

  electronics-08-00751




electronics-08-00751







Electronics 2019, 8(7), 751; doi:10.3390/electronics8070751




Article



Ultrasonic Health Monitoring of Lithium-Ion Batteries



Yi Wu 1,2,*, Youren Wang 1, Winco K. C. Yung 3 and Michael Pecht 2





1



College of Automation Engineering, Nanjing University of Aeronautics and Astronautics, Nanjing 211106, China






2



Center for Advanced Life Cycle Engineering (CALCE), University of Maryland, College Park, MD 20742, USA






3



Department of Industrial and System Engineering, The Hong Kong Polytechnic University, Hong Kong 999077, China









*



Correspondence: janeyi105@126.com; Tel.: +86-139-1596-3856







Received: 10 April 2019 / Accepted: 1 July 2019 / Published: 3 July 2019



Abstract

:

Because of the complex physiochemical nature of the lithium-ion battery, it is difficult to identify the internal changes that lead to battery degradation and failure. This study develops an ultrasonic sensing technique for monitoring the commercial lithium-ion pouch cells and demonstrates this technique through experimental studies. Data fusion analysis is implemented using the ultrasonic sensing data to construct a new battery health indicator, thus extending the capabilities of traditional battery management systems. The combination of the ultrasonic sensing and data fusion approach is validated and shown to be effective for degradation assessment as well as early failure indication.
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1. Introduction


Lithium-ion batteries are widely used as the power supply for products ranging from portable consumer products to transportation power sources. However, they are prone to experience gradual degradation (capacity fade and resistance increase) or catastrophic failures during usage. The gradual degradation is driven by complex electrochemical side reactions (e.g., active material dissolution, electrode particle cracking, and deterioration of electrode adhesion) over the long period of normal cycling [1]. The catastrophic failures of a battery include a sudden drop in battery capacity, a sudden increase in battery temperature, swelling due to gas generation, and even fire/explosion [2]. A battery can fail catastrophically due to manufacturing defects, mechanical abuse (e.g., shock, or puncture), electrical abuse (e.g., overcharge, or over-discharge), or thermal abuse (e.g., external heating) [3].



Battery degradation and failures result in poor operational availability and, in some cases, safety issues [4,5,6,7]. Monitoring battery performance and health is a means to improve the safety and reliability of battery-powered devices. Conventional battery management systems (BMSs) evaluate the health state of a battery by tracking the state of health (SOH, typically defined as the ratio of the maximum deliverable capacity to the initial capacity) using complex state estimation algorithms [8]. However, early detection of battery failure is somewhat difficult based on these SOH estimation techniques because the SOH changes over long periods of time, which makes estimation conservative and slow to react to sudden failures. Furthermore, the conventional BMSs are limited to monitoring the extrinsic parameters (e.g., current, voltage, and temperature) and do not provide insight into the changes inside the battery [9,10,11,12,13].



Due to the complex physiochemical nature of batteries, it is difficult to employ sensors that directly probe the internal chemical properties of the battery (e.g., lithium concentration and electrode properties). Nevertheless, several state-of-the-art sensors have been developed to monitor the internal physical states of batteries. Fiber optic sensors have been used for internal temperature [14] and strain [15,16] detection. An integrated microsensor has been developed using a micro-electro-mechanical system, which can in situ monitor internal temperature in a coin cell [17]. Although these cutting-edge techniques are promising, they are too costly to be implemented and the effect of these built-in sensors on battery reliability and safety has not been assessed.



Ultrasonic inspection is one of the most widely used approaches in the context of structural health monitoring [18] and nondestructive evaluation [19]. Ultrasonic waves are propagated through the test object, allowing the material properties, internal damage, and structural integrity to be accurately monitored in real time. Hence, ultrasonic inspection can potentially be used to probe the underlying material properties changes inside batteries, and thus provide an early indication of failures.



Studies on ultrasonic sensing of batteries, including those by the Ultran Group [20], Sood et al. [21], and Li et al. [22] have reported detection of gas voids, electrolyte nonuniformity, and cracks within the electrode layer of batteries. Ladpli et al. [23,24,25] and Hsieh et al. [26] studied ultrasonic trends associated with the change of the state of charge (SOC, the charge remaining in the battery with respect to the capacity) and the SOH over charge/discharge cycles. Gold et al. [27] developed a linear model between the ultrasonic transmission signal and the SOC for the SOC determination over one cycle. Similarly, Davies et al. [28] developed a support vector regression (SVR) model to predict the battery SOC and SOH using a combination of ultrasonic and voltage data. These studies focused on battery performance evaluation and did not consider the sudden failure scenario during operation. However, early prediction of battery sudden failures is crucial for improving battery safety because sudden failures often induce catastrophic events, such as fire or explosion.



This study enhances the state of the art by expanding the use of ultrasonic sensing for early indication of battery sudden failure. Two types of battery tests were conducted to investigate the evolution of the ultrasonic waves—a cycling test and an abusive test (overcharge test). During the cycling test, batteries were cycled under different conditions, and correlations between the ultrasonic features and the health state of the battery were identified using the Spearman correlation. During the abusive test, the ultrasonic signal was continuously monitored, and the evolution of the ultrasonic features within the overcharge process was analyzed. Then, a data fusion approach and a health indicator (HI) were developed to quantify the battery health state and indicate catastrophic failure induced by overcharge. Section 2 describes the theoretical background for battery ultrasonic sensing, Section 3 presents the battery cycling and abusive tests, and Section 4 discusses the ultrasonic test results. Section 5 describes the developed battery health monitoring method with one case study. Conclusions are presented in Section 6.




2. Ultrasonic Sensing for Lithium-Ion Batteries


There are two modes for the ultrasonic inspection. The first is the pulse-echo mode, where the ultrasonic signal is sent and received by the same transducer, and the second is the through-transmission mode, where the ultrasonic signal transmits through the object and is received by the second transducer [21]. The through-transmission mode needs two transducers that are placed on opposite sides of the battery, which requires more access to the battery than the pulse-echo mode and increases the cost. Thus, the ultrasonic testing of the batteries in this study was conducted in the pulse-echo mode as shown in Figure 1a.



To conduct the ultrasonic test, the transducer sends a compressional pulse through the battery. The signal propagates through the battery, which consists of many layers stacked together, e.g., positive electrode/separator/negative electrode/separator [29]. The ultrasonic velocity in each layer depends on the material properties. For an isotropic elastic material, the ultrasonic velocity is:


V=43G+Kρ



(1)




where G is the material shear modulus, K is the bulk modulus, and ρ is the material density.



At the interface between two different layers, part of the ultrasonic signal is transmitted through the interface, while the rest is reflected. The greater the ultrasonic impedance (Z) mismatch between two layers, the greater the percentage of energy reflected at the interface. The ultrasonic impedance (Z) of a material is defined as the product of its density (ρ) and ultrasonic velocity (V).


Z=ρ×V



(2)







Figure 1b shows a typical ultrasonic response signal for a commercial lithium-ion battery. The ultrasonic signal travels through the battery. Part of the signal reflects different interfaces inside the battery, which forms the oscillation in the first 6 μs, while the other part of the signal reaches the bottom of the battery and then reflects back to the top, which is highlighted as the first echo signal. Note that the reflected signal causes a secondary reflection when reaching the top, and thus forms repeated echoes, as labeled in Figure 1b. These echoes have similar shapes and time intervals. The amplitude of the echo peak decreases as the travel time increases because the ultrasonic signal attenuates when it propagates through the layers inside the battery due to reflections and viscoelastic losses.



Two features of interest, i.e., the maximum amplitude of the first echo (defined as PA) and the time-of-flight (TOF), are extracted from the ultrasonic response signal and used to analyze the performance of the battery. The essence of battery degradation is the change of battery material properties (density and modulus), which leads to the change of both ultrasonic impedance and ultrasonic velocity. To indicate the change of ultrasonic impedance, the amplitude of the reflected ultrasonic signal is used because they are closely related. Specifically, we chose the maximum amplitude of the first echo (PA) to represent the ultrasonic amplitude due to its uniqueness and representativeness. Regarding the change of ultrasonic velocity, we chose the TOF as the ultrasonic velocity indicator. The TOF (time between the actuation signal and the PA) reflects the travel time of the ultrasonic signal inside the battery, and thus represents the change of ultrasonic velocity and/or thickness.




3. Experimental Setup


Experiments were performed on two types of commercial LiCoO2/graphite pouch batteries to study the evolution of ultrasonic signals. The first battery type (type A) had a rated capacity of 1.8 Ah, and the second type (type B) had a rated capacity of 0.7 Ah. The voltage range for both types was the same, from 2.75 V to 4.2 V. Two samples were tested for each type.



In the experiment (see Figure 2), a thermocouple and a piezoelectric transducer (PZT-5A, 1 MHz) were mounted on the surface of the batteries with epoxy, instead of the glycerin. This provided clean signals and reduced signal variability. No extra pressure was applied to the batteries. The charge/discharge test was conducted using an Arbin BT2000 battery tester, and the current and voltage of the batteries were recorded. The battery surface temperature was recorded with an Agilent 34970A (Santa Clara, CA, USA) data logger. A Lecoeur ultrasonic device (pulser-receiver) was used to send and receive the ultrasonic signal. The piezoelectric transducer was actuated with a 50 ns pulse. The amplitude of the actuation signal was 100 V. The sampling frequency for the received signal was 80 MHz.



To investigate the feasibility of ultrasonic sensing, several cycling tests and an overcharge test were designed and conducted at 45 °C in a temperature chamber to induce the accelerated aging and failure of the batteries. A test temperature of 45 °C was chosen because it is higher than room temperature but does not cause catastrophic failure during normal cycling conditions based on our previous experience. The purpose of these tests was to find the relationship between the battery degradation and ultrasonic signal in a short testing time. The test procedures are summarized in Table 1.



For the cycling test, all the batteries were discharged using 1C (C/x is a current rate at which the battery will be fully charged in x hours) to 2.75 V, whereas, different charge profiles were applied to different types of batteries. Type A batteries (A1/A2) were charged using normal charge profiles, i.e., they were charged using 0.5C constant current (CC) to 4.2 V and kept at 4.2 V constant voltage (CV) until the current dropped to 0.05C. Type B batteries (B1/B2) were charged using overcharge profiles, i.e., they were charged using 0.5C to 4.5 V and kept at 4.5 V until the current dropped to 0.05C. The ultrasonic signal was measured at 0% SOC after every cycle.



After a period of cycling test, a forced overcharge test was conducted on battery A1 to understand the change in the ultrasonic signal when it came across a sudden abuse. Battery A1 was charged using 0.5C to 5 V, then maintained at 5 V until the battery swelled. The ultrasonic measurement was taken every 30 s during testing. In addition, the X-ray images for battery A1 before and after overcharge were measured to provide visualizations for the structural changes inside the battery.




4. Ultrasonic Results for Lithium-Ion Batteries


The ultrasonic results for both the cycling tests and abusive test are presented in this section.



4.1. Ultrasonic Results for the Cycling Tests


Since the SOH is widely used as a way to represent the degree of degradation, the relationships between the SOH and the ultrasonic features were investigated for the cycling tests. Battery A1 was cycled under normal charge/discharge conditions. Figure 3a shows the SOH of battery A1 over the cycle number. The initial capacity of battery A1 was 1.88 Ah. The average capacity fading rate was about 0.02% per cycle. After 100 cycles and 210 cycles, the remaining capacity was 97.69% and 96.02% of the initial capacity, respectively. Because of the regeneration phenomena of lithium-ion batteries during the rest time [30], battery A1 recovered some capacity when the ultrasonic measurement was conducted. The evolution of the ultrasonic signal over the cycle number, in Figure 3b, shows that the waveform of the signal shifts over cycles. The ultrasonic signal at cycle 100 deviates from the signal at cycle 1, which was considered as the baseline signal. The deviation at cycle 210 is more prominent as compared with that at cycle 100.



To further analyze the ultrasonic features (i.e., TOF and PA), they are extracted from each cycle, respectively. Figure 3c shows that the TOF basically increases as the battery degrades. Increasing of TOF indicates decreasing of the ultrasound velocity, which is a result of the changes in the electrode densities and modulus (i.e., the lithium content changes in each electrode) as a battery degrades [28,31]. Note that an increase of TOF could also indicate an increase in the thickness. However, changes of thickness are ignored in this case as they are not the main contributor to TOF changes according to [28]. In addition, the signal amplitude, in Figure 3c, generally increases before cycle 50, followed by a fluctuation after cycle 50. A sharp decrease of signal amplitude occurs at cycle 136, which indicates possible gas generation inside the battery [21].



To determine the capability of the signal to indicate the battery SOH, the Spearman correlation coefficient was employed to calculate the correlation between the ultrasonic features (TOF and PA) and the battery SOH [32]. The Spearman correlation coefficient, rs, is computed as follows:


rs=cov(xi,yi)σxi,σyi



(3)




where cov(xi, yi) is the covariance of the rank variables xi and yi for the original data xi and yi, and σxi, σyi are the standard deviations of the rank variables. The rs ranges from −1 to +1 and rs = −1 (+1) indicates that one of the variables is monotonically decreasing (increasing) with the other.



Figure 3d shows the Spearman correlation coefficients between the ultrasonic features and the SOH from the initial cycle to different cycles. The negative correlation coefficient values between the SOH and the TOF show that the TOF increases with the decreasing SOH. In addition, the absolute values of the correlation coefficients are always larger than 0.94, which indicates that the TOF is highly correlated with the SOH over cycles. However, as shown in Figure 3d, a strong correlation (<−0.75) between the PA and the SOH is only seen before cycle 100 but not after that.



Figure 3e shows the SOH versus the TOF for battery A1. A linear model is established by fitting the experimental data. A “closer-to-1” adjusted R-square (R2) and a “closer-to-0” root mean square error (RMSE) show a better goodness-of-fit of the model. In this case, the R2 of 0.949 and the RMSE of 0.002677 indicate that there is a linear relationship between the SOH and the TOF for battery A1.



Battery A2 underwent the same cycling test as A1. Figure 4a shows the cycling performance for battery A2. The capacity at cycle 63 is 98.35% of the initial capacity. Figure 4b,c shows the evolution of the TOF and PA, respectively, and their corresponding correlations with the battery SOH were also calculated. Both of these features show high correlations with the SOH. Figure 4d exhibits the relationship between the TOF and SOH of this battery. We observe that the TOF-SOH curve can also be well fitted using a linear model as battery A1.



Batteries B1 and B2 were cycled under overcharge conditions to accelerate battery degradation with more severe physical changes shown than batteries A1 and A2. Figure 5a shows the average capacity fading rates for batteries B1 and B2 were 0.48% and 0.52%, respectively, which are higher as compared with batteries A1 and A2 under normal cycling conditions. Similar to the analysis of batteries A1 and A2, Figure 5b shows the evolution of the TOF for batteries B1 and B2 and the correlation between the TOF and the SOH for each battery is calculated. Figure 5c plots the change in the PA with the cycle number for both these batteries and shows that both these features are highly correlated with the SOH. However, the TOF shows a negative correlation with the SOH, while the PA shows a positive correlation.



According to the ultrasonic analysis from the cycling tests, the evolution of the PA does not appear to be a reliable indicator to characterize the battery SOH because it does not indicate the SOH properly for battery A1 after 100 cycles. In addition, the PA shows a negative correlation with SOH for batteries A1 and A2 and a positive correlation for batteries B1 and B2. Such inconsistent behavior of the PA under different cycling conditions is likely caused by the complex interplay of multiple layers inside the battery because each interface offers the possibility for the ultrasonic signal to split [26]. However, the TOF always shows a strong and consistent correlation with the battery SOH in both the normal and overcharge cycling tests. Therefore, the TOF is a more reliable indicator of battery health than the PA.



To further explain the change in the TOF with the battery SOH, Figure 6 shows the evolution of the TOF during a single cycle. As we can see, the TOF decreased during the charging process, while the TOF increased during the discharging process. Referring to [28], as the battery discharges, lithium de-intercalates from the graphite and intercalates into LiCoO2, which decreases the elastic moduli for both graphite and LiCoO2. According to Equation (1), this will decrease the ultrasonic velocity and cause the increase of TOF during the discharging process.



Similarly, active lithium is consumed by side reactions (such as deposition of metallic lithium) when the battery ages. Therefore, at 0% cell SOC, the degree of the cathode lithiation (cathode SOC) may decrease with battery degradation, which may be the possible reason for the increase of TOF with battery degradation.




4.2. Ultrasonic Results for the Abusive Test


As mentioned in Section 3, an overcharge test (up to 5 V) was forced onto battery A1 after a period of cycling test (210 cycles) to investigate the feasibility of the ultrasonic signal under a more severe abusive condition than the previous one. The voltage and current for battery A1 during the overcharge process are shown in Figure 7a. Figure 7b shows the battery surface temperature and temperature change rate. Battery A1 was charged using a constant current of 0.5C (0.9 A) to 5 V, then maintained at 5 V. During the constant current charging period, the temperature varied between 45 °C and 50 °C, but started to rise when the voltage exceeded 4.709 V. After that, both the voltage and temperature increased sharply. During the constant voltage charging period (holding at 5 V), the current did not keep decreasing as expected, but increased rapidly at 3.697 h. At the same time, swelling of this battery was visually observed. The temperature at 3.697 h was 62.19 °C. For safety concerns, the test was eventually stopped. At that time, the current of the battery reached 1C (1.8 A).



Figure 7c shows the top view of the battery before and after overcharge. Figure 7d shows the X-ray images (the side view) of the battery. The thickness of the swollen battery increased as compared with the battery before overcharge. In addition, there was electrode ruffling after the battery was overcharged. This result is different from the situation before overcharge which shows the aligned electrode layers. The changes in the thickness and the interlayers are mainly attributed to gas generation under overcharge. Some gases, such as carbon dioxide (CO2) and methane (CH4), have been identified in batteries operating under overcharge conditions [33]. As the result and a product of electrolyte decomposition, the gas species are beyond the scope of this paper.



The ultrasonic features during the overcharge test are shown in Figure 7e,f. Figure 7e shows that the TOF shifts towards the lower value before 2.5 h, which is in agreement with [26] (due to the change of SOC). The TOF begins to increase at about 2.8 h. One possible interpretation of this increase is that the TOF has already indicated a tiny amount of gas generated inside the battery. In addition, an increase of the thickness of battery layers may also increase the value of TOF. Then, the TOF increases sharply in a similar time range as the temperature increases. Subsequently, the TOF shows the same decreasing trend as the temperature when the test is stopped. Figure 7f shows the change in the PA during the overcharge process. Similar to the cycling test results, the PA does not show a stable indication of the overcharge-induced battery failure.





5. Ultrasonic Health Monitoring for Lithium-Ion Batteries


As summarized in the ultrasonic test results, the TOF was found to be highly related to the underlying degradation and failure process for the batteries, and therefore can be used for battery health monitoring. However, evaluation of battery degradation and failure will be arbitrary if a unique sensor is used because one sensor can have large uncertainties. Other than the ultrasonic signal, temperature is indicative of the health status of a battery, especially for some catastrophic failures such as thermal runaway. Therefore, to enhance the reliability of battery health monitoring, a data fusion method was developed that fuses the temperature with the ultrasonic signal.



5.1. Methodology


Mahalanobis distance (MD) is a distance measure with multivariate data that determine the similarity between an unknown sample and a collection of known samples [34]. It is sensitive to changes in different parameters because it considers the correlation among parameters, and it eliminates the scale problem by normalizing different parameters [35]. Due to these advantages, the MD approach was used as the data fusion method in this study. The MD values were calculated based on the temperature and ultrasonic features and used as the health indicators (HIs).



Figure 8 shows a flowchart of the MD-based battery health monitoring method. A dataset from the pristine battery (i.e., the healthy battery) was used as the training data to construct the baseline and determine the testing thresholds. Then, the MD value of the data from the test battery was calculated and compared with the thresholds to determine the health of the test battery.



The data collected from the healthy battery are denoted Xij, where i = 1, …, m; j = 1, …, n; m is the dimension of the feature vector; and n denotes the number of the observations. Each observation is normalized using the mean (X¯i) and the standard deviation (Si) of the feature calculated from the healthy data. Thus, a parameter’s normalized value is:


Zij=(Xij−X¯i)Si



(4)




where


X¯i=1n∑j=1nXij



(5)






Si=∑j=1n(Xij−X¯i)2(n−1)



(6)







Then, the MD value for the healthy data is calculated by the following equation:


MDj=ZjTC−1Zj



(7)




where C is the correlation matrix.


C=1(n−1)∑j=1nZjZjT



(8)







Two types of test data were used to calculate the HIs for the purpose of health monitoring. To assess degradation, the HI was calculated based on the features at a specific state (the same SOC level) in order to eliminate the effect of SOC on the features. For the indication of early failure, the HI was obtained using the features, which were continuously monitored during the operating process, in order to provide an immediate response to a sudden failure. For different types of test data, different thresholds were established. For a battery, a degradation threshold is determined based on its degradation criterion. Generally, it is suggested to replace a battery if the capacity is less than 80% of its initial value [36]. Thus, the MD value, which corresponded to SOH = 80%, was set as the threshold for the battery degradation assessment.



Determination of the early failure threshold is an important step in order to have advanced warning of failure. A fixed threshold is defined based on expert knowledge. However, this approach may not be able to indicate early failure when knowledge of failure is not available. Therefore, it is useful to implement the generalized probabilistic approach to determine the threshold. The MD values are always positive and do not follow a normal distribution. A Box–Cox transformation transforms the data with these kinds of characteristics into a normal distribution. Then the mean (μ) and standard deviation (σ) of the transformed data are obtained. Since the intervals (−∞, μ + 3σ) contain 99.9% of the MD data, the three standard deviation limit (μ + 3σ) was chosen as the threshold for failure indication, which has been demonstrated for various electronic products [35,37,38].



The Box–Cox transformation is defined as follows [39]:


y(λ)={(yλ−1)λ,λ≠0ln(y),λ=0



(9)




where y = y1, y2, …, yn is the original MD value and y(λ) is the transformed MD value. The power λ is obtained by maximizing the log-likelihood function.


f(y,λ)=−n2ln[∑i=1n(yi(λ)−y¯(λ))2n]+(λ−1)∑i=1nln(yi)



(10)




where


y¯(λ)=1n∑i=1nyi(λ)



(11)







The mean (μ) and standard deviations (σ) of the transformed healthy MD values are used to determine the failure threshold. The upper bound (μ + 3σ) is used as a threshold for failure indication [38].



For a test battery, each observation is normalized using the mean and standard deviation from the healthy data. Then, the MD value for each observation is calculated using Equation (7) and transformed using Equation (9). When the transformed test MD values cross the thresholds, a failure is considered to occur.




5.2. Battery Health Monitoring Results


As shown in Section 4, battery A1 underwent a period of cycling test and an overcharge test, sequentially. It is used as a case study to evaluate the developed health monitoring method. Figure 9a shows a scatter plot of the TOF and temperature for battery A1. First, the baseline data correspond to the first 10 data points from the cycling test. They refer to 100% to 98% SOH and are all measured at 0% SOC. Then, the test data 1 are extracted from the subsequent cycling test. They are also measured at 0% SOC but used for degradation assessment. Finally, the test data 2 correspond to the data measured during the 5 V overcharge process after 210 cycles. They are used for failure indication. Here, since tests were conducted under the well-controlled lab conditions, the data are used without a denoising process. In practice, the measured data may contain noise, these data are denoised before calculating the MD values.



The MD values corresponding to the training (baseline) data and the test data 1 for degradation assessment are shown in Figure 9b. These MD values were transformed into normally distributed variables using Box–Cox. To set the degradation threshold (DT), a linear model between the SOH and TOF was built based on the training data. Then, the estimated TOF value (TOF_DT) corresponding to SOH = 80% was obtained based on the linear model. In addition, the average value of the temperatures (T_DT) from the training data was calculated. The MD value between (TOF_DT and T_DT) and the baseline was calculated and set as the DT. In order to quantify the degree of degradation, the MD values were normalized using the DT value. The range of the normalized MD value is from zero to one. A larger MD value indicates greater degradation, i.e., one means the battery degrades severely and is not able to be used and zero means the battery is healthy. According to Figure 9b, the normalized MD value shows an increasing tendency with the increasing cycle number, which means the battery degrades with the increasing cycle number. The MD value does not reach the degradation threshold until the end of the cycling test. The battery capacity is 96% of the initial capacity at the end of the cycling test, which also indicates the battery does not reach its degradation criterion (80% of its initial capacity). Therefore, the degradation assessment based on the proposed HI is consistent with the capacity test result.



The transformed MD values corresponding to test data 2 for failure indication are shown in Figure 9c. The failure threshold (FT) is plotted as the dashed line in Figure 9c. The temperature change rate (dT/dt) is plotted in Figure 9d. These two figures compare the indication time of failure by using the MD values and the temperature change rate, respectively. As shown in Figure 9c, when the MD value exceeded the failure threshold, the failure was indicated at 2.825 h. This time corresponds to the battery voltage at 4.564 V and the surface temperature at 46.86 °C. However, if the failure time is determined only in terms of the first peak of dT/dt, the battery failure was only identified at 3.642 h, which corresponds to close to 5 V voltage and a temperature of 55.65 °C. After that point, the temperature increased sharply, which means there was little time to prevent the battery from swelling. Therefore, the MD-based HI provides earlier failure indication time and a longer time margin for countermeasures to prevent further catastrophic failure as compared with monitoring only the temperature.





6. Conclusions


This paper developed an ultrasonic health monitoring method for lithium-ion batteries. To begin with, the feasibility of using ultrasonic sensing to probe the health status of a lithium-ion battery was demonstrated through battery cycling tests and an overcharge abusive test (up to 5 V). The ultrasonic results from the cycling test showed a strong dependence between the ultrasonic TOF and battery degradation. The overcharge test results showed that the ultrasonic TOF is sensitive to the battery swelling, which offers the potential for battery failure indication.



More importantly, an effective method for battery health monitoring was developed, which offers a significant improvement over the state-of-the-art ultrasonic techniques in terms of providing an early indication of sudden failure. A new data fusion MD-based health indicator was constructed by integrating the data from the temperature sensor and the ultrasonic transducer. The effectiveness of the health indicator was verified by the case study of battery A1, which underwent a cycling test followed by an overcharge test. The cycling test showed that the MD value increases with the battery aging. This means it can be used to determine battery degradation straightforwardly without the information on the battery’s discharge capacity. The overcharge test (up to 5 V) showed that the health indicator can indicate battery failure 0.872 h ahead of battery swelling and 0.817 h earlier than the temperature-based method. In comparison to the temperature-based method, the developed method provides earlier warning of catastrophic failure and a longer time margin for failure prevention.



The developed ultrasonic health monitoring method can assess battery degradation as well as indicate battery sudden failure without needing the battery to be fully charged/discharged. This health monitoring method can be applied to batteries during their operation by integrating simple and small equipment (a pulser-receiver module and a piezoelectric transducer) into the existing battery management system. Similar techniques can be extended and applied to batteries with different chemistries, scales, and form factors. In future research, we will investigate the feasibility of using an ultrasonic inspection method to identify different aging mechanisms of the lithium-ion batteries.
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Figure 1. (a) Schematic for battery ultrasonic sensing and (b) representative ultrasonic response signal of a lithium-ion battery. 
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Figure 2. Battery test bench. 
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Figure 3. Cycling test results for battery A1: (a) cycling performance, (b) ultrasonic signals, (c) ultrasonic features, (d) Spearman correlations between the ultrasonic features and state of health (SOH), and (e) plot of SOH as a function of time-of-flight (TOF). 
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Figure 4. Cycling test results for battery A2: (a) cycling performance, (b) time-of-flight, (c) amplitude of the first echo peak, and (d) plot of SOH as a function of TOF. 
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Figure 5. Cycling test results for batteries B1 and B2: (a) cycling performance, (b) time-of-flight, (c) amplitude of the first echo peak. 
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Figure 6. (a) Voltage data during a C/2 charging and discharging cycle, (b) corresponding evolution of TOF taken every 20 s. 
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Figure 7. Overcharge test results for battery A1: (a) voltage and current profiles, (b) temperature profile, (c) photos of the battery (top view), (d) X-ray images of the battery (side view), (e) evolution of TOF, and (f) evolution of PA. 
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Figure 8. Developed battery health monitoring method. 
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Figure 9. Health monitoring for battery A1: (a) scatter plot of the TOF and temperature, (b) degradation assessment result based on Mahalanobis distance (MD) values, (c) failure indication result based on MD values, and (d) failure indication result based on the temperature change rate. 
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Table 1. Battery test methods.
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Test Type

	
Test Method

	
Test Description






	
Cycling test

	
Normal cycling

	
CC charge at 0.5C until 4.2 V, then CV charge until current <0.05C

Rest 10 min

Discharge at 1C to 2.75 V

Rest 10 min




	
Overcharge cycling

	
CC charge at 0.5C until 4.5 V, then CV charge until current <0.05C

Rest 10 min

Discharge at 1C to 2.75 V

Rest 10 min




	
Abusive test

	
Overcharge

	
CC charge at 0.5C until 5 V

CV charge until the battery swells
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