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Abstract 
 
 The intent of this research project was to improve upon current nondestructive evaluation 
techniques for predicting the burst pressures of Kevlar/epoxy pressure vessels from acoustic 
emission (AE) data.  AE data were recorded during the first step of hydro-burst testing of twelve 
unfilled and eleven inert-propellant-filled Kevlar/epoxy pressure vessels.  These vessels were 
first impact damaged to varying degrees, after which the initial part of AE data up to 25% of the 
burst pressure was input to a back-propagation neural network (BPNN) capable of predicting the 
vessels’ burst pressures.  This raw AE amplitude distribution histogram data resulted in worst 
case predictions of 19.04% for the unfilled bottles and 5.70% for the inert propellant filled bot-
tles.  A Kohonen self organizing map (SOM) neural network was subsequently used to classify 
the raw AE data into the four distinct failure mechanisms typical of filament-wound composite 
pressure vessels.  Using the matrix cracking only amplitude histogram data as input to the BPNN 
improved the worst case burst pressure predictions from 19.04% to 8.81% for the unfilled bottles 
and 5.70% to 3.85% for the inert propellant filled bottles, respectively.  The greater than ±5% 
worst case error for the unfilled bottles was attributed to the scarcity of AE data available up to 
25% of the expected burst pressure for BPNN processing.  Thus, by inputting the amplitude his-
togram for the matrix cracking only data into a BPNN rather than the entire amplitude distribu-
tion histogram, the technique for predicting burst pressures in impact-damaged filament-wound 
Kevlar/epoxy pressure vessels was made significantly more accurate in spite of a scarcity of AE 
data. 
 
Keywords: Back-propagation, neural networks, burst pressure prediction, Kevlar/epoxy pressure 
vessels, Kohonen self organizing map  
 
Introduction 
 
 As the role of composite materials becomes more prominent in the aerospace industry, a 
nondestructive evaluation technique for ultimate load prediction for such materials arises.  Com-
posite materials are widely used in the fabrication of aerospace pressure vessels due to their high 
strength-to-weight ratios.  Because of variability in the manufacturing process of these structures, 
however, there can be large variability in the ultimate strength of the finished product [1].  This 
uncertainty requires engineers to be able to accurately predict the burst pressures of composite 
pressure vessels after they are manufactured. Prediction of burst pressures is the best way to non-
destructively ensure that the pressure vessels will be able to perform safely. 
 
 A major factor in the service life of composite vessels is impact damage.  Impact of any 
magnitude can have adverse affects on the burst pressure [1].  To account for this, tests are run 
on damaged bottles with a variety of impact energies in order to study the effect of the damage 
on the burst pressure.  This allows manufacturers to decide whether or not a damaged vessel will 
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be able to maintain its structural integrity.  In many cases, destructive testing can be dangerous 
and not cost-effective.  Using a neural network to predict ultimate failure, based on a small sam-
ple of AE data collected from the beginning of hydro-burst testing, is an effective way of solving 
both concerns. 
 
Prediction Method 
 
 Until recently, our analysis of AE data has been accomplished primarily through the use of 
Neuralware’s NeuralWorks Professional II/Plus neural network software since its release in the 
late 1980’s.  This program’s ability to generate a variety of networks in a developed user inter-
face promoted its wide usage. Recently, Mathwork’s MATLAB has incorporated a Neural Net-
work Toolbox, which includes many of the same networks.  In an effort to determine whether the 
MATLAB neural networks could generate comparable results to NeuralWorks Professional 
II/Plus, the same data that was originally collected and used for predictions by Walker et al. [2] 
was analyzed utilizing the MATLAB Neural Network Toolbox. The low proof pressure AE data 
utilized came from the destructive pressurization of impact damaged Kevlar/epoxy pressure ves-
sels. The burst pressure predictions obtained by Walker were generated utilizing NeuralWorks 
and the worst-case prediction error was 50% for the empty vessels and 31% for the inert filled 
samples. When using any neural network, the parameters of that network can be varied to yield 
better results.  This process is called optimization, and when completed will provide the best re-
sults.  Considerable optimization work was done here to determine the minimum worst case 
burst pressure prediction error for both sets of bottles. 
 
Experimental Set-Up and Data Preparation 
 
 Two sets of Kevlar/epoxy pressure vessels were tested.  The first was comprised of empty 
vessels and will be referred to as “KBD”.  The second set was filled with Hydroxyl Terminated 
Polybutadiene rubber, an inert propellant.  These bottles will be referred to as “KBID”. In order 
for the KBID bottles to be pressurized, a void in the shape of a cylinder 25.4 mm in diameter was 
left running along the central axis from top to bottom.  The testing process remains the same for 
both types of vessel.  To simulate damaged pressure vessels in service, Kevlar/epoxy pressure 
vessels were impacted by using a dead-weight drop test fixture.  Two tips were used to simulate 
different types of impact, and each impact used a different energy magnitude.  For the pressuri-
zation and configuration of data retrieval, see [1].  In order to simulate the pressurization during 
use, the vessels were ramped up to approximately 25% of the expected burst pressure and then 
dropped to zero.  Each vessel was subsequently pressurized to burst. 
 

 
Fig. 1. Position of AE transducers on Kevlar/epoxy pressure vessels [1]. 
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 In order to record the AE information, four transducers were placed around the vessel.  The 
first was placed on the polar boss, and the remaining three were placed around the center of the 
hoop region (Fig. 1).  The waveform and hit data from the four AE transducers and the pressure 
transducer were imported into the Physical Acoustics Corporation (PAC) SPARTAN-AT com-
puter, which converts the waveform into AE parameter data and creates dta and text files. [1]. 
The result was converted to an Excel file with a table of AE data from all four channels next to 
the corresponding pressure (in volts) sorted by time of hit. Multiple sheets were utilized to aid in 
the filtering process. The first sheet directly copied all the AE and pressure data.  It was then split 
into sheets showing data from each individual channel.  
 
 To conduct the predictions on AE data from 25% of burst pressure, the data were split fur-
ther.  The first 25% of the data from each channel were separated onto a new sheet.  Due to the 
approximation of the actual pressure at the top of the ramp up, another program was written to 
optimize the amount of data to be kept.  Data recorded up to the drop in pressure were split from 
the ramp-to-burst data and put into their own Excel sheet (this will be referred to as the ramp up 
data).  Neural network analysis and predictions were then determined from these AE data. 
 
Artificial Neural Networks 
 
 An artificial neural network (ANN) is a way to take the analytical process of the human mind 
and allow computers to replicate it.  Sets of data are input in parallel to a layer of processing neu-
rons through weighted connections to return a desired output.  Two kinds of neural networks 
were employed for classification and prediction in this research: a Kohonen self-organizing map 
and a back-propagating neural network (BPNN). 
 
Kohonen Self-Organizing Maps 
A Kohonen self-organizing map (SOM) is a competitive neural network where the input objects 
are compared to each other and then assigned weights based on their specified traits. The AE hits 
were grouped together based on their quantification parameters.  This experiment used only three 
quantification parameters, energy, duration, and amplitude, from each AE hit as inputs.  The re-
sulting groupings were compared to known failure mechanisms from composite materials, e.g., 
matrix cracks, delaminations, and fiber breaks.  Anything that did not fit into one of the three 
categories was categorized into a fourth classification known as multiple hit data (MHD), noise 
and data that are typically generated during the final failure of the composite structure.  A depic-
tion of the SOM used here and the resulting classifications vs. amplitude are shown in Figs. 2 
and 3.  A 3D plot of the SOM classifications for KBD169 is shown in Fig. 4. 
 

        
Fig. 2. Kohonen self-organizing map used.         Fig. 3. Histogram of SOM result for KBD169. 
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Fig. 4. 3-D plot of AE hits from KBD169 with four categories after SOM. 

 
Back Propagation Neural Networks 
A back propagation neural network (BPNN) can be used to predict outcomes based on previous 
results called training files.  Similar to the human mind, past experiences are compared to the 
current situation.  As training progresses, a pattern is recognized, and an accurate prediction of 
the end result can be made. The BPNN uses histogram data from each input and attempts to 
match the points with one or more transfer function(s) using weighted coefficients.  The com-
plexity of the transfer function is determined by the number of middle or hidden layer neurons.  
In some cases, a second hidden layer is required to accurately model the data.  The output layer 
consists of a single neuron, which is the prediction for the final result.  If the prediction is off by 
more than a user specified amount, the network adjusts the middle layer weights by an amount 
depending upon the learning coefficient and the error then runs again.  The learning coefficient is 
kept small so that the most accurate results can be obtained [1]. This process continues for each 
set of data until all errors are within acceptable limits.  The architecture of a typical BPNN is 
shown in Fig. 5. 
 

 
Fig. 5. Typical BPNN with multiple middle or hidden layers [1]. 
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Optimization Process 
 

Inputting channel-1 data only is a method used to produce the most accurate results [1].  The 
channel-1 transducer, located at the polar boss, was capable of receiving signals propagating 
both around the periphery of the vessel and those propagating through the liquid.  This assump-
tion is revisited here.  Ramp-up data from each channel were individually used as input into a 
BPNN and used for burst prediction.  The input amplitude histogram represents the frequency of 
hits at each amplitude.  Table 1 illustrates that channel-1 data actually did produce the best re-
sults.  Hence, in subsequent analyses only channel-1 data will be utilized.  
 

Table 1. Worst-case error by channel. 

Channel  Worst Case Error 
(%) 

Bottle with Predicted  
Worst Case 

Channel 1 5.70 KBID205 
Channel 2 11.31 KBID191 
Channel 3 7.09 KBID191 
Channel 4 13.90 KBID245 

  
     Table 2. Ramp-up data predictions (KBD).          Table 3. Ramp-up data predictions (KBID). 

 
 

Classification of failure mechanisms through the use of SOM was not employed by Walker et 
al. [2].  Utilizing SOM classifications has previously demonstrated to improve the results ob-
tained by a BPNN [3].  Thus, the first step in the optimization process was to pass the channel-1 
data through SOM in an attempt to isolate the matrix cracking data.  In order to determine the 
number of failure mechanisms, channel-1 data were classified into an increasing number of 
groups until each group had meaningful statistics.  Classifying the channel-1 data into four 
groups appeared to be the most accurate. Amplitude histogram result can be seen in Fig. 3 for 
KBD169 case. This decision was also verified graphically by making a 3-D amplitude-energy-
duration plot (Fig. 4). The overlap between the mechanisms was reduced using histograms.  The 
groups of classified data were then sorted according to the general characteristics known to be 
associated with specific modes of failure and classified as such.  Matrix-cracking-only data, 
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typically low in amplitude, energy, and duration (shown in red in Figs. 3 and 4), were then 
passed into the BPNN for prediction.  The results can be seen in Tables 4 and 5.  By inspection it 
can be seen that classifying the data with SOM pre-sorting and BPNN yielded better results than 
inputting raw channel-1 data directly into the BPNN.   
 
  Table 4. Filtered ramp-up data predictions     Table 5. Filtered ramp-up data predictions   
  (KBD).         (KBID). 

 
 
 The next step in the optimization process was to determine the ideal number of hidden layer 
neurons.  This was accomplished by using a BPNN to predict failure using varying numbers of 
hidden layer neurons.  The number of hidden layer neurons was varied from 3 to 25.  Due to the 
randomness associated with the initial weights in the BPNN, it was necessary to cycle through 
the range of neurons four times and then to compute the average of the resulting errors.   From 
this procedure it became clear that the optimum number of hidden layer neurons for predicting 
burst pressures in the unfilled KBD bottles was 14, while 19 were optimal for the filled KBID 
bottles. The parameters used in the BPNN are shown in Table 6. Using these newly optimized 
parameters, the BPNN was able to predict with greater accuracy as seen in Tables 7 and 8. 
 

Table 6. Optimized network parameters. 
Network Parameter KBD Parameter Setting KBID Parameter Setting 

Middle Layer Neurons 14 19 
Learning Coefficient 0.003 0.003 

Momentum 0.4 0.4 
Epoch Size 9 9 

Transition Point 5000 5000 
Transition Ratio 0.5 0.5 

F’ Offset 0.1 0.1 
Convergence Threshold 0.8 0.8 

Transfer Function Hyperbolic Tangent Hyperbolic Tangent 
Learning Rule Normalized-Cumulative-Delta Normalized-Cumulative-Delta 

 
 Through the optimization process, it was obvious that the scarcity of the Kevlar vessel AE 
data severely limited the accuracy of the neural network predictions.  In order to offset the scar-
city of data, a larger percentage of the AE data hits were input to the BPNN with SOM pre-
sorting.  This improved the accuracy of the predictions considerably. 
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      Table 6. Optimal Results (KBD).               Table 7. Optimal Results (KBID). 

 
Conclusions 
 
 A reasonably accurate neural network procedure was developed for predicting burst pres-
sures in impact-damaged filament-wound Kevlar/epoxy pressure vessels. Through optimization 
techniques, BPNN with SOM pre-sorting was able to reduce the worst-case error of its predic-
tions from 49.84% to 8.81% on the KBD (unfilled) bottles and from 30.84% to 3.85% on the 
KBID (filled) bottles, respectively. Previous work [2] used NeuralWorks Professional II/Plus to 
predict burst pressures.  After optimization, the present results were satisfactory for the scope of 
this evaluation.  The greater than ±5% worst-case error for the unfilled bottles was attributed to 
the scarcity of AE available up to 25% of the expected burst pressure for BPNN processing.  
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Bottle ID Target Output Percent Error 
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KBID181 16.48 16.84 2.18 
KBID191 14.47 14.85 2.64 
KBID185 20.86 20.73 0.63 
KBID175 13.77 14.30 3.85 
KBID245 15.51 16.00 3.15 
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