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Abstract: Monitoring tool degradation during manufacturing can ensure product accuracy and reliability. However, due to variations in degradation conditions and complexity in signal analysis, effective and broadly applicable monitoring is still challenging to achieve. In this paper, we report a novel monitoring method using ultrasound signals augmented with a numerically trained machine learning technique to monitor the wear condition of friction stir welding and processing tools. Ultrasonic signals travel axially inside the tools, and even minor tool wear will change the bounced-back signals in terms of time and amplitude. An artificial intelligence (AI) algorithm was selected as a suitable referee to identify the small variations in the tool conditions based on the bounced-back ultrasound signals. To properly train the AI referee, we generated a human-error-free data bank using numerical simulation. The simulation models the experimental conditions with high fidelity and can provide comparable ultrasound signals. As a result, the trained AI model can recognize the tool wear from real experiments with sub-wavelength accuracy prediction of the worn amount on the tool pins. 

1. Introduction
Friction stir welding and processing (FSW/P) is a modern manufacturing technique, which has widespread application in the aerospace, aviation, automotive, railcar, shipbuilding, oil & gas, and electronics industries. A great amount of attention relating to FSW/P have been attracted since FSW was invented in 1991 [1], and the global FSW&P market revenue will exceed 1.04 billion dollars by 2026 [2]. Compared with laser welding and processing, another widely applied modern manufacturing method which relies on local melting to join or modify the microstructure of metallic materials, FSW/P depends on friction-induced heat and strain. The maximum temperature during FSW/P ranges from ~80-90% of the melting point of the workpiece [3, 4, 5] so that the common problems occurring in fusion-based manufacturing methods (i.e., laser welding and processing), such as hot cracks and inclusions, can be avoided. Furthermore, favorable microstructures such as refined grains and second phases can be obtained from the severe plastic deformation introduced by the FSW/P tool involving temperature, mechanics, metallurgy, and interactions [6]. 
However, FSW/P tools are subjected to severe stress and high temperatures, leading to tool wear (degradation) [7] or fracture [8] which causes concerns about consistency of product quality. For example, a reduction in FSW/P tool length can lead to the lack of penetration (Supplementary Figure S1 (C1) and (C2)); the inadequate material flow can manifest as volumetric defects in the weld and process zone (Supplementary Figure S1 (D1-3), (E1-3) and (F1-3)). Highly durable tools still are under development; their lack limits broader industrial applications of FSW/P, especially when workpieces are high-strength materials such as high-strength aluminum alloys, steel, nickel and titanium alloys, and metallic-based composites [9, 10]. An even more crucial barrier to popularizing FSW/P in industries is that there is no practical and convenient method for monitoring or measuring tool wear during the manufacturing process. Presently, most researchers applied ex-situ methods to measure tool wear, which requires FSW/P tools being removed from the machine and being cleaned in highly corrosive chemicals for several hours. This is impractical for industrial applications. In recent years, researchers have also developed several in-situ methods for monitoring tool wear. One of the more promising in-situ methods is to extract information regarding tool geometry degradation based on weld and process forces [11, 12]. However, the weld and process forces are not only related to tool geometry but also associated with weld and process parameters (change in temperature) and workpiece materials. Another possible direction is to apply X-ray [13] or laser profilometer [14] monitoring of tool wear, but these are too complicated for industrial adoption. 
In FSW/P quality controlled filed, AI programs were also applied with some sensing techniques for correlating the detected information with desired outputs without clear logic connections in human sense. In the literature, some existing suggestions were focused on the AI assisted monitoring of the temperature distribution [15], welding machine feedback [16], and processed surface imaging [17]. All of the factors were necessary to include in a monitoring loop for a better production quality. Besides the machine and workpiece feedback, the tool wearing also impacted the FSW/P quality which was barely discussed in the existing literature. In practical cases, the tool wear or degradation is a more direct factor leading to flawed products. To make the instant tool length inspection feasible, we use the ultrasound time-of-flight to reduce the application dimension from 3D (tools) to 1D (temporal signals), and integrated machine learning to approach the goal. 
In this study, we propose a novel technique, which uses ultrasonic signals along with a numerically trained AI system to monitor the tool geometry variance. Any minor tool wear will change boundary shape and further influence the bounced-back signals, making this approach a promising solution for controlling quality in manufacturing industries. Figure 1 schematically shows the scope of current study. By varying the pin shape (profile), the corresponding ultrasonic signals for varying wear stage are obtained through finite element analysis (FEA) based COMSOL simulation. Due to the pin tip curvature, the non-linearity was introduced in the relationship pin length and time-of-flight values. The difficulty limited the conventional ultrasound distance estimations but can be overcome by an AI program. Considering many interval points, in accordance with pin shape, the finite FSW/P tool life can be described in the form of a numerical data bank produced by simulations (as displayed in the purple rectangle of Figure 1). From the comparison between 16 different machine learning models, a suitable machine-learning regression algorithm was selected based on the performance in terms of accuracy. The model was trained by the processed simulation data bank. The trained model was further applied to predict the numerical ultrasonic result according to the correlated pin shape of the matching tools (as displayed in the green rectangle of Figure 1). Once the trained model has accumulated experience, the experimentally collected ultrasonic data is able to be recognized and coupled to the studied conditions existing in the training database in order to predict the health of the current tool (as displayed in the red rectangle of Figure 1).

Figure 1. Background and method overview: Schematic flow chart of the entire method including background, simulation, machine learning and experiment parts.

2. Feasibility and equipment selection of ultrasonic monitoring
Ultrasound techniques are becoming prevalent in the manufacturing industry for instant flaw detection and non-destructive elasticity estimation of a target without advanced sample preparation. Compared with electromagnetic non-destructive testing (NDT) methods such as eddy current or thermal imaging, ultrasound has more balanced penetration depth, testing speed, and accuracy.
In this study, the tool wear difference was measured by ultrasound time-of-flight along with the depth with the constant mechanical and physical properties on the material, H13 tool steel. To properly apply ultrasound techniques, precise equipment selection including frequency, pulse shape, attenuation, dispersion, and scattering needs to be conducted. The current commercialized normal-incidence single element piezo-electric ultrasound transducers cover a broad frequency range from about 50 kHz to 200 MHz. Within the transducer effective bandwidth, we expected to avoid frequency-dependent speed of sound difference. As Figure 2 (A) shows, frequency dispersion experimentally determined in H13 steel over the bandwidth of the transducer below 30 MHz was low enough to be negligible. Between the range from 30 to 50 MHz, the dispersion effect from the internal microstructure was non-negligible which would elongate the acoustic pulse introducing uncertainty in time-of-flight measurements. Moreover, the spatial pulse width of the available transducers ranged from the scale of centimeter (cm) to micrometer (µm). The operating pulse width in a tool must be substantially smaller than the typical length of the tool pin to induce better spatial resolution. The pulse width needs to be greater than the grain size in the H13 tool steel to eliminate additional attenuation and scattering effects due to the existence of grain boundaries [18] as illustrated in Figure 2 (B). By this methodology, as long as the grain size in friction stir welding/processing tool is smaller than the wavelength, the impact of grain size variation would not be significant. The tool grain size and shape in the tool might change under significant heat and stress. However, unlike the annealing process providing the enlargement of grain size, during the FSW/P, the thermo-mechanical effect on the tool pin does not increase the grain size significantly. Detailed equipment selection procedures were described in Supplementary Section 2.1. The final selection was a 20 MHz fundamental frequency transducer. The detectable smallest feature with that frequency is about 0.3 mm, on the tool with non-significant attenuation, as shown in Figure 2 (C). The pulse envelope of the transducer in H13 steel was experimentally acquired by the setup described in Supplementary Section 2.4.1. To ensure high similarity between numerical time-of-flight signals and practical experiments, a specifically designed analytical pulse function was applied as an acoustic source in our numerical simulation which was comparable with the experimentally recorded pulse shape (Figure 2 (D)). 

Figure 2. Equipment selection: (A) Experimental measured ultrasound dispersion of the studied transducers in H13 tool steel. f1, f2, and fc indicated the lower band edge, higher band edge, and fundamental frequency of the applied transducers from 0.5 MHz to 50 MHz. The information was experimental characterization of the Olympus single element transducers. (B) The calculated pulse width of various transducers with different center frequencies from 0.5 MHz to 50 MHz. The pulse width was obtained from the frequency-temporal translated bandwidth of the transducers. The sub-figure is a comparison of the long enough operating wavelength for the typical microstructure in tool steel. (C) The potentially detectable size by the ultrasound wave along with the operating frequency and frequency-dependent attenuation in tool steel. The sub-figure illustrates the zoom-in view of frequency-dependent detectable size and attenuation around the range around 20 MHz. (D) High similarity between the experimentally recorded pulse envelope and the analytical pulse function which was further applied in numerical simulation as the source.

3. Training databank from numerical simulation
Even though time-of-flight measurement is one of the classic acoustic techniques, the non-standardized data analysis method established additional human errors. In time-of-flight measurements, the wave arrival time or speed-of-sound can be highly deviated based on the methods of peak selection. The accuracy of experimental output is highly dependent on the peak selection which must be done independently according to the systems to decrease the impact of dispersion. Alternatively, machine learning techniques are highly suitable to recognize data reliability. 

Figure 3. Simulated database: (A) Example time of flight simulation of 6mm and 4mm pin length tool. At the same time point, the pulse traveled a short path in the 4mm pin tool. (B) Example temporal signal from the numerical simulation of various pin length tools. (C) Normalized absolute amplitude of the temporal time of flight database from numerical simulation of the tools with varying length of the pin from 1.6 mm to 6 mm. (D) Zoomed in view of (C) around the time at the completion of the first round-trip. In the database, a total of 108 sets of temporal signals were calculated. (E) Comparison for (D) by simulating flat head tools highlighted the non-linearity of the relation between pin length and echo arrival time in the round head database where the relation was fully linear in flat head tools.
In the case of FSW/P tool wear, axial symmetry exists in the ultrasound transducer, tool geometry, and tool motion which leads to axial symmetric wear or degradation in the tool. Detailed explanation of the asymmetricity of tool wear is presented in Supplementary Section 1.1 and Figures S1(A1-3), (B1-3), (G1-2), and (H1-3). Based on this premise, the numerical model can be simplified, and the calculation time significantly reduced. In the numerically calculated training database, the model was 2-dimensional as the cross-section of the FSW tool (see Figure 3 (A)). The generated results were a 1-dimensional echo signal versus time (see Figure 3 (B)). To approach the numerical model of the wear process closer to the practical situation, we built a simple model for tool pin wear. The tool pin was defined as a tall semi-ellipse which was defined by only two factors, width and height. The shortening (wear) of the pin was achieved by decreasing the ellipse height with constant width, which automatically adjusted the curvature of the pin. The change of the curvature induced non-linear tool-length to travel-time relation of the echoes (Supplementary Section 2.2). The complexity in the model and simulated signals are extremely challenging for humans to identify.
In the database, the simulated model varied the height of the semi-ellipse tool pin from 1.6 to 6 mm. The calculated time window was wide enough for the pulse to complete more than 3 roundtrips in the longest pin-length tool. In Figure 3 (C), after the initial trigger signal at around time 0, the actual first echo is shown as the vertical line at around 4 . This is due to the constant tool shoulder height in all the cases. Between 4.25 to 6.25 , the second reflection traveled back from the tip region of the pin. Due to the tool pin wear and the resultant broadening curvature on the semi-ellipse tool pin, the arrival time and amplitude of the second echo is not fully related to pin length as a linear function shown in Figure 3 (D), compared with the flat head tool cases in Figure 3 (E) (detailed in Supplementary Section 2.3).

4. Data preprocessing with numerical databank and model selection and training in simulation environment
In supplementary material, Tables S1 and S2 show the preliminary results given AI models trained from the raw databank: the training phase can achieve high accuracy results. However, the real sample testing shows significant error rate, which reveals that the difference between the simulation data and real samples has significant influence over the trained model. In this case, we designed a series of preprocessing steps to reduce the impact of the data differences and enhance the model performance: noise augmentation, differential conversion, aggregation, and dimension reduction. Details are described in Supplementary Section 3.1.1. The goal of such data preprocessing steps is to find methods to strengthen the connection between real-world data and the simulated data with our limited databank size. Our results show that the preprocessing stage is vital to achieving the desired performance for our prediction. 
Our tool wear monitor problem is a typical prediction problem in AI modeling. In the following, we explore conventional algorithm-based AI prediction models, i.e., regression prediction algorithms, to verify our concept. To explore the performance of different regression models, we compared 16 common regression algorithms. Details are described in Supplementary Section 3.1.2. In Figure 4 we report the best fit model: random forest algorithm (subfigure (A)) [19]. The residual plot and validation plot in Figure 4 (B and C) show that the model fits well within the simulation environment and the training scores. Figure 4 (D) shows the performance of predicted results against the actual targets in the simulation dataset. The measurements show that the regression modeling for tool wear prediction is reliable in the simulated environment. In the next section, we report our model verification over the real-world data.

Figure 4. AI model training and examination. (A) The illustration of the random forest model. (B) The training score of the model training using the numerical simulation generated databank. (C) Residuals for the random forest model over the simulation data: The majority of the dots are close to the zero line, indicating better model reliability. The inner figure shows the validation curve for the random forest model over different tree depth: train and cross validation score are both high, which indicates that the model fits well. (D) Prediction error for the random forest model over the simulation data: The best fit line (predicted tool wear), identity line (tool wear in simulation) and the majority of the R-squared values align well together, which shows good prediction performance.

5. Experimental verification:
To verify the feasibility of recognizing the tool health condition using the trained machine learning program and ultrasonic measurement, we conducted experiments to obtain the experimental data sets illustrated in Figure 5 (A) by the experimental setup in Supplementary Section 2.4.3. The pin length varied from 4 to 6 mm as the insert photographs (left corners) show in Figure 5 (B). Comparing with numerical simulation and experiments, the numerical and experimental temporal signals were comparable during the first and second complete wave roundtrips. A weak scattering waveform was observed in the experimental signals around the first and second echoes which was absent in the simulation generated data. From the beginning of the second roundtrip, the waveform from the experiment and simulation started to diverge due to the slight difference existing in the curvature of the real tool pins versus in the simulation model.

Figure 5. Experimental results: (A) Normalized absolute amplitude of the temporal time of flight database from experiments of the tools with varying length of the pin from 4 mm to 6 mm. (B) Waveform comparison between numerical and experimental time of flight signals. The red lines refer to the numerical results from simulation and the black lines were from experiments.

Figure 6. Machine learning identification results on the experimental data. Red line showed the actual pin length, and blue line showed the AI examined pin length.

The simulation data trained machine learning model was used to read the experimental data we produced in the last section. In Figure 6, showing 7 sets of experimental data, the full pin length (6 mm) tool experimental data was selected as a reference for estimating the wear conditions for the rest of the worn tools. The machine learning showed exceptional performance on determining the reduction in tool length with curvature variations. As Figure 6 and Supplementary Table S2 illustrate, the average error over the 6 specimens was 2.1%. The maximum error occurred on the 4.8 mm pin length case which was about 3.9% of pin length. 3.9% error referred to 189.5 µm variation which was smaller than our ultrasound operating wavelength (λ), 290 µm. The average prediction error was 96 µm which was approximately one-third of λ. 

6. Discussion and conclusion:
As FSW/P research is blooming in academia and manufacturing industries, the feasibility of broadly applying FSW/P in industries is still a long-standing challenge due to the lack of reliable quality-controlled methods. Machine learning techniques have been applied in the friction stir welding manufacturing for monitoring the vision profile of welding path [20] or the machine feedback information such as force and torque [16]. However, the methods can barely prevent flaw formation before it happens, since the vision or feedback outlier data that arose were both caused by the flaw initiation [16]. Additionally, to obtain a proper training bank of vision or machine feedback data experimentally is also challenging due to the unavoidable human/equipment errors and high degree-of-freedom interference of involved factors. The presence of the errors in a training bank can significantly impact the identification accuracy of machine learning programs [21]. Multi-factors induced high degree-of-freedom machine learning required a correspondingly increased amount of training data as the number of factors increased [22]. The tremendous amount of training data from experiments raised the possibility of more errors in the training data bank. Hence, we realized the proper fit of a training data bank produced using numerical simulation. With the intentional simulations and experiments design, the condition of simulation and experiments converged to be similar enough to provide comparable output data. Consequently, an accurate and cost-friendly machine learning program was trained with simulation data to successfully recognize practical data from experiments with sub-wavelength accuracy. 
The current stage of this study was proof-of-concept. But the system can be applied in practice in the future, working approximately in real-time. As Table S1 (in supplementary file) showed, the AI program only needs less than 0.1 second to make the decision. On the signal acquisition side, the required time was experimentally determined as 1.3 seconds with the temporal averaging processing under a high sampling rate (sampling was much higher than wave frequency). Hence, in principle, the system can achieve tool monitoring with around 1.5 seconds refreshing rate. The typical FSW/P pin moving speed (on the welding direction) are around 8 IPM (inch per min). In another words, the pin length can be monitored every 5 mm distance on the welding axis. The typical tool lifetime was counted on a meter scale. The monitoring refreshing rate is adequate to serve as an approximate real-time process. 
The current study offers a demonstration to resolve one of the technical limitations existing in the friction stir welding/processing field. In the supplementary materials section 4, more discussion and cases studies were posted about the thread features detection and feasibility over the different tool/workpiece materials selection. However, the significance of the method is not limited to tool wear or FSW field. Most of the acoustic time-of-flight measurable quality monitoring with numerically modellable conditions can be managed better with our proposed method, which has potential to provide reliable alternative solutions for better production quality in the related industrial fields. 
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1.1. Visualized wear conditions of FSW/P tools 
The current section is used to verify one presumption that the tool wear is axisymmetric according to the literature. The images of tools before and after FSW collected from the literature [1,2] are displayed in Figure S1. It can be concluded that tool wear is axisymmetric such that the one-dimensional ultrasonic signals can be used to represent the three-dimensional tool wear or degradation. Common characteristic defects during friction stir welding and processing are due to tool wear [1]. Reduction in tool pin length can lead to a lack of penetration or cavity defects. As shown in Supplementary Figures 1(C1) and (C2), lack of penetration will lead to un-bonding regions between welding partners during friction stir welding [2], while the reduction in tool pin length can lead to cavity defects during friction stir processing [3].  Figure S1. Pictures of tools before and after FSW collected from the literature [1-6]: (A1-3) tool material is 01 AISI oil hardened steel and base material is Al 6061 + 20 vol.% Al2O3 composites; (B1-3) tool material is H13 tool steel, and base material is Cu-0.8wt%Cr-0.1wt%Zr alloy. (C1) and (C2) Cross-section of friction stir welded sample showing lack of penetration; (D1), (E1) and (F1) showing tool wear condition and (D2,3), (E2,3) and (F2,3) showing the correlated processed region. (F1) Simulated equivalent strain and (F2) simulated temperature field distribution on friction stir welding during friction stir welding process; (H1) tool geometry (H2) tool initial dimensional profile and (H3) tool profile after different welding distances.

The rotation movement of FSW/P tools is more dominant than traverse movement. Thus the tool wear is mainly influenced by the rotation movement. Therefore, the tool wear tends to be axisymmetric according to the central axis of FSW/P tools (this is one presumption of the current study). As displayed in Figure S1, the experiment implies that tool wear is axisymmetric [1,2]. Additionally, simulation of the FSW process and tool wear conducted by previous researchers can also verify the axisymmetriciy of FSW/P wear. It showed that both strain and temperature distribution on FSW tools are axisymmetric (Figures S1(G1) and (G2), [5]) and tool wear is axisymmetric according to the central axis of FSW/P tools (Figures S1(H1-3), [6]). In summary, both experiments and simulation can verify the axisymmetricity of tool wear during FSW/P such that the one-dimensional ultrasonic signals can be used to represent the three-dimensional tool wear or degradation.

2.1. Material characterization and acoustic equipment selection
In order to obtain optimized wear-reading results from the acoustic time of flight measurements, a thorough characterization is needed of potential experimental equipment and the acoustic properties of the sample material. The commercialized piezoelectric ultrasound transducers have different active surface areas, effective pulse width, and power/gain dependent frequency band distortion which provides various applicable tool size, amount of scattering from the tool pins, detection resolution, and maximum tool length. In addition to the tool material characterization of the acoustic properties, the frequency-dependent longitudinal speed of sound, attenuation, and dispersion play significant roles in the agreement between numerical simulation and experimental results. In the main text, the ultrasound selection range was narrowed down to 10MHz to 30MHz fundamental frequency by avoiding the selection on the pulse width which was comparable to tool size or internal grain size.Figure S2. Experimental characterization of equipment and material: (A). Effective bandwidth of potential candidate transducers from low to high center frequency. The shadow green infilled region indicated the effective bandwidth. (B). Experimentally measured frequency dependent speed of sound in tool steel H13. fc, f1, and f2 refer to center frequency, lower band edge frequency, and upper band edge frequency.


To properly estimate the pulse dispersion and signal distortion of the potential candidate transducers, we experimentally measured the effective bandwidth using a pulse-echo configuration on an immersed steel H13 sample. As Figure S2(A) illustrates, the frequency  band distribution was obtained from the Fourier transformation of the temporal reflection envelope  that occurred from the interface between steel surface and surrounding de-ionized (DI) water as =. With the obtained effective bandwidth, the frequency-dependent speed of sound was calculated by phase delay over the determined effective bandwidth existing in transmitted pulses traveling between steel H13 sample and non-dispersive DI-water with the same thickness by experiments expressed as , where , ,  and  are frequency-dependent sound velocity, the thickness of the sample, and the phase of the frequency components in the steel sample and DI-water. The results are shown in Figure S2 (B). With 30MHz and 50MHz fundamental frequency transducers, the speed of sound was frequency dependent on the effective bandwidth which would introduce a non-negligible pulse dispersion in the typical tool steel H13. From 0.5MHz to 20MHz center frequency, the dependence on frequency and averaged sound velocity was about 0.8% which was small enough to eliminate. In other words, the characterized transducers with fundamental frequency at 20MHz or 10MHz would not induce a dispersion effect on the ultrasound pulse in tool steel H13.  

To further select a compatible transducer for this study between 10MHz and 20MHz, we analyzed the beam width, spreading and near field effect in tool steel H13. Beam spreading angle and near field length were two common terms to estimate the acoustic beam behavior as  and , where , ,  and  are beam spreading angle, speed of sound, operating frequency, and transducer diameter. Analytically, the spreading angle of both transducers was 6.35o and near field length was 17.3mm on 10 MHz and 8.7mm on 20MHz which agree with the sound pressure level field numerically calculated from finite element analysis based simulation; see Figure S3. The analytical and numerical beam behaviors of both transducers provide exceptional information for selecting the probe. The near field effect length of the 10 MHz was overlengthened or comparable as the typical FSW/FSP tool length (10 to 20mm) even including the shoulder thickness. Alternatively, the 20 MHz transducer had a near field length at 8.7mm shorter than the typical tool length which was acceptable. Figure S3. Numerical simulation of the sound pressure field of the 10 and 20 MHz transducers: (A). Sound pressure level map of 0.25 inch diameter 10 MHz transducer. (B). Sound pressure level map of 0.125 inch diameter 20 MHz transducer. The color map indicated sound pressure level in dB scale. 
Figure S4. Pulse waveform comparison:  Experimentally measured pulse envelope. Analytical modelled pulse waveform for further simulation as source.

[bookmark: _Hlk64667667]For time-domain time of flight measurement, the comparable experimental record and numerical modeled source waveform significantly contributed to the similarity in time of flight behavior between measurement and simulation. We experimentally recorded the transmitted pulse envelope in an H13 tool steel sample as the blue line illustrated in Figure S4. The analytical equation of the temporal  pulse envelope  could be further written as , where ,  and  were the fundamental frequency, period, and delay of the pulse signal. The analytical waveform shown as a red line in Figure S4 had high similarity with the experimentally measured pulse. The analytical equation was further input into the finite element analysis simulation as signal source for generating the numerical experiments data bank for AI training purpose. 

2.2. Numerical modeling of FSW/FSP tool wear with ultrasonic setup
As a central axial rotating motion, the tool wear behavior of FSW/FSP was generally axial symmetry. We realized an ellipsoid shape to represent the tool pin which is defined by its width w and height h. Wear was modeled as reducing h, which automatically adjusted the tool pin curvature as Figure S5(A) illustrates. In the studied model, the width of the tool pin was fixed to 4.4 mm with the decreasing height from 6mm to 1.5mm with 0.01mm interval from 6mm to 4.5mm and 0.1 interval from 4.5 to 1.5mm. Figure S5(B) illustrates the entire tool including the shoulder and pin at 6mm, 5mm, and 4mm. Vertically, the shoulder of the tool located from -10mm to 0mm, from 0mm to positive direction, were the pins. The size and shape of the shoulders were consistent in all cases of pin length. The ultrasound transducer contacting placed under the bottom of the shoulder part excites acoustic pulse vertically propagation in the positive direction on the H axis.Figure S5. Tool pin wear and tool modelling: (A). self-curvature adjusting on the modelled tool pin with fixed width and decreasing height at 6mm (black), 5mm (blue), and 4mm (red). (B). Designed entire tool with fixed shoulder and reducing pin height at 6mm (left), 5mm (middle), and 4mm (right).

The designed tool was input into finite element analysis based on COMSOL Multiphysics software. In the study, the temporal time of flight acoustic signal was calculated by an acoustic wave equation in the time domain. The wave equation was expressed as . The expression was the standard linear elastic wave equation with the assumption that the acoustic pressure was much smaller than the bulk modulus without any entropy difference production. In this equation,  was density,  was speed of sound,  was pressure,  was time,  was dipole source (the transducer), and  was monopole source (equal to 0 in our case). The outer boundary of the tool was assigned as full reflection walls to represent the tool steel/air interface which had 9 orders of magnitude difference providing approximately all energy reflection. In the model, the material properties of H13 tool steel were experimentally measured by ultrasonic shear wave assisted effective density and dynamic modulus estimation at 20MHz [7-9]. The effective density, longitudinal speed of sound, dynamic Young’s modulus, and dynamic Poisson’s ratio were =7789 kgm-3, =5802 ms-1, =182 GPa, and =0.275. The 20 MHz ultrasound experimentally measured dynamic and effective material properties indicated the realistic mechanical response from the elastic oscillation of the material at the frequency which leads to the numerical simulated acoustic temporal data converging to the experimentally recorded signal. The parametric sweep was set on the pin height h to complete a bank of temporal data for further AI training. 

Figure S6 illustrates acoustic pulse propagation inside the tool with 6mm pin length as an example. In the illustration, the upper disc shape was modeled as an ultrasonic transducer with 1 mm coupling material (aloe gel, water-like acoustic properties). The middle wider diameter cylinder was indicated to shoulder part H13 steel tool. The lower zone semi-ellipsoid was the target tool pin. Figures S6(A), (B), and (C) refer to 3 time points at , ,  where <<. At  (Figure S6(A)), an acoustic pulse was excited from the transducer surface (upper surface of the top disc), propagating in the coupling material to the interface between coupling material and higher boundary of the tool shoulder. In Figure S6(B) (), the target reflection occurred around the pin tip of the tool. In the meantime, a minor reflected echo was propagated back to the transducer shown in the middle region on the tool shoulder. At , the pin tip induced reflection arrived at the upper transducer surface as a received echo signal in Figure S6(C). In Figure S6(D), the transducer collected temporal reflection data was illustrated for the 6mm pin length case. Time points , ,  were indicated on the timeline. Figure S6. Time of flight example animation with 6mm pin length: (A). Initial acoustic pulse excited from the ultrasound transducer at . (B). Reflected pulse energy occurred around the tool pin tip at . (C). The reflected pulse envelope from the pin tip arrived at the surface of the transducer at . Time scale: <<. The acoustic wave was indicated by negative and positive pressure as blue and red color illustrated. (D). The top disc surface transducer received signal in the time domain. 


2.3. Nonlinearity between wave reflection time and tool wear
With the numerical simulation model described in the last section, we were able to generate a complete data bank with various pin length conditions to offer enough data for AI program training purposes. It was obvious that the reflection traveling time to tool pin length was not linear as Figure S7 right illustrates. The nonlinearity was miniature as the two parallel white dash lines indicate, which introduced a significant challenge on the pin length reading accuracy, by manually recognizing or with simple algorithms. For comparison, we generated another data bank with flat head tools (Figure S7 left). The flat head tool data contour showed a perfect linear relation with the reflection arriving time and tool length. The echo envelope was individually clean and clear without additional minor scattering signals around the main echo. On the other hand, in the semi-ellipsoid tool pin data bank, the main reflection obtained from the pin tip propagated back to the transducer along with some minor scattering signal (tail signals) in the front or after it, due to the curvature of the pin head along the horizontal axis. Additionally, with the various curvatures of the pin head along with the reduction of the pin length, the relative temporal position of minor reflection envelopes was shifted, respectively. With the complexity of the reflection signal in the semi-ellipsoid tool pin data bank, it was verified as necessary to involve a machine learning program to read the wear conditions of the tool with ultrasound signals. 
Figure S7. Nonlinearity in semi-ellipsoid tool pin numerical data bank comparing with the linear flat head numerical data bank: (Left). Pin head occurred reflection signal arrival time to pin length relation for flat head tools. (Right). Pin head occurred reflection signal arrival time to pin length relation for semi-ellipsoid head tools.


2.4. Experimental setup and specimen preparation
2.4.1 Bistatic transmission test
The frequency-dependent speed of sound of the H13 tool steel was measured by a bistatic transmission experimental setup. For the velocity measurements, a JSR Ultrasonic DPR 500 Pulse/ Receiver and Tektronix MDO 3024b oscilloscope were used to generate and acquire data. Olympus planar transducers were used in a bistatic (through-transmission) arrangement as illustrated in Figure S8(A). In order to map a wider frequency range dispersive speed of sound distribution (Figure S2(B)), we used multiple ultrasound transducers from low center frequency to high, including 0.5, 1, 5, 10, 20, 30, and 50 MHz (V301, V302, V308, V312, V316, V213, and V215). To eliminate the temperature variation induced sound velocity difference in the steel sample, the sample temperature was verified at room temperature 20.4 °C (± 0.2°C) before each run of experiments. Speed of sound propagation in the known thickness H13 tool steel sample using standard time of flight techniques was calculated from the ratio of specimen thickness to sound wave propagation time. The accuracy of the setup was verified for DI water with the results comparing favorably to existing literature.

2.4.2 Immersion monostatic test for effective density and dynamic elastic constants
The effective density and dynamic elastic constants estimation tests were performed in a 550 mm by 550 mm by 550 mm homemade acrylic water tank filled with DI water, fully immersing the ultrasound 20 MHz transducer and tested sample indicated in Figure S8(B). The scanned area on the tool steel sample was 4 mm by 4 mm with a 1 mm step interval. The final effective density and dynamic elastic constants were the averaged values over the scanned area. The temporal data was acquired and recorded individually at each position in the scanned area by square array arrangement. The Olympus V316 0.125-inch diameter 20 MHz unfocused emersion pencil style transducer was involved in offering a broadband pulse from 16.5 MHz to 35 MHz every 100 μs during the raster scan of samples and collected the reflection from the samples. The raster scan was controlled by MATLAB® script defined motion completed by 3 Universal Motion Controller/Driver Model ESP 300 controlled by a Newport UE41PP translation stage controller. A JSR Ultrasonic DPR 500 Pulse/ Receiver internally operated the pulse source and time trigger, and the data was collected by a Tektronix MDO 3024b. The scanning rate was 512 signals per 20 seconds. This test offered effective density and dynamic bulk modulus values.

In order to calculate the dynamic Young’s modulus, the dynamic shear modulus test was necessary. The shear wave velocity experiment was performed with Olympus V222 0.125-inch diameter 20 MHz unfocused normal incidence transverse transducers in the H13 tool steel sample. The shear wave velocity value was averaged from three tested angles -- 0o, 45o, and 90o -- controlled by a Thorlabs DC motor controller driven Motorized Continuous Rotation Stage. The angles are between the horizontal building plane and the shear wave oscillating plane. The dynamic shear modulus was estimated by the shear speed of sound and effective density values.  

The dynamic elastic constants and effective density can be calculated by the measured acoustic impedance and sound velocity of the tested sample. The acoustic impedance ratio between the sample and known ambient reference fluid (DI-water) is: , where = from experimental measurement. , , and  are the amplitude of the transducer emitted pulse, first reflection, and second reflection. is the known acoustic impedance of ambient material.  is the target impedance of tested samples. Sub-number 0 and 1 are referred to as the ambient material (DI water) and the samples. The dynamic bulk modulus is . Effective density can be expressed as , where  is the speed of the longitudinal wave in the time domain of the two recorded reflections. Dynamic shear modulus can be obtained by effective density and transverse mode speed of sound , where  is the angle-dependent speed of the transverse sound wave measured by monostatic time of flight method, and  is the angle is defined as the inclined angles between the printed layers and the shear wave oscillation plane. The angle-dependent dynamic Young’s modulus and dynamic Poisson’s ratio can be calculated as  and .

2.4.3 Monostatic test for detecting the tool pin length
The main experiments in this study were the monostatic FSW/FSP tool pin length detection with the time of flight measurement. 7 samples (H13 tool steel FSW/FSP tools) with various pin lengths were fabricated by CNC machining based on a 3 foot (914.4mm) long 0.5 inch (12.7mm) diameter rod from McMASTER-CARR. The cylindrical shoulder parts of the samples were identical in length with different pin lengths and head curvatures. A resin adaptor was printed by stereolithography (SLA) printer Formlab Form 2 with 0.025 mm resolution as the yellow part illustrated in Figure S8(C). The adapter worked as the alignment between tool and transducer vertically and horizontally in the detection experiment. The adapter was a cylindrical part formed with 3 disc shape defects. From the upper side to lower, the first was 5mm deep with 12.7mm diameter. The second hollow part was 1mm thick with 3.175mm diameter which was the size of the effective piezoelectrical element on the 20 MHz transducer. In the experiments, this defect was filled with aloe gel as a coupling material which has water-like acoustic properties at  =1045 kgm-3, =1432 ms-1. The last defect on the adapter was an 8mm deep disc with 6.35 mm diameter which was the size of the transducer. The acoustic pulse exited from the Olympus V316 0.125-inch diameter 20 MHz unfocused transducer from JSR Ultrasonic DPR 500 Pulse/ Receiver with an active high-pass filter at 7.5 MHz every 100 μs during the raster scan of samples and collected the reflection from the samples. The reflected acoustic waveform was collected by the emission transducer, and the converted electrical signal was sent to a Tektronix MDO 3024b oscilloscope. The oscilloscope averaged 512 signals in the same time window for further recording. Figure S8. Experimental setup: (A). Bistatic ultrasound transmission experimental setup. (B). Monostatic ultrasound effective density and dynamic modulus estimation testing with immersion experimental setup. (C). Monostatic ultrasound time of flight experimental setup for measuring the tool pin length.


3.1 Simulation data, preprocessing and AI model configuration
3.1.1 AI model selection and performance on raw data
The temporal data from the simulation was calculated with the same time length, time interval, and acoustic source. The window length was 18 with 4.165 intervals. The amplitude of the collected numerical signals (center frequency at 20 MHz) was in the unit of pascal as acoustic pressure. 

We compared 16 standard regression algorithms to explore the performance of regression models. We first attempted to use raw data as the training data for our chosen algorithms. The results are shown in Table S1. Among all the algorithms, the random forest model shows the best overall performance. From this initial experiment, the error rate reported from the random forest model has already fulfilled the requirement for measuring the amount of tool wear. At this stage, we can conclude that our tool monitor prediction problem is solvable through AI techniques under the ideal simulated environment.
Table S1. Regression model performance with raw databank: The table demonstrated some statistical output factors of 16 different existing AI models. Column 1 included the model names and corresponding citations. MAE: mean absolute error. MSE: mean square error. RMSE: root mean square error. R2: r-square. RMSLE: root mean squared log error. MAPE: mean absolute percentage error. Also, TT: training time. The final selection was highlighted. 
	Model
	MAE
	MSE
	RMSE 
	R2
	RMSLE
	MAPE
	TT (sec)

	Extra Trees Regressor [10]
	0.0535
	0.0106
	0.0957
	0.9951
	0.0485
	0.3292
	0.088

	K Neighbors Regressor [11]
	0.0638
	0.0147
	0.1046
	0.9331
	0.0512
	0.3138
	0.017

	CatBoost Regressor [12]
	0.0895
	0.0272
	0.1565
	0.9864
	0.0708
	0.5522
	0.856

	Extreme Gradient Boosting [13]
	0.0857
	0.0776
	0.2263
	0.9641
	0.0864
	0.7778
	0.031

	Random Forest Regressor [14]
	0.1017
	0.1078
	0.2579
	0.9506
	0.1003
	1.2268
	0.086

	Gradient Boosting Regressor [15]
	0.1255
	0.1278
	0.3024
	0.9408
	0.1183
	0.952
	0.016

	Decision Tree Regressor [16]
	0.0872
	0.143
	0.2627
	0.9362
	0.1111
	0.6736
	0.007

	Bayesian Ridge [17]
	0.301
	0.1543
	0.3869
	0.9269
	0.1679
	1.7341
	0.006

	Linear Regression [18]
	0.3014
	0.1544
	0.387
	0.9268
	0.1675
	1.7181
	0.007

	Least Angle Regression [19]
	0.3014
	0.1544
	0.387
	0.9268
	0.1675
	1.7181
	0.008

	Ridge Regression [20]
	0.3014
	0.1544
	0.387
	0.9268
	0.1675
	1.7181
	0.007

	Huber Regression [21]
	0.2967
	0.1572
	0.3901
	0.9258
	0.1646
	1.5643
	0.007

	AdaBoost Regressor [22]
	0.1438
	0.1659
	0.3003
	0.9246
	0.1119
	0.8377
	0.019

	Elastic Net [23]
	0.3468
	0.2082
	0.4505
	0.9026
	0.1893
	1.9307
	0.007

	Passive Aggressive Regressor [24]
	0.3643
	0.2239
	0.4669
	0.8952
	0.1984
	1.3685
	0.007

	Lasso Regression [25]
	0.4487
	0.3511
	0.5846
	0.8362
	0.2313
	2.153
	0.007



Next, we move to the evaluation of our real sample dataset. Here we choose the best-performing model: the random forest model. Table S2 shows the result of our real data evaluation.
From the result, we can see a considerable increase in errors compared with the simulation testing. This result is not good enough to fulfill the requirement for tool monitoring purposes.
The real sample testing results reveal that the real data still carries significant differences relative to the raw simulation data.

Table S2. This table shows the random forest model performance on recognizing real experimental data trained on the raw databank. The table shows some statistical output factors of the reorganizations. MAE: mean absolute error. MSE: mean square error. R2: r-square.
	Model
	MAE
	MSE
	RMSE
	R2
	RMSLE

	Extra Trees Regressor
	1.5035
	0.69354
	0.83279
	-0.907575
	0.140574



To address the model performance on real testing data, we decided to refine our training simulation data to better mirror real-world conditions. The next section covers the data preprocessing and augmentation steps for the model performance improvement.

3.1.2 Simulation data preprocessing and augmentation
From our analysis of the real data and simulation data, we can see that the real data carries more noise than the simulation data. Furthermore, we also consider that the original form of data might not be sensitive enough for the model to generate the correlation between signal changes and tool wear condition changes.

Noise Augmentation: The nature of simulation data brings almost zero influences from different kinds of environmental noise sources. The collected raw ultrasonic data includes various kinds of noise. We observe that real sample data tends to have a consistent noise effect on a small scale. We also find occasional random noise with high spikes in other points of real sample data. In this scenario, we introduce a noise augmentation step to augment simulated data with noise so that the model would learn from a more similar environment and be able to resist the effect of the noise.

Our noise augmentation specifically targets the consistent pattern of noise that we observe from the real data: we add a random normal (Gaussian) distributed sequence with different scales upon the original simulation data with the same length. The “raw” plot in Figure S9 shows the MAE score of the noise augmented raw dataset based upon the random forest regressor. We can observe a significant improvement of the model accuracy by adding our designated noise, and the optimal one can achieve nearly two times better accuracy on real sample prediction.
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Description automatically generated] Figure S9. MAE scores versus different levels of noise augmentation applied for real testing samples: 1) Raw: raw simulation training data; 2) Diff: differential converted training data; 3) Diff Aggre (Inc): Aggregated differential converted training data where each point represents aggregated data with a combination of noise augmentation from 0 to the point of noise level with incremental step of 5. MAE score is reported based upon the AI model.




Differential Conversion: This step aims to strengthen the connection of input data with the corresponding prediction: the wear amount of the tool pin demonstrates a difference between its current condition from its original condition. Similarly, we can convert the raw input data to represent the difference of the current data point from the original data point: For each tool condition (data point), we subtract the data point with no wear from each point and take the absolute value. Then, we get the differentiated data from each point against the tool pin with good condition. In Figure S9, the ``Raw" and ``Diff" data point at the noise level of 0 shows the MAE score for raw data and differential converted data. We can observe a substantial improvement in accuracy from such data conversion. We further explore the influence of noise augmentation and differential conversion together as shown in the entire “Diff” plot in Figure S9. We first apply noise augmentation, and then differential conversion of the data. We can observe that a specific range of noise levels with differential conversion can improve the quality prediction accuracy.

Data Aggregation: We have observed that the model performs differently given the different scales of noise augmentation. We assume that multiple levels of noise together can further improve the robustness of the model against different levels of noise. In this case, we aggregate different sets of noise augmented data with different noise scales as training data. We first experiment with such aggregation of noise levels in a continuous incremental way. We take a noise scale of 5 as a step and continuously add noise augmented data sets to test the model performance. In Figure S9 the “Diff Aggre (Inc)” plot demonstrates the results. We see that such aggregation generally follows the trend as noise augmented without aggregation. So far, we get our best result from the “Diff Aggre (Inc)” experiment with noise augmentation up to 35, where the MAE is 0.3331.
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Description automatically generated]Figure S10. PCA variance explained by number of components




PCR Dimension Reduction: Principal component regression (PCR) is a dimension reduction 
technique for regression problems where the dataset is pre-processed with principal component analysis (PCA) to reduce the number of input dimensions to a designated value. PCA can simplify the high-dimensional data while retaining the inner patterns and producing summarized features with fewer dimensions. For our data, each time point represents a unique feature in one data point. We know that different parts of the signal contribute differently to the tool wear prediction: the signal reflected from the tool wear should contribute more, where we may reduce less important features to improve the model performance. On choosing the number of components, we follow the general rule where the number of components can account for 95 percent of the overall variability of the original data. Figure S10 shows the plot for PCA variance explained by the number of components given the best training dataset we obtained from previous experiments. We expect the following advantages from using such a technique for the model: (a) Reduce the effect from noise features; (b) Better model fit by reducing the data complexity with fewer features. Our result shows that PCR can substantially improve the performance, confirming our expectations. Our best-reported model can have an MAE score on testing samples as low as 0.0591. In this case, our final accuracy of the model is now acceptable as a monitoring metric for our purpose. One thing to be aware of while using PCR in our experiments is that the training data shuffling can significantly influence the result positively or negatively. This is because PCA is applied after the training data shuffling. We run several hundred random shuffle tests to get the best-performing model.  


3.1.3 Final results on the AI predicted real tool wear
Table S3 shows the evaluation details of all the chosen models during the training stage. All the results are based upon the finalized data from the preprocessing step. All the evaluation metrics are averaged results with 10 fold cross validation.

In the real experiments, a total of 7 cases were examined by the numerically trained AI model. The case of new tool 6mm pin length tool with 0mm wear was used as a comparison reference. The wear condition was categorized with varying significance in wear. With 0.5mm wear interval, we performed the experiments with 0.5, 1.0, 1.5, and 2.0mm. Small step intervals were also involved as 1.15 and 1.2 mm wear which indicated the wear steps as 0.15 and 0.05mm interval. The prediction wear values by the AI of all performed cases are listed in Table S3. The recognizing errors were small, and the r-square value was high, as Table S3 shows. The performance of the numerical AI model was exceptional which had a maximum error of 189.5 µm which was smaller than our typical ultrasound operating wavelength (), 290 µm. The average prediction error was 96 µm which was approximately .  
Table S3. Main results of this study: The following table includes the results of recognizing real experiments performed using the numerical databank trained AI model. The plotted figure version of this table is in the main text as Fig. 6.
	Tool wear condition in real experiments (mm)
	Predictions by AI (mm)
	Prediction error (µm)

	0
	0
	0

	0.5
	0.6202
	120.2

	1.0
	0.9740
	26.0

	1.15
	1.1488
	1.2

	1.2
	1.3895
	189.5

	1.5
	1.5912
	91.2

	2.0
	2.1481
	148.1



4. Additional cases
Due to interest in studying more detail in the tool wear, we have also studied the wear condition of thread on the tool pin and sticking workpiece material on the tool.

4.1. Tool with thread
For optimizing the friction stir welding/process performance, using the tool pin with thread was a common option to increase the material flow for minimizing flaws or defects in the welded or processed zone. The thread on the tool pin is usually worn to disappear in a very limited number of workpieces before the length of the tool pin is reduced significantly. Here, we conducted the case study to determine the tool thread wear condition. To achieve the goal, we realized the method notated as one wavelength thread monitoring. The operating frequency of this method can be selected based on the acceptable minimum thread height. The wavelength of the selected operating frequency in the tool material was needed to be approximately equal to the acceptable minimum thread height. When the thread height was larger than the operating wavelength, additional reflected pulse envelopes were able to be observed in front of the major echo from the pin tip. The additional reflection disappeared once the wear reduced the thread height to less than the operating wavelength. 
For proof of the concept, we collected time-of-flight signals on a tool with three different thread height conditions, shown in Figure S10. The desired thread height alarm was selected as 290 which was the typical wavelength  of the 20MHz ultrasound wave in H13 tool steel. We simulated the thread sizes at 1.5 (black line), 1.2 (red line), and 0.9 (blue line) with identical tool pin length. In (A), we observed similar time of flight behavior as the pin length study results. After the trigger signal around time 0s, the first and second major reflections were observed at around 8 and 12 from the tool shoulder and pin tip. It was obvious to locate the additional reflection envelopes between the first and second major echoes. In (B), the zoomed in view illustrated the additional reflections in a clear presentation. In the range from 9.75 to 11.75, comparing with the case of the 0.9 thread height, 1.5 and 1.2 cases showed clear additional echo due to the presence of the thread with the larger height values comparing with the operating wavelength. The reduction of the thread height from 1.5 to 1.2 induced a small amount of the reflection amplitude deduction. Once the thread height values became smaller than the operating frequency, the scattering-liked signal was collected instead of the additional reflection. Figure S9. Numerical simulation signal of wear of tool thread: (A). Numerically simulated time-of-flight signal of FSW tool with thread on the tool pin with three thread height which are equal to 1.5, 1.2 and 0.9, where the  was the typical wavelength of our selected operating frequency 20MHz in H13 tool steel, 290. The tool pin length of all three cases were identical. (B). Zoomed-in time window from 9.75 to 11.75. 

4.2. Workpiece and tool materials selection
Friction stirring is a thermomechanical deformation process where the tool temperature approaches the solidus temperature of base materials. Production of a quality friction stir weld or product requires the proper tool material selection for the desired application. Material characteristics such as (1) elevated temperature strength, wear resistance, fracture toughness and stability; (2) chemical reactivity; and (3) machinability are generally considered for tool material choice. To achieve the tool wear monitoring in this study for more general cases, one more requirement needs to be fulfilled as the acoustic impedance difference between tool materials and workpiece material needs to be large enough to provide a reflection signal with exceptional amplitude in experiments. In Figure S11, we have plotted the impedance mismatching induced reflection energy remaining amount with the combination of the broadly applied workpiece and tool materials.
The mechanical properties difference between tool and workpiece materials introduced the limitation region plotted by the black dash line on the contour. In the white area, the workpiece/tool combination was not machinable. The black solid line illustrated the ultrasound feasibility limit line over the combinations. We set the limitation line at the pulse energy remaining amount at 0.2 based on our experimental observation. In the experimental tested data, the small signal feature around the major reflection envelopes was averaged -46dB without any workpiece material adherence on the tool pin. With energy transmission to the additional workpiece material in the sticking cases, we considered totally -60dB was the minimum acceptable intensity level with confidence to record detail, where the noise level of our equipment was averaged at Figure S10. Pulse reflection energy remaining ratio in the cases of the tool sticking with workpiece materials.  Data from references [26-34].

-90dB. The feasibility limitation line could be extended to an even lower energy remaining region with better electronics. Between two limitation lines, the low reflection pulse energy remaining region provided averaged 10% energy back, which limited our methodology introduced in this study but is resolvable with additional signal processing and amplifying techniques. For practical applications for the industrial field in the future, the material adherence problem is necessary to be studied comprehensively, leading to a series of new models.
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