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Abstract  

Acoustic Resonance Testing (ART) is a rapidly growing NDT method for 100% testing of products inline. It 

works on the principle of Acoustic Resonance, the object is impacted and its acoustic response is recorded and 

analysed. The acoustic response of an object is unique like a finger print and changes to the acoustic response  

are used to identify defective parts. In this paper we have developed a low cost automated inspection system 

using ART principles, improving both the accuracy and the efficiency of the existing ART systems. We have 
chosen to implement the transform decomposition method of Discrete Fourier Transform. It is computationally 

more efficient than the FFT as only a small subset of output  points are required  from a  signal sampled at a very 

high rate for spectral analysis. To improve the accuracy of the classification system (for defect detection) we 

have implemented the support vector machine based expert system to allow intelligent threshold detection.  
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1.  Introduction 
 

The aim of any 100% inspection NDT system is to be fast, accurate and low cost. Acoustic 

Resonance Testing (ART) is a fast and low cost system making it ideally suited for 100% 

inspection systems. The basic principle has been in use for centuries wherein the object is 
impacted and a human evaluates the acoustic response heuristically. When an object is 

impacted it resonates in its natural modes. This resonance produces an audible acoustic 

response. This response is like a fingerprint of the object and defects can be detected due to 

the variation in this response. This paper aims to develop low cost automated inspection 
system to detect defects such as cracks, inclusion etc. using ART principles, improving both 

the accuracy and the efficiency of the existing ART systems [1]. 

 

2. Acoustic Resonance Testing 
 

2.1 Basic Principle 
 

Every object has its own resonance modes. When an object is impacted it tends to resonate in 

these natural modes. Consider the simplest case of an object with single degree of freedom as 

shown in Figure 1. The object will resonate at a fundamental frequency. This fundamental 
frequency is given by the equation (1) [2]. 
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From this equation we see that the natural resonant frequency of the object depends on the 

mass and the elastic constant of the object. Thus if there is a change in either of the two 
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parameters there is a corresponding shift in the resonant frequency which can be observed in 
its acoustic response. Extending this concept to an object with multiple degrees of freedom we 

find that there are multiple resonant modes, each with a unique resonant shape and resonant 

frequency. It is found that the resonant frequency exhibits the same dependency on mass and 

elastic constant as shown above. Thus a crack would lower the elastic constant and a change 
in porosity causes a decrease in mass. This affects the overall spectrum causing a shift in the 

spectrum. Not all the modes are affected by the presence of a defect. Only those modes whose 

deformation involves the region with the defect are affected.  
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Figure 1. A single degree of freedom system 

 
2.2 Acoustic Response 

 

The object to be tested is impacted using an impact device. The impact device causes the 

object to vibrate. This produces acoustic waves at frequencies corresponding to the resonant 
modes of the object. The acoustic response is recorded using a microphone and a computer. 

This time domain information is then converted into the frequency domain where the peaks in 

the spectrum correspond to the natural frequency of the resonant modes of the object. This 

spectrum is analyzed for various samples of objects with and without defects. The region of 
the spectrum which shows a clear distinction between the  defective and non defective parts is 

identified. The peaks in this region alone are analyzed and used to decide whether the part is 

defective or not. Figure 2 shows the typical frequency response of an automotive component 

tested using ART. 
 

 
Figure 2 Frequency response of an automotive component 

 

 

 



3. Existing ART systems 
 

3.1  Fourier Transform  

 
Existing systems use FFT for implementing Discrete Fourier Transform to convert time 

domain information to frequency domain information. This algorithm is efficient when a large 

portion of the acoustic spectrum needs to be analyzed.  

  
3.2 Classification system  

 

Existing classification systems check for presence or absence of peaks in the interested 

regions. The presence of a major crack shifts the location of the peaks outside the region of 
interest. Thus by checking this region for the presence of a peak we can classify whether the 

object is defective or not. Figure 3 below shows the shift in location of peaks due to the 

presence of a major crack in an automotive component.  

 

 
Figure 3 Comparison of the spectrum of a component with a major crack and an Ok component 

 
3.3 Limitations of Existing System 

 

3.3.1 Inefficient Fourier Transform 

In order to get a complete set of resonant frequencies at a desired resolution, high sampling 
rates are required. However, to test for defects we only need a small subset of the spectrum. 

Using FFT leads to very large computational requirements putting unnecessary load on the 

processor and reducing the speed of the process. However it is not possible to generate a 

subset of output points using the FFT.  
 

 

3.3.2 Condition based classification systems are ineffective for minor defects 

Condition based Classification systems use only the location and amplitude of the peak in the 
spectrum to decide if the object is defective or not. While this works for detecting large 

defects, they are not accurate for detecting minor defects. This method is sensitive to impact 

variation requiring a highly standardized impact device making them expensive to implement 

Also, for products with large part to part variation this method will not be effective as it leads 
to misclassification. This approach requires an accurate peak detection algorithm. In addition, 



peak detection is inaccurate in regions with double peaks. The system can not automatically 
set decision boundaries for testing different parts than it has been trained for. The manual 

threshold setting makes the training for a large number of products time consuming. 

 

3.3.3 High cost of system 

Existing systems involve expensive Data Acquisition Equipment and specialised processors 

and hardware making it a very expensive setup.  

 
To overcome these limitations, in this paper we use the Transform Decomposition method of 

DFT to reduce computational complexity.  We improve the accuracy and develop a more 

robust system using a Support Vector Machine (SVM) classifier. We use a low cost Personal 

Computer and its inbuilt sound card to implement this system for 100% inspection. 

 

4. New ART system  

  
4.1 Efficient Fourier Transform: Transform Decomposition 

 

4.1.1 Introduction  

There are many algorithms that allow us to generate only a subset of output points. The most 

common of which is the Pruning [3] algorithm. It is based on evaluating only the butterflies in 

the FFT which are needed for the output points that are required. However this method is not 

the most efficient algorithm as in most cases all the initial butterflies need to be evaluated. 
The number of multiplications and additions required for this are as mentioned in [4], where 

N is the total length of input points and L is the number of desired output points 
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Transform Decomposition method developed by Sorensen, et al [4] is a mixture of the 

Cooley-Tukey FFT [5] and uses a computational structural similar to the one used in 
Goertzel‟s algorithm [6]. The method divides the length N input vector into Q vectors of 

length P each where Q=N/P. Let L be the number of output points required. Then the number 

of computations required has been shown to be 
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However if only real valued inputs are considered as in the case of ART, where all the audio 

signals are real valued, the number of computations has been shown to be reduced further in 

[4]. 

 

 
2

# lo g 2 2
2 2

T D F IL T R E A L

N N N
M U L P P

P
 

     (6) 



 

 
2

3 3
# lo g 2

2 2
T D F IL T R E A L

N N N
A D D P

P
 

    (7) 

 

 
Thus we find that depending on the number of output points required for the ART we can 

greatly reduce the number of computations required by using this method. 

 

4.1.2 Application of Transform decomposition to ART 

In our system to detect major and minor cracks we needed to use 633 output points as they 

were in the frequency range of interest out of a total of N = 32768 output points on the 

acoustic spectrum to accurately detect the defective parts. Using any additional points would 

not add anything to the accuracy. Table 1 shows the reduction in computational complexity of 
22.92 % was achieved by using the Transform Decomposition method.  

 

Table 1. Comparison of Computations Required (N=32768) 

 

 
 
In the case of internal flaws which have not yet propagated into cracks the variation in 

acoustic response is detected by a trained human ear but the variation in spectrum is minimal 

that more output points are required as the output points to be fed into the classification 

system have not yet been optimised at the time of this publication to conclude the % reduction 
in computational complexity.  

 
4.2 Intelligent Classification system : Support Vector Machines 

 
4.2.1 Introduction 

There are many intelligent classification systems such as Artificial Neural Networks (ANN) 

and Support Vector Machines. Artificial Neural Networks are computational models which 

aim to recreate the biological neural network found in humans. It can be used to perform 
several functions such as classification and regression. The application of Multi Layer 

Perceptron ANN with one hidden layer and backpropogation algorithm to identify major and 

minor cracks was carried out in an earlier work by the author [8]. This concept was extended 

to try and detect not yet propagated internal flaws. However the accuracy was quite low and 
therefore SVM‟s were used to try and improve the accuracy to detect these defects. 
 

Support Vector Machines is a learning method based on the simple linear classification 

principle. It aims to identify the optimal linear boundary that separates the two classes with 
maximum margin between them. Equation (8) is the representation of a generic linear 

classifier with x the input vector [7]. 

 

Nature of Defect 

 

No of 

output 

points 
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Mult. (%) 

Total 

Computation 

Reduction 

(%) 

Major and Minor 

Cracks 

633 655362 196610 24.98 16.08 22.92 
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The optimization problem in linear classifiers can be stated as follows where we want to find 

the hyper plane that optimally divides the two classes. Where w is the set of weights that we 

need to optimize and x is the input vector.  is the geometric margin defined as the distance 

between the sample point and the decision boundary in the feature space. 
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Using the Lagrangian duality the optimization problem is reduced and simplified to  
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Thus we find that once the 
i

 ‟s have been calculated it reduces to a simple calculation of the 
inner product between the new point x and the support vectors. The support vectors form a 

small subset of the total training samples and therefore the number of computations required 
is very less. Thus each new point can be classified easily by just computing the inner product. 

This forms the basis of SVM. However to also classify non linear problems feature mapping 

is done. A mapping function (x) maps the data from input space to a feature space. Thus we 

can replace the inner product in equation (10) with the kernel function in equation (11).  
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We find that by choosing an optimal kernel function any non linear classification problem can 
be solved using SVM. 

 

4.2.2 Application of SVM to  ART 

In ART the features generally used to classify are the amplitude and the location of the peak. 
However peak detection is quite inaccurate and is not reliable in regions with double peaks. 

So instead suitable features are identified from the frequency spectrum and used to train the 

SVM. For example the amplitude of the frequency response in the frequency range of interest 

and the sum of the amplitudes in the region of interest could be fed to the SVM as input. A 
suitable kernel is chosen from a variety of kernels such as quadratic, linear, radial basis 

function, multi layer perceptron and polynomial depending on the application. A large 

number of training samples with a good number of defective and ok samples are recorded. 

This input set is used to train the SVM. Different kernel functions and feature vectors are used 
to find the optimum method for the given object.  

 

The SVM adapts to the input vectors provided to it removing the human element from the 

classification process. It makes the thresholding process adaptive and thus whenever there is a 
change in batch, material composition or a new product, instead of having to manually reset 

the threshold, suitable samples can be fed to the SVM which can then be retrained easily.  

 



Advantages of using SVM in ART 
1. Intelligent classifiers such as SVM are able to learn relationships between magnitude 

and location of several peaks in the same spectrum which is nearly impossible for 

human to identify. 

2. Easy and quick to train new products and also take into account batch to batch 
variation 

3. Ability to accurately detect internal flaws which have not yet propagated accurately 

which has not been successful using existing methods.  

 
Results and comparison of the SVM based method with other ANN and logic based methods 

are given in the following sections.  

 

5. Experimental Setup 

 
5.1 The Component 

 
The testing was carried out on an automotive component. The component which goes into the 

gearbox of an automobile is made of brass and has gears on it. The component was modelled 

in Solidworks. 
 

Modal analysis was carried out using Solidworks to identify the resonant modes. These modes 

superimposed on top of the spectrum are shown in Figure 4. This helped narrow down the 

region of interest for the next stages. 
 

 
Figure 4 Modal Analysis results overlaid on Frequency Response of Component 

 

5.2 Equipment 

 
The setup was kept simple and low cost. A Desktop PC and its inbuilt sound card were used 

for recording the response. A low cost simple “Off the Shelf” microphone was used. A 

suitable low cost impact device was used to impact the component. 

 
5.3 Types of Defects 

 
Two major types of defects were found to occur.  

 Major and minor cracks 

 Internal flaw that had not yet propagated. 



6. Results 

 
These are the results obtained using the above setup in an industrial environment where other 

components were being manually inspected and other industrial noises were present as well.  
The test was run on more than 10,000 samples right off the production line. The transform 

decomposition method was used to minimize the computational effort by 22.92 % as 

explained in the earlier section for Major and Minor cracks. 

 
6.1 Major and Minor Cracks 

 
The system was tested using an Artificial Neural Network [8], Support Vector Machines and a 

simple condition based classifier. The major crack was easily identified due to large shift in 
spectrum. All the methods were successful. There was no clear difference between the various 

methods. Figure 3 shows the difference in spectrum between the cracked and the Ok samples. 

The results are tabulated in Table 2 

 

Table 2. Accuracy of detection 
 

Method Used Accuracy in detecting 

major and minor 
cracks (%) 

Accuracy in detecting 

internal flaws that 
have not yet 

propagated 

 (%) 

Accuracy in 

detecting Ok parts 
(%) 

Condition based 
Classifier 

92 Not Applicable 90 

Artificial Neural 

Network 

100 87 93 

Support Vector 
Machine  

(using optimal kernel) 

100 95 98 

 

6.2 Internal Flaw yet to propagate 

 
The component under test exhibited an internal flaw that was yet to propagate which was 

barely discernible even to the human ear. The spectrum exhibited only minor variation. The 

comparison of an Ok and a component with this internal flaw is shown in Figure 5. As can be 
seen there is no clear distinction between the two spectrums, unlike the major and minor 

cracks. This makes condition based classification impossible. Artificial Neural Network was 

attempted extending the concept in [8]. However the results were not satisfactory with the 

accuracy being quite low. Support Vector Machines initially presented disappointing results 
until optimal kernel choice was made and number of iterations increased to allow the 

solutions to converge. The results and the comparison are shown in Table 2. 

 

 
 

 



 
Figure 5 Comparison of spectrum of Ok Component and minor crack component 

 

 

7. Conclusions 
 

In this paper we have developed a robust, accurate and efficient low cost Acoustic Resonance 

Testing system for NDT. Using Transform decomposition the efficiency of the entire system 
was increased reducing the number of computations by 22.92%. The percentage reduction 

varies with the component under test and number of frequency parameters required at the 

classifier. Major Cracks such as broken components could be easily identified using any 

method. However the use of intelligent classification systems in the form of Support Vector 
Machines allowed us to accurately detect an internal flaw which had not yet propagated which 

was not even possible using the simple classifier. The SVM (98%) outperformed the ANN 

(93%) by a large margin and was able to produce very low error rate for the minor crack. The 

SVM was found to be more robust working even in noisy environments. The entire system 
was developed at a very low cost, with only a desktop computer and “Off the shelf 
components” to form the test rig. Testing time per part was around a second per part making it 

ideal for 100% inline inspection of components.  

 

8. Future Work 

 
The following improvements are being considered and are being worked on. Optimise the 
feature vectors and minimize the number of output points required to identify the yet to 

propagate internal flaw. Studying different implementations of DFT such as nearly optimal 

sparse Fourier Transform to understand the effect they have on speed and efficiency. We are 

also working on methods to measure the dimension of the object from its acoustic response.  
Detection of other minor defects such as under fillings and lap in forgings are also being 

worked on. 
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