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Abstract 

In previous papers, we described a diagnostics tool for additive manufacturing products that is 

based on the concept that the acoustical/vibrational spectrum of an object can be used as a unique 

signature that characterizes the material and geometry of a product sufficiently to enable its 

comparison with a perfect reference to identify anomalies. This enables a user to identify rogue 

parts, such as defective, counterfeit, suspicious or problem parts such as defective or failing to meet 

specifications. The instrument produces a signature by measuring, with a laser Doppler 

vibrometer, the vibration of surface points on the part while it is energized by a swept frequency, 

piezo-electric exciter. Since its first introduction, additional research and development has 

enhanced, automated, and moved the instrument to a new level in terms of capability and ease of 

use. This paper describes the latest enhancements, including improved procedures and 

automation to enable use by an unsophisticated user with minimum training.  

The latest version provides automatic signal processing and comparison of acoustical signatures 

of reference and test objects that provide a quantitative grade for the object in terms of material 

properties, geometrical anomalies, and defects. This is achieved with specially developed 

algorithms that employ unique types of correlation of vibrational spectra taken from different 

objects or spectra produced by a simulation of a perfect object.  The instrument can quickly 

produce an optimized correlation coefficient that serves as a numeric grade for a part for 

identifying suspicious or problem parts such as counterfeits, defective, or failing to meet 

specifications. The user can set acceptance criteria and initiate a pass or fail signal that can be 

used for large quantity inspections. Such an instrument is expected to find widespread 

applications in the AM industry. 

Laser Acoustic Resonance Spectroscopy for Additive Manufacturing applications 
We described in previous papers the principle, development, and feasibility demonstrations of laser acoustic 

resonance spectroscopy (LARS) 1,2,3,4 as a non-destructive inspection (NDI) technique to compare additive 

manufactured (AM) products parts in a group, identify counterfeit or rogue parts, authenticate parts, and 

detect defects or problems in an individual part. In this paper, we describe research and development to 

transform the technique into a viable, affordable, and practical AM inspection tool for use in the additive 

manufacturing industry by an inspector with a limited amount of training.  This was achieved by simplifying 

and speeding up the recording and LARS signature processing and interpretation. As a part of the research, 

hundreds of AM parts of various types and complexity were printed with and without defects to validate 

and refine the methods under development and to create meaningful case studies.  

Samples, including many with various types and sizes of voids were designed, constructed, analyzed 

theoretically with finite element analyses (FEA), and characterized with LARS. Some were destructively 

tested or loaded beyond the yield point and retested with LARS again. We established an excellent 

correlation between theoretical predictions, NDE measurements, and the results of the destructive testing. 

Research continues to further improve detection capability, accuracy, and inspection speed using algorithms 

of varying sophistication and complexity that range from defined correlation coefficients to use of artificial 

intelligence and machine learning, where comparisons can be likened to those employed in facial 

recognition.  
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Figure 1 illustrates the basic experimental set up with the specimen in the LARS instrument showing the 

energy input location from the piezo-electric vibrator. A typical vibration spectrum for a part is displayed 

on the computer. LARS spectra are affected in an observable way by three main factors: variations in (1) 

dimensions, (2) material properties and (3) the presence and size of defects. These three categories 

contribute differently to variations in the vibrational spectrum. Changes in the dimensions or Young’s 

modulus, for example, affect all resonance peaks simultaneously, producing either a stretching or a 

contraction of the spectrum. Unlike the effects from material parameters and sizes, point-size defects 

affect specific modes with little, if any effect, on the majority of the others.  

Figure 1. LARS system. 

AM adds many challenges for NDT that are not present in machined parts produced in a more conventional 

manner. For example, parts manufactured in a large batch, in separate batches, in different AM printers, 

and even in different locations on the print platform can have slightly different material properties. Also, 

many AM parts require some amount of post processing to machine away or polish unwanted materials or 

mounting posts, so tolerances are more difficult to maintain in the finished part. These variations can alter 

the acoustical signature so that signatures of undefective parts may not be the same, even though both parts 

are acceptable for use. The challenge is to distinguish changes in a spectrum that are associated with defects 

or printing errors from those caused otherwise.  

An experienced operator with some knowledge of mechanics and systems can compare vibrational spectra 

of defective and undefective parts and find defective parts with reasonable success. However, to make the 

system useful to less experienced users required a more automated signal processing and comparison and 

a graphic user interface. This was achieved by developing special correlation procedures that optimize the 

comparisons of spectra for defect detection. 

Defects typically cause a downward shift in some of the resonances of a part, as shown in Figure 2, and 

are observed to add resonances and cause amplitude changes in resonances. A useful analogy compares an 

object to a complex stringed musical instrument. Each string contains a certain amount of strain/stress 

initially in its stationary state, favors a set of vibrational modes ranging in steps from a low to 

high 
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frequency, tightening a string raises its frequencies (pitch), and lengthening a string decreases its 

frequencies. Anything that relieves some of the stress/strain will change the natural frequencies of the string. 

Damage to the string by removing a bit of material anywhere along the string would cause the string to 

relax some and not be as tight and would shift the frequency downward. Such damage can also add 

resonances to a guitar string. These effects can be observed in the cases illustrated in Figure 2. 

Figure 2. Comparing spectra for specimens without (red) and with (blue) defects. 

To illustrate the effects of defect size on LARS signature, we built a series of parts with programmed 

defects, ranging in size from no defect (C series) to larger defects from J to H to F to D (see Figure 3). For 

samples that included these printed defects, FEA predicted resonant mode #64, in the 73 kHz region, as one 

that would be sufficiently affected by defects programmed into the specimen.  

Figure 3 shows the enlarged region of mode #64 for five different specimens with different sized defects, 

superimposed for comparison, showing a frequency shift of that mode that is proportional to the width of 

the defect.  

Name Defect Area (inch2) 

C 0.0000 

J 0.0058 

H 0.0104 

F 0.0139 

D 0.0209 

Figure 3. Measured frequency of mode #64 by the LARS instrument for test samples C, D, 

F, H, and J, showing that this mode was downshifted as the defect size increased. 
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During the destructive tests, the samples failed in the order D-F-H-J-C in line with FEA predictions (Figure 

4, Left). and as predicted from the LARS spectra (Figure 4, Right) measured prior to tensile tests. The 

ultimate strength is readily correlated with the LARS-detected shifts in resonance peaks, since both values 

decrease with increasing defect cross-section. The latter provides a clear indication that the LARS-based 

shifts can be used to predict early failure. 

Figure 4. LARS predicting the effect of “crack” size on test coupon failure: FEA predictions (Left) 

and prediction from LARS (right) 

Figure 5 compares the before (blue) and after (red) vibrational spectrum of a sample that was overloaded 

beyond the yield point (but not broken), and this induced residual strain. The downshift in resonant 

frequencies caused by over stressing is clearly observed. 

Figure 5.Vibration spectrum from LARS shows significant changes from the original spectrum (blue) 

to that obtained after overload (red); the numbers indicate the normal modes of the sample. 

We performed tensile tests that included various additional diagnostics such as digital image correlation 

(DIC) that enabled us to continuously observe the stress and strain in the sample. Figure 6 includes selected 

frames from one of the DIC videos of the specimen surfaces near the moment of failure, showing where 

the specimen first yielded. Specimen C, which has no intentional defects, yielded and then failed near the 

transition between the wide and narrow part of the specimen, while specimens that had defects yielded 

and 
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broke near the defect as expected. Near or past the yield stress, the strain distribution is no longer uniform 

along the length of the sample. The region shown in the yellow/red pseudo-color of the sample surface 

signals the approaching of the yield strength of the part. Residual stresses and strains remaining after the 

test are clearly shown in the bottom photo for the F sample. The LARS signatures clearly showed a change 

in the spectrum caused by the presence of the residual stress.  

Figure 6. Appearance of stress in the vicinity of the defect. 

Computerized signal processing 

The LARS strategy consists of comparing the vibrational spectrum of a sample with the vibrational 

spectrum of a reference part. The latter is presumed to be without flaw, and it may be obtained 

experimentally or with FEA. The spectra of each sample are measured at multiple locations (typically 5 or 

more) and then combined to yield a composite spectrum. 

One of the strategies to quantify the similarity between two composite spectra is to generate a correlation 

coefficient between the two. The correlation coefficient (Pearson correlation coefficient) is defined by: 

𝐶𝐶𝑥𝑦 =
∑ (𝑥𝑖−𝑥̅)(𝑦𝑖−𝑦̅)𝑛

𝑖=1

√∑ (𝑥𝑖−𝑥̅)2𝑛
𝑖=1 √∑ (𝑦𝑖−𝑦̅)2𝑛

𝑖=1

   . (1) 

Here xi and yi are the velocity magnitude elements, which constitute the ordinate of each array, and x-bar 

and y-bar are the mean values of each array. The index i refers to the frequency element on the abscissae. 

In our LabView program there are 400,000 frequency elements in steps of 0.5 Hz. To optimize the 

computation of CC it is necessary to stretch one of the abscissae with respect to the other. This stretching 

accounts for variations in the stiffness of the sample, which is directly proportional to the elastic modulus 

(E) and inversely proportional to the length (L). The resonant frequencies that constitute the vibrational 
spectra are proportional to the square root of the stiffness. Thus, the signal processing algorithm consists 
of systematically varying a stretching coefficient (SC) on one of the frequency axes and computing CC 
until it is maximum. This is illustrated in Figure 7 and Figure 8, which show the composite spectra of 
two brackets (designated L1 and Y7) without engineered flaws built with AM several months apart. 
Notice that on Figure 7 and Figure 8, the red spectrum lags the white spectrum; while on Figure 9, at 

the
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optimum stretching of 0.55% they mostly overlap. The corresponding CC are 0.742 with frequency 

stretching and 0.41 without stretching. 

Figure 7. Composite spectra of two brackets with single point excitation from 10,000 to 60,000 Hz. 

Figure 8. Composite spectra at optimum stretching 

Another figure of merit to validate the similarity of two parts is based on the number of spectral peaks 

that they share. This is a three-step process: first the program finds the peaks of composite spectrum #1, 

second the program finds the peaks of composite spectrum #2, and third the program finds the common 

peaks in the intersection after the frequency stretching (Figure 9). The first two are obtained over an 

established frequency range and for amplitudes larger than a designated threshold. The latter is obtained 

by multiplying point by point the normalized velocity magnitudes of the two spectra over the established 

frequency range and for amplitudes larger than a multiplication threshold, which is typically the square of 

the first threshold (Figure 10). There are several intermediate steps including zeroing the baseline, 

smoothing the spectra, and normalizing the peaks. In the end the program produces #Peaks 1, #Peaks 2, 

and #Peaks intersection. Given two sets A and B, the probability of the intersection is: P(𝐴 𝛺 𝐵) =
𝐴 𝛺 𝐵

𝐴+𝐵−𝐴 𝛺 𝐵
.  This probability of the intersection is the figure of merit associated with the peaks. 
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Figure 9. Peaks (shown in squares) after optimal stretching, smoothing and peak normalization for 

a threshold of 0.06. 

Figure 10. Spectrum multiplication and peak detection for a threshold of 0.0036. 

Over the frequency range of 10,000 Hz to 60,000 Hz the program found 51 peaks on composite spectrum 

#1, 42 peaks on composite spectrum #2 and 30 peaks associated with the multiplication of the two 

spectra. The probability of the peaks in the intersection is 0.48. 

Figure 11 shows the user interface screen of the automatic signature analysis system, comparing two 

brackets that are known to differ. Signatures from a single part as well as signatures from groups of parts 

and simulated signatures can be saved and recalled for comparison. The signatures under study are 

displayed graphically at the bottom of the screen.  The instrument can also produce composite signatures 

for parts that have been measured at different locations for improving signal to noise ratio. When a 

comparison is required, two signatures are selected, and analysis is initiated. A typical comparison takes 

20-30 seconds after which a number of parameters are displayed, including a red or green light to indicate 
pass or fail. Displayed parameters include correlation coefficient, percentage of spectrum stretch that was 
necessary to optimize correlation, and percentage error for the comparison. With experience a user can 
use these parameters to assess more about a passed or failed part.
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Figure 11. Automatic signature analysis system-User interface screen comparing two different 

brackets 

For comparison, we include a figure of the screen when comparing two parts that are known to be similar 

in Figure 12. 

Figure 12. Automatic signature analysis system.  

User interface screen comparing two similar brackets. 
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Conclusions 

In the foregoing, we described research and development that produced a working tool that can be 

employed by an inspector, with limited training and experience, for inspecting parts that are produced by 

additive manufacturing. The tool determines the acoustical spectrum, of a part and automatically 

compares it with a reference spectrum that has been produced by simulation or with a known undefective 

part. Since the spectrum is defined by the physical properties of the part, including defects, differences in 

the two spectra can enable finding suspicious, possibly defective parts in a batch. The comparison is 

achieved by employing a special, “stretched” correlation function that is adjusted to accommodate 

inevitable small differences in material properties or dimensions of parts that are not likely to cause 

problems.  
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