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ABSTRACT  

We describe a new photonics procedure developed for non-destructive testing of additive manufactured (AM) parts and 

present a case study for inspection of AM brackets to detect and reject parts containing printing defects. This is an 

update of a previously presented paper of the work in progress to develop an Authentication Sensing System Using 

Resonance Evaluation Spectroscopy (ASSURES). The principle of operation is based on the concept that a part’s 

vibration spectrum (set of resonant frequencies) is uniquely determined by its dimensions, material parameters, and 

interior flaws. The vibration spectrum of a part can be measured remotely with a laser vibrometer, and the presence of 

defects or a change in material parameters can be inferred from a change in the part’s vibration spectrum (shifts in the 

resonant frequencies). The spectrum of a part can be measured and compared in a few seconds to a known “good” part, a 

“good” reference spectrum, or to other parts in the batch.  

Keywords: laser Doppler vibrometry, non-destructive inspection, additive manufacturing, optical inspection, acoustical 

spectroscopy, defect detection, 3D printing 

 

1. INTRODUCTION  

Our previous research has established the feasibility of an authentication procedure called ASSURES1,2,3 (Authentication 

Sensing System Using Resonance Evaluation Spectroscopy), based on the concept that every object is a unique 

vibrational system that can be categorized by its set of resonant frequencies, or vibrational spectrum4,5,6. Changes in the 

dimensions, internal structure, or material properties of the part create a change in its resonance frequencies, and these 

frequency shifts can be detected with ASSURES. In this paper, we present a case study on the ASSURES technique on a 

set of simple brackets built with additive manufacturing. 

 

2. EXPERIMENTAL SETUP 

The main components of ASSURES are a laser Doppler vibrometer, a laser scanning system, a piezoelectric transducer 

(PZT) for excitation of the part under test, a mount to hold the part, and computer hardware and software to acquire, 

process, and interpret the data. A photograph of the system is shown in Figure 1(a), with a close-up of the sample holder 

and bracket in Figure 1(b).  

The bracket is placed in a “free-floating” configuration, resting on the tip of the PZT. The PZT is driven by a function 

generator that supplies a frequency sweep from 10-80 kHz over two seconds, and the laser vibrometer measures the 

vibration of the part. The vibration spectrum is obtained by performing a Fast Fourier Transform (FFT) on the 

vibrometer data. The scanning system allows the measurement beam from the LDV to be directed to any location on the 

part. Our standard procedure is to make measurements at five different locations on the part, and then to combine the 

spectra from these five locations into a “composite” spectrum for the part. An example of the vibration spectrum 

between 11-30 kHz for a simple AM aluminum bracket is shown in Figure 2. Our analysis has shown that a part’s 

vibration spectrum is sensitive to changes such as interior voids, part dimensions, Young’s modulus (elasticity), 

Poisson’s Ratio, and the density. 
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Figure 1. (a) Experimental setup for ASSURES. (b) Expanded view of the sample holder and test part. 

 

Figure 2. Typical vibration spectrum from an AM aluminum bracket between 10-30 kHz. 

3. TEST SAMPLES 

In this case study, two batches of AM aluminum brackets with various programmed defects were built by our additive 

manufacturing partner, Forecast 3D of Carlsbad, California. The brackets were printed using Direct Metal Laser 

Sintering (DMLS) technology with AlSi10Mg powder. The standard dimensions of the brackets were as follows: 

• Dimensions of 6.5" +/- 0.017 for the height 

• Dimensions of 3.0" +/- 0.009 for the base 

• Dimensions of 0.125" +/- .005 for the thickness 

• Dimensions of 2.0" +/-.002" for the base width 

• Holes will be built to a size of 0.24” and then drilled out to a diameter of 0.25” 
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In the first batch, we built 22 brackets in total, 4 with no programmed defects, and 18 with programmed interior defects 

as follows (see Figure 3): 

1. Four parts (L1-L4) with no programmed defects 

2. Three parts (M1-M3) with a large defect in the bottom location 

3. Three parts (M4-M6) with a large defect in the middle location 

4. Three parts (N1-N3) with a mid-size defect in the bottom location 

5. Three parts (N4-N6) with a mid-size defect in the middle location 

6. Three parts (O1-O3) with a small defect in the bottom location 

7. Three parts (O4-O6) with a small defect in the middle location 

Each part has a wall thickness of 0.125”, or 125 mils. The defects (voids) were programmed with a thickness of 45 mils, 

leaving a wall of 40 mils on each side of the defect. The lateral dimensions of the defects were 1.2” x 0.6” (large), 0.6” x 

0.6” (medium), and 0.6” x 0.3” (small). The volume of these defects ranged from 0.008 in3 up to 0.032 in3. 

  
 

Figure 3. Cross section of the brackets showing a programmed interior defect in the (a) middle section, and (b) 

lower section. (c) Photograph of the AM-built brackets. 

The second batch of brackets had the same overall dimensions, but even smaller defects. These defects were placed in 

the “right-angle” section of the brackets, which are the areas which experience the highest stress. The volume of these 

defects ranged from 0.0009 in3 up to 0.008 in3. The details of the defects are shown in Figure 4. 

  

Figure 4. Defect dimensions in the second batch of AM brackets. 

4. EXPERIMENTAL RESULTS 

The first experiments compared the vibration spectra of the four identical, defect free parts, L1-L4. The parts were 

excited with the PZT from 10-30 kHz, and the vibration was measured at one location near the center on each part. The 
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four measured spectra are shown in Figure 5. Clearly, the four parts have very similar spectra, with all of the main 

resonance peaks at the same frequencies. The amplitudes do vary significantly for some parts, and we believe this is 

caused by variable coupling of the part with the PZT, or slightly different positions of the measurement beam. For our 

analysis to identify defective parts (see Section 5), the locations of the frequency peaks, rather than their amplitudes, will 

be the most important factor. 

 

Figure 5. Measured vibration spectra for L1-L4 from 10-30 kHz. 

When these spectra from the defect-free parts are compared to those from parts with defects, the changes in the spectra 

are easily seen. Figure 6(a) shows a comparison between L1 (no defect) and M1 (large defect), and almost all of the 

peaks between the two spectra are different. As expected, the difference is more subtle between L1 and O1 (small 

defect), as shown in Figure 6(b). In this case, many of the peaks do overlap, but there are a few that are clearly different. 

  

Figure 6. (a) Spectra for L1 (no defect) and M1 (large defect). (b) Spectra for L1 (no defect) and O1 (small defect). 

Another case of interest is shown in Figure 7, where the entire spectrum is slightly shifted in one direction. This does 

not necessarily indicate a defect, since it can be caused by an error in the part’s dimensions or in its material properties, 

specifically its Young’s modulus or elasticity. 

 

Figure 7. Spectra between two defect-free parts, L1 and Y7, built several months apart. 
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5. DATA ANALYSIS 

While the similarities and differences between spectra can be examined visually, it is important to develop automatic 

tools to quantify the similarity between the vibration spectra of two parts. In this paper, we discuss two methods that are 

being developed – correlation coefficients and peak matching. Both methods show promise in automatically classifying 

parts as “good,” “bad,” or “suspicious,” and the results are presented in more detail below. 

5.1 Creating an overall spectrum of a part 

All parts have defined resonance frequencies and spatial vibration modes. However, at any one location on a part, a 

particular resonant frequency may or not be present due to spatial variation of that particular mode. Therefore, to obtain 

as many vibration frequencies as possible, it helps to acquire vibration data from multiple locations on the part. In this 

case study, we measured the vibration spectrum at five different locations, and then combined these five spectra in two 

different ways: 

1. Average Spectrum - averaging the five spectra 

2. Composite Spectrum - combining the five spectra into one by taking the largest amplitude at each frequency 

Figure 8 shows an example of the spectra from five locations of the part (upper graph) that are combined into an 

“averaged” spectrum (lower graph). 

 

Figure 8. The spectra from five locations on the bracket (upper) are combined into an “averaged” spectrum (lower). 

An alternative method to combine the five spectra is shown in Figure 9, where the largest value at each frequency is 

used to generate the composite spectrum. 

 

Figure 9. The spectra from five locations on the bracket (upper) are combined into a “composite” spectrum (lower) by 

taking the largest value at each frequency. 
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5.2 Correlation Coefficients 

A simple way to quantify the similarity between two spectra is to generate a correlation coefficient between the two. The 

correlation coefficient (Pearson correlation coefficient) is defined by: 

  
 

Here xi and yi are the elements of each array, and x-bar and y-bar are the mean values of each array. Applying this to the 

single location spectra for seven sample parts (L1, L2, L3, O1, O2, O4, Y7), we obtain the following table of correlation 

coefficients, shown in Table 1.  

Table 1. Correlation coefficients between the 7 parts, using single location spectra. 

 

Here, the color scale is set up so that values above 0.75 are green, values between 0.50 and 0.80 are yellow, and values 

below 0.50 are red.  We see immediately that the three identical L parts all match well with each other, but not as well 

with the three O parts, all of which have a small defect. Also, the L parts do not match well with the Y7 part, due to the 

slight shift in frequencies shown in Figure 7. 

We can apply the same correlation methodology using the “averaged” spectra, as shown in Table 2. 

Table 2. Correlation coefficients between the 7 parts, using the “Averaged” spectra. 

 

The color scale is the same as in Table 1, and we can see that all of the matches are a little higher than for the single 

location case. Similarly, the correlation coefficient for the “Composite” spectra is shown in Table 3. 

Table 3. Correlation coefficients between the 7 parts, using the “Composite” spectra. 
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We can also calculate the correlation coefficients for the brackets built in the second batch, P through X, where X1 is 

used as the reference (see Table 4). 

Table 4. Correlation between the P-X brackets, for the composite spectrum 

 

Tables like this one are useful to identify outliers or rogue parts in a batch and to separate parts into good, bad, and 

suspicious. It shows that correlation analysis methods are promising for identifying the “good” brackets from the “bad” 

ones, and it also can group similar parts together. 

5.3 Peak Matching Algorithms 

An alternative method to automatically compare spectra, and thus identify defects, is by using a “peak-matching” 

algorithm. In this method, all of the resonance peak frequencies in the “Reference” spectrum are identified and compared 

to the peak frequencies in each sample part. This reference spectrum could be from a known “good” part, from a 

calculation from Finite Element Analysis (FEA), or from an average of all of the parts in an AM build. Figure 10 shows 

the identified peaks in Part L1, using a minimum amplitude threshold level of 6 microns/sec. 

 

Figure 10. Identified peaks in the reference spectrum. 
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Using the table of reference frequencies listed on the right side of Figure 10, we look for a matching frequency in each 

sample part under test. A peak is said to be a “match” if it is within a certain frequency range around the reference peak. 

In this case study, we evaluated ranges of 1.0%, 0.25%, and 0.10%. For a resonant frequency of 20 kHz, this 

corresponds to ranges of +/- 200 Hz, 50 Hz, and 20 Hz, respectively. Figure 11 shows how each part compares to the 

reference part, L1. L2, a presumably identical part to L1, has a match to 83% of the peaks of L1 within 1%, a 67% match 

within 0.25%, and a 44% match to within 0.10%. This table uses data from just a single measurement location, between 

11 – 30 kHz. 

 

Figure 11. Peak Matching percentage from Reference L1 with other built parts, Single Measurement Location. 

For each matching peak that is found, the table also shows the average difference between the found peak and the 

reference peak.  We can make a similar table using the “Average” spectrum of 5 locations, and the “Composite” 

spectrum from five locations, as shown in Figure 12. 

Compared to L1, Averaged Spectrum Compared to L1, Composite Spectrum 

  
(a) (b) 

Figure 12. Peak Matching percentage from Reference L1 with other built parts, using (a) the averaged spectrum from five 

measurement locations, and (b) the composite spectrum from five measurement locations. 
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Based on this analysis, the “five location composite” spectrum method has the best performance in terms of 

discrimination. It shows the highest match between the reference part L1 and the two identical parts, L2 and L3. It also 

shows that all of the parts with programmed defects (M-N-O series) have lower matching scores and can easily be 

recognized as suspicious or defective. It is interesting to note that the part Y7, which showed a consistent frequency shift 

from the Reference L1 in Figure 7, shows a high match at the 1% level, but a low match at the other levels. The second 

column in Figure 12 shows the average frequency shift between matched peaks, and Y7 shows an average shift of 

0.56%. This confirms the observation that L1 and Y7 have a similar set of peaks, but that the peaks in Y7 are 

significantly shifted in frequency. 

We can apply the same analysis to the smaller defects in the second batch of brackets. Using X1 as a reference part, 

Figure 13 shows the peak match percentage for all of the brackets with the smaller defects. The frequency shifts from 

this group are smaller (almost all within 1.0%), but if a stricter matching criteria is used, the parts can be easily 

distinguished from the reference sample. 

 

Figure 13. Peak matching percentage from X1, based on the composite spectrum from five measurement locations. 

In our future work, we will continue to refine our quality classification methods, including trying to incorporate the 

amplitude information in addition to the frequency location, and to include machine learning or artificial intelligence 

techniques to improve the decision making. 

6. CONCLUSIONS 

In this first part of the case study, 22 aluminum additive manufacturing brackets were built, with programmed defects in 

some of the parts ranging in volume from 0.008” up to 0.032”. In the second batch, another 16 parts were built with even 

smaller defects, ranging in volume from 0.0009” up to 0.008”. For all 38 parts, the defect-free parts were correctly 

identified, and all of the parts with programmed defects were correctly classified (see Table 5).  

Table 5. Classification of test parts with ASSURES. 

ASSURES CLASSIFICATION Good Bad 

1st Batch – Defect Free (4) 100% 0% 

1st Batch – With Defects (18) 0% 100% 

2nd Batch – Defect Free (2) 100% 0% 

2nd Batch – With Defects (14) 0% 100% 
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