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Abstract: The study investigates using a recommender system to improve the accuracy of depth of defect (DoD) 

estimation in immersive steel samples. The proposed method can enhance prediction performance and be 

applied across various industries like water, oil, and gas. The recommender system is trained on experimental 

data from an immersive wedge sample and then evaluated on test data from a different sample to demonstrate 

its potential for precise and non-invasive DoD detection. 
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1. Introduction 

Over the past decades, the detection of flaws in parts has been a significant focus in various 

industries, and the use of ultrasonic sensors for non-destructive testing (NDT) has enabled higher 

accuracy and real-time monitoring [1]. Advancements in machine learning techniques have also 

facilitated the development of effective predictive tools for estimating critical object parameters in 

scenarios where direct measurement is not possible. 

Ultrasonic thickness measurement utilizes sound wave propagation through materials and 

piezoelectric transducers to calculate material thickness and water gaps, widely applied in non-

destructive testing (NDT) for detecting defects in pipelines [2–5]. Techniques such as guided wave-

based Ultrasonic Testing (UT) for cracks in Polyethylene pipes and non-collinear wave mixing for 

PVC aging, along with innovative methods combining ground penetrating radar (GPR) and digital 

scanning for aged infrastructure, address limitations in traditional evaluation methods, including 

corrosion defect clustering in pipelines [6–10]. 

An automated NDT system was developed for inspecting orbital welds in high-temperature 

tubular components using phased array ultrasound and Eddy current techniques, with 

compensatory mechanisms for high temperatures [11]. Transfer correction methods improve 

ultrasonic testing accuracy for coated steel weld joints, while novel inspection techniques and 

technologies, such as linear phased array for nozzle welds and USCCD for oil pipelines, along with 

VAE-based deep learning for synthetic data in rail inspections, address various defect detection and 

characterization challenges [12–15]. 

Signal processing techniques, such as the defect peaks tracking model (DPTM) and Hilbert 

transform, enhance defect detection in ultrasonic measurements with high accuracy and minimal 

errors [16]. For pipelines, ultrasonic methods using high-order guided wave modes, phase velocity 

mapping, and artificial neural networks (ANN) have achieved impressive prediction accuracy for 

defects, while parametric studies on wave interactions and a medium-range corrosion screening 

approach have improved early-stage corrosion detection and fault forecasting [17–19]. The challenge 

of detecting corrosion was addressed using a low frequency, printed, flexible sparse array that 
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effectively identifies corrosion at 2 mm depth, with machine learning algorithms classifying corroded 

and non-corroded plates based on the sparse array measurements [20]. For inspecting concrete 

pipelines, an ultrasound acoustics-based methodology was proposed to improve the accuracy of 

buried pipe assessments by extracting 2-D crack features from sewer scanner and evaluation 

technology (SSET) camera data [21]. Advances in ultrasonic and neural network techniques, 

including a novel 3D ultrasonic imaging method for submarine pipelines, wavelet transform for de-

noising signals, and ANN-based forecasting and classification for defect detection, have enhanced 

the precision and effectiveness of NDT systems for various applications [22–28]. 

In this paper, a data-focused method is introduced to predict accurate Depth of Defect (DoD) 

using ultrasonic sensor data and a recommender system based on an exponential function, involving 

data collection, pre-processing, feature extraction based on peak tracking, and the development of a 

predictive recommender system, demonstrating a promising pathway toward reliable and efficient 

DoD prediction. 

2. Experimental Set-Up 

The experimental procedure used the XMS-310 cylindrical sensor, with a 10 MHz bandwidth 

and 3 mm diameter, to examine samples within a water containment system, as shown in Figures 1 

and 2. 

 

Figure 1. Cylindrical Sensor with 3mm Diameter inside the Blue Gland (XMS-310 with 10 MHz 

bandwidth). 

Figure 2 illustrates the non-contact ultrasonic experiment setup within a water container, where 

a pulse generator sends pulses to the sensor, a power source energizes the pulse generator, and an 

oscilloscope records and displays the waveform of the ultrasonic signal for analysis.  

 

Figure 2. Experimental Set-up. 

To accurately identify the peaks and valleys within the waveform, it is essential to define the 

following key points:  

a. Initial Valley: This point represents the initiation of the ultrasonic pulse emission. 

b. Second Valley: This point represents the initial reflection of the ultrasonic pulse from the surface 

of the sample. 
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c. Third Valley: This point indicates the reflection of the ultrasonic pulse after it has passed through 

the sample and returned to the sensor from the back wall. 

These key junctures are depicted in Figure 4 across two separate plots. 

2.1. Non-Contact Test Under the Water 

The ultrasonic sensor emits a pulse that travels through the water, enters the steel sample, and 

reflects back to the sensor, with Figure 3 displaying the sensor holders designed to keep the sensor 

submerged and stable at a constant distance from the sample's surface.  

        

Figure 3. Left) Sensor Holder (Top-View), Right) Sensor Holder (Front-View). 

The experiment accounts for the additional distance the ultrasonic pulse travels through the 

water-filled gap before and after interacting with the steel sample, with the following section 

detailing the methodology for accurately calculating both the water gap and sample thickness: 

a) Measure Time Intervals: Record the time intervals (referred to as t1 and t2) between the critical 

points present within the oscilloscope waveform, as explained previously. In Fig. 4, both t1 and 

t2 are indicated for the responses captured from the sensor. 

b) Calculate Water Gap Distance: Using the measured time interval (t1), we are able to calculate the 

distance (DW) travelled by the ultrasonic pulse through the water gap using the speed of sound 

in the water (VW): 

DW = VW × t1/2     (1) 

c) Calculate Effective Time of Flight (ToF): Determine the total time of flight of the ultrasonic pulse 

through both the water gap and the steel sample: 

ttotal = t2 – t1                     (2)  

d) Calculate Thickness: Finally, use the effective ToF through the steel (tS) to calculate the thickness 

(T) of the steel sample using the speed of sound in steel (VS): 

T = VS × (ttotal) / 2               (3)   

Where: 

• T        = Thickness of the steel sample 

• VW     = Speed of sound in water (1500 m/s) 

• VS      = Speed of sound in steel (5920 m/s) 

• t1       = Time taken for the ultrasonic pulse to travel from the sensor to the water-steel interface 

(sec) 
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• t2     = Time taken for the ultrasonic pulse to travel from the sensor to the second reflection (sec) 

• DW     = Distance travelled by the ultrasonic pulse through the water gap (meters) 

• ttotal   = Total ToF of the ultrasonic pulse through the steel sample (sec) 

 

Figure 4. Signal Received from the Sensor under the Water. 

2.1. Wedge Test 

The sensor's performance was evaluated using a wedge of varying thicknesses (2 mm to 8 mm), 

as shown in Figure 5, with the results in Table 1 revealing minimal discrepancies between the sensor's 

measurements and the actual wedge thicknesses, indicating high accuracy. 

    

Figure 5. Left) Wedge Test (Top-View), Right) Wedge Test (Side-View). 

Table 1. Comparison between Measured Values by Sensor and the Nominal Values of Wedge 

Thicknesses. 

Nominal Values (mm) Measured Values by Sensor (mm) 

2 2.04 

3 2.98 

4 3.99 

5 5 

6 6 
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7 6.98 

8 7.99 

Figure 6 shows the plots obtained for the different thicknesses of the wedge. 

 

    a)                                               b) 

Figure 6. a) 2mm, b) 8mm. 

A groove, located 7.5 mm from the top edge of the wedge as shown in Figure 7, has been 

integrated to measure the Depth of Displacement (DoD) within the sample using the sensor. 

 

Figure 7. Notch on the Wedge, 7.5mm Distance from the Upper Edge of the Wedge. 

The Depth of Displacement (DoD) of the notch, measured by positioning the sensor at the top 

edge of the wedge, was estimated at 7.6 mm, showing minimal measurement error, with the data 

presented in Figure 8. 
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Figure 8. Signal Reflected from the Notch. 

DoD Prediction by Using Recommender System 

This section outlines a three-phase methodology for predicting Depth of Displacement (DoD) in 

the test sample, involving data preprocessing, feature extraction, and DoD forecasting via a 

recommender system, with detailed signal cleaning, smoothing, enveloping, and peak detection 

techniques described in subsections 3.1 through 3.3. 

 

      Sample Thickness: 2mm                                   Sample Thickness: 8mm 

Figure 9. Time Difference between the Consecutive Peaks Shown by Red Dots. 

3.1. Data Smoothing by using Moving Average Algorithm 

In the moving average algorithm, when provided with a time-series signal as input, nX  with 

length, N, where n = 0, 1, 2, ..., N-1, we have the ability to determine and specify the size of the moving 

average window as M, which corresponds to the number of neighbouring samples that are taken into 

account for the purpose of smoothing. The moving average algorithm is described taking the 

following steps: 

1. Initialize the smoothed signal ny  as an array consisting of zeros, where the length of the 

array matches that of the input signal nX . 

2. For each sample index n from M/2 to N - M/2 (both inclusive), calculate the moving average 

for the current index of the sample using the following relationship: 

2

1
n M

n K
y X

M − +
=  , where K = 0, 1, 2, ..., M-1                              (4) 

3. For sample indices outside the range M/2 to N - M/2, we have the option to either add zero-

padding to the signal or adjust the range accordingly in order to accommodate the available samples. 

4. The resulting smoothed signal ny  represents the moving average of the original signal nX . 

It is essential to note that this mathematical representation assumes a symmetric moving average 

window, where an equal number of samples is taken into account on both sides of the current sample. 

3.2. Envelop Finding Algorithm 

The mathematical notation below outlines the algorithm for determining the envelope of a time-

series signal. When provided with a time-series signal as input, nX  with length N, where n = 0, 1, 2, 

..., N-1, the following steps are taken: 
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1. It is recommended to apply this algorithm after performing pre-processing steps, such as 

smoothing or filtering, on the input signal, nX to reduce noise, fluctuations and also obtain more 

reliable results. 

2. Calculate the upper envelope of the signal, which corresponds to the maximum values at each 

time point. Let's denote the upper envelope as nU . 

a. Initialize nU as an array of zeros with the same length as nX . 

b. For each sample index n from 1 to N-2, perform the following steps: 

• If nX is greater than both 1nX −  and 1nX + , set nU equal to nX . 

• Otherwise, set nU equal to the maximum value between 1nU − and 1nU + . 

c. For the sample indices n = 0 and n = N-1, set nU equal to the maximum value between 1nU + and 

1nU − , respectively. 

It is essential to note that this mathematical representation applies for a discrete-time signal.  

 

3.3. Peak Finding Algorithm 

The mathematical formalism below outlines the algorithm for identifying peaks in the envelope 

of a time-series signal. Given an input envelope signal nE of length N, where n = 0, 1, 2, ..., N-1, the 

following steps are taken:  

1. Set a threshold value, denoted as T, which represents the minimum amplitude difference 

necessary to detect a peak. 

2. Create an empty array to store the indices of the identified peaks, P. 

3. For each sample index n from 1 to N-2, if nE  is greater than both 1nE − and 1nE + by at least the 

threshold T, add n to the array P as a detected peak. 

4. The array P contains the indices of the detected peaks in the envelope signal nE . 

Similarly, it is important to note that this algorithm applies for a discrete-time signal and requires 

the presence of an envelope signal. 

3.4. Depth of Defect (DoD) Prediction by Recommender System 

Recommender systems use algorithms like collaborative filtering, content-based filtering, and 

hybrid approaches, leveraging machine learning and data mining to analyze user data and generate 

personalized recommendations, as seen in e-commerce platforms where they suggest products based 

on users' past purchases and browsing history. 

Recommender systems are essential in media platforms for creating personalized playlists and 

recommending movies or TV shows based on viewing habits, enhancing user engagement and 

retention, and with advancements in AI and big data, they have the potential to revolutionize 

decision-making, impacting user satisfaction and business performance [29]. 

This section uses a recommender system based on an exponential function to predict the depth 

of defects in a sample with two drilled holes positioned 2.7mm and 3.9mm from the top surface, 

highlighting the capabilities of recommender systems in data analysis and inference. 
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Figure 10. Test Sample with the Two Predetermined Drilled Holes. 

Following peak identification in Section 3.3, the time difference between consecutive peaks is 

used as the input feature vector for the recommender system to assess similarity between data from 

the wedge sample and the test sample with two predetermined voids, as shown in the workflow 

diagram (Fig. 11) and similarity curves (Fig. 12). 

 

Figure 11. Workflow Diagram of the DoD Prediction Process. 

 

Sample Thickness: 2.7mm                                       Sample Thickness: 3.9mm 

Figure 12. Time Difference between the Consecutive Peaks Shown by Red Dots; Left) Signal for the 

Void Located at 2.7mm from the Top, Right) Signal for the Void Located at 3.9mm from the Top. 

The similarity assessment is performed using an exponential function written as follows,  

( ) ( ( ) .( ))
,

T
w t w ty y y y

i jS W T e
− − −

=                       (5) 

Where: 
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• ( ),i jS W T      = Similarity function between wedge sample (W) and the test sample (T) 

• yw - yt          = The corresponding vectors of the time difference between consecutive peaks of 

the wedge sample (yw) and the test sample (yt) 

The subscript "i" in Equation (5) denotes the vectors of the wedge sample. For instance, "i=2" 

signifies the time differences between the consecutive peaks (red dots in Fig. 9) within a specific time 

interval at the wedge sample with a thickness of 2mm. The subscript "j" in Equation (5) represents 

the position of the hole at test sample from its top surface. For example, "j=1" denotes the time 

differences between the consecutive peaks (red dots in Fig. 12) within a specific time interval at the 

test sample with a thickness of 2.7mm from its top surface. The similarity percentages between the 

thicknesses of the wedge samples, namely 2mm, 3mm, 4mm, 5mm, 6mm, 7mm, and 8mm, are 

compared with the positions of the drilled holes at the test sample, i.e., 2.7mm and 3.9mm, using 

Equation (5). The results are displayed in Tables 2 and 3. As an example, in these tables, S(W2,T1) 

denotes the similarity between the wedge sample with 2mm thickness and the void located at 2.7mm 

from the top surface of the test sample. Similarly, S(W4,T2) represents the similarity between the 

wedge sample with 4mm thickness and the void located at 3.9mm from the top surface of the test 

sample.   

Table 2. Similarity between Wedge Sample with Different Thicknesses and Hole in the Test Sample 

Located at 2.7mm from the Top. 

S(W2,T1) S(W3,T1) S(W4,T1) S(W5,T1) S(W6,T1) S(W7,T1) S(W8,T1) 

70% 80% 22% 2% 0 0 0 

Table 3. Similarity between Wedge Sample with Different Thicknesses and Hole in the Test Sample 

Located at 3.9mm from the Top. 

 

S(W2,T2) S(W3,T2) S(W4,T2) S(W5,T2) S(W6,T2) S(W7,T2) S(W8,T2) 

45% 87% 99% 70% 35% 10% 2% 

To estimate the depth of defects from the top surface of the test sample, the following equations 

are used for the voids located at 2.7mm and 3.9mm from the top, respectively:  
8

1

2
2.7 8

1

2

( , )

( , )

i i

i
mm

i

i

S W T W

t

S W T

=

=



=



                                                           (6) 

8

2

2
3.9 8

2

2

( , )

( , )

i i

i
mm

i

i

S W T W

t

S W T

=

=



=



                                                     (7) 

In equations (6) and (7), Wi denotes the thicknesses of the wedge sample. E.g., W4 represents 

4mm thickness. Using equations (6) and (7), two values were estimated for the locations of the voids 

from the top surfaces of the test sample, which are 2.75mm and 3.99mm, respectively. As seen in 

Table. 4, the predicted positions demonstrate a good agreement with the nominal positions. The 

curves in Fig. 12 were generated by a mobile platform and an installed laser pointer on it which is 

shown in Fig. 13. 
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Table 4. Comparison between Measured Values by Sensor for the Locations of the Voids at the Test 

Samples and the Predicted Values by Recommender System. 

Nominal Values (mm) Predicted Values by Recommender System (mm) 

2.7 2.75 

3.9 3.99 

 

Figure 13. Left) Moving Set-up with Laser Pointer, Right) Step Motor to Move the Platform. 

4. Results and Discussion 

This study develops a systematic feature extraction methodology and a recommender system 

for steel samples with specific geometrical properties, though its applicability may be limited to this 

material type and geometry, with the goal of demonstrating the approach's feasibility and accuracy 

for this specific material and paving the way for future research to extend the method to a wider 

range of materials through new recommender system architectures. 

In spite of the limitations mentioned above, the results demonstrated an acceptable level of 

agreement between the nominal thickness values and the predicted DoDs by using the recommender 

system. As displayed in tables 2 and 3, the recommender system has demonstrated high accuracy in 

estimating the void locations relative to the sample's top surface. For instance, regarding the void 

positioned at 2.7mm from the top, the similarity values of S(W2,T1) and S(W3,T1) exhibited 70% and 

80%, respectively, indicating that the void location lies between 2mm and 3mm from the top. 

Interestingly, a higher value was recorded for S(W3,T1) that indicates the void is closer to value of 

3mm rather than 2mm. Similarly, regarding the void located at 3.9mm from the sample's top surface, 

the similarity values of S(W3,T2) and S(W4,T2) exhibited 87% and 99%, respectively, showing that the 

void location falls between 3mm and 4mm from the top. Notably, S(W4,T2) yielded a higher value 

that proves the void is closer to 4mm rather than 3mm. 

5. Conclusions 

In conclusion, this research successfully integrated ultrasonic sensors with recommender 

systems to predict Depth of Displacement (DoD), demonstrating that the proposed methodology 

provides non-invasive, real-time, and highly accurate results through time-series analysis and 

predictive modeling, thereby advancing real-time monitoring and showcasing the potential for 

combining these technologies in non-destructive testing and quality control.  
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