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Tool Wear Monitoring
for Ultrasonic Metal Welding
of Lithium-Ion Batteries
This paper presents a tool wear monitoring framework for ultrasonic metal welding
which has been used for lithium-ion battery manufacturing. Tool wear has a significant
impact on joining quality. In addition, tool replacement, including horns and anvils, con-
stitutes an important part of production costs. Therefore, a tool condition monitoring
(TCM) system is highly desirable for ultrasonic metal welding. However, it is very chal-
lenging to develop a TCM system due to the complexity of tool surface geometry and a
lack of thorough understanding on the wear mechanism. Here, we first characterize tool
wear progression by comparing surface measurements obtained at different stages of tool
wear, and then develop a monitoring algorithm using a quadratic classifier and features
that are extracted from space and frequency domains of cross-sectional profiles on tool
surfaces. The developed algorithm is validated using tool measurement data from a
battery plant. [DOI: 10.1115/1.4031677]
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1 Introduction

In manufacturing lithium-ion batteries for electrical vehicles
such as the Chevrolet Volt, it is critical to create reliable intercon-
nections among battery cells, from module to module, and from
module to control unit. Ultrasonic metal welding is advantageous
in joining multilayer dissimilar, thin and conductive materials
[1,2]. It is a solid-state joining process which uses ultrasonic
vibration to generate oscillating shears between metal sheets
clamped under pressure [3–5]. A typical ultrasonic metal welding
system is shown in Fig. 1. The surfaces of the weld tools, i.e.,
horn and anvil, consist of a large number of pyramid-shape knurls
as displayed in Fig. 2. The horn and anvil wear out quickly in pro-
duction and are expensive to replace. As a result, monitoring of
the horn and anvil wear is critically needed to ensure battery join-
ing quality and reduce production cost.

The ultrasonic metal welding process is illustrated in Fig. 3.
Workpieces are placed between the horn and anvil, and a clamp-
ing force is applied to hold the workpieces tightly. During weld-
ing, the horn vibrates at a frequency of around 20 kHz, while the
anvil is stationary. It is reported in Refs. [5,6] that relative move-
ments exist between the top metal sheet and the horn, as well as
between the bottom sheet and the anvil, and these relative move-
ments are believed to be a major cause of tool wear.

In an automotive lithium-ion battery manufacturing, horn and
anvil are reported to be a major production cost. Specifically, pro-
duction costs as a result of tool wear can be divided into two

major categories [6]: (1) costs due to machine down time as
caused by tool wear induced quality problems or time needed for
tool replacement and (2) costs for fabricating, reworking, or refur-
bishing the replaced tools. Vehicle battery manufacturing has a
strict quality requirement for battery tab joining because any low-
quality joints may result in the failure of an entire battery pack,
causing high production loss [2]. Consequently, when a TCM

Fig. 1 A typical ultrasonic metal welding system [2]

Fig. 2 Pyramid-shape knurls on the horn and anvil: (a) Horn
knurl and (b) anvil knurl
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system is not available, a conservative tool replacement strategy
is generally utilized to ensure satisfactory quality. For example,
some battery plant uses the number of welds as a measure of tool
wear, and replaces tools once the number of welds reaches a cer-
tain limit. While this empirical strategy is straightforward to
implement, it may sacrifice some useful tool lives and increase
production costs.

TCM has been a popular and important research topic in manu-
facturing and has received tremendous attention over the past sev-
eral decades. The majority of the TCM literature has been focused
on machining processes [7–20] and forming processes [21–24].
Tool wear mechanism in cutting processes has been investigated
in Refs. [8,9] using physical or empirical models. Correlations of
machining process conditions and the volumetric tool wear rate
have been identified based on M-ratio in Refs. [19,20]. Tool wear
monitoring techniques have been developed in Refs. [10–17]. In
general, tool wear monitoring techniques can be categorized into
direct and indirect methods [18]. Direct methods determine tool
conditions by measuring tool wear using visual inspection or com-
puter vision. However, direct methods are not attractive economi-
cally or technically mainly due to the environmental restrictions
on the plant floor [7]. Hence, indirect methods using online signals
are often more desirable, and some exemplary scenarios can be
found in Refs. [7–14]. A typical method for developing an indirect
monitoring system includes the following key steps [10]: (i) sen-
sor selection; (ii) signal preprocessing; (iii) feature generation;
(iv) feature selection/extraction; and (v) monitoring decision
and faulty classification using artificial intelligence technique. A
comprehensive review on indirect monitoring methods is pre-
sented in Ref. [10].

Tool wear in forming processes has also been investigated,
especially in extrusion and forging processes [21–24]. Archard’s
wear model is widely applied in studies on extrusion processes
[21,22]. Statistical process control analysis of the tool wear pro-
gression in a metal extrusion process was conducted in Ref. [23].
On the TCM of forging processes, an online TCM system using
artificial neural network was developed to integrate information
from multiple sensors [24].

Despite extensive literature focusing on the TCM development
for machining and forming processes, limited studies have been
conducted on TCM for ultrasonic metal welding. Developing a
TCM system for ultrasonic welding is more challenging than
machining or forming processes, mainly because: (1) the ultra-
sonic welding mechanism has not been thoroughly understood,
and ultrasonic welding possesses the characteristics of high-
frequency (around 20 kHz) and short-duration (each cycle lasts
approximately 0.6 s), and (2) the geometry of welding tools is
much more complicated [6].

To address the above challenges and develop an effective TCM
system for ultrasonic welding, this paper (1) characterizes tool
wear progression by comparing tool surface measurements in dif-
ferent wear stages; (2) designs an indirect method to efficiently
obtain tool surface measurements in plant environment without
taking the tools offline; and (3) develops a tool condition classifi-
cation algorithm with application-dependent features which are
generated from both space and frequency domains.

The remainder of this paper is organized as follows. Section 2
characterizes tool wear progression using changes in the knurl
geometry based on high-resolution 3D measurements. An

Fig. 3 Ultrasonic welding mechanism

Fig. 4 Optical images of different wear stages [6]: (a) Stage 1,
(b) stage 2, (c) stage 3, and (d) stage 4
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impression method is presented in Sec. 3 as an indirect tool geom-
etry measurement strategy. Section 4 develops a tool condition
classification algorithm. Finally, Sec. 5 concludes the paper.

2 Tool Wear Characterization

This section characterizes the tool wear progression in an ultra-
sonic metal welding based on the comparison of the optical
images and height profiles at different wear stages. Representative
samples of four different stages were collected from a battery
plant and then measured using a 3D microscope. Specifically,
Subsection 2.1 compares the optical images; Subsections 2.2 and
2.3 depict the wear progression in the direction perpendicular to
vibration and in the vibration direction, respectively. For the sake
of simplicity, we define the direction perpendicular to vibration as
“horizontal direction” and the vibration direction as “vertical
direction.”

2.1 Comparison of Optical Images. The optical images of
the four stages are shown in Fig. 4, and the characteristics of each
stage are summarized as follows [6].

Stage 1: Each knurl possesses a regular pyramid shape.
Stage 2: The peak remains at each knurl, but forms a small flat
top, and the knurl shape becomes more complex geometrically
than stage 1: more materials have been removed at the left and
right sides than the upper and lower sides. In addition, the col-
ors of peaks become shining.
Stage 3: The left and right sides of each knurl are almost flat,
and only a small amount of materials remain in the upper side.
Stage 4: All peaks have been removed and the knurls take a
frustum shape.

2.2 Tool Wear Progression in the Horizontal Direction. In
each anvil, typical cross-sectional profiles are extracted in the hor-
izontal direction, and the profiles are shown in Fig. 5.

In Fig. 5(a), one can see that the cross sections of all knurls of a
new tool have triangle shapes and similar peak height. In
Fig. 5(b), three types of tool wear patterns can be observed: (1)
flank wear, (2) side wear, and (3) breakage. The flank wear is at
the upright direction, which occurs with the removal of peaks

Fig. 5 Cross-sectional profiles in the horizontal direction [6]:
(a) Stage 1, (b) stage 2, (c) stage 3, and (d) stage 4

Fig. 6 Anvil knurl wear progression in the horizontal direction
[6]

Fig. 7 Cross-sectional profiles in the vertical direction [6]: (a)
Stage 1, (b) stage 2, (c) stage 3, and (d) stage 4

Fig. 8 Anvil knurl wear progression in the vertical direction [6]
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(height decreases); the side wear represents the wear around the
peaks, where two shoulders form at the left and right sides; the
breakage happens with a removal of the whole knurl peak and is
indicated by a depressed shape. In Fig. 5(c), the height reduces
significantly compared with Fig. 5(b), and some of the peaks are
almost removed. Additionally, the width of shoulders increases.
In Fig. 5(d), all peaks have disappeared, and the surface becomes
completely flat.

Based on the findings revealed in Fig. 5, the characterization of
each stage in the horizontal direction is summarized in Fig. 6 and
described as follows [6].

Horizontal Direction

Stage 1: The knurl is new and it possesses a triangle shape.
Stage 2: Material is removed in both downward and lateral
directions, and shoulders appear on the left and right sides.
Stage 3: Height decreases significantly, and the width of
shoulders increases.
Stage 4: Material is removed until the peak disappears, and a
trapezoid shape forms.

2.3 Tool Wear Progression in the Vertical Direction. Simi-
Similar to Subsection 2.2, the cross-sectional profiles in the verti-
cal direction are also extracted and compared, and the results are
shown in Fig. 7.

As shown in Fig. 7(a), a new anvil has triangle shapes. In
Fig. 7(b), an asymmetric pattern can be seen in two sides of the
knurl in the vertical direction: more materials have been removed
in the knurl’s lower side, and a groove forms. A knurl in this stage
has two peaks, i.e., a main peak and a side peak. In Fig. 7(c), one
can see that after more material removal, the side peak in Fig. 7(b)
disappears and only a main peak remains. Fig. 7(d) shows the final
wear stage in the vertical direction. The main peak in Fig. 7(c) has
been completely removed, and a flat surface forms in the end.

According to the results shown in Fig. 7, the knurl-level wear
progression in the vertical direction is illustrated in Fig. 8. The
characteristics of the knurls in each stage are summarized as
follows [6].

Vertical Direction

Stage 1: The knurl possesses a triangle shape.
Stage 2: Materials are mainly removed in the lower side, where
a groove and a side peak form. The height of the main peak
decreases compared with stage 1.
Stage 3: More materials are removed until the side peak disap-
pears. The height of the main peak continually decreases.
Stage 4: The main peak is completely removed, and a trapezoid
forms.

3 Impression Method

In an ultrasonic welding, tool surface geometry patterns provide
essential tool condition information; hence, an efficient tool sur-
face measurement method is necessary. Most 3D measurement
systems require the tools to be removed from the welding machine
and be placed on a flat and stable fixture. As a result, tool disas-
sembly is necessary in order to directly measure the tool surfaces.
However, tool disassembly and assembly for ultrasonic welding
machine are complicated and time-consuming, leading to a signif-
icant amount of machine down time, which is not desirable in pro-
duction. As a result, an innovative measurement scheme is crucial
in real productions.

Fig. 9 Flowchart for impression method

Fig. 10 Comparison between measurements of a tool and a
coupon: (a) anvil image, (b) coupon image, (c) comparison of
horizontal profiles, and (d) comparison of vertical profiles
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To effectively obtain tool surface measurements without intro-
ducing significant interruption to production, an “impression
method” is developed. Rather than measuring the tool, an impres-
sion is made on a weld coupon. The depth of deformation is meas-
ured under a microscope and then the inverse of the coupon image
is created as a surrogate of the tool image. The process of obtain-
ing the tool image from an “impression” is illustrated in Fig. 9.
When a measurement is needed, one coupon will be generated
using predetermined weld parameters and materials, and then it
will be measured using a 3D metrology system. Finally, data proc-
essing, i.e., horizontal flip and height inversion, will be applied,
and the original tool surface profiles are finally reconstructed.

The weld parameters and the coupon materials need to be care-
fully selected in order to optimize the quality of the reconstructed
tool surfaces. In practice, design of experiment [25] can be used
to identify the optimal combination of the weld parameters and
the coupon materials. In general, soft metals are recommended as
they are more efficient in capturing tool surface profiles. In this
study, four layers of pure aluminum are adopted, and the thickness
of each layer is 0.2 mm.

To validate this method, several anvils and corresponding cou-
pons are measured for comparison, and good agreement is
achieved between the original tool surfaces and reconstructed
ones. For illustrative purposes, only the results from one pair of
anvil and coupon are presented, as shown in Fig. 10.

Figures 10(a) and 10(b) display the images of anvil and coupon,
respectively; (c) and (d) compare the cross-sectional profiles from
the anvil and the coupon in the horizontal and vertical directions.
The solid and dashed lines in (a) and (b) indicate the measurement
paths for the cross-sectional profiles. In (c) and (d), the solid lines
represent the measurement of the anvil, and the dashed lines cor-
respond to the coupon measurement. It is indicated in Fig. 10 that
the coupon impression is able to capture the knurl height profiles
effectively. Additionally, the knurl shapes from the impression
methods are also very similar to these from the direct measure-
ment. Thus, the designed impression method is effective in con-
structing the tool surface geometry.

The correlation between the directly measured profiles and cou-
pon profiles is shown in Table 1. The high correlations and low
root mean squared errors indicate that the coupon profiles are able
to well capture the tool profiles.

4 Tool Condition Classification

This section presents a tool condition classification algorithm to
identify the state of wear. First, monitoring features are extracted
from surface data to characterize tool conditions. Then Fisher’s
discriminant ratio is used to select features which are closely

Table 1 Comparison results for impression method

Correlation coefficient Root mean squared error (lm)

Horizontal 0.9864 18.7
Vertical 0.9731 25.9

Fig. 11 Process flowchart for feature extraction

Fig. 12 Shoulder width calculation

Fig. 13 Frequency features for different stages of wear: (a)
Profiles in the space domain and (b) frequency-domain features
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relevant to tool conditions. Finally, classifiers are developed to
classify tool conditions.

4.1 Monitoring Feature Generation. In this subsection, sev-
eral monitoring features are generated from surface data in both
the space and frequency domains for tool condition classification.
As indicated in Figs. 6 and 8, cross-sectional profiles in the hori-
zontal direction which cut cross through knurl centers can well
capture the characteristics of different tool life stages. Accord-
ingly, features are extracted from the cross-sectional profiles to
quantify tool wear. The procedure of extracting features is illus-
trated in Fig. 11. First, tool surface is reconstructed by applying
image processing algorithms, including noise elimination, image
rotation, baseline adjustment, horizontal flip, and height inversion,
to the coupon data. Then representative cross-sectional profiles
are obtained from tool surfaces. Assume the tool surface height is
represented by a matrix H, the size of which is nr � nc, where nr

and nc are the numbers of rows and columns, respectively. The
extraction of the horizontal profiles can be conducted based on the
following algorithm.

Profile Extraction Algorithm

Step 1: Calculate the sum of each row for H. For the ith row,
the sum is calculated using the following equation:

Si ¼
Xnc

j¼1

Hij (1)

where i is the row index, i ¼ 1;…; nr , and j is the column index.

Step 2: Treat fSig as a profile, and identify the local maxima.
We denote the indices of the local maxima as m1;…;mnp

,
where np is the number of knurls along the vertical direction.

Step 3: Obtain the horizontal profiles by extracting the row vec-
tors with the indices from step 2. For the kth index, the corre-
sponding profile is extracted using the following equation:

lk ¼ Hmk
(2)

where lk is the kth profile, k ¼ 1;…; np.
Features are extracted from the obtained horizontal profiles in

both space and frequency domains. In the space domain, two fea-
tures are used to describe knurl geometry, i.e., average knurl
height variance and average shoulder width. Knurl height variance
is defined as the variance around knurl peaks. As tool wears out,
materials are removed from knurl top, and a smaller height var-
iance will be present. Shoulder width is defined as the sum of the
left and right shoulders besides knurl peaks, as illustrated in
Fig. 12. As the tool wear becomes more severe, the shoulder width
will increase. After calculating the knurl-level variance and
shoulder width, tool level features are obtained by averaging them
over all knurls.

Frequency-domain features are the amplitudes corresponding to
the dominant frequencies after applying fast Fourier transform
(FFT) to the cross-sectional profiles. These features are able to
capture the overall periodic pattern which is closely related to the
tool wear level. Figure 13 shows (a) original profiles in four wear
stages and (b) FFT profiles. From (b), it is shown that the ampli-
tude of the first dominant frequency, 0.7040, which is correspond-
ing to the diameter of a knurl, 1.4 mm, has a decreasing trend as
tool wear gets more severe; however, the amplitude of the second
dominant frequency, 1.43, corresponding to half period, 0.7 mm,
has an increasing trend. Thus, the amplitudes of first to fifth domi-
nant frequencies are considered as candidate features.

A summary of candidate features is given in Table 2. Two fea-
tures are extracted from the space domain to depict the average
knurl geometry and five features are generated from the frequency
domain to acquire periodic patterns of cross-sectional profiles.

Figure 14 depicts the trend of the extracted features over the
number of welds. In each subplot, the horizontal axis is the num-
ber of welds, and the vertical axis is the feature value. It is seen
that features 1, 3, and 4 have decreasing trends; features 2, 5, and
6 have increasing trends; while feature 7 first increases and then
decreases as the number of welds increases.

4.2 Feature Selection. In the development of monitoring
algorithms, feature selection is an essential step for achieving best
monitoring performance, as not all features have good separability
between different classes [2]. Fisher’s discriminant ratio is applied

Table 2 Candidate feature list

Feature No. Feature name Category

Feature 1 Average knurl-level variance Space domain
Feature 2 Average shoulder width

Feature 3 First peak amplitude Frequency domain
Feature 4 Second peak amplitude
Feature 5 Third peak amplitude
Feature 6 Fourth peak amplitude
Feature 7 Fifth peak amplitude

Fig. 14 Feature trend versus the number of welds

051005-6 / Vol. 138, MAY 2016 Transactions of the ASME

Downloaded From: http://manufacturingscience.asmedigitalcollection.asme.org/ on 11/24/2015 Terms of Use: http://www.asme.org/about-asme/terms-of-use



to perform feature screening in a computationally simple and fast
manner. Fisher’s discriminant ratio was first presented in Ref.
[26], and it is a separability measure for feature selection [27]. A
larger Fisher’s ratio indicates more significant difference between
two classes. Fisher’s ratio is defined as

J ¼
l1 � l2ð Þ2

s2
1 þ s2

2

(3)

where l1 and l2 are the means of new and worn classes, s2
1 and s2

2

are respective variances.

Fifty-six coupons have been collected from a battery manufac-
turing plant, and expert knowledge is used to classify them as new
(class 1) and slightly worn (class 2). Fisher’s ratios are then calcu-
lated for all candidate features, the results of which are shown in
Fig. 15. Features 2, 5, and 6 have higher ratios, indicating that
they can provide better separability between new and slightly
worn coupons. As a result, features 2, 5, and 6 (average shoulder
width, third and fourth peak amplitudes in the frequency domain)
are chosen for monitoring tool conditions. Scatter plots of these
features are shown in Fig. 16, which indicates good class
separability.

4.3 Classification. In this subsection, classifiers are designed
for tool condition classification, and leave-one-out cross-
validation (LOOCV) is applied to evaluate the performance. Can-
didate classifiers include linear classifier [26], quadratic classifier
[28], and support vector machine (SVM) [29]. When the data sam-
ple size is limited, cross-validation is commonly used for evaluat-
ing and comparing learning algorithms [2]. LOOCV proposes to
partition the data into two sets: one set only includes one observa-
tion and is used for model validation, and the remaining observa-
tions are used for model training. By repeating this partition for
all observations, LOOCV is able to predict and compare the per-
formance of different learning algorithms.

In order to ensure satisfactory welding quality, the battery plant
applies a conservative tool replacement strategy, i.e., the tools are
always replaced before the degradation can affect the weld qual-
ity. Therefore, it is very difficult to collect coupons that reflect
truly worn tools’ surface profiles from production. To obstacle
this issue, eight coupon surfaces are simulated by truncating the
knurl peaks from new or slightly worn surfaces, and examples of
simulated profiles are shown in Fig. 17.

In this research, 64 coupons, including 38 new coupons (class
1), 18 slightly worn coupons (class 2), and 8 simulated completely
worn coupons (class 3) are used for classifier training and
LOOCV. The comparison of linear classifier, quadratic classifier,
and SVM is shown in Tables 3–6.

From Tables 3–6, it is noticed that the quadratic classifier
achieves the best performance, and the corresponding cross-
validation misclassification rate is 3.13%. Additionally, all cou-
pons in class 3 are classified correctly, and no class 1 or class 2
coupons are misclassified as class 3, implying that the quadratic
classifier is able to accurately distinguish class 3 from the other
two classes. On the other hand, the linear classifier and SVM have
significantly larger misclassification rates, and neither of them is

Fig. 15 Fisher’s ratio for all features

Fig. 16 Scatter plots of selected features

Fig. 17 Simulated profiles for worn tools

Table 3 Misclassification rates of different classifiers

Linear Quadratic SVM

Training error rate 15.63% 1.56% 15.63%
(10/64) (1/64) (10/64)

CV error rate 15.63% 3.13% 18.75%
(10/64) (2/64) (12/64)
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able to completely distinguish class 3 from the other two classes.
Consequently, for this application, the quadratic classifier is able
to achieve satisfactory classification performance.

Note to Practitioners. When applying this tool wear monitoring
framework on the plant floor, it is recommended to adopt a more
efficient and cost-effective measurement system to measure the
coupons. As shown by the previous results in this section, cross-
sectional profiles along the horizontal direction contain rich infor-
mation on the tool degradation level. Therefore, one potential
measurement system may be a line scanner with sufficient resolu-
tions, the measurement of which is generally completed within
minutes. In this way, the tool condition monitoring can be con-
ducted in a more timely manner.

5 Conclusion

Tool wear characterization and monitoring for ultrasonic weld-
ing of lithium-ion batteries have been investigated in this paper.
By comparing tool surface measurements at different tool life
stages, tool wear is characterized by four stages using changes in
the knurl geometry. A novel impression method is then developed
to efficiently and accurately obtain tool surface profiles without
introducing significant interruption to plant production. Finally,
an effective monitoring algorithm is developed using a quadratic
classifier and features that are extracted from space and frequency
domains of cross-sectional profiles on tool surfaces.

This study enhances our understanding of the tool wear mecha-
nism in an ultrasonic metal welding, and the algorithm can be uti-
lized to accurately identify tool conditions, leading to decreased
production costs while ensuring good joining quality in battery
manufacturing.
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Table 6 Confusion matrices for cross-validation

Class 1 Class 2 Class 3

SVM (predicted class)
Class 1 68.42% 5.26% 26.32%

(26/38) (2/38) (10/38)

True class Class 2 0 100% 0
(18/18)

Class 3 0 0 100%
(8/8)

Table 4 Confusion matrices for cross-validation

Class 1 Class 2 Class 3

Linear classifier (predicted class)
Class 1 76.32% 2.63% 21.05%

(29/38) (1/38) (8/38)

True class Class 2 5.56% 94.44% 0
(1/18) (17/18)

Class 3 0 0 100%
(8/8)
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Class 1 Class 2 Class 3
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(1/18) (17/18)

Class 3 0 0 100%
(8/8)
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