscript t-1 refers to the previous 

timestep. The governing equations for the LSTM cell are shown in (1), where x, C, Q, 

h, f, I, and o are the input vector, cell state, potential candidates, hidden state, and 

activations for the forget, input and output gates, respectively. In this thesis, LSTMs are 

used to generate voltage residuals which are then graphed and used for fault detection. 
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 𝑓𝑡 = 𝑠𝑖𝑔𝑚𝑜𝑖𝑑(𝑊𝑓ℎ𝑡−1 + 𝑊𝑓𝑥𝑡 + 𝑏𝑓) 

𝑖𝑡 = 𝑠𝑖𝑔𝑚𝑜𝑖𝑑(𝑊𝑖ℎ𝑡−1 +  𝑊𝑖𝑥𝑡 +  𝑏𝑖) 

𝑜𝑡 = 𝑠𝑖𝑔𝑚𝑜𝑖𝑑(𝑊𝑜ℎ𝑡−1 + 𝑊𝑜𝑥𝑡 +  𝑏𝑜) 

𝑄𝑡 = 𝑠𝑖𝑔𝑚𝑜𝑖𝑑(𝑊𝑄ℎ𝑡−1 + 𝑊𝑄𝑥𝑡 + 𝑏𝑄) 

𝐶𝑡 = (𝑓𝑡𝐶𝑡−1 +  𝑖𝑡𝑄𝑡) 

ℎ𝑡 = (𝑜𝑡 ∗  tanh (𝐶𝑡) 

 

 

(1) 

Figure 3.1: LSTM Architecture 
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3.2 CNNs 

Convolutional Neural Networks(CNNs) are another type of Artificial Neural Network 

that is used in various artificial intelligence tasks including image recognition [39, 40]. 

CNNs have seen a resurgence since the introduction of AlexNet[42] in 2012 and within 

the ILSVRC[43]and subsequent winners have also been from the CNN family 

displaying the high efficacy of this family of neural networks for image recognition. 

CNNs are composed of multiple layers some of which are custom however, all CNNs 

do have the following layers in common. These layers are the convolution layer, a non-

linearity layer, and a pooling layer. The goal of the convolution layer is to extract 

features from the image. The equation for the convolution layer is shown in equation 2.  

V is the output pixel value, 𝑓𝑖𝑗 is the coefficient of a convolution kernel at position i,j in 

the kernel, 𝑑𝑖𝑗 is the data value of the pixel that corresponds to 𝑓𝑖𝑗, F is the sum of the 

coefficients of the kernel or 1 if the sum is 0 and n is the dimension of the kernel. 

The goal of the non-linearity layer is to bound the inputs from the previous layer 

between pre-defined values. The bounds depend on the actual non-linearity layer used. 

The most common non-linearity layer is the Rectified Linear Unit(ReLu). The equation 

for the ReLu layer is shown in (3) where x is the input value to the ReLu function.  

 
𝑉 = |

∑ (∑ 𝑓𝑖𝑗𝑑𝑖𝑗
𝑛
𝑗=1 )𝑛

𝑖=1

𝐹
| 

(2) 

 𝑅𝑒𝐿𝑢(𝑥) = max(0, 𝑥) (3) 
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Finally, the pooling layer is used to reduce the dimensionality/ spatial size of the inputs 

to layers either to help address the vanishing gradient problem or due to some 

peculiarities such as a change in dimension of the next layers that the inputs may be fed 

into. The formula for the pooling layer is shown in (4), where W1 and W2 are the input 

and output widths respectively, H1 and H2 are the input and output heights, D1 and D2 

are the input and output depths respectively, F is the kernel size and S is the stride 

length. 

In this thesis, the CNN that is used is called ResNet (Residual Network) 152. It is part 

of a family of CNNs called Residual Networks. Th underpinning techniques that make 

ResNets a viable candidate for image recognition are the residual block and skip 

connections. The two techniques allow information about the image to propagate 

deeper into the network. Traditional fully connected deep neural networks suffer from 

this issue of not enough information about the images being able to propagate to the 

deeper layer of the network. ResNet solve this issue allowing for the utilization of all 

the layers which in turn leads to better image classification performance.  

 

  

 𝑊² =  (𝑊¹ − 𝐹)/𝑆 +  1 

𝐻² =  (𝐻¹ − 𝐹)/𝑆 +  1 

𝐷² =  𝐷¹ 

 

(4) 
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3.3 Transfer Learning 

Transfer Learning is a machine learning/deep learning that addresses the lack of data 

faced by researchers who employ data-driven approaches. The goal of employing 

transfer learning is to improve the classification ability of the target learner/model by 

transferring the knowledge gained from training exercises in the source domain by the 

source learner/model via the values of the parameters, network weights, and biases in 

the case of neural networks[43, 44]. In recent years, transfer learning has seen greater 

adoption within the context of battery health management, prognosis, and fault 

diagnostics. In [46], Che et al. create a transfer learning-based predictive battery health 

management system via the estimation of the remaining useful life of the cell. An RNN 

is used as the target estimator. The source domain is previously collected battery data 

while the target domain is the RUL of the test battery. The experimental results validate 

the efficacy of the technique. In [47], Ma et. al develop a hybrid transfer learning 

scheme to predict the remaining useful life of lithium-ion power batteries. The 

developed technique utilizes an LSTM network along with developing prediction 

criteria such as long-term degradation rate to select samples from a historical database 

of formulations for use in the training of another  LSTM network used for the actual 

RUL prediction. The experimental results are promising and validate the work of the 

researchers. In [48], the authors develop a transfer learning-based state of charge 

estimator that is robust to variations in ambient temperature. The technique leverages 

temporal dynamics, a source, and a target SoC estimator to improve prediction 
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accuracy at ambient temperatures ranging from -20oC to 25oC. The experimental results 

validate the approach.  

The primary method of leveraging transfer learning is one in which there is a source 

domain with a high number of data points and a target domain with a smaller number of 

data points. The data representations for both the target and source domains are usually 

the same although that may not be the case in scenarios where feature extraction is 

employed. In this thesis, the data representation is images of size 224x224 pixels, the 

source domain is the ImageNet dataset[43], and the target domain is the voltage curve 

dataset generated from the full and partial charging voltage curves of cycled lithium-ion 

batteries. Figure 5.1 illustrates the general transfer learning approach utilized in this 

thesis. 

 

 

 

Figure 3.2: Transfer Learning Process 
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3.4 Summary 

In this chapter, the details of the LSTM neural network were discussed followed by a 

discussion of the internals of CNNs, and then the chapter was wrapped up with a 

discussion of transfer learning and a brief literature review of relevant publications. 
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Chapter 4. Methodology 

In this chapter, the details of the experiments conducted with the voltage charge curve and 

voltage charge curve residuals are discussed. Firstly, the experimental setup and induced faults 

are discussed followed by a discussion of the RES152 network used in both experiments. The 

voltage monitoring LSTM solution is then discussed followed by a discussion of how the 

residuals are created, and the chapter ends with a discussion of the various training 

optimizations performed to enhance the fault classification process. 

4.1 Experimental Setup & Induced Faults 

A visualization of the entire fault diagnosis process from data collection to results 

analysis for the voltage charge curves and voltage residual curves are shown in Figures 

4.1 and 4.2 respectively. The battery utilized in the training and testing experiment was 

a commercially available 18650 form factor cell (UR18650AA, Sanyo). It is comprised 

of a graphite anode and Nickel Manganese Cobalt Oxide (NMC) cathode. The voltage 

and nominal capacity of the battery are 3.6V and 2.25Ah. The experiment was 

conducted at 25oC. The specifications of the cell are shown in Table 4.1. 

For the first validation set experiment, a new batch of batteries identical to those used 

in the training/testing experiments were used to create a validation dataset. Another 

validation set was also created to study the efficacy of the developed technique on 

different battery chemistries. The battery used for this was another commercially 

available 18650 form factor battery (LG LGGBF1L1865, LG). It has a similar electrode 

material pairing as the batteries used for the training/testing experiment and the other 

validation set. 
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Figure 4.1: Experimental Process Overview (Voltage Charge Curve) 
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Figure 4.2: Experimental Process Overview (Voltage Residual Curve) 
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The battery manager used in this experiment is shown in Figure 4.3a. A close-up of the 

battery along with the thermocouple and heat pad used for inducing faults in the battery 

is shown in Figure 4.3b. Figure 4.4 shows the schematic for the battery manager. In the 

experiment, 3 faults are induced in the batteries. These faults are abnormal heating, 

internal short circuit, and overcharge/overvoltage. There are simpler ways to detect the 

overcharge fault such as direct measurement; however, in this study, to demonstrate the 

robustness of this technique to different faults of varying complexity, the overcharge 

fault was included. Since there is an inbuilt mechanism within most BMS systems, real-

world overvoltage faults may not occur, but by training a technique that is capable of 

detecting this fault, it can act as a second line of defense against the rare occurrence of 

such a fault. This overvoltage fault detection feature is nice to have but not completely 

necessary since it is also trained to detect more severe faults such as an internal short 

circuit. The thermal fault is simulated via a heating pad attached to the cell during 

charging. The effect of temperature on the internal resistance of a lithium-ion cell is 

studied in [49]. The researchers found that an increase in temperature would lead to an 

increase in the ionic conductivity of the cell and conversely a reduction in temperature 

would lead to a reduction in ionic conductivity. As the thermal fault generates extra 

heat to the battery cell, the battery temperature increases and the internal resistance of 

the cell reduces, leading to an accompanying change in the voltage curve. This change 

is the increase in the time taken to finish the CC (Constant Current) portion of the 

charging and a slight reduction in the overall voltage due to the lower internal 

resistance. The use of the external resistor to simulate an internal short circuit is a 

viable technique employed by other researchers such as in [22]. 
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Figure 4.3: a) Battery Manager b) Battery Inside Safety Box 
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A fourth fault class is also created which is the “Healthy” fault class. Data is obtained 

for this fault class of the battery under regular operating conditions and this fault class 

acts as a baseline. A summary of the faults and their method of simulation is shown in 

Table 4.2.  

For each fault, the battery is discharged to a random value between 40-60% SOC and 

then charged back up to 100% SOC at a rate under 1C under a constant current constant 

voltage (CCCV) charging protocol. Preliminary studies conducted by the author 

showed that at lower ranges(0-40% SOC) the network had similar classification ability 

and so the range of 40-60% was chosen for the experiment. 30 cycles are collected for 

each fault class. For the creation of the dataset, the partial charging voltage data is 

plotted and labeled based on the fault class it was created from. The overall dataset 

consists of 120 images, of which 80% are used for training and 20% are used for 

validation. Overfitting does not occur because of the train/test split. This is verified via 

the results of the validation experiments which show similar classification performance. 

There are 2 validation sets in this experiment created from two different sets of 

batteries. The first validation set is referred to as  “Validation Set 1” and consists of 5 

cycles of each fault using the Sanyo batteries. The second validation set, called 

“Validation Set 2”, is created using the LG batteries and consists of 5 cycles from each 

fault class. 
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4.2 RES152 

The model used for this study is a pre-trained ResNet 152 (RES152) [50] model, which 

is part of the CNN family. The main benefit of CNNs is their ability to automatically 

extract differentiating features from images that are fed into them. Voltage data is used 

by researchers for fault detection because there is usually an accompanying change in 

voltage from the traditional state when a fault occurs.  If the voltage data is graphed and 

converted into an image that can be processed by the CNN, then the fault signatures 

that are present within the voltage data can be extracted automatically and used to 

differentiate between the different types of faults. This automatic feature detection is 

one of the advantages of the CNN. Traditional machine learning techniques require the 

researcher to manually create features and choose the features that best encode the fault 

information. This process can be tedious and prevents non-experts from being able to 

use these types of networks. By using a CNN on the graphed voltage data, the most 

representative features are extracted automatically and used to identify the different 

types of faults. In this thesis, the last fully connected layer of the RES152 model is 

randomized, reduced to 4 neurons, and retrained on the battery dataset. A comparative 

study is conducted to show the performance of the proposed method and to also 

investigate the effects of transfer learning on neural networks. 4 machine learning 

algorithms, as well as 4 other neural networks, are compared to RES152. The 4 neural 

networks used for the study are a randomized ResNet 152 neural network, an artificial 

neural network with 152 layers and 100 neurons per layer, a pre-trained ResNet 34 

neural network, and a randomized ResNet 34 neural network. The 4 machine learning 
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algorithms compared are support vector machine, decision tree, random forest 

classifier, and k-nearest neighbor classifier. Table 4.3 provides a detailed view of the 

parameters chosen for each network. The FastAI [51] python library was used for the 

neural network implementations while the Sci-kit Learn[52] python library was used 

for the machine learning algorithm implementations. 

 

4.3 Voltage Monitoring & LSTM Prediction 

The goal of the LSTM is to predict the voltage n steps ahead in time, thus allowing for 

the generation of a healthy voltage path from which the actual faulty voltage path can 

be compared and subsequently used to generate the voltage residuals. The LSTM is 

comprised of 2 LSTM layers with 50 and 20 neurons respectively and two fully 

connected layers with 10 and 1 neurons respectively. The last neuron layer is what 

produces the predicted voltage value. For the training of the LSTM, 4 Sanyo batteries 

were cycled 10 times each to collect a total of 40 healthy voltage samples. The first 

1000 data points were used as the training data with the remainder of the curve then 

used for testing. A sliding window technique was used to generate the training data 

from the 1000 samples via equation (5), where t is the current time step, k is the offset 

from the start of the sequence, n is the window size and V is the resultant array. The 

mapping was done where at timestep t the input to the network was the array V with the 

output being the voltage at time step t+1. The loss metric used was RMSE whose 

equation is shown in (6), where z is the total number of samples, 𝑌�̂� is the predicted 

voltage at timestep i and Yi  is the actual voltage value at time step i. 
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 𝑉 = 𝑡 − 𝑘 + 𝑛 (5) 
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(6) 



37 

 

 

  



38 

 

 

 

  

Figure 4.4: Battery Cycler Schematic 

Figure 4.5: Residual Generation Process 
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4.4 Residual Generation 

The voltage residual creation process is shown in Figure 4.5. Once the LSTM has been 

trained as outlined in section 6.1, the residual is generated according to equation (7), 

where t is the current timestep, z(t) is the actual voltage at that time step and �̂�(𝑡) is the 

LSTM predicted voltage at that time step. Residuals are generated for all faulty cases 

and the resultant images are compiled into datasets that are then fed into RES152 for 

fault classification. Figure 4.12 shows an overlay of the original voltage curve and the 

prediction output of a trained LSTM. 

4.5 Training Optimization & Fault Classification 

Figures 4.6 and 4.7 show a detailed view of the RES152 base architecture, with 

parameters, within the overall fault diagnosis process for the voltage charge curve and 

voltage residual curve. For the pre-trained RES152 used for this experiment, the last 

fully connected layer with 1000 nodes is replaced by an identical layer with 4 nodes. 

This reduction is due to the lower number of fault classes for this experiment. Each 

node in the final layer corresponds to one fault class. Therefore, since we only have 4 

fault classes, the number of nodes has to reduce from the original 1000 count. The 

source dataset used has 100 fault classes hence the final layer having 10000 nodes The 

following optimizations were used to augment the training process of the network. 

Firstly, the image matrices were normalized using the standard deviation and mean 

value of the ImageNet dataset. This is an important experimental technique to fully 

 𝑉(𝑡) = 𝑧(𝑡) − �̂�(𝑡) (7) 
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leverage the power of the pre-trained RES152. The normalization scales the pixel 

values of the images from the battery to an equivalent value on the ImageNet scale. 

Another optimization as mentioned previously added to the training process was the  

 

 

  

Figure 4.6: Voltage Charge  Image Classification Process 
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Figure 4.7: Voltage Charge Residual Diagnosis Process 
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retraining and resizing of the final fully connected layer. The number of layers to 

retrain on the target dataset is variable in experiments that leverage transfer-learning 

based networks. As such, it is necessary to derive this information experimentally. 

Results from a prior experiment on artificially generated battery data as well as 

preliminary studies on the partial charge dataset both showed the effectiveness of 

retraining only the final fully connected layer.  

A third optimization perfumed was the scaling of the residual images. This was done to 

increase the similarity between the target dataset and the ImageNet dataset and so the 

target dataset images(residuals) were scaled to a size of 224x224 pixels. 224x224 pixels 

is the size of all the images in the ImageNet dataset and so scaling was of benefit to the 

training process. A fourth optimization employed was the leveraging of cross-

validation. Cross-validation involves the rearrangement of the data points contained 

within the test set and training set to ensure that the network has a chance to “learn” on 

every instance in the dataset. A 10-fold cross-validation scheme was used for this study.  

The final optimizations employed were the use of the Adam [50] optimizer and the one-

cycle fit policy[51]. The loss function used to tune the parameters of the network is 

Cross-Entropy Loss. Cross-Entropy Loss allows for the mapping of a prediction 

probability to each image in the dataset. This allows for the fine-grained fine-tuning of 

the network’s weights and biases to maximize the probability of the correct label for the 

image. The formula is shown in equation 8. L represents the cross-entropy loss value, i 

represents an instance in each batch, m represents the number of samples in the batch, 

yi represents the actual label of instance i and 𝑦�̂� represents the predicted label of 

instance i. The error metric used for the analysis of the performance is accuracy. The 
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formula is shown in equation 9. TP represents the true positives, FP represents the false 

positives, TN represents the true negatives and FN represents the false negatives. 

Figures 4.8 – 4.11 feature representative images of the voltage curves of the 4 faults 

along with a zoomed-in section to show the dynamics of the partial voltage curve 

during charging. 

 

4.6 Summary 

In this section, the experimental setup and induced fault were introduced and discussed 

followed by a discussion of the proposed neural network. The LSTM-based solution 

used for voltage monitoring and prediction were then discussed followed by a 

presentation of how the residuals are generated. Finally, the various techniques and 

processes implemented for training optimization are detailed and discussed. 

 

  

 
𝐿 =  −

1

𝑚
∑ 𝑦𝑖 log(𝑦�̂�)

𝑚
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(8) 

 
𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =  

𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁
 

(9) 
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Figure 4.8:HEALTHY Case 
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Figure 4.9: Overvolt Fault  
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Figure 4.10: THERM Fault 
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Figure 4.11: ISC Fault 
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Figure 4.12: Original Voltage Curve + LSTM Predicted Curve 



49 

 

Chapter 5. Results and Discussion 

5.1 Introduction 

In this section, the results of the fault diagnosis experiments are presented and 

discussed. Section 5.2 covers the results of the voltage charge curve experiments. 

Section 5.3 covers the results of the voltage residual curve experiments. 

5.2 Experimental Results using Plotted Voltage 

Charge Curves 

In this section, the results of the fault diagnosis exercise on the different datasets are 

examined. Table 5.1 shows the results of the fault diagnosis study on the LiB dataset. 

From the stated results, the RES152 model vastly outperforms the other 9 models. 

Considering that the network only has 24 samples per fault class to learn on and the 

faults are very mild simulations, its ability to differentiate between the faults is 

impressive. Both pre-trained networks outperform their fully randomized counterparts. 

This shows the inherent benefit of pre-training on the domain dataset (ImageNet). As 

expected, the machine learning algorithms do not perform well due to the small dataset. 

Also, no feature engineering/creation is performed. The 3x224x224 pixel array for the 

image is fed directly to the ML algorithms. The lack of feature engineering is another 

contributing factor to their poor performance since ML algorithms require some sort of 

feature engineering for them to perform well in such classification tasks.  

As previously stated, for the pre-trained networks, only the last fully connected layer is 

trained on the target dataset (LiB dataset). The lower layers in the RES152 and RES34 
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models are trained on the domain dataset and what these lower layers in the networks 

learn how to do is identify patterns of varying difficulty and complexity. Thus, when 

the last fully connected layer is trained, the pattern recognition ability of the network is 

maintained and used on the target dataset allowing it to detect patterns/features unique 

to each fault. For ANN152, the training procedure was capped at 3h when no visible 

increase in the accuracy had been noticed. Poor performance was expected, especially 

for such a deep network. Various issues such as the vanishing gradient phenomenon 

seem to be occurring during the training of the network. It can be hypothesized that the 

network got stuck in a local minimum despite the training optimization efforts. 

Figure 5.1 shows the training and testing progression of the RES152 network. Within 

15 epochs, the network is already at a classification accuracy of over 80%. Further 

training sees this accuracy increase even further before settling after 25 epochs. Figure 

5.2  shows the loss progression of RES152 as the network is trained. A similar pattern 

to the accuracy is formed which is further verification of the correctness of our training 

process. The loss similarly is nearly minimized after 15 epochs and has completely 

settled by the 24th epoch.  

Figure 5.3 shows the confusion matrix of the testing dataset. For both the OVERVOLT 

and THERM fault cases, the network shows perfect prediction ability. With regards to 

the HEALTHY and ISC, the network encounters some difficulty in being able to 

differentiate between these two fault classes. Further investigation reveals that this 

confusion is largely due to the mode of simulation of the ISC fault. As previously 

stated, the ISC fault is simulated via a resistor connected in parallel with the LiB cell 

and continuously switched on and off as the cell is cycled. The presence of this fault is 



51 

 

less detectable in the first few cycles and to the network, these first few cycles are 

nearly indistinguishable from the HEALTHY fault case. As such, the network cannot 

differentiate one case from the other, as evidenced by the results from the confusion 

matrix. A recommendation for future endeavors with this technique would be the 

exclusion of the first few cycles for fault classes that may have similar modes of 

simulation to avoid the issue just discussed. 

 

  

Figure 5.1:Accuracy Plot for Training and Testing Set (Voltage 

Charge Curve) 
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Figure 5.2:Cross-entropy Loss Plot for Training and Testing Set (Voltage 

Charge Curve) 
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Table 5.2 shows the training time results for the various networks. The RES34 takes the 

least time followed by the RES152 network. Both pre-trained networks outperform 

their fully randomized counterparts as expected due to the reduction in the number of 

parameters that must be tuned. The ANN152 model as previously stated was capped at 

3h due to the lack of accuracy improvement 

Table 5.4 shows the accuracy results from both validation sets. As expected, the 

accuracy for Validation Set 2 is lower than that of Validation Set 1. Validation Set 1 is 

2% lower than the test accuracy. It can be reasoned from these results that the network 

is robust and can perform well on never-before-seen data. Figure 7.4 shows the 

confusion matrix results for Validation Set 1. The network can accurately identify the 

ISC and OVERVOLT cases correctly. Like the result of the training exercise, the 

network struggles with the HEALTHY and THERM classes. 

Figure 5.5 shows the confusion matrix of Validation Set 2. The network shows perfect 

prediction ability for the OVERVOLT case. The network seems to struggle with 

accurately classifying the other classes correctly. Like the training set and Validation 

Set 1, the network mistakes the HEALTHY class for the THERM class. However, the 

network also mistakes the HEALTHY class for the ISC class. It can be inferred from 

these results that the mode of fault simulation also plays a part in the ability of the 

network to accurately differentiate between fault classes. 

Overall, the RES152 performs well for both datasets given the low data training/testing 

condition. It has an inference accuracy of 85% for Validation Set 1 and an inference 

accuracy of 75% for Validation Set 2. These values fall in line with the expected values 

for this experiment. The batteries used for Validation Set 1 are identical to those used  
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Figure 5.3: Confusion Matrix for the Test Set (Voltage Charge Curve) 

Figure 5.4: Confusion Matrix for the Validation Set 1 (Voltage Charge 

Curve) 
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Figure 5.5: Confusion Matrix for the Validation Set 2 (Voltage Charge 

Curve) 
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for the training set and so the network should have similar accuracy to what it had for 

the testing set. However, Validation Set 2, while having the same electrode materials 

(NMC/Graphite), is from a different manufacturer. As such different intra-cell reactions 

are expected compared to the Sanyo batteries and so the expectation is for the RES152 

network to struggle more with Validation Set 2. 

With regards to the accuracy, Table 5.5 compares the results from [2] and [17] with our 

technique on all the faults and the short circuit fault in particular. Our technique detects 

three faults while many other papers only detect one fault(internal short circuit). If we 

look at the fault detection results of our experiment for only the short circuit fault, we 

see that the DTL technique achieves 100% accuracy on Validation Set 1. We use 

Validation Set 1 for comparison because, in the other experiments listed in Table 5.5, 

their results are reported for a dataset comprised of cycles from the same battery. 

Validation Set 2 is comprised of voltage cycle data from a completely new battery cell 

with a different anode/cathode combination and manufacturer. Our results show similar 

performance to the other listed research when we focus on the fault being detected.  

Finally, a practical advantage of this technique is that it can be used where a large 

amount of faulty data cannot be collected or is not available. By being able to 

accurately train on a small dataset, the technique can be deployed quickly. Moreover, 

the technique can adapt and be retrained as more faulty data is collected allowing it to 

become more robust over time. Also, from our results on Validation Set 2, the 

technique is capable of detecting faults in other battery chemistries. This would allow 

for the network to be trained on one battery cell that may have a large amount of faulty 

data and then be used on another battery that may not have as much faulty data 
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available. Thus, with this technique it allows for deployment during the early stages. 

Another contribution of this work is the use of partial voltage curves for fault detection. 

Most knowledge-based algorithms utilize full voltage charging curves. However, to 

closer mimic consumer usage of such devices, partial voltage curves were used. The 

third contribution of this work is the ability of the network to be trained quickly and 

accurately with a relatively small amount of data(voltage charging cycles). Table 5.5 

lists the dataset sizes of similar experiments and shows that our techniques use 8.5 

times less data than [2] and 150 times less data than [17] when controlling for the 

specific fault detected(short circuit). This low data requirement also leads to a short 

training time. This makes the technique quickly retrainable as new faulty data is 

obtained. This makes the network more flexible and adaptable, which makes it more 

useful in real-life scenarios. 

5.2.1  Effect of Resistor Value on Fault Detection 

Capabilities: 
 

To understand the effect of the resistor value on the fault detection capabilities of the 

RES152 network, cycling data were collected for two other resistors (0.3 ohms and 1.9 

ohms). 30 voltage charging cycles were collected for each of the new resistors and the 

dataset was processed via image dataset techniques from the FastAI library to a final 

size of 60 cycles, 30 cycles per resistor. A sample voltage plot for all three resistors is 

shown in Figure 5.6. A similar training and testing methodology as the initial 

experiment was used for this dataset. The resultant accuracy of the experiment was 

99.4% and a confusion matrix is shown in Figure 5.7. We can see from the image that 
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as we decrease the resistance, the leakage current through the resistor increases, and 

therefore, the actual charging current to the battery decrease, and the CC portion of the 

curve increases. 

 

 

  

Figure 5.6: Voltage Plot of Internal Shorts 
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Figure 5.7: Confusion Matrix for Resistor Effect Experiment 
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5.3  Experimental Results using Plotted Voltage 

Residuals: 

In this section, the results of experiments carried out with the plotted voltage charge 

residual curves are presented and discussed.  

 

5.3.1 Full Voltage Charging Curves(Randomly 

Initialized LSTM): 
 

The confusion matrix and accuracy plots for the training and testing datasets are shown 

in Figures 5.8 and 5.9 respectively. The final accuracy for the validation set is 95% as 

previously mentioned, the validation set is comprised of 24 samples with each fault 

class having 8 samples. From the accuracy plot of Figure 5.9, the network seems to 

achieve 80+% accuracy after just 17 epochs. Further training sees both the training and 

testing accuracy rise to over 90+% after 30 epochs. In terms of fault misclassification, 

Figure 5.8 shows that the network mistakes the HEALTHY and THERM faults. Further 

investigation into this issue leads to the conclusion that the reason may be because of 

the method of fault simulation during data collection. To simulate a real thermal fault, 

the amount of heat was varied rather than kept constant. Therefore, in cases where the 

applied heat was not severe enough, the voltage response may not have been as 

pronounced as in other cases and so the residual created from the voltage plot would 

have been quite similar to that of a healthy charge.  

 A comparative study was also undertaken at this point in the experiment to  
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Figure 5.8 : Accuracy Plot, Full Charge, Validation Set (Voltage 

Residual Curve) 

Figure 5.9: Confusion Matrix, Full Charge, Validation Set(Voltage 

Residual Curve) 
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benchmark the performance of standard machine learning algorithms against RES152. 

A summary of the parameters used for the various algorithms in the comparative study 

is shown in Table 4.3.  The results of the classification experiments are shown in Table 

5.6. To maintain fairness in terms of access to data, all the machine learning algorithms 

were trained on the entire dataset (training + test + validation). This was done to ensure 

that all tested algorithms had processed every data point. RES152 is shown to vastly 

outperform the other tested algorithms and the machine learning algorithms do not 

perform well with none of the tested algorithms getting an accuracy of over 60%. One 

main contributing factor to the poor performance of machine learning algorithms may 

be the lack of feature engineering. 

5.3.2 Partial Voltage Charging Curves (Randomly 

Initialized LSTM): 
 

The accuracy plot and confusion matrices for this experiment are shown in Figures 

5.10, 5.11, and 5.12 respectively. In terms of the accuracy plot, the overall performance 

is slightly worse than the full charging curve cases discussed above in terms of the 

overall training and testing accuracy. The network reaches 80+% accuracy after 17 

epochs similar to the full charging case. From Table 5.7, the accuracy for validation 

sets 1 and 2 are 89% and 82% respectively. The batteries used for the validation set 

from the full charging case and the batteries used in validation set 1 are identical as 

such the network performance is comparable. However, the drop in the accuracy of the 

network could be attributed to two factors. Firstly, utilizing, partial charging curves 

means there is less fault information to extract when the residual is created and so the 
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resultant residual plot may not be as distinctive. Secondly, the LSTM used to generate 

the residuals is randomly initialized and so does not benefit from any prior knowledge 

from the full charging case. Validation set 2 has an even worse accuracy of only 82%. 

This is expected because the batteries used to create this dataset are different from the 

validation set 1. Different electrode and anode material combinations will lead to 

different voltage responses and in turn, will develop varying fault residuals. In light of 

this phenomenon, the performance of the network is acceptable seeing as it is being 

used on a dataset from which it has seen no data points during its training and testing. 

With regards to the confusion matrix of validation set 1, there is a similar phenomenon 

to the confusion matrix of the full charge validation set. The network is mistaking the 

HEALTHY and THERM cases which may be a result of the induced fault not being 

severe enough and so not generating a distinct enough voltage response. From the 

confusion matrix of validation set 2, again makes a classification mistake between the 

HEALTHY and THERM cases. However, there is also a case where the network 

mistakes the ISC case for a HEALTH case. Further investigation leads to the 

conclusion that the varying voltage response due to differing battery chemistries 

combined with the lack of training done on this dataset is what lead to this 

misclassification 

5.3.3 Partial Voltage Charging Curves (Transfer 

Learning LSTM): 
 

The accuracy plot and confusion matrices for this experiment are shown in Figures 

5.13, 5.14, and 5.15 respectively. In terms of the accuracy plot, similar to the first two 
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experiments, the network reaches 80+% accuracy after 17 epochs and in this case, all 

accuracy metrics outperform the randomly initialized LSTM experiment. For the 

confusion matrices of validation sets 1 and 2, a trend similar to the previous two 

experiments starts to develop. For validation set 1, although reduced, there is still a case 

where the THERM case is mistaken for the HEALTHY case. Moreover, for validation 

set 2, there is also a case where the ISC case is mistaken for a HEALTHY case. 

Overall, the network performs better registering a 5% and 10% increase in accuracy for 

validation set 1 and 2. This lends itself to illustrating the benefits of transfer learning 

both in terms of the image classification CNN and the voltage prediction LSTM. 

Overall, RES152 is able to perform excellently on all datasets registering 85+% 

accuracy on all validation sets processed. This speaks to the efficacy of transfer 

learning due to the small training dataset size used for the voltage prediction LSTM 

training and image classification CNN training. 

 

5.4  Summary 

In this chapter, the results from the voltage curve and voltage residual experiments are 

presented and discussed. 
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Figure 5.10: Accuracy Plot, Partial Charge(Random Initialization) 

(Voltage Residual Curve) 

Figure 5.11: Confusion Matrix, Partial Charge(Random Initialization), 

Validation Set 1 (Voltage Residual Curve)  
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Figure 5.12: Accuracy Plot, Partial Charge(Random Initialization), 

Validation Set 2(Voltage Residual Curve) 

Figure 5.13: Accuracy Plot, Partial Charge (Transfer Learning  LSTM) 

(Voltage Residual Curve) 
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Figure 5.14: Confusion Matrix, Partial Charge (Transfer Learning  

LSTM), Validation Set 1(Voltage Residual Curve) 

Figure 5.15: Confusion Matrix, Partial Charge (Transfer Learning  LSTM), 

Validation Set 2 (Voltage Residual Curve) 
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Chapter 6. Conclusion and Future Works 

6.1 Conclusion 

In this thesis, a ResNet 152 Convolutional Neural Network(RES152) and a 4-layer 

LSTM neural network are used along with generated voltage residuals to detect faults 

present within a lithium-ion battery. The developed LSTM-CNN framework was able 

to accurately detect an internal short circuit fault induced via a resistor, an abnormal 

heating fault, and an overvoltage fault via the use of voltage residuals. The framework 

is also able to distinguish a healthy case from the aforementioned induced faults. The 

fault diagnosis capabilities of the framework are studied for both full charging and 

partial charging scenarios. The framework is able to achieve a 95% accuracy on the 

validation set for the full charging voltage curve dataset. For the partial charging 

voltage curve dataset, the framework is able to achieve an accuracy of 89% and 82% 

for validations sets 1 & 2 when the LSM is randomly initialized and 94% and 92% 

when a transfer-learning-based LSTM is used. Overall, the framework performs well in 

a low data scenario which has long been a criticism of the data-driven techniques. The 

framework is also adaptable to differing battery chemistries seeing as it is able to 

achieve 80+% accuracies on a battery dataset from which none of its training samples 

were derived. 

 

6.2 Future Works 

To extend and expound on this research presented, future work to be carried out 
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includes the expansion of the partial charge range, and inclusion of sensor faults in the 

faults studied as well as the extension of the framework to work in an online fashion via 

the use of the LSTM model within the framework. Finally, as the field of image 

recognition evolves and newer networks like Capsule Networks, which can remember 

spatial information about the contents of the image, are introduced, the author plans to 

incorporate such networks into the developed fault detection framework to further 

improve its efficacy. 
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