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Abstract 
 

The goal of this research was to find an accurate and reliable method to predict the burst 
pressures of various undamaged tall graphite-epoxy pressure vessels at low proof pressures.   A 
total of fifteen bottles were monitored with acoustic emission (AE) transducers while being 
pressurized to failure.  The AE flaw growth data were then analyzed using artificial neural 
networks.  A Kohonen self organizing map (SOM) was first used to classify the AE data into its 
various failure mechanisms, then a back-propagation neural network (BPNN) was used for burst 
pressure predictions. Both the unclasssified AE data and the SOM classified AE data were input 
into two different software packages – NeuralWorks Professional II+ and MATLAB – yielding a 
total of four different predictions.  Each prediction was tested using 12%, 25%, and 50% of the 
initial AE data.  The final optimized predictions used the first 12% of the classified data, which 
resulted in essentially identical worst-case errors of about 6%. These lowest worst-case errors 
were produced using both the AE input data that were pre-classified into the four failure 
mechanisms using the Kohonen SOM plus categorical variables to identify the five different 
resin cure methods. The tall graphite-epoxy bottles tested had to be pressurized to almost 50% of 
their burst pressures to obtain sufficient AE data for accurate burst predictions. The use of low 
proof pressures (≤25%) was inadequate in obtaining accurate burst pressure prediction. 
 
Keywords: Back-propagation, self-organizing map, failure mechanisms, burst pressure 
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Introduction 

 
In recent years, there have been many engineering applications that required the use of 

pressure vessels to store compressed gases and fluids.  These applications range from the large 
storage tanks found on natural gas vehicles to the small, lightweight inert gas storage tanks used 
on modern spacecraft.  For most purposes, a metallic pressure vessel is an effective and cost 
efficient solution.  However, when dealing with aerospace applications it is very desirable to use 
lightweight structures.  Even though the manufacture of a lightweight pressure vessel is 
expensive, the increased operational performance and decreased cost of operation due to a 
vehicle’s lower mass make the use of lightweight pressure vessels advantageous, particularly in 
aerospace applications.  For this reason composite overwrapped pressure vessels (COPVs) or 
fully composite pressure vessels are commonly used on modern aircraft and spacecraft.  This 
includes extensive use on the Space Shuttle (see ref. 1).  This project focuses on the evaluation of 
fully composite pressure vessels only.  Composite pressure vessels have added weight savings 
over COPVs.  However, they can be more difficult to manufacture and composite materials have 
a tendency to fail unpredictably due to variability in cure methods, layup techniques, and other 
manufacturing processes.   Because of this variability in manufacturing quality, it is important to 
develop a practical method to nondestructively evaluate the ultimate strength or burst pressure of 
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each individual composite pressure vessel, and therefore, that is the primary focus of this 
research. 
 
  The data for this project were gathered in 1996 at the NASA Marshall Space Flight Center 
(Walker et al., 1995).  Here, fifteen 146-mm diameter, tall IM7/977-2 graphite-epoxy pressure 
vessels were manufactured and tested.  A tall pressure vessel is defined as a pressure vessel 
having a cylindrical section at least three times the length of vessel.  In this case, the cylindrical 
portion of the bottles was 305 mm long, as opposed to the typical 100 mm long cylindrical 
region.   The fifteen bottles were split into five groups of three bottles, in which each group was 
manufactured using a different resin cure method.   These methods included autoclave cure, 
vacuum bag cure, low temperature cure with polyvinyl alcohol (PVA) removed, rotisserie cure at 
room temperature, and rotisserie cure at 177°C.  Four acoustic emission transducers were affixed 
to each bottle as shown in Fig. 1.   Transducer 1 was attached to the polar boss, while the three 
remaining transducers were attached around the periphery of the pressure vessel along the hoop 
fibers.  The bottles were first pressurized at a rate of 68.95 kPa/sec up to 6.895 MPa, which is 
roughly 25% of the design or rated burst pressure.  The bottles were held at this pressure for two 
minutes to allow them sufficient time for any creep to stop.  The pressure was then brought back 
to zero and finally ramped up to failure, again at a rate of 68.95 kPa/sec. See Fig. 2. Acoustic 
emission data were gathered during the entire test using the AE transducers and a multi-channel 
AE analyzer.  Finally, a portion of the AE data were input into a back-propagation neural 
network (BPNN) in order to predict the burst pressures of the graphite-epoxy pressure vessels.  
Although the BPNN successfully predicted the burst pressures for most of the bottles with less 
than a 20% error, the prediction on one bottle was in error by 37.8%.  These errors are 
summarized in Table A1 in the Appendix. 
 

   
Fig. 1. AE transducer placement.       Fig. 2.  Pressurization scheme. 

 
  The primary goal of this research was to use the data previously collected to devise a method 
of prediction yielding lower errors, with the specific goal of attaining a worst-case error of less 
than ±10%.  This was attempted by modifying the input to the artificial neural networks.  Unlike 
the previous research, the AE data herein were first classified into the different failure 
mechanisms that occur during pressurization of composite pressure vessels using a Kohonen self 
organizing map (SOM) neural network.  Both the original unclassified data and the classified 
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data generated by the SOM were then input into a back-propagation neural network, which 
predicted the burst pressures of the bottles.   Two different neural network software packages 
were used – Neural Works Professional II+ and MATLAB – and the amount of AE data input 
into the neural networks was varied from the initial 12%, 0-25% and 0-50% of the AE data taken 
up to burst.  The variability of the networks allowed for the testing of many different neural 
network configurations and helped to achieve a much improved burst pressure prediction.  The 
secondary goal was to obtain accurate burst pressure predictions at low proof loads such that 
minimal damage is done to the composite pressure vessel.  Details of the neural network analyses 
will be presented later. 

 
Acoustic Emission Nondestructive Testing and Evaluation 

 
Acoustic emission testing is a method to test and evaluate the integrity of a structure 

undergoing stress. In composites the matrix will begin to crack first, then the cracks will couple 
into micro-delaminations, following which the layers or plies of the composite will delaminate 
from one another on a macroscopic scale, then the fiber bundles within the composite will begin 
to break, and finally rupture will occur (Reifsnider et al. 1983).  Each one of these failure 
mechanisms will release energy throughout the structure in the form of elastic mechanical waves 
that will have unique characteristics when compared to waves produced by other mechanisms.  
By measuring the acoustic emission hits using a piezoelectric transducer, the modes of failure 
occurring can be determined and the state of the structure can be inferred.  

 
Two major aspects of AE data analysis that must be taken into account are noise and multiple 

hit data.  Acoustic emission tests are highly prone to gathering noise from sources such as 
electromagnetic interference and mechanical rubbing.  The noise must be filtered out by 
recognizing their characteristics such as very high or very low average frequencies.  When AE 
hits occur in rapid succession, it is possible for the AE data acquisition system to mistake 
multiple independent hits as one long combined hit.  This is referred to as multiple hit data 
(MHD).  Multiple hit data tend to have high energies, long durations, and low average 
frequencies.  In order to get accurate results, noise and MHD have to be removed from the data 
set prior to any analysis.  Fortunately, the data used in this research had very little noise.  
However, there were some MHD that needed to be removed in order to attain more accurate 
predictions. 

 
Artificial Neural Networks 

 
 In order to analyze the data gathered herein, artificial neural networks were employed.  The 

method, by which an artificial neural network (ANN) analyzes data, is modeled after the 
biological neurons and synapses in the human brain.  The ANN’s interconnected neurons, or 
processing elements (PEs), are assigned random initial weights.  Each PE sums together all of its 
weighted inputs and passes it through a transfer or activation function before it is output to the 
next neuron.  The network optimizes the weights by going through iteration while trying to lower 
the error of the network’s output.  The main advantage of using neural networks is that very little 
needs to be known about the data to achieve good results.  For example, if trying to curve fit data 
using statistics, the general shape of the curve must be known.  It must be first determined if the 
curve should be linear, parabolic, exponential, or some other function.  An artificial neural 
network will come up with its own way to fit the data and does not depend on the user’s curve 
fitting intuition.  Also, it is virtually impossible to employ statistics when there is noise present in 
the data.  Noise will cause the analysis to “blow up” and result in unacceptably large prediction 
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errors.  An ANN, on the other hand, can easily handle noisy data.  Typically, the weights 
corresponding to the noisy data points will approach zero after many iterations, causing this data 
to have little effect on the output.  Two kinds of ANN’s were used to analyze the low pressure 
AE data.  First, a Kohonen self organizing map was used to separate or classify the data into 
different failure mechanisms.  Following classification, the AE data were input into a back-
propagation neural network to predict burst pressures. 

 

      
Fig. 3. Basic SOM architecture.     Fig. 4. BPNN architecture with amplitude histogram input. 

Kohonen Self Organizing Maps 
 A Kohonen self organizing map (SOM) is a type of ANN which is used to categorize or 

classify data.  The architecture of a SOM can be seen in Fig. 3.  Data are first applied at the input 
layer of the SOM.  There is one input neuron for each parameter of a data point.  For example, 
here the AE data were categorized in the SOM by using amplitude, counts, duration, energy, and 
rise time; hence, there were 5 input neurons.  The Kohonen layer, which in this case was one-
dimensional, will then process and classify the data into a number of categories.  The number of 
categories possible is defined by the size of the Kohonen layer.  For example, four categories or 
failure mechanisms were expected for the graphite-epoxy bottles: matrix cracking, crack 
coupling, delaminations, and a mixture of fiber breaks with multiple hit data (Reifsnider et al., 
1983).  This resulted in the need to use a 4x1 Kohonen processing layer, which yielded four 
possible classifications.  If the number of categories is unknown, it is best to use more categories 
than expected.  The network will not necessarily use all of the categorizations possible, but the 
size of the processing layer should be optimized to yield the best classification.  Finally, the 
output layer shown in Fig. 3 gives an x-y coordinate representing the categorization of each data 
point or AE hit. 

Back-propagation Neural Networks 
 Unlike an SOM, a back-propagation neural network (BPNN) is used for prediction.  A 

BPNN’s architecture consists of an input layer, one or more hidden or processing layers, and a 
single neuron output layer as seen in Fig. 4.  Data are first input to the BPNN through the input 
layer.  When using AE data, typically an amplitude histogram is input into this layer with one 
neuron per each 1 decibel amplitude interval.  For this application, the amplitude range of the 
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pressure vessel AE data ranged from 60-100 dB.  With each decibel level requiring one input 
neuron, this yielded a total of 41 input neurons.  The processing hidden layer then sums the 
weighted inputs from all the input neurons and passes them through the each hidden layer neuron 
transfer function; these outputs from the hidden layer then become the inputs to the single output 
layer neuron.  In this case, the output from the single output layer neuron is the predicted burst 
pressure.  

  
 In order to produce a BPNN capable of accurately predicting burst pressures, the test data 

must be split into training and testing files.  Since there were fifteen pressure vessels tested in 
this project, eight bottles were used to train the network, while the remaining seven were used to 
test it.  The way the BPNN learns to predict is analogous to the method, in which a student learns 
to solve a problem.  The student will first learn a subject and learn how to solve a set of problems 
relating to it.  Later, the student will be tested on different, but similar, problems to determine or 
test how well the subject has been learned.  Likewise, a portion of the AE data was used to train 
the network.  This portion of data included the appropriate AE amplitude histograms for eight of 
the bottles along with their actual burst pressures.  The network will predict the burst pressures 
by using randomly assigned initial neuron weights.  In order to improve the prediction results, 
the output error is computed, and the BPNN will iterate until either a defined number of 
iterations occur or a specified RMS error is achieved between the training bottles’ burst pressures 
and the BPNN’s prediction results.  The BPNN will finally be tested on the remaining bottles to 
check the prediction ability of the network.  Here, the burst pressures are not supplied, but 
instead they must be predicted using only the untested bottles’ amplitude distribution histograms 
as inputs. 

Application of Artificial Neural Networks 
 
 Multiple approaches were taken to optimize the artificial neural network parameters to 

improve their burst pressure prediction ability.  As stated earlier, the data were classified into 
four failure mechanisms using the SOM.  Obtaining well categorized data proved to be a 
relatively simple task.   However, determining the best way to input data into the BPNN was 
much more difficult.  Two different neural network programs were used to determine which 
produced better results.  NeuralWorks Professional II+, a program built solely for ANN’s, and 
the neural networks application in MATLAB were both used.  For each program, both 
categorized and uncategorized amplitude histograms were input into the BPNN’s for burst 
pressure prediction.  The hypothesis was that the classified data, which provided no data overlap 
and removed MHD, would result in lower errors when input into the BPNN.  Additionally, the 
amount of amplitude data input into the SOM and BPNN was varied between the initial 12%, 
25%, and 50% of the channel 1 AE hits up to burst.  It was believed that more AE data would 
result in less prediction error; on the other hand, less data correlated to an earlier prediction, 
which meant less damage to the bottles.  Finally, the method in which the input file was set up 
was varied.  This included appending all four of the amplitude histograms to one another, 
removing the MHD and fiber breaks, using only the matrix cracking data, and using a categorical 
variable to specify cure type.  All of these approaches will be discussed in further detail later. 

NeuralWorks Professional II/PLUS Predictions 
 NeuralWorks Professional II/Plus is a software package that is specifically designed to 
generate artificial neural networks. For this project, this software was used to generate a series of 
BPNN’s to predict burst pressures in tall graphite epoxy bottles using low-pressure acoustic 
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emission data.  An SOM was also used to classify failure mechanisms within the AE data sets 
and thereby allow the BPNN to make more accurate predictions.   

  
 The SOM categorized the data using five different AE parameter inputs: rise time, duration, 
counts, energy and amplitude.  This SOM classification process iterated 30 times through the 
total number of AE hits for each bottle, resulting in the four different classifications previously 
mentioned.  Shown in Fig. 5 is an amplitude distribution histogram of the categorizations 
obtained from the SOM.  Figure A1 in the Appendix is a three dimensional plot of amplitude, 
energy and duration of one of the bottles in the data set.  It was expected that some of the data 
would overlap due to the fact that different failure mechanisms can appear similar when 
analyzing the various AE parameters.  It is clearly seen that the largest group of the data from the 
amplitude histogram was categorized as matrix cracking.  
 

 
Fig. 5. Categorized amplitude distribution. 

 
 Once the SOM classified the data, it was necessary to determine the format in which the 
BPNN input files would be created.  An input file for the uncategorized data would only have 
one amplitude histogram as an input.  Because of this, the input file would have 41 columns: one 
for each amplitude level.  On the other hand, the classified data had three appended amplitude 
histograms representing the first three failure mechanisms.  This resulted in 123 columns.  
Further improvement of the input file resulted in the addition of three more columns, which used 
a binary categorical variable to indicate the cure type of the bottle.  This variable can be seen in 
Table A2 of the Appendix.  The additional columns made for a total of 126 columns to the 
categorized input file.  An example of the format of the categorized file can be seen below in Fig. 
6. 

 
 The BPNN was trained on seven of the fifteen bottles and tested on the remaining eight.  To 
maximize the effectiveness of the training data, the bottle with the maximum burst pressure as 
well as the bottle with minimum burst pressure were used in the training file.  Furthermore, one 
bottle of each of the cure types was included in the training files.  The remaining bottles were 
chosen at random.  By choosing these different types of bottles to train on, more accurate 
predictions were obtained.  The bottles that were trained and tested on can be seen in Table A3 
of the Appendix.  
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Fig. 6. BPNN categorized input file format. 

 
 The BPNN prediction was accomplished using two different methods.  In the first method, 
uncategorized data were used as an input, while in the second, categorized data with MHD 
removed were used instead.  Each method was tested with the initial 12%, 0-25% and 0-50% of 
the AE hits.  Other parameters such as the number of neurons per layer, learning coefficients, 
and momentum were optimized in order to yield the best possible burst pressure predictions.  An 
effort was made to train and test the network to predict failure using the least amount of data 
possible.  It was expected that less data supplied to the BPNN would result in higher prediction 
errors but minimize damage done to the bottle during testing.  To optimize the results for both 
methods, the number of neurons in the hidden layer of the BPNN was varied from 4 to 20 
neurons.  The learning coefficient value was optimized by varying it from 0.3 to 0.9, and the 
momentum was varied from 0.4 to 0.9.  The root mean square (RMS) error for the seven training 
bottles was also varied from 0.1% to 5%.  The normalized cumulative delta (norm-cum-delta) 
learning rule was used along with a hyperbolic tangent transfer function.  The epoch size for the 
BPNN was set to seven, this being the number of files or bottles that the BPNN trained on. 

 
 The prediction accuracy for the uncategorized AE amplitude histogram data was better than 
expected.  All of the cases resulted in less than a 20% error. This was unexpected, since the data 
were believed to include high amounts of multiple hit data.  Here the optimum worst-case error 
occurred when 25% of the data were input to the BPNN.  This resulted in an error of 7.94%.  The 
errors and the neural network parameters that were used to achieve them can be seen in Table 1.  
Regarding the categorized data, the optimum worst-case error was 5.73%, which corresponded to 
25% of the data input into the BPNN.  This prediction was a 560% improvement over the 
original NASA Marshall Space Flight Center research predictions (Table A1, Appendix).  The 
BPNN parameters used to attain these accuracies are summarized in Table 2. 
 

Table 1: Uncategorized NeuralWorks prediction errors. 
 

 
 

Table 2: Categorized NeuralWorks prediction errors. 
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MATLAB Neural Network Predictions 
 The primary purpose of using MATLAB in addition to NeuralWorks was to compare the 
burst-pressure prediction accuracies of both programs.  The input data used for the MATLAB 
neural networks and the methodology of optimization were the same as those used previously for 
the NeuralWorks software.  The only difference is that the neural network toolkit for SOMs in 
MATLAB was used to classify the data into their respective failure mechanisms.  The classified 
data were subsequently input into MATLAB’s BPNN toolkit for burst pressure prediction.  
 
 The SOMs for the different bottles were generated using the programming command called 
“newsom” in MATLAB.  This program allowed the user to choose how MATLAB categorized 
the data.  Since the tall bottles were made of graphite-epoxy, the SOMs were configured to have 
four failure mechanism classifications: matrix cracking, crack coupling, delaminations and fiber 
breaks with multiple hit data (Reifsnider et al., 1983).  The different failure modes were color-
coded and the data were manipulated into various plots using MATLAB.  This software also 
allowed three-dimensional plots to be generated for the purpose of observing the energy, 
amplitude and duration of the bottles as they approach their burst pressures as shown in Fig. A2 
of the Appendix.  The classified AE hit data showed four different failure mechanisms in the 
amplitude histograms, but the classified data for the various failure mechanisms had considerable 
overlap as can be seen in Fig. 7. 
 

 
Fig. 7. MATLAB BPNN categorized amplitude distribution. 

 
 The BPNN in MATLAB runs the “newff” command from the neural network toolkit.  This 
command required the input and target data sets for training and testing.  The input for this 
particular case was the amplitude distributions acquired from the SOM, and the target was the 
burst pressure of the various bottles during AE recording.  Again the number of hidden layer 
neurons was optimized for the BPNN.   For burst-pressure prediction of the tall graphite-epoxy 
bottles, a loop was created to vary the number of hidden layer neurons from 1 to 20.  The output 
of the BPNN was a matrix of errors in reference to the different number of hidden layer neurons.  
The optimum worst-case error was selected out of this group.  It is important to note that the 
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MATLAB BPNN will randomly assign bottles to train, test and validate the network.  To ensure 
that the network is set up properly, the bottles for the training, testing and validating can be 
chosen manually by splitting the bottles evenly according to the actual measured burst pressures 
(see Table A4 of the Appendix).  This was done to ensure that high and low burst-pressure 
bottles were spread evenly among the test bottles.  This prevented a scenario in which all the 
bottles chosen for training were those of high or low burst pressures, thus distorting the results. 
 
 As stated previously, the data were run in a similar fashion to that of NeuralWorks.  Both 
categorized data and uncategorized data were input into the BPNN with various percentages of 
initial data used.  However, the MATLAB BPNN experienced better results when predicting on 
matrix cracking only data.  This is the only major difference in input data between the two 
methods of prediction.  The results of the MATLAB uncategorized prediction can be seen in 
Table 3, and the results of the categorized prediction can be seen in Table 4.  
 

Table 3: Uncategorized MATLAB prediction errors. 
 

Input 
Data 

Bottle 
ID 

Hidden 
Layer 

Neurons 

Learn 
Coeff. Momentum 

BPNN 
Predicted 

Burst 
Pressure  

(Mpa) 

Actual Burst 
Pressure 

(Mpa) 
% Error 

12% 4B 4 0.5 0.8 19.27 17.74 8.63 
25% 8A 11 0.6 0.6 18.63 20.92 -10.94 
50% 7B 4 0.9 0.41 20.12 17.74 13.41 

 
Table 4: Categorized MATLAB prediction errors. 

 

Input 
Data 

Bottle 
ID 

Hidden 
Layer 

Neurons 

Learn 
Coeff. Momentum 

BPNN 
Predicted 

Burst 
Pressure  

(Mpa) 

Actual Burst 
Pressure 

(Mpa) 
% Error 

12% 8A 11 0.007 0.9 19.71 20.92 -5.79 
25% 6B 6 0.007 0.9 20.63 22.34 -7.65 
50% 4B 5 0.007 0.9 22.67 21.06 7.63 

 
Conclusions and Recommendations 

 
 The low error achieved from the classified and the unclassified AE amplitude histogram data 
demonstrated that accurate pressure predictions can be obtained using both the NeuralWorks 
Professional II+ and MATLAB neural network software packages.   NeuralWorks produced the 
lowest worst-case error of 5.73%, while MATLAB followed closely with a -5.79% error.  Both 
SOMs effectively categorized the data into failure mechanisms, while the BPNNs used this 
categorized data to accurately predict burst pressures.  After optimization of the network 
parameters, the BPNNs predicted burst pressures with less error when the AE data were 
categorized in almost every case.  The two parameters that were not varied in this research were 
the hyperbolic tangent transfer or activation function and the normalized cumulative delta 
learning rule.  It is possible that with a change in these two parameters that the prediction errors 
could be lowered even further.  In general, it was found that NeuralWorks provided slightly 
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better, more refined results, while MATLAB was easier to use and produced results faster than 
NeuralWorks. 
 
 Besides the SOM classification of the failure mechanism data, the other factor that may have 
contributed even more significantly to the accuracy of the burst pressure predictions was the 
three digit categorical variables used to identify the five different cure types for the bottles.  
These can be seen in Table A2 of the Appendix.  The addition of such categorical variables to 
the input data allows the BPNN to fit the data for each cure type separately rather than treating 
all the bottles as being from the same batch.  This may explain a large part of the error obtained 
in the original analysis as can be seen in Table A1.   
 
 Another topic that was explored was the nondestructive testing of additional bottles.  From 
Table A5 of the Appendix, it can be seen that the minimum burst pressure for any bottle in the 
data set was roughly 16 MPa.  The highest pressure required to collect 12% of the total AE 
activity for any bottle was slightly below 13 MPa.  It can be concluded from this that loading any 
future bottle of the types that were tested in this research to 13 MPa would result in at least 12% 
of the total AE activity being recorded.  This should allow a burst pressure prediction within a 
±10% worst-case error while preventing any bottle from failing during the hydroproof test.  
However, the data in Table A5 also indicate that the tall graphite-epoxy bottles tested herein, on 
average, had to be pressurized to almost 50% of their burst pressures to obtain sufficient AE data 
for accurate burst predictions.  As such, the goal for obtaining accurate burst pressures at low 
proof pressures (≤25% of the average burst pressure (Hill et al., 1996)) was not met for this 
research.   
 
 For future tests, perhaps the best way to both lower proof pressures – and thereby minimize 
damage to the test article – plus ensure that there are sufficient AE data for burst pressure 
predictions would be to lower the threshold at which the AE data are taken from 60 dB down to 
50 dB.  This would substantially increase the amount of AE data available for processing and 
possibly allow AE data to be taken up to only 25% of the average burst pressure while 
generating worst-case prediction errors within ±5%, values which are more typical for such tests.   

Appendix 
 

 
Figure A1: NeuralWorks SOM classification 3D plot.  
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Table A1: Original MSFC neural network burst pressure predictions [2]. 

 
 

Table A2: Cure type categorical variables. 

 
 

 
Fig. A2. MATLAB SOM classification 3D plot. 
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Table A3: NeuralWorks BPNN training and testing bottles. 
 

 
 

Table A4: MATLAB BPNN training and testing bottles. 
Burst 

Pressure 
(MPA) Input Type Bottle Name Bottle Number 
22.93 Train GBT5A 4 
22.53 Test GBT5B 5 
22.34 Validate GBT6B 8 
21.83 Train GBT6C 9 
21.8 Train GBT5C 6 
21.4 Train GBT8B 14 
21.06 Test GBT4B 2 
20.92 Validate GBT8A 13 
20.91 Train GBT6A 7 
20.61 Train GBT4A 1 
20.33 Train GBT8C 15 
17.86 Train GBT7A 10 
17.74 Validate GBT7B 11 
16.05 Test GBT7C 12 
15.79 Train GBT4C 3 
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Table A5: Pressurization requirements with critical values highlighted. 
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