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Abstract

The paper presents the development of a multi-class classification model for the detection of early-stage thermal runaway events for button-top single-cell lithium-ion batteries. A signal gate mechanism is introduced to extract relevant acoustic data. A data alignment technique is applied to enhance the model training. A multi-layer two-dimensional convolutional neural network is utilized to learn the important features to differentiate non-thermal runaway events and thermal runaway events. Results show that the proposed model detects the thermal runaway events with an overall accuracy, precision, and recall of 96.7 %, 78.8 %, and 91.8 %, respectively, under the investigated conditions. Sensitivity studies are conducted, and the results indicate that the data alignment and data augmentation techniques help to enhance the model performance significantly. The findings from this paper can contribute to the development of a practical and accurate early-stage thermal runaway detection model that can provide early warning to users to avoid battery fires.


1. Introduction

Over the past five years, the adoption of electric mobility devices (EMDs) in the United States has experienced significant growth, driven by technological advancements and increasing demand for sustainable transportation options [1]. While the use of EMDs is generally safe, there have been concerns regarding fire risks, particularly those relying on lithium-ion batteries (Li-ion batteries). The National Fire Incident Reporting System [2] reported that there were approximately 2060 battery fires of all types in the period from 2017 to 2023. Although the number of battery fires is relatively small as compared to the total number of residential building fires (approximately 2.6 million fires) in the same period, the casualty ratio for battery fires (about 8.2 % for battery fires vs. about 4.4 % for all other residential fires) is about double. In addition, it was shown from an experimental study [3] that the existing off-the-shelf smoke detectors and CO detectors are not activated when the Li-ion batteries are undergoing thermal runaway in open-space. In some tests, it was also observed that the detectors remained inactive even though they were immersed in a layer of smoke. Based on these observations, a more robust approach is needed to effectively provide early warning of thermal runaway.

Various early-stage thermal runaway detection technologies have been developed using measurements of temperature, voltage, or ultrasound. For temperature-based technologies, thermocouples [4,5] and resistance temperature detectors [6,7] were widely used to monitor the Li-ion battery surface temperature because these sensors were relatively small, low-cost, and fast responding. Once the temperature exceeds the critical temperature (roughly 120 °C), the battery management system issues a warning. However, in a large battery pack with many Li-ion batteries, it is impractical to install thermocouples on each of the Li-ion batteries, so thermocouples are typically installed on the battery enclosure. In the case of a thermal runaway of a battery cell, since the thermocouple is monitoring the surface temperature of the battery enclosure and there can be a significant distance between the failing battery and the thermocouple location, there can be a substantial detection delay. Alternatively, the use of optical fiber sensors [8] was proposed where the surface temperature of multiple Li-ion batteries could be obtained from a single optical fiber. Drawbacks of this system include the costs of fiber optic system components and a complex implementation process. 

Another commonly used early-stage thermal runaway detection technology relies on monitoring the change of electrical characteristics of the battery. For single-cell Li-ion batteries, experimental studies [9,10] showed that there is a significant voltage drop when thermal runaway begins and measuring the voltage could be used to indicate over-charging, over-discharging, and over-heating [11]. However, a different study [12] showed that there is a high uncertainty for applications of this technology onto battery packs and there is no clear and consistent relationship between the occurrence of voltage drop and thermal runaway for different battery abuse methods. In the same study, the authors observed that the thermal runaway can occur even before the voltage changes significantly. 

To overcome the detection challenge for Li-ion battery packs, research has studied the use of ultrasound to monitor the change of material characteristics of battery failures (i.e., thermal runaway). The study conducted by Appleberry and her team [13] showed promising results. Their proposed ultrasonic detection system could issue a warning at the onset of over-charge and the system was able to prevent the occurrence of thermal runaway. Additional research [14] further revealed there is a correlation between time of flight and amplitude of ultrasound to specific Li-ion battery packs in the case of a thermal runaway. However, the authors noted that additional experiments are needed across different types of Li-ion batteries to establish a reliable correlation. This implies that if there are hundreds of battery types, hundreds of tests would be required. The literature search demonstrates that each of the currently available early-stage thermal runaway detection technologies has limitations. Therefore, in order to develop a detection technology that works in real-life residential settings, it not only needs to be small in size, low cost, and fast responding, but also needs to be functional for various Li-ion batteries and larger systems (i.e., battery packs).

Recently, researchers have discovered that the use of acoustics to detect early-stage thermal runaway offers several advantages. Su et al. [15] developed a data-driven model to provide safety warnings for thermal runaway in a battery cabin. Lyu et al. [16] used sound propagation theories to identify the faulty battery location. Tam, et al. [17] enhanced the acoustic-based early-stage thermal runaway detection model such that it can be used in realistic environments with various human activities. However, the authors of the study [17] noticed the model’s performance drops if the background noise level is significantly different from original testing background conditions. Also, all the detection models [15-16] only work for one specific thermal runaway event (i.e., safety valve breakage or venting). Therefore, in this present work, a multi-class early-stage thermal runaway detection model is proposed and the model is designed to detect acoustic signatures from different thermal runaway events, such as safety valve breakage, venting, and/or ignition. This research contributes to the development of a more accurate detection model capable of identifying various thermal runaway events, enabling timely warnings and allowing users to mitigate fire hazards. 

2. Data Collection and Preprocessing

2.1 Experimental Setup

Figure 1 shows the experimental setup to collect the acoustic data from lithium-ion battery fire events. The experimental platform was located under a 2 m x 2 m exhaust hood and two fan speed settings were used for exhaust. A low fan speed had a flow capacity of about 0.2 kg/s and a high fan speed had about 0.45 kg/s. The experiments were conducted using button-top 18650 lithium-ion batteries with a nominal capacity of 3.2 Ah and a voltage of 3.7 V. The battery cathode was lithium nickel cobalt manganese oxide and the anode was graphite with a mixture of ethylene carbonate and dimethyl carbonate as the electrolyte material. As shown in Figure 1, five different battery orientations (0 °, 45 °, 90 °, 135 °, and 180 °) were considered and the battery was clamp-fastened by the battery holder. Prior to testing, the state-of-charge (SOC) of the battery ranged from 0 % to 100 %. To prepare the battery at the desired state-of-charge condition, the batteries were first discharged to 2.5 V at a constant current of 0.2 C and then charged to 4.2 V using a constant current step at 0.2 C. The battery was maintained at a constant voltage until the current was reduced to about 160 mA. This charge-discharge procedure was repeated for three cycles to ensure the battery was maintained at the desired state-of-charge conditions. 
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Figure 1. Screenshot of battery in various orientations: a) 0 ° facing upward, b) 45 °, c) 90 °, d) 135 °, and e) 180 °.

Thermal abuse was used to trigger the thermal runaway. The battery was heated by a silicone heating pad with a 3.8 Ω resistance and dimensions of approximately 63 mm x 30 mm, with a thickness of approximately 0.25 mm. The heating pad was secured onto the lower half of the battery surface and it could provide a maximum temperature of about 200 °C using a 12 V dc power source. A video camera, FDR-AX700[footnoteRef:1], with a built-in stereo microphone was used for recording. Since the acoustic recordings from the two channels were identical, only the acoustic data from channel 1 were used in this study. In total, 38 experiments were conducted and duplicate experiments were carried out for certain battery configurations (i.e., state-of-charge condition and orientation).  [1:   Certain commercial products or company names are identified here to describe our study adequately. Such identification is not intended to imply recommendation or endorsement by the National Institute of Standards and Technology, nor is it intended to imply that the products or names identified are necessarily the best available for the purpose.] 


2.2 Acoustic Data Behaviors

Figures 2 and 3 show the acoustic signals for two selected experiments. Figure 2a presents the data for Experiment 3 with a battery orientation of 90 ° and a state-of-charge condition at 75 %. In this experiment, there were acoustic profiles from different sounds such as shouting out the start of the experiment, picking up an item next to the microphone, safety valve breakage (SVB) of the Li-ion battery, opening the sliding door, closing the sliding door, moving a cart outside of the lab, ignition of the Li-ion battery, and moving a nearby chair. Figure 2b shows magnification of the data for three selected sounds: i) shouting, ii) SVB, and iii) ignition. It can be seen that each of the acoustic profiles has unique shapes and characteristics and it should be noted that each experiment can have different numbers of human-induced sounds, but there will be only one occurrence of a SVB and an ignition. 
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Figure 2. Acoustic profiles for a) the entire Experiment 3 and b) three selected sounds.

[bookmark: _Hlk200467399]Figure 3a shows the acoustic signals for Experiment 23 with a battery orientation of 180 ° and a state-of-charge condition at 50 %. As compared to Experiment 3, there are more human-induced sounds in Experiment 23 and the background noise (i.e., due to higher fan speed) is also larger. Figure 3b presents the magnification of the data for three selected sounds and there is a major observation: the acoustic profiles for both the SVB and the ignition sounds are rather different as compared to Figure 2b. The maximum amplitude of the SVB profile associated with Experiment 23 is lower than that in Experiment 3. Also, for the ignition sound, Experiment 23 has oscillations with increasing amplitude near the center of the acoustic profile, whereas Experiment 3 has oscillations with decreasing amplitude. The authors believe that the difference in the shape of the acoustic signal is due to the various charge states of the batteries. This is because there is an explosion during ignition at 100 % state of charge conditions. At lower state of charge conditions (i.e., larger than 40 % to about 90 %), there are usually only flame jets.
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Figure 3. Acoustic profiles for a) the entire Experiment 23 and b) the three selected sounds.

2.3 Data Extraction and Preprocessing 

Based on Figure 2, it can be seen that there are approximately seven acoustic profiles of interest and the rest is basically background noise. Given this observation, there are two challenges: 1) how to extract data for events of interest (not the background noise) so that a more effective model can be trained, and 2) how to trigger the trained machine learning model to make classifications effectively when there is an acoustic profile of interest. In the current literature, a rolling window [18,19] or a tumbling window [17] is generally used to facilitate classification tasks. However, these approaches are not suitable for actual application here because a pre-defined rolling window increment is needed. If the increment is too small, a large amount of computational power is needed. If the increment is too large, the model might miss the short-duration (less than about 0.5 s) sound, such as safety valve breakage, that indicates the Li-ion battery is undergoing thermal runaway. Instead, a signal gate mechanism is utilized to extract data and to trigger the execution of the machine learning model. 

2.4 Signal Gate Mechanism and Peak Alignment

A signal gate operates by sensing and then identifying the timestamp of signals passing through the gate.  Once sensed and identified, the gate extracts 4 s interval (2 s prior to the timestamp and 2 s following the timestamp) of data. This process is shown in Figure 4a. The red dot in the middle of the figure indicates the signal level that exceeds a threshold, which is determined from the absolute maximum value of the background noise from a 10 s acoustic data sample obtained for each experiment. The thresholds for Experiment 3 and Experiment 23 were 0.04 and 0.11, respectively. For all 38 experiments, the mean threshold was 0.039 with a two-sigma standard deviation of 0.028. Using the signal gate mechanism, there were 8 and 185 acoustic profiles of interest for Experiments 3 and 23, respectively. Table 1 shows a summary of the samples in different categories. In total, there were 1720 samples from the 38 experiments. Out of 1720 samples, there were 38 SVB samples and 38 Ignition samples. In this study, different categories of sounds were combined such that there were three classes: 1) Non-Event (1644 samples), 2) SVB (38 samples) and 3) Ignition (38 samples). 
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Figure 4. Schematic of the data extraction and data preprocessing procedure.

Table 1. Summary of categorical events and their number of samples. 
	Category
	Label
	Count
	Label
	Count
	Label
	Count
	Label
	Count

	Non-Events
	beeping
	12
	horn
	3
	coughing
	25
	talking
	713

	
	bottle cap
	22
	ringtone
	3
	crushing bottles
	23
	tapping
	216

	
	clapping
	3
	picking up items
	12
	dropping items
	79
	walking
	31

	
	clicking
	25
	door
	78
	moving furniture
	45
	white noise
	354

	SVB 
	SVB
	38
	 

	Ignition 
	ignition
	38
	

	Total
	 
	1720
	



In order to facilitate the model training, peak alignment as shown in Figure 4b was applied and the first peak of the acoustic signal was aligned to the center of the 4 s window. The idea behind the peak alignment is that the acoustic signals from the acoustic profiles of interest can be located around the center such that the model needs only to focus on the center region to learn the unique patterns. Figure 4c shows the cropped 2 s data. The selection of a 2 s window was based on a data study to minimize the presence of irrelevant data (i.e., the background noise on the far right and the far left in Figure 4b). Nest, a data transformation process was carried out and the 1-D acoustic profiles were rearranged into a 2-D data matrix with the dimensions of 294 x 300 (2 s of data yield 88200 data points) as shown in Figure 4e. Together with the peak alignment and the data transformation, a more robust model can be developed. 

2.5 Data Augmentation

Data augmentation was carried out to address the data imbalance problem, manifested by many more non-events than SVB or ignition events.. Specifically, two data augmentation methods were utilized to generate synthetic SVB and ignition samples:

1. Volume Adjustment (VA): To decrease or increase the amplitude of the acoustic samples, each sample was adjusted by five factors: [-12 dB, -6 dB, 0 dB, 6 dB, 12 dB].
2. Peak Shifting (PS): To move the peak of the acoustic samples to the left or to the right, each sample was peak-shifted by five time-intervals: [- 0.5 s, - 0.25 s, 0 s, 0.25 s, and 0.5 s].

Figure 5a shows five acoustic profiles of the 1 s SVB sample. The green curve is the original SVB sample extracted from Experiment 27. The rest of the four profiles are the augmented data with different adjusted volumes (i.e., -12 dB, -6 dB, 6 dB, 12 dB). Figure 5b shows the augmented SVB acoustic profiles using peak shifting. The green curve is the original SVB sample and it is identical to that from Figure 5a. Basically, the profiles are shifted for - 0.5 s, - 0.25 s, 0.25 s, and 0.5 s. Together, 950 augmented SVB samples and 950 augmented ignition samples were obtained. It is also worth mentioning that the augmented data can simulate various SVB occurrences for different relative distances. In total, there are 1720 samples for Non-Events, 950 samples for SVB, and 950 samples for Ignition. The entire dataset is now more balanced. In order to assess the effectiveness of these data preprocessing processes, an ablation study was conducted with the results presented in the Results and Discussion section.
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Figure 5. Acoustic profiles for a) volume adjusted and b) peak shifted SVB data.

3. Model Development for Multi-class Thermal Runaway Detection  

3.1 Construction of Data Subsets

To prepare the data subsets, z-score normalization [20] was applied to the entire dataset to help the data be on the same scale. To facilitate model development, a data ratio of 60/20/20 was applied to three classes of data to construct the training, validation, and testing subsets. To prevent data leakage, the augmented SVB data were assigned to the same dataset together with the original SVB data. For Ignition data, a similar data assignment was done. The training and validation subsets were used to train and validate the model. The testing subset was used to assess the performance of the model.

3.2 Detection Model Structure

A convolutional neural network [20] (CNN) was used as the backbone of the model structure. The model used a single-channel 2 s acoustic sample as the input. The model output identified the corresponding class of the input sample (i.e., Non-Event, SVB, or Ignition). 

Figure 6 shows the two-dimensional CNN for the detection model. There were two convolutional layers (conv), with each layer consisting of a different number of convolutional filters. The first layer had a filter of 16 and the second layer had a filter of 32. Both convolutional layers had a square kernel size of 3, a stride of 1, and a padding to preserve the feature dimensions. A batch normalization (BN) [20] and a rectified linear unit (ReLU) [20] were added after each convolutional layer. The normalization adjusted the outputs of the convolution. Together with ReLU, they helped stabilize learning and speed up convergence.  

[image: ]
Figure 6. Overall structure of the detection model.

Two regularization techniques were used to further facilitate the training. The first technique was the two-dimensional maximum pooling [20] and there were three benefits: 1) to retain the most significant features crucial to determining Non-event, SVB, and Ignition samples, 2) to neglect small distortions such as those due to noise, and 3) to reduce the number of elements in the sample going to the next layer. The second technique was dropout [20]. Physically, this dropout operation forced the model to randomly retain a certain portion of the features and helped the model avoid overfitting. In the current model structure, a 2D maximum pooling (a kernel size of 2 and a stride of 2) and a dropout of 0.3 were added after each convolutional layer.

As shown in Figure 6, there was also one fully connected layer and it was used to combine the higher-lever features to form a classification. ReLU was added to capture the non-linear relationship because the fully connected layer was a linear layer. After the ReLU, a dropout was also added. The last layer was the SoftMax layer which provides the predicted probability of the three classes (Non-Event, SVB, and Ignition). The loss and accuracy for the validation set were monitored. The loss function was taken to be the cross-entropy. An Adam optimizer [20] with an initial learning rate of 1e-4 was used to optimize the model. Early-stopping [20] with a patience of 20 was used to avoid overfitting. With this configuration, if the loss from the validation subset did not improve for 20 consecutive epochs, the training stopped. Figure 7 shows the loss and the accuracy plot for the validation set. For this model training, early-stopping happened in Epoch 66 and the model was saved for testing.  

[image: ]
Figure 7. Loss and accuracy plot for the validation subset.

4. Results and Discussion

4.1 Overall Model Performance

Table 2 presents the performance of the proposed detection model. Three cases were considered. Model assessment was made using the testing subset, and the model performance was evaluated based on accuracy, precision, and recall. In the first case, 1720 samples were considered. Utilizing the split ratio of 40/20/40, there were 690 testing samples in this case (658 samples were Non-Event, 16 samples were SVB, and 16 samples were Ignition). As shown in the table, the performance of the model (denoted as Baseline) is on the lean side because it has many false positives and false negatives and the average precision and the average recall scores for SVB and Ignition are approximately 60 %. With the use of peak alignment, the overall performance was enhanced and the recall scores for SVB and Ignition were increased to about 88 %. But the average precision scores for SVB and ignition were only about 66 %. For the third case (i.e., with peak alignment and data augmentation), the overall performance becomes more promising and the accuracy, precision and recall scores are approximately 98 %. These results are expected because the model sees more variation of SVB and Ignition data, and with the peak alignment, the model only needs to focus on a certain region of the data samples. As compared to the model performance reported in reference [17], the proposed model uses detection of an additional thermal runaway indicating sound (i.e., ignition) to provide an improvement of about 6 % in model performance. 

Table 2. Model performance for three different datasets.
	 
	Baseline (%)
	With Alignment (%)
	With Alignment and Augmentation (%)

	
	Acc.
	Prec.
	Recall
	Acc.
	Prec.
	Recall
	Acc.
	Prec.
	Recall

	Non-Event
	96.6
	98.2
	98.0
	97.3
	99.2
	97.3
	99.7
	98.6
	97.6

	SVB
	98.9
	60.0
	56.3
	99.6
	60.9
	87.5
	99.9
	97.4
	99.5

	Ignition
	95.5
	61.8
	63.6
	97.1
	76.4
	90.6
	99.7
	98.7
	98.6

	Data Distribution
	(658, 16, 16)
	(658, 16, 16)
	(658, 380, 380)



Figure 8 presents the confusion matrix for three cases: a) Baseline, b) With Alignment, and c) With Alignment and Augmentation. The confusion matrices provide more detailed information about misclassifications. As seen in Figure 8a, there are 13, 7, and 6 misclassifications for Non-Event, SVB, and Ignition, respectively. When peak alignment is used, the model tends to have fewer misclassifications for SVB and Ignition samples. However, there are more misclassifications for Non-Event. Figures 9 show two examples of the misclassification cases when the true labels are Non-Event and the model classifies them as SVB. Figure 9a is a bottle-cap sound and Figure 9b is a tapping sound. As seen, the acoustic profiles are very similar to those of the SVB sound. In order to overcome the classification challenge, higher-level inputs (i.e., mel-spectrum [21] instead of the raw acoustic data) are needed in order to help the model learn features at different frequencies (i.e., features that appear during the decay of the acoustic signals). 
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Figure 8. Confusion matrix for a) Baseline, b) With Alignment, and c) With Alignment and Augmentation cases.

[image: ]
Figure 9. Acoustic profiles for a) a bottle cap opening event and b) a tapping sound. 

Figure 8c shows the confusion matrix for the Alignment and Augmentation case. It can be seen that there are very few misclassifications for SVB and Ignition samples. Figure 10 presents a misclassification case for an Ignition sample and a Non-Event sample. Figure 10a shows the acoustic profile of an ignition case where an explosion sound occurred from the lithium-ion battery in a 100 % state-of-charge condition. Figure 10b shows the profile of a clicking sound. For these cases, the model misclassifies them as SVB sounds. Similar to Figures 8, these profiles are very similar to the SVB sample.  Use of higher-level inputs is suggested to improve the model’s ability to distinguish non-SVB samples and SVB samples that have similar acoustic profiles. 

[image: ]
Figure 10. Acoustic profiles for a) an Ignition sound and b) a clicking sound.



5. Conclusions 

	The development of a deep-learning, multi-class, early-stage thermal runaway detection model using acoustic signals was presented. A total number of 38 thermal abuse tests on a single-cell lithium-ion battery were carried out. Using a signal gate mechanism, 2 s duration acoustic samples corresponding to Non-Event, SVB, and Ignition were obtained. A 2D convolutional neural network model was utilized. The use of a robust detection model, peak alignment, and data augmentation methods significantly improved the average accuracy, precision, and recall scores to about 99.8 %, 98.1 %, and 98.3 %, respectively. As compared to the baseline model, the model using peak alignment and data augmentation had an approximately 30 % increase in precision and recall scores. The proposed model also outperforms that from the reference work [17] by approximately 6 %.
 
References

[1] Spherical Insights, United States electric mobility market size, share, and COVID-19 impact analysis, by voltage (24V, 36V, 48V, and greater than 48V), by battery (sealed lead acid, NiMh, and Li-Ion), and by United States electric mobility market insights forecasts to 2033. https://www.sphericalinsights.com/reports/united-states-electric-mobility-market. Accessed on April 17, 2025.
[2] U.S. Fire Administration, Residential fire estimate summaries (2014-2023), https://www.usfa.fema.gov/statistics/residential-fires/. Accessed on April 17, 2025.
[3] Dahlbom, S., Sanfridson, M. and Sjöblom, T., 2023. Evaluation of detection principles and challenges in early detection of thermal runaway in batteries. Internal Report IR09.15. Research Institutes of Sweden AB (RISE).
[4] Mutyala, M.S.K., Zhao, J., Li, J., Pan, H., Yuan, C. and Li, X., 2014. In-situ temperature measurement in lithium ion battery by transferable flexible thin film thermocouples. Journal of Power Sources, 260, pp.43-49.
[5] Tang, W., Tam, W.C., Yuan, L., Dubaniewicz, T., Thomas, R. and Soles, J., 2020. Estimation of the critical external heat leading to the failure of lithium-ion batteries. Applied thermal engineering, 179, p.115665.
[6] Chalise, D., Shah, K., Halama, T., Komsiyska, L. and Jain, A., 2017. An experimentally validated method for temperature prediction during cyclic operation of a Li-ion cell. International Journal of Heat and Mass Transfer, 112, pp.89-96.
[7] Tippmann, S., Walper, D., Balboa, L., Spier, B. and Bessler, W.G., 2014. Low-temperature charging of lithium-ion cells part I: Electrochemical modeling and experimental investigation of degradation behavior. Journal of Power Sources, 252, pp.305-316.
[8] Yu, Y., Vergori, E., Worwood, D., Tripathy, Y., Guo, Y., Somá, A., Greenwood, D. and Marco, J., 2021. Distributed thermal monitoring of lithium ion batteries with optical fibre sensors. Journal of Energy Storage, 39, p.102560.
[9] Xia, B. and Mi, C., 2016. A fault-tolerant voltage measurement method for series connected battery packs. Journal of Power Sources, 308, pp.83-96.
[10] Rahimi-Eichi, H., Ojha, U., Baronti, F. and Chow, M.Y., 2013. Battery management system: An overview of its application in the smart grid and electric vehicles. IEEE industrial electronics magazine, 7(2), pp.4-16.
[11] Lamb, J., Orendorff, C.J., Steele, L.A.M. and Spangler, S.W., 2015. Failure propagation in multi-cell lithium ion batteries. Journal of Power Sources, 283, pp.517-523.
[12] Lai, Y., Yang, K., Liu, H., Zhang, S., Zhang, M. and Fan, M., 2020. Lithium-ion battery safety warning methods review. Energy Storage Science and Technology, 9(6), p.1926.
[13] Appleberry, M.C., Kowalski, J.A., Africk, S.A., Mitchell, J., Ferree, T.C., Chang, V., Parekh, V., Xu, Z., Ye, Z., Whitacre, J.F. and Murphy, S.D., 2022. Avoiding thermal runaway in lithium-ion batteries using ultrasound detection of early failure mechanisms. Journal of Power Sources, 535, p.231423.
[14] Deng, Z., Huang, Z., Liu, L., Huang, Y. and Shen, Y., 2019. Applications of ultrasound technique in characterization of lithium-ion batteries. Energy Storage Science and Technology, 8(6), p.1033.
[15] Su, T., Lyu, N., Zhao, Z., Wang, H. and Jin, Y., 2021. Safety warning of lithium-ion battery energy storage station via venting acoustic signal detection for grid application. Journal of energy storage, 38, p.102498.
[16] Lyu, N., Jin, Y., Miao, S., Xiong, R., Xu, H., Gao, J., Liu, H., Li, Y. and Han, X., 2021. Fault warning and location in battery energy storage systems via venting acoustic signal. IEEE Journal of Emerging and Selected Topics in Power Electronics, 11(1), pp.100-108.
[17] Tam, W.C., Chen, J., Fang, H., Tang, W., Deng, J. and Putorti Jr, A., 2025. Development of an early-stage thermal runaway detection model for lithium-ion batteries. Journal of Power Sources, 641, p.236714.
[18] Tam, W.C., Fu, E.Y., Li, J., Huang, X., Chen, J. and Huang, M.X., 2022. A spatial temporal graph neural network model for predicting flashover in arbitrary building floorplans. Engineering Applications of Artificial Intelligence, 115, p.105258.
[19] Li, J., Brown, C., Dzikowicz, D.J., Carey, M.G., Tam, W.C. and Huang, M.X., 2023. Towards real-time heart health monitoring in firefighting using convolutional neural networks. Fire Safety Journal, 140, p.103852.
[20] Abadi, M., Barham, P., Chen, J., Chen, Z., Davis, A., Dean, J., Devin, M., Ghemawat, S., Irving, G., Isard, M. and Kudlur, M., 2016. {TensorFlow}: a system for {Large-Scale} machine learning. In 12th USENIX symposium on operating systems design and implementation (OSDI 16), pp. 265-283.
[21] Logan, B., 2000, October. Mel frequency cepstral coefficients for music modeling. Proc. 1st Int. Symposium Music Information Retrieval (Vol. 270, No. 1, p. 11).
image3.png
Signals in Time Domain for Experiment 23

0.5+ Talking

Closing drawer

Ignition

Dropping item

Conversation

Moving Camera
1

o
°
2
2 o
13
<
08 Flipping switches
-1
0 100 200
b)
1
0
-1

300
Time (s)

400

500

600





image4.png
... [1,300]
b)
= I
! Exceed
| threshold H
signal Gate Peak Alignment  Cropping  Transformation (20,1 H
(as) (2s) (25 notin scale) ’

Inputs (294 x 300)




image5.png
16

18

22

24

plus12db

plus6db

original

minus6db

minus12db

26

b)

0.5

1

15

Negp5

Negp25

original

Pos p25

Pos p5




image6.png
Filter =16
3x3conv
BN

RelU

Maxpool (2x 2)
Dropout (0.3)

Filter =32
3x3conv
BN

ReLU

Maxpool (2 x 2)
Dropout (0.3)

Maxpool (2 x 2)

dense =128
RelLU
Dropout (0.3)

Flattened




image7.png
Loss

10.00

8.00

6.00

4.00

2.00

0.00

—Val Loss

—Val Accuracy

20

40

Epoch

60

80

100

1.00

0.80

o
2
Accuracy

0.40

0.20

0.00




image8.png
a)

e

cass 2

Class 1

class 3

P
&

a1

Confusion Matrix

3 10
9 3
2 10
Clais 2 Clats 3
Prediced

00

20

100

b)

cias1

Tue
ciasz2

Clasz3

Confusion Matrix

9
2 14
1 0
Class 1 clais 2
predicted

15

class 3

0

s00

0

200

<)

class2 class 1

e

Class 3

Clats 1

Confusion Matrix

clais 2
precicted

10

371

Class 3

00

0

0

-100




image9.png
0.75

-0.75

b)

0.75

-0.75





image10.png
a)

b)

0.8

0.6

0.4

0.2

-0.2

-0.4

-06

-0.8





image1.tiff




image2.png
Signals in Time Domain for Experiment 3

T T T T — !
Ignition
05 SVB Moving |
° Shouting Opening door
!
5 ¢ 7
£
< Picking-up Closing door
0.5 -
A | 1 1 1 1 1 1
0 50 100 150 200 250 300 350
b) Time (s)
1 1 1
0 — 0 «F— 0
-1 -1 -1
0 1 2 0 1 2 0 1

400




