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ABSTRACT This study focuses on common batteries used in electric vehicles, which are composed of cells
grouped into modules and stacked to form a battery pack. Ultrasonic metal welding (UMW) is employed to
bond these cells, and ensuring a reliable weld quality by inspection is crucial for maintaining the performance
and stability of batteries. Currently, the quality of UMW in battery cells is assessed through sample unit-
based T-peel tests and visual inspection, methods that suffer from reduced productivity and increased costs
due to their destructive nature. This research introduces an algorithm designed to predict weld quality by
analyzing welding process signals of the UMW process, specifically the bonding between 8-µm-thick Cu
foil and 0.2-mm-thick nickel-plated copper strip materials used in battery cell manufacturing. To achieve
quality prediction, current and voltage signals from the welder, as well as the displacement signal of the
welded part are used. A UMW system was constructed, incorporating a current sensor, a voltage sensor,
and a linear variable displacement transducer (LVDT) for measuring these signals. The study further derives
welding energy from the current and voltage signals, analyzes changes in the behavior of the sonotrode during
welding using the LVDT sensor, and employs data analysis to derive feature variables. These variables are
then used in a machine learning-based classification model. Ultimately, the study develops and evaluates a
support vector machine (SVM)-based algorithm for real-time UMW quality determination. The algorithm
achieves a high classification accuracy of 98%, showcasing its effectiveness in predicting the quality of
ultrasonic metal welding in the battery manufacturing process.

INDEX TERMS Ultrasonic metal welding, monitoring, sensor, knurl depth, support vector machine.

I. INTRODUCTION
In recent years, policies targeting greenhouse gas emissions
have been introduced to reduce environmental pollution
from transportation through the widespread deployment and
expansion of renewable energy sources [1], [2], [3]. As
a result, the demand for hybrid and full electric vehi-
cle (EV) models is rapidly increasing in the e-mobility
industry [4], [5]. Today, the energy density of lithium-ion
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technology-based batteries is directly related to the perfor-
mance of the battery, and an improvement in battery per-
formance leads to an increase in the driving range of EV
drivetrains. Accordingly, technology development is focused
on improving the performance of batteries, a key component
of EV drivetrains [6], [7], [8], [9], [10], [11], [12], [13].
Typically, EV batteries are made of single cells combined
into modules, which are then stacked to form a battery pack
[14]. Battery cells have a foil-to-tab structure, in which mul-
tilayered foils and a tab are connected, and they are mainly
joined by resistance spot welding, ultrasonic welding, or laser
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welding [15]. As such, foil-to-tab welding is directly related
to the performance, efficiency, and safety of the battery, and
it is important to ensure the weld quality of the foil-to-tab
welds. Therefore, effective welding and joining process tech-
nologies that can produce stable quality foil-to-tab joints are
needed to improve the performance and safety of batteries.
Ultrasonic metal welding (UMW) is solid-phase welding that
uses high-frequency ultrasonic energy and has been widely
applied in battery cell assembly as a suitable technology for
battery cell welding because it is less material dependent and
can minimize intermetallic compound formation and energy
losses in the contact area [16], [17], [18], [19]. As the geom-
etry of the sonotrode and anvil is designed for the UMW
process according to the material combination, there are no
standardized guidelines for the weld quality of a multilayer
UMW process [20]. Nonetheless, a T-peel test based on a
common industry standard is used to evaluate theweld quality
of UMW processes [21]. Mechanical testing with off-line
visual inspection such as this has the disadvantage of requir-
ing skilled operators and having a lower productivity due to
time loss. Therefore, the battery manufacturing process used
to join battery cells and modules requires the development of
in-situ qualitymonitoring and inspection techniques to ensure
weld quality.

As UMW is typically performed over a short period of
time (0.1 - 1.0 s) and utilizes thin plates that are only
a few µm thick, therefore, there are limitations to visual
quality inspections. To overcome the limitations of visual
quality inspections, some research has been conducted on
non-destructive testing techniques that use ultrasonic process
parameters (e.g., welding time, pressure, and amplitude) and
measured factors (e.g., current and voltage output from the
welder, displacement of the weld, and temperature) to predict
and inspect weld quality. Samir et al. [22] used an experimen-
tal design method based on the response surface method to
establish the relationship between the three variables of weld-
ing pressure, welding time and vibration amplitude and the
three output values of power, force and energy in aluminum
UMW. In addition, research on LDC-based integrative eddy
current non-destructive testing method is being conducted
to improve the technology of non-destructive testing [23].
Balz et al. [24] used a k-type thermocouple, a high-speed
camera, and a laser Doppler vibrometer (LDV) to measure
the temperature and power at the weld and the vertical dis-
placement of the sonotrode. Then, based on a comparative
analysis between the measured data and the weld quality,
they showed that the aforementioned three external sensors
were suitable options for process monitoring. In a study by
Lee et al. [25], the welder’s power and sonotrode’s displace-
ment generated during ultrasonic welding were measured
using a sensor embedded in the welder and a linear vari-
able displacement transducer (LVDT) sensor. They used the
measured welding time results to classify the levels of con-
tamination on the material surface into three classes. Ma and
Zhang [26] performed ultrasonic welding on a combination
of three 0.2 mm and one 0.8 mm sheets of Cu, and derived
the displacement-time curve using the clamping direction
of the sonotrode as measured by a high-frequency sensor

and monitored the plastic deformation and welding quality.
Furthermore, the microstructure was analyzed using scanning
electron microscopy (SEM) and electron backscatter diffrac-
tion (EBSD), and the relationship between the displacement
signal and the plastic deformation and microstructural prop-
erties of the material was explained. In the study by Guo et al.
[27], a power meter, a frequency sensor, and an LVDT sensor
were used to measure the power and frequency of the welder
and the thickness change of the material due to welding,
which were then divided into eight parts to extract features as
input for weld quality prediction. They also selected ten fea-
ture points based on the processed data and developed a weld
quality prediction model based on the SPC-M algorithm.
Despite various studies on the correlations between weld
quality and diverse variables using external sensors, there is
still a lack of research on a weld quality inspection system
that quantifies the correlation between process variables and
T-peel strength for the UMW process and considers welding
power and the sonotrode’s behavior.

This study was conducted to develop a weld quality mon-
itoring technique for battery cells using process parameters
of the UMW process. For this purpose, we used multilayered
8-µm-thick Cu foil and 0.2-mm-thick nickel-plated copper
strip materials and designed a system that can monitor pro-
cess signals in real-time using current, voltage, and LVDT
sensors. The LVDT signal was used to analyze the knurl
depth displacement during the welding time, and the current
and voltage signals were used to compare the output energy
based on the weld quality. We obtained features from LVDT
and power signals and proposed a weld quality prediction
algorithm using a Support Vector Machine (SVM)-based
classification model.

II. EXPERIMENTAL PROCEDURE
A. EXPERIMENTAL SETUP
For the welding experiments, we used 8-µm-thick 99.99
(wt.%) pure Cu foil and a 0.2-mm-thick nickel-plated copper
strip, which were applied to pouch-type battery cells. The size
of the test sheet was 50 mm long and 20 mm wide. As for
the welding method, we performed welding by placing one
sheet of the nickel-plated copper strip on the anvil side and
40 sheets of Cu foil in an overlapping form on the sonotrode
side, to which vibration was applied, as shown in Fig. 1.

FIGURE 1. Joint type used in the experiments.
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For a stable welding of the multilayered Cu foil and the
nickel-plated copper strip, the sonotrode and anvil in this
experiment were fabricated in the shape shown in Fig. 2.

FIGURE 2. Shape of sonotrode and anvil.

An ultrasonic metal welder (FM-20) developed by KOR-
MAX SYSTEM was used, which has a frequency of 20 kHz
and a power specification of 3 kW. As for the experimental
conditions, we selected the welding time, amplitude, and
clamping force as input variables, as shown in Table 1, and
conducted the experiments with four different welding times,
three levels of amplitude, and four levels of clamping force.
Using a full factorial design, we conducted all experiments
twice with 48 experimental conditions.

TABLE 1. Welding conditions.

For the quality inspection of ultrasonic welds, the mechan-
ical strength was evaluated by a T-peel test using a tensile
testing machine with a 500 N load cell. The travel speed was
set to 50 mm/min as shown in Fig. 3, and the maximum load
derived during the T-peel test was used as a measure of the
welding performance.

B. SENSOR SYSTEM
The LVDT sensor used in this study is a contact-type sensor
developed by ORIGIN, and its detailed specifications are
shown in Table 2. The current and voltage probes used with
the LVDT sensor are TT-SI 8071 developed by Testec Elek-
tronik and CP8030 developed by CYBERTEK, respectively,
and their detailed specifications are shown in Table 3.

FIGURE 3. Schematic diagram of T-peel test method for weld
performance evaluation.

TABLE 2. Specifications of LVDT sensor and LVDT voltage module.

TABLE 3. Specifications of current probe and voltage probe.

C. SYSTEM CONFIGURATION USING SENSOR SIGNALS
DURING ULTRASONIC METAL WELDING PROCESS
To measure the displacement of the sonotrode using the
LVDT sensor, we designed andmounted a jig on the front side
of the ultrasonic welder and placed the LVDT sensor on top
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of the sonotrode, as shown in Fig. 4. For a precise knurl depth
measurement, we mounted the LVDT sensor at a position at
which the sonotrode and the anvil would touch each other as
much as possible during welding. The connected current and
voltage probes for measuring the ultrasonic welding signal
are shown in Fig. 5. The voltage probe was connected to
the positive and negative terminals of the secondary output
terminal inside the welder controller, and the clamp-type
current probe was connected to the positive terminal.

FIGURE 4. The (a) jig and (b) LVDT sensor mounting location.

FIGURE 5. The position of (a) the inside of the controller and (b) the
current/voltage sensor connection for the ultrasonic welding signal
measurement.

Figure 6 shows a final signal measurement system con-
structed for UMW monitoring. In this system, the value of
the knurl depth measured through the LVDT voltage module
mounted on the front of the welder is converted into a voltage
value and measured by the collection of real-time data on
the data acquisition system (DAQ). Moreover, the current
and voltage signals of the UMW are measured by collect-
ing real-time data through the DAQ from the current and
voltage probes connected to the secondary output terminal
inside the welder controller. The data measured in real-time
are sent from the DAQ to the monitoring PC through LAN
communication.

III. RESULTS AND DISCUSSION
A. WELD QUALITY CLASSIFICATION
In the case of battery cells, there is currently no standard
for weld quality for the UMW process because the shapes
of the sonotrode and anvil are designed according to the

FIGURE 6. Ultrasonic metal welding monitoring system.

material combination. The weld quality values obtained from
the welding tests in this study can be categorized into three
main weld quality types, as shown in Table 4: insufficient
welding (IW), sufficient welding (SW), and excessive weld-
ing (EW). The quality grade of IW indicates that the weld
is good in appearance, but the weld strength is below 40 N,
and the fracture mode is the interfacial fracture or partial
interfacial fracture mode in which the Cu foil is not bonded to
the nickel-plated copper strip at the weld. The quality grade
of SW indicates that the specimen is good in appearance,
the weld strength is above 40 N, and the fracture mode is
fully adhered with tearing, whereby the Cu foil is completely
bonded to the nickel-plated copper strip at the weld, but
below, the lower part of the weld is torn in a wavy shape.
The quality grade of EW indicates that, in the appearance of
the weld, discoloration of the Cu foil occurs due to excessive
welding energy applied to the weld, and the weld strength
varies greatly between below and above 40 N. The fracture
mode in this quality grade is not consistent. For example, the
lower part of the weld may break, or a fracture may occur in
the form of a button fracture.

B. WELDABILITY EVALUATION
Figure 7 shows the weld lobe area, which is based on the
mean value of the maximum strength values obtained by per-
forming the experiment twice according to the weld quality
conditions shown in Table 4. IW was mostly observed under
a clamping force of 3 bar. However, under the welding time
condition of 0.9 s, EWwas observed due to a discoloration of
the Cu foil caused by the high welding energy, although the
strength value exceeded 40 N. EW was also observed under
a clamping force of 4 – 6 bar and welding time of 0.7 – 0.9 s.
SW was observed under the following welding conditions:
clamping force of 4– 6 bar and welding time of 0.3 – 0.5 s.
Therefore, it was confirmed within the experimental domain
of this study that a good weld quality can be secured under
conditions in which the clamping force is above 3 bar and the
welding time is below 0.5 s.

C. SENSOR SIGNAL PROCESSING
1) WELDING ENERGY FROM CURRENT AND VOLTAGE
SIGNALS
Using the developed measurement system, we measured the
current and voltage signals during the UMW process in real
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TABLE 4. Weldability evaluation standards.

FIGURE 7. Weld lobe region.

time. The signals of the measured raw data are shown in
Fig. 8, and the data were acquired at a sampling rate of 60 kHz
over 2 s.

We performed data processing to derive the output energy
from the acquired raw data. First, as shown in Fig. 9, the
power signal that changes according to the welding time was
represented in the form of a pattern using Eq. (1).

p (t) = i (t) × v (t) [W ] (1)

Subsequently, the median filter was applied to denoise the
calculated power signal. As for the median filter used in this

FIGURE 8. Ultrasonic metal welding current, voltage signals.

FIGURE 9. Power signal according to welding time.

study, we calculated the minimum value MIN(N(Pn)) and
the maximum value MAX(N(Pn)) within the predetermined
window and then calculated MEDIAN(N(Pn)) using Eq. (2).
Then, moving by a window size, we repeated the above
process. The window size we selected and used in this case
was 50.

MEDIAN =
MIN (N (Pn)) +MAX (N (Pn))

2
(2)

By integrating the power signal for which the data has been
processed, as shown in Eq. (4), the output energy during the
welding time can be derived, as shown in Fig. 10.

w (t) =

∫ t2

t2
p (t) dt[J ] (3)

2) KNURL DEPTH DISPLACEMENT FROM LVDT SIGNALS
The LVDT signal was measured in real-time with a sampling
rate of 60 kHz using the knurl depth measurement system we
built. As the raw data of the LVDT signal is output in the
form of ±5V in the analog mode, it needs to be converted
into displacement. The measurement range specification of
the LVDT sensor used in this study is ±7 mm, so a gain
value of 1.4 divided by 5 V was multiplied by the raw data.
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FIGURE 10. Welding energy during welding time.

Figure 11 shows the signal pattern of the LVDT converted
into displacement.

FIGURE 11. LVDT signal behavior during welding time.

Furthermore, a median filter was used to remove the noise
from the LVDT signal, and in order to derive information
on the changes in the knurl depth during the welding time,
we ensured that the welding time of the LVDT signal started
at 0 s. The displacement at 0 s was then corrected to 0 mm,
as shown in Fig. 12, so that the data could be output.

D. ULTRASONIC METAL WELDING QUALITY PREDICTION
MODEL USING SENSOR
1) FEATURE EXTRACTION
Figure 13 shows the growth pattern of the knurl depth accord-
ing to the weld time, which is divided by the weld quality and
step. Step 1 shows the growth pattern of the knurl depth from
the beginning of welding to 0.1 s, while step 2 shows it from
0.1 s to 0.2 s. Finally, step 3 shows the growth pattern of the
knurl depth after 0.2 s until the end of welding. IW shows a
rapid growth of the knurl depth during step 1, followed by
almost no change starting from step 2. However, even after
step 1, during which the knurl depth grew rapidly, SW and
EW show a pattern of continual growth until step 3. However,
EW shows a relatively large fluctuation in the growth pattern
of the knurl depth after stage 1 compared with SW.

Therefore, in this study, we analyzed the growth pattern of
the knurl depth and selected the feature variables, as shown
in Fig. 14. For step 1 of the growth pattern, the peak (X1)
value of the knurl depth was selected, and for step 2, the peak
(X2), standard deviation (std, X3), and mean (X4) values of

FIGURE 12. Processed LVDT signal according to welding time.

FIGURE 13. Knurl depth growth pattern according to weld quality.

FIGURE 14. Feature variables of LVDT signals.

the knurl depth were selected. For step 3, we selected the peak
(X5), std (X6), and mean (X7) values of the knurl depth as
feature variables.
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In Fig. 15, the output energy extracted from processing
the signals using the current and voltage sensors is compared
according to the weld quality. As there is an interface between
the output energy values of IW, SW, and EW depending on
the weld quality, we selected the energy (X8) and welding
time (X9) as additional feature variables.

FIGURE 15. Comparison of welding energy according to weld quality.

2) MULTI-CLASS CLASSIFICATION USING SVM FOR WELD
QUALITY PREDICTION
To predict the weld quality, we developed an SVM-based
classification model by utilizing nine feature variables,
including the seven feature variables of the LVDT signal
extracted in the previous section and two feature variables
for energy and welding time extracted through power signal
processing. The nine selected feature variables were set as
input values, and the output values were classified into IW
(class 0), SW (class 1), and EW (class 2), based on which
training and evaluation were performed.

SVM is basically designed for binary classification. How-
ever, as multi-class classification is performed in this study,
we constructed a multi-class classification system by com-
bining multiple binary classifiers. For this, we built a model
using the one-vs.-one (OVO) method, which was developed
from among various approaches to combine multiple binary
classifiers, as shown in Fig. 16.

FIGURE 16. Schematic diagram of multi-class classification structure
using SVM.

First, we performed scaling of the input data. Furthermore,
standardization was performed as shown in Eq. (4), so that

the mean and std of each data group would be 0 and 1.

X̂i,j =
Xi,j − Xi,mean

Xi,std
(4)

where Xi,mean and Xi,std are the mean and standard deviation
of the input data group of the i-th index, and Xi,j is the value
of the j-th datapoint in the group. In the OVO method, the
number of classifiers is determined by Eq. (5) in multi-class
classification with m classes.

Number of classifier =
m(m− 1)

2
(5)

As there are three classes in this study, we constructed three
classifiers, namely class 0 and class 1, class 0 and class 2, and
class 1 and class 2. Of the total 446 data, 264 were classified
as class 0, 123 as class 1, and 59 as class 2. In addition,
after fitting 134 test datapoints to the three classifiers trained
with 312 train datapoints out of a total of 446 datapoints,
we constructed amulti-class classification system that returns
the most voted label. The SVM kernel used in this study
is linear, and for the C-parameter, 10 was used. Finally, the
confusion matrix was used as a metric for evaluating the
classification model as shown in Fig. 17, and the accuracy
was calculated by Eq. (6).

Accuracy =
TP+ TN

TP+ TN + FP+ FN
(6)

FIGURE 17. Confusion matrix for classification.

FIGURE 18. Confusion matrix for multi-class classification.

Figure 18 shows the confusion matrix used for a compar-
ative evaluation of the class predicted by the trained SVM
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using the test input data and the class of the actual test output
data. The accuracy is determined to be approximately 98%.

Finally, the overall flow chart for UMW quality prediction
using the current and voltage sensors and the LVDT sensor
is shown in Fig. 19. In summary, after acquiring the cur-
rent, voltage, and LVDT signals generated during welding,
we extracted the feature variables for classification through
data preprocessing. The extracted feature variables were stan-
dardized to create a data set, and the OVO method-based
SVM was used to classify and predict the weld quality as IW
(class 0), SW (class 1), or EW (class 2).

FIGURE 19. Flow chart of weld quality prediction algorithm.

IV. CONCLUSION
In this study, we constructed a system for the monitoring
of the UMW process of lithium-ion battery cell materials
consisting of a 8-µm-thick Cu foil and a 0.2-mm-thick nickel-
plated copper strip using current, voltage, and LVDT sensors.
To this end, the algorithm for evaluating and predicting the
welding quality was analyzed in a variety of ways. As a result,
the following conclusions were obtained:

1) In this study, we proposed a method for real-time
monitoring of the UMW process by utilizing sensors.
The current and voltage sensors were connected to the
secondary output terminals inside the welder controller
to obtain data, and the LVDT sensor was mounted on
top of the sonotrode to obtain data on the behavior of
the knurl depth according to weld time.

2) We presented a method for classifying the weld quality
by the processing current, voltage, and LVDT sensor
signals. For the current and voltage sensors, we pre-
sented a method for converting data into power signals
through data processing to derive the welding output
energy. For the LVDT sensor, we presented a method
of deriving a signal that represents the behavior of
the knurl depth during welding time through data
processing.

3) We proposed a weld quality prediction algorithm using
an SVM-based classification model. Seven features
were selected by analyzing the growth patterns of the

knurl depth, and two features were selected by calculat-
ing the welding output energy and welding time from
the power signal. A total of nine features were used as
input to the SVM-based classification model, and the
output was classified into three classes to predict the
weld quality. The test data evaluation results showed a
prediction accuracy of approximately 98%.

In the future, this study can be used as a guideline for the
development of UMWquality monitoring technology applied
to battery cell materials of multilayered foils.
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