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1. Introduction  
 

In manufacturing lithium-ion battery packs for electrical 

vehicles such as the Chevy Volt, it is critical to create reliable 

interconnections between battery cells, module-to-module, and 

module-to-control unit. Such joint connections must possess 

reliable electrical conductivity and sufficient mechanical 

strength to ensure battery performance. Ultrasonic metal 

welding has been adopted for battery tab joining in lithium-ion 

battery pack manufacturing due to its advantages in joining 

dissimilar and conductive materials [1]. 

Ultrasonic metal welding is a solid-state joining process 

which uses ultrasonic vibration to generate oscillating shears 

between metal sheets clamped under pressure [2]. A typical 

ultrasonic metal welding system is shown in Fig. 1. It is 

reported that welding tool replacement is a major production 

cost in vehicle battery production. Specifically, the high 

production costs due to tool replacement and maintenance can 

be divided into three major categories [3]: (1) costs due to 

machine down-time; (2) costs for fabricating, reworking, or 

refurbishing the replaced tool elements; and (3) costs for 

removing worn tools and installing new tools before and after 

tool replacement. 

 

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

 

Tool condition monitoring (TCM) is critically needed in 

automated manufacturing processes for the following reasons 

[4]: 

– Automated high volume production cannot be sustained 

without an effective means for tool wear monitoring and 

tool breakage detection; 

– Tool wear significantly affects production process 

operation, and thus should be closely monitored to 

guarantee consistent product quality. Tool condition 

information is essentially needed for accurate and adaptive 

quality monitoring; 

– The benefits of economically using tool life cannot be 

achieved without a means for tool wear monitoring as a 

result of inevitable variations in tool life. 

 

As a result, TCM has received tremendous attention over 

the past several decades. The majority of the TCM literature 
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has been focused on machining processes [4–17] and forming 

processes [3, 18–21]. Tool wear in turning and drilling 

processes have been studied most often. Some early studies 

investigated the mechanisms of tool wear for establishing 

various physical or empirical models (e.g., [5, 6]) and 

developing effective methods for tool wear monitoring [4, 7–

14]. In general, tool wear monitoring techniques can be 

categorized into direct and indirect methods [15]. Direct 

methods measure the wear of the tools using visual inspection 

or computer vision etc. Indirect methods generally apply some 

sensors to collect process information and then estimate tool 

conditions using on-line signals. For direct tool wear 

monitoring, computer vision is the most popular technique 

[12–14]. However, direct methods have not always proven to 

be attractive economically or technically [4]. Therefore, 

indirect methods using on-line signals are often more desirable, 

as some exemplary scenarios in [4, 6–11]. A typical method 

for developing an indirect monitoring system include the 

following key steps [7]: (i) sensor selection, (ii) signal pre-

processing, (iii) monitoring feature generation; (iv) feature 

selection/extraction; (v) monitoring decision and faulty 

classification using artificial intelligence technique. A 

thorough review on indirect monitoring methods can be found 

in [7]. TCM in micro-milling processes have also been studied 

in recent years [16, 17] utilizing similar monitoring methods 

as those applied to traditional cutting processes, such as 

hidden Markov models and neuro-fuzzy methods. 

Additionally, tool wear in forming processes has also 

attracted some attention, especially extrusion and forging 

processes [3, 18–21]. Archard’s wear model is widely applied 

in studies on extrusion processes [18, 19]. Statistical process 

control analysis of the tool wear evolution in a metal extrusion 

process was conducted in [20], which was used to identify the 

principal causes that result in the wear variability. On the TCM 

of forging processes, an on-line TCM system using artificial 

neural network to integrate information from multiple sensors 

was developed in [21]. 

Despite extensive literature discussing TCM for machining 

and forming processes, limited studies have been conducted 

on TCM of ultrasonic metal welding. There are several 

challenges in the development of a TCM system for ultrasonic 

metal welding. Firstly, only a limited understanding of the 

working mechanism of this process is available. Secondly, the 

tool wear development mechanism is not yet understood. 

Moreover, the geometry of welding tools, i.e., horn and anvil, 

is much more complicated than machining/forming tools.  

Fig. 2 shows sample knurl images on a horn and an anvil. 

There are a number of knurls on the tool surface. The knurl 

may take on different forms, such as that of a pyramid or semi-

sphere. For a pyramid shaped knurl as shown in the figure, the 

knurl diagonal is between 1 mm and 2 mm, and the knurl 

height is several hundred microns, which can be difficult to 

measure using conventional computer vision systems. Thus, a 

high-resolution metrology system is necessary for tool wear 

characterization. 

This paper presents some fundamental findings on the tool 

wear development and a preliminary method for tool condition 

monitoring for ultrasonic metal welding. Tool wear is depicted 

by utilizing a high-resolution metrology system to measure 

and compare the surface profiles of four anvils at different 

stages of wear. Tool wear development is investigated by 

using high-speed imaging to analyze the relative vibration 

amplitudes between the metal sheets and tools during welding. 

To develop an online TCM algorithm for ultrasonic metal 

welding process, the relationship between tool condition and 

online monitoring signals is studied using regression and time 

series models with the Bayesian analysis framework. 

 

 
Fig. 2 Tool geometry of ultrasonic metal welding. 

 

The remainder of this paper is organized as follows. 

Section 2 characterizes tool wear progression in ultrasonic 

welding based on high-resolution 3-D measurement. The tool 

wear mechanism is investigated in Section 3 using high speed 

imaging. Section 4 analyzes online monitoring signals and 

develops a tool condition monitoring algorithm. Section 5 

concludes the paper. 

 

 

2. Characterization of Tool Wear  
 

This section presents the depiction of tool wear in 

ultrasonic metal welding based on height profile comparisons 

among anvils at different wear stages. For the sake of 

presentation simplicity, only results on anvil wear are shown 

in Fig. 3, which presents optical images of the anvils with the 

different shapes at the knurl level. Specifically, Subsections 

2.1 and 2.2 present the wear progression patterns in the 

direction perpendicular to vibration and in the vibration 

direction, respectively. 

 

2.1 Optical Images 

Four anvils at different wear stages, i.e., new, half-worn, 

3/4 worn, and worn, have been measured. Fig. 3 displays the 

optical images of typical knurls in these anvils. 

 

 
(a) New 
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(b) Half-Worn 

 
(c) 3/4 Worn 

 
(d) Worn 

Fig. 3 Optical images of typical knurls in different anvils. 

 
In Fig. 3(a), each knurl possesses regular a pyramid shape. 

However in Fig. 3(b), although the peaks remain in each knurl, 

the shapes are not as regular as in Fig. 3(a), where more 

materials have been removed at the left and right sides. Also 

materials have been lost at the upper and lower sides. In 

addition, the colors of peaks become shining after a certain 

number of welds, indicating wear. In Fig. 3(c), the left and 

right sides of each knurl are almost flat, and only a small 

amount of materials remain in the upper side. Finally in Fig. 

3(d), all peaks have been removed and the knurls become 

completely flat. 

 

2.2 Tool Wear Progression in Direction Perpendicular to 

Vibration 

This subsection characterizes the wear progression in the 

direction perpendicular to the vibration, as shown in Fig. 3. In 

each anvil, one measurement is conducted in the cross section 

to display the height profiles of eight knurls, and the results 

are presented in Fig. 4, which clearly shows how wear 

develops. 

 

 
(a) 

 
(b) 

 
(c) 

 
(d) 

Fig. 4 Height profiles in the direction perpendicular to 

vibration. 

 

In Fig. 4(a), one can see that the cross sections of all 

knurls of a new tool have triangle shapes and similar peak 

height. In Fig. 4(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 (height decreases); the side wear represents 

the wear around the peaks, where two “shoulders” form at the 

left and right sides; the breakage usually happens from the 

center of weld area, which is indicated by a depressed shape. 

In Fig. 4(c), the height reduces significantly compared with 

Fig. 4(b), and some of the peaks are almost removed. 

Additionally, the width of shoulders increases. In Fig. 4(d), all 

peaks have disappeared, and the surface becomes completely 

flat, indicating breakage of the knurls. 

Based on the findings revealed by Fig. 4, the knurl wear 

progression can be divided into four stages, as illustrated by 

Fig. 5, which are summarized as follows: 

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 

the surface becomes completely flat. 
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Fig. 5 Anvil knurl wear progression in the direction 

perpendicular to vibration. 

 

 
Fig. 6 Proposed features for wear quantification in the direction 

perpendicular to vibration. 

 

To quantify the wear level, several profile features are 

proposed as shown in Fig. 6. H represents the decrease 

amount of the peak height; S is the decrease amount of the 

side areas; d1 and d2 are the width of the left and right 

shoulders, respectively, and when the knurl reaches Stage 4, 

they will be replaced by one feature, d, which is the length of 

the flat area. 

It should be noted that some of the proposed features may 

be redundant; thus, further analysis is needed for feature 

selection. 

 

2.3 Tool Wear Progression in Vibration Direction 

Similar to Subsection 2.2, we measure the aforementioned 

four anvils in the direction parallel to the vibration, as shown 

in Fig. 3, and the results are shown in Fig. 7. 

 

 
(a) 

 
(b) 

 
(c) 

 
(d) 

Fig. 7 Height profiles in the vibration direction. 

 

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 vibration direction: more materials have been 

removed in the knurl’s lower side in Fig. 3(b), and a groove 

appears. A knurl in this stage has two peaks, i.e., a main peak 

and a side peak. This asymmetry is further illustrated in Fig. 8. 

Fig. 8 (a) is an optical image obtained by a microscope, and 

Fig. 8 (b) is a 3-D image. 

 

 
 (a) Optical image (b) 3-D image 

Fig. 8 Asymmetry wear progression pattern in the vibration 

direction. 

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 vibration 

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 wear 

progression in the vibration direction is divided into four 

stages as illustrated by Fig. 9. The stages are summarized as 

follows: 

Stage 1: The knurl is new, and it 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 

disappears. The height of the main peak continually 

decreases. 

Stage 4: Finally, the main peak is completely removed, and 

the surface becomes flat. 

 

 
Fig. 9 Anvil knurl wear progression in the vibration direction. 
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Fig. 10 Proposed features for wear quantification in the 

vibration direction. 

 
To quantify the wear level, several features are proposed a

s shown in Fig. 10. d is the amount of the peak shift; h and w a

re the depth and width of the groove. Note that feature selectio

n is needed to choose the best subset of features. 

 

3. Tool Wear Mechanism 
 

In this section, high-speed imaging is utilized to analyze 

the vibration behavior of each metal layer during welding, and 

the wear mechanism is then explained based on the analysis. 

 

3.1 Experimental Setup 

High-speed imaging has been widely used to analyze 

various welding techniques, e.g., laser welding [22] and arc 

welding [23], but has never been attempted for ultrasonic 

metal welding due to its high frequency characteristics. 

However, recent development in high-speed imaging 

technology enables the observation of high frequency 

oscillations of the metal sheets in ultrasonic welding. 

A Phantom v1610 digital high-speed camera with a 

telescope lens was used to record the dynamics of the metal 

workpiece during ultrasonic welding. Three layers of 0.2 mm 

nickel-plated C11000 copper (top) and one layer of the same 

material but 1.0 mm (bottom) were placed on an anvil. Fig. 

11(a) illustrates the side view of the camera setup showing the 

workpiece aligned with the horn. This alignment was intended 

to observe the vibration behavior of the horn and workpiece 

together. 

The images were taken at 100,000 frames per second with 

an exposure time of 9 μs, which provides five images per one 

vibration cycle. The size of the image was 256 × 256 pixels. 

The small vibration motion of a metal layer, tens of microns, 

was able to be recorded owing to a 35 times zoom capability 

of the telescope lens together with the CCD. Light was 

provided by a 150W Dolan-Jenner illuminator through fiber 

optic light-guides for high-speed imaging. Finally, the images 

were digitally obtained and processed by Phantom camera 

control application software. The lateral displacement of each 

metal layer was measured in the consecutive high-speed 

images as illustrated in Fig. 11(b). 

 

 
Fig. 11 Schematic of high-speed camera setup: (a) workpiece 

stack-up aligned with horn (side view); and (b) displacement 

measurement of metal layer (front view) [24] 

 

The metal sheets were welded by a 20 kHz, 3.6 kW, 

AmTech lateral-drive ultrasonic spot welder. The clamping 

pressure, the horn vibration amplitude, and the weld time were 

chosen as 50 psi, 60 μm, and 0.4s, respectively. 
 

3.2 Tool Wear Formation 

To show the variations of lateral movements of the metal 

layers, the vibration magnitudes at different weld times are 

obtained and plotted against time as described in Fig. 12. 

 

 
Fig. 12 Progress of vibration amplitude of horn and four metal 

layers during the entire welding process [24] 

 
From Fig. 12 one can see that at the beginning of the

 weld cycle, each layer vibrates at a different amplitude 

which changes over time. After some time, all the vibrati

ons converge into the same amplitude for the rest of the 

welding process. Specifically, 

– Up to 0.1s, the vibration amplitudes of all four layers are 

different and then converge at 30 μm and stay until the end 

of the process. 

– After 0.1s weld time, slippage is observed between the 

tool (both horn and anvil) and metal sheets since the horn 

is vibrating at a magnitude of 60 μm and the anvil is 

stationary. 

 

From Fig. 12, one can observe that during a short period 

after the weld began, the horn and the first metal layer had the 

same amplitude, but afterwards, they have different 

amplitudes. Especially after 0.1s, the vibration amplitude of 

the horn stayed at 60 μm, and that of the first metal layer was 

30 μm. Therefore, sliding friction exists between the horn and 

the metal sheets, and this contributes to the horn wear. 

On the other hand, the anvil was static during welding, and 

the vibration amplitude of the fourth layer increased from 0 

after the weld started, and reached 30 μm at 0.1 s. After 0.1 s, 

it stayed at 30 μm until the end of the weld. Thus, there is 

always sliding friction between the fourth metal sheet and the 

anvil, and contributes to the anvil wear. 

More detailed discussion on the real-time vibration 

behaviors of metal layers and welding tools in ultrasonic 

welding can be found in [24]. 

 

 

4. Tool Condition Monitoring Using Online 
Signals 

 

In this section, the relationship between tool conditions 

and online signals is established using regression and time 

series models. Since the mechanism behind oscillation in 

ultrasonic metal welding is directly affected by the geometry 

of the tool, the actual vibration frequency during welding 

gives a good indication about tool conditions. The dominant 

frequency can be extracted from monitoring signals using the 

Fourier transform or can be directly collected from 

microphone. 

Fig. 13 shows the dominant frequencies from high-quality 

welds produced in a four-month period. Anvil changes are 
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indicated by the red dashed lines. Among the 8 anvils used in 

this period, anvil #1, 3, 4, 5, 7, and 8 were used in more than 

20,000 welds. In order to establish a model for the dominant 

frequency with respect to tool degradation, we consider the 

data from these 6 anvils for analysis. 

 

 
Fig. 13 Dominant frequencies and anvil changes. 

 

4.1 Relationship between Tool Conditions and Frequency 

Features 

Denote the model response, 𝑦𝑖 , to be the dominant 

frequency of the 𝑖th weld produced by the current anvil. The 

model predictor, 𝑋𝑖, is the number of welds produced by the 

current anvil so far. The relationship between 𝑦𝑖  and 𝑋𝑖 is 

established for each anvil. Among different anvils, the model 

parameters may be different but the model structure should be 

consistent. 

The relationship between 𝑦𝑖  and 𝑋𝑖 is characterized by a 

linear model with autocorrelated and heteroscedastic residuals: 

𝑦𝑖 = 𝛽0 + 𝛽1𝑋𝑖 + 𝜖𝑖                  (1) 

𝜖𝑖 = 𝑐 + 𝜙1𝜖𝑖−1 + 𝑢𝑖 + 𝜃1𝑢𝑖−1            (2) 

𝑢𝑖 = 𝜎𝑖𝜐𝑖                       (3) 

𝜎𝑖
2 = 𝜅 + 𝛼1𝑢𝑖−1

2 + 𝛾1𝜎𝑖−1
2               (4) 

where (2)–(4) represent a time series model for the 

residuals: 

𝜐𝑖  ~ 𝑖. 𝑖. 𝑑. 𝑁𝑜𝑟𝑚𝑎𝑙(0,1) 

𝑢𝑖|𝜎1
2, … , 𝜎𝑖−1

2  ~ 𝑖. 𝑖. 𝑑. 𝑁𝑜𝑟𝑚𝑎𝑙(0, 𝜎𝑖
2). 

The model parameters can be estimated by a three-step 

method: 

i. Estimate the parameters in (1) by ordinary least squares 

(OLS):  

�̂� = (𝑿𝑇𝑿)−1𝑿𝑇𝒚 
where 

𝜷 = [𝛽0 𝛽1]𝑇 , 𝑿 = [
1 𝑋1

⋮ ⋮
1 𝑋𝑁

] , 𝒚 = [𝑦1 … 𝑦𝑁]𝑇; 

ii. Fit model (2) - (4) to the OLS residuals {ϵi} and estimate 

parameters. 

Based on the Ljung-Box Q-test and Engle’s test, we 

corroborated that the residuals {𝜖𝑖}  were autocorrelated 

and also conditional heteroscedastic. Hence, we 

introduced the autoregressive–moving-average (ARMA) 

model [25] to deal with conditional means and the 

generalized autoregressive conditional heteroscedastic 

(GARCH) model [26] to deal with variance 

heteroscedasticity. The degrees of the ARMA-GARCH 

model can be selected by the Bayesian information 

criterion (BIC). The above (2)– (4) represent an 

ARMA(1,1) – GARCH(1,1) model , which is determined 

without loss of generality. 

iii. Re-estimate the parameters in (1) using weighted least 

squares (WLS):  

�̂� = (𝑿𝑻𝑾𝑿)−𝟏𝑿𝑻𝑾𝒚            (5) 

where the weights are the reciprocals of the conditional 

variances: 𝑊𝑖𝑖 =
1

𝜎𝑖
2  and 𝜎𝑖

2  is estimated by the 

𝐺𝐴𝑅𝐶𝐻(1,1) model. 

 

To sum up the above three steps, the relationship between 

the dominant frequency ( 𝑦𝑖 ) and the number of welds 

produced by the current anvil (𝑋𝑖) can be represented by a 

linear model with ARMA-GARCH residuals.  

Fig. 14 shows the dominant frequencies with the fitted 

lines given by model (1)–(5) for all 6 anvils analyzed. Table 1 

gives the estimated model parameters for these anvils. Notice 

that the model parameters are slightly different for different 

anvils although the model structure is identical. This model 

structure provides in-depth information about historical anvils 

and also lays foundation for online tool condition monitoring 

and prediction. 
 

 
 (a) (b) 

 
 (c) (d) 

Fig. 14 Dominant frequencies and linear regression lines given 

by weighted least squares: (a) Anvil #1; (b) Anvil #3; (c) Anvil 

#4; (d) Anvil #5; (e) Anvil #7; and (f) Anvil #8. 

 
Table 1. Model parameters. 

 

 

Anvil 

#1 

Anvil 

#3 

Anvil 

#4 

Anvil 

#5 

Anvil 

#7 

Anvil 

#8 

𝛽0 20212 20174 20166 20177 20161 20153 

𝛽1 
-

0.0021 

-

0.0021 

-

0.0019 

-

0.0017 

-

0.0016 

-

0.0014 

𝑐 -0.008 0.000 -0.073 -0.025 -0.112 -0.003 

𝜙1 0.978 0.967 0.955 0.969 0.942 0.944 

𝜃1 -0.771 -0.717 -0.704 -0.756 -0.642 -0.708 

𝜅 15.591 0.027 12.506 12.205 26.657 27.605 

𝛼1 0.075 0.012 0.095 0.124 0.120 0.142 

𝛾1 0.624 0.988 0.622 0.607 0.311 0.505 

 

4.2 Modeling for Online TCM 

Since each anvil is unique, online tool condition 

monitoring should adjust the parameters for the current anvil 

instead of only adopting historical parameters given by Table 1. 

Hence, an updating scheme is needed in order to estimate and 

update the parameters of the model developed in Section 4.1. 

The model parameters are updated to reflect the uniqueness of 

the current anvil. The updated model is then used to predict 

feature values in future and estimate the remaining tool life. 

Fig. 15 illustrates the flowchart of online TCM and tool life 
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prediction. 

During online TCM, 𝑛  data points are observed at 

𝑋𝑛, 𝑛 = 1,2, … , 𝑁. Based on (𝑋1, 𝑦1), … , (𝑋𝑛 , 𝑦𝑛), a linear 

regression model with ARMA(1,1) – GARCH(1,1) residuals 

can be developed using the method in Section 4.1. Denote the 

set of all model parameters as 𝛿 = (𝛽0, 𝛽1, 𝑐, 𝜙1, 𝜃1, 𝜅, 𝛼1, 𝛾1). 

𝛿 is then updated through Bayesian estimation. The posterior 

mean values of 𝛿  are then used to predict future values 

𝑦𝑛+1, 𝑦𝑛+2, … and estimate the remaining tool life. 
 

 
Fig. 15 Flowchart of online TCM and prediction. 

 

To perform Bayesian analyses of the linear and ARMA-

GARCH model given in model (1) – (5), we construct the 

posterior density function of the model: 

𝑝(𝛿|𝑦, 𝑋) =
𝑙(𝑦|𝑋,𝛿)𝑝(𝛿)

∫ 𝑙(𝑦|𝑋,𝛿)𝑝(𝛿)𝑑𝛿
             (6) 

where 𝛿 is the set of all parameters in the ARMA-GARCH 

model, 𝑙(𝑦|𝑋, 𝛿) is the likelihood function, and 𝑝(𝛿) is the 

prior. The likelihood function of the ARMA-GARCH model is 

𝑙(𝑦|𝑋, 𝛿) = ∏
1

√2𝜋𝜎𝑖
2

exp [−
𝑢𝑖

2

2𝜎𝑖
2]𝑛

𝑖=1             (7) 

where 

0

10 1 1 1 0 1 1 1

( 0)

( 1, ..., )( )
i

ii i i i

u i
u

i ny X c y X u       

 
 

      

 

(8) 

and we assume 𝑦0 = 𝛽0, 𝑋0 = 0 as starting values. 

For the prior, we use the following proper prior: 

0 0 1 1

1 1 1 1

1 1 1 1

, , 1 1 1 1

, , 2 1 2 1

( ) ( , ) ( , )

( , ) ( , ) ( , ) ( )

( , ) ( , ) ( , ) ( )

c c C C

C C

p N N

N I c N I

N I N I

   

   

     

  

   

    

   

   

   

     (9) 

where 𝐼𝐶1(. ) and 𝐼𝐶2(. ) are indicator functions which take 

unity if the constraints hold, and 𝑁(. ) represents the normal 

distribution. C1 is the constraint related to the stationarity and 

invertibility of the ARMA process, and C2 is imposed to 

guarantee that the conditional variance 𝜎𝑖
2 is always positive.  

The posterior distributions of parameters in the ARMA-

GARCH model are approximated by the Gibbs sampler. The 

Gibbs sampler algorithm iteratively generates a dependent 

sequence of parameters {𝛿(1), 𝛿(2), … , 𝛿(𝑆)}. The median of 

{𝛿(1), 𝛿(2), … , 𝛿(𝑆)} is then used as the updated parameters for 

online TCM and prediction.  

During online TCM, model parameters 𝛿 are estimated at 

𝑋𝑛 and then updated through Bayesian analysis and Gibbs 

sampling algorithm. The posterior values of 𝛿 are then used 

to predict future values 𝑦𝑛+1, 𝑦𝑛+2, …  and estimate the 

remaining tool life. Fig. 16 shows the prediction of feature 

values 𝑦𝑛+1, 𝑦𝑛+2, …  for anvil #7 at 𝑛 =
600, 1000, 1500, and 2000. The light blue dots are observed 

feature values till 𝑋𝑛 ; the blue line is the fitted linear 

regression model with ARMA-GARCH residuals based on 

Section 4.1; the grey dots are true feature values after 𝑋𝑛; the 

red line and black dashed lines are the predicted mean feature 

values and confidence intervals at 𝛼 = 0.05, respectively.  

As can be seen from Fig. 16, the prediction is adjusted 

when more observations become available. The newly 

observed feature values reflect not only the general production 

condition, but also actions occurred in this period, such as tool 

cleaning. The updating scheme is executed automatically to 

consider the changes brought by the new observations and 

then to adjust the predicted trend accordingly. 
 

 
 (a) (b) 

 
 (c) (d) 

Fig. 16 Prediction of feature values (anvil #7) at (a) n=600; (b) 

n=1000; (c) n=1500; and (d) n=2000. 

 
The remaining anvil life can be estimated based on the 

predicted feature values when an anvil life threshold is known. 

The threshold can be approximated based on the prior 

knowledge of the remaining tool life (in terms of a percentage 

or number of welds) of these historical anvils (anvil #1, 3, 4, 5, 

and 7). 

 

 

5. Conclusions and Future Work 
 

In this study, some preliminary results on the 

characterization and monitoring of tool wear in ultrasonic 

metal welding have been presented. More specifically, three 

topics were discussed: 

(1) Wear progression in anvil knurl has been depicted in two 

directions, i.e., the direction perpendicular to vibration and 

the vibration direction, by comparing height profiles of 

anvils at different wear stages. The knurl wear can be 

divided into four stages, and different wear patterns exist 

in two directions. 

(2) Tool wear mechanism has been explained by measuring 

the vibration amplitudes of horn and metal layers during 

welding. Sliding friction induced by relative displacements 

contributes to the wear of horn and anvil. 

(3) The relationship between the anvil conditions and the 

features extracted from online signals has been established 

using the regression and time series models. 

 

More research work is needed to develop an effective 

TCM system for ultrasonic metal welding, and our ongoing 
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efforts have been focused on: 

(1) Characterizing the tool wear in anvil/horn level, and 

finding the best representative features to quantify tool 

wear. 

(2) Improving the TCM model such that it can be robust to the 

inevitable noises in the on-line monitoring features. 
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