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Abstract 

Acoustic emission is an established test method for in-service refrigerated ammonia tanks.  

However, the adverse noise environment makes it a challenging application.  This paper 

describes the development of a waveform-based classifier to address the problem of ice noise 

when testing a 12,000 tonne tank.  Previous test results were compromised by AE signals from 

ice cracking.  Use of a classifier to recognise ice noise and removal of ice to the extent possible, 

were key elements in obtaining a reliable result.  Trials were carried out in the lab and on the 

tank itself to produce a prototype template.  The classifier was then implemented for a 

successful full-scale test of the tank.  Although little ice remained, the classifier proved effective 

in eliminating fill and operating noise resulting in much improved overall test sensitivity. 
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1. Introduction 

The current practice for acoustic emission testing of refrigerated ammonia tanks was developed 

by the Monsanto Company in the early 1980’s.  This is embodied in the proprietary ‘Monpac’ 

procedure and ASTM standard E-1930-97.  The original test program was implemented to 

address fabrication quality issues and provide a non-intrusive means of monitoring tank 

condition over the tank’s operating life
i,ii

.  The resulting procedure remains widely used, often in 

conjunction with engineering assessments (Risk Based Inspection) to defer internal inspections. 

Avoiding internal inspection of these tanks is important.  Emptying and cleaning a tank for 

inspection and the subsequent recommissioning risks damaging it through both oxygen 

contamination and thermal stress.  For this reason, AE testing is listed as an applicable non-

intrusive test method in the European Fertiliser Manufacturers Association guidelines with the 

recommendation of using AE where an internal inspection has been carried out previously.  

Australian codes also allow AE testing of ammonia tanks in lieu of internal inspection 

Although the AE instrumentation and processing power has improved since those early days, the 

test and evaluation procedure has hardly changed.  In particular, noise from tank operation, 

filling and ice is a longstanding problem. 

This paper describes work done to improve noise discrimination when testing a particular tank 

whose previous AE test results were seriously compromised by ice formation in the insulation. 

2. Tank AE Test Background 

The tank
iii

 is of a double wall, single integrity “tank in tank” design with a maximum capacity of 

12,000 tonnes operating at -33
o
C.  The 800 mm wide annular space is filled with a loose 

expanded perlite insulation material and pressurised with nitrogen. 

The first acoustic emission test was carried out in 1986 with no significant findings.  The next 

test in 1997 detected increased acoustic emission around the base and centre roof nozzle and the 

testing company recommended conducting a follow up test within 4 years to monitor any 
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deterioration.  This test was conducted in 2001 and showed further deterioration, a result that 

caused significant concern. 

A number of problems were found with the tank’s operation including the possibility of water 

being drawn into the annular space.  Checks were carried out to see if there was ice on the inner 

tank.  This survey found a coating of ice <10mm thick over the inner tank in addition to a 

300mm thick layer of ice-perlite matrix around the circumference of the tank at the floor to wall 

junction.  A concentration was also present near the outer tank relief valve.  

Although the degree to which this affected the AE results was unknown, the amount of ice found 

could account for the apparent severe deterioration of the tank reported by the testing company.  

To investigate this further, acoustic emission tests were carried out on a steel plate coated with 

ice.  This showed that when stress was applied, the acoustic signals from ice cracking were very 

similar to those from steel. 

Although this supported the view that noise from the ice was causing the deterioration in AE test 

results, it was not possible to show conclusively that there was no underlying structural problem 

with the tank.  Steps had to be taken to deal with the ice and resulting noise.  These were 

twofold: firstly to remove as much of the ice as possible and secondly to develop AE technology 

to deal with noise from any remaining ice. 

Removing the ice required major engineering work to design and install a dehumidification 

system to remove the moisture.  This took considerable time but was successful and planning for 

the acoustic emission test went ahead.  All elements of the proposed AE test were examined 

with the aim of improving its reliability but the key element was developing an advanced noise 

discrimination method.  This was critical because continued operation of the tank depended on 

gaining a reliable AE test result. 

3. Noise Discrimination 

The normal feature based data from this type of AE test is very limited in terms of AE source 

discrimination.  Our view was that this requirement could only be met by use of the AE 

waveforms.  In this case, our proposal was to detect the presence (or absence) of an in plane 

(IP), extensional wave mode, characteristic of embedded defects such as cracks in the plate
iv,v

.  

External noise including that from ice will produce out of plane (OOP) waves as shown in 

Figure 1; this provides the basis for separating noise from AE signals of interest.  

Extraneous noise sources such as impact and friction create out of plane (OOP) signals 

comprising primarily low frequency flexural and high frequency shear components.

Cracks create primarily in-plane (IP) high frequency extensional waves with shear and 

small low frequency flexural wave components depending on crack depth

Extraneous noise sources such as impact and friction create out of plane (OOP) signals 

comprising primarily low frequency flexural and high frequency shear components.

Cracks create primarily in-plane (IP) high frequency extensional waves with shear and 

small low frequency flexural wave components depending on crack depth

 

Figure 1: Illustration of In Plane and Out of Plane Waves 



Although simple in concept, this presents some immediate difficulties with a large-scale (80-

channel) test such as this: 

1. Refrigerated tanks even without ice tend to be noisy due to operation of their refrigeration 

systems as well as from the liquid fill required to load the tank.  This means an AE system 

must be able to process and record AE waveforms at high data rates for extended periods, 

perhaps days. 

2. Analysis of hundreds of thousands of AE waveforms requires substantial automation.  

Manual paging through waveforms to look for extensional wave modes was not an option. 

3. The use of contact waveguides and resonant sensors dictated by the double-wall construction 

degrades the waveforms. 

We proposed using the VisualClass waveform classifier package from Vallen Systeme.  This 

works seamlessly with the normal feature based VisualAE analysis package and can process AE 

waveforms from the AE data file in real time.  Most importantly, the associated instrumentation 

has a very good record for reliability and stability even when working at high data rates. 

The function of the classifier was to separate signals with a strong in-plane component from 

noise arising from ice cracking and dominated by out of plane wave modes.  We judged that 

such a classifier could be developed with reasonable tolerance to waveguide and sensor 

characteristics provided suitable sample waveforms could be recorded. 

The aim, therefore, was to build a classifier that would reliably classify noise.  AE signals not 

classified as noise would be evaluated by conventional means.  The reason for choosing this 

approach rather than trying to characterise or model signals from defects in the tank was the 

great difficulty in generating realistic crack signals.  Data from small tensile test samples are of 

little value because of the limited (uniaxial) loading and boundary conditions imposed by the 

specimen that are not present in the tank. 

One essential feature of the pattern recognition software, therefore, is the ability to extract an 

‘other’ class.  That is to say, reveal a class that is not part of the original training set.  Ideally, the 

training set would be a perfect representation of noise sources from the vessel so anything else 

must be from a defect.  In reality, an unknown class may be from a defect or previously 

unclassified noise source.  This means any such data would have to be evaluated to determine its 

significance but this is a relatively simple task given the small proportion of signals involved. 

Although by no means ideal, generating a range of in plane and out of plane signals on a 

reasonably sized test plate was straightforward.  These together with samples of operating noise 

from the tank were the basis for developing the classifier. 

4. Pattern Recognition and Acoustic Emission 

Pattern recognition techniques are a branch of machine learning and generally simpler to use 

than the more powerful neural networks.  A classification processor often uses a set of patterns 

that have already been classified (training set) and the resulting learning strategy is characterized 

as supervised learning.  The alternative is unsupervised learning.  In this mode, the system is not 

given examples of the different classes but establishes them from statistical regularities of the 

patterns in a single, mixed data set. 

Acoustic emission signals conventionally are measured and recorded in terms of a feature set 

describing the signal envelope.  These include signal amplitude, duration, risetime and signal 

strength (energy).  Often the only way to determine whether AE data is from a defect is to look 



at AE activity trends versus time or load.  Measures of energy and amplitude help determine the 

severity of an indication but do little to help distinguish between genuine AE activity and 

extraneous noise. 

Although the AE waveform carries information about the nature of the AE source (crack, 

impact, fretting and so on), making use of that information is difficult.  It is especially so outside 

of the laboratory where there are long and complex signal propagation paths.  Even in plain 

plate, the waves disperse (low frequency components travelling slower than high frequency 

components) and attenuate (reduce in amplitude).  That is to say, the AE waveform carries not 

only information about the source event but also characteristics of its propagation path.  This is a 

significant variable in a large structure. 

The first stage in classifying a signal (waveform) is to extract a range of features that can be 

used to separate different wave types.  To achieve this end, Visual Class extracts frequency 

spectra from a series of time slices taken from the recorded waveform (Figure 2).  This process 

aims to detect differences between the component parts of different waveforms.  

 

Figure 2: Frequency Spectra from Waveform Time Segments 

Once the initial conditions are established, the software extracts the prototype waveform features 

and builds a time versus frequency matrix based on signal energy (310 features in the case of the 

ten segments in Figure 2).  These features are used to separate different classes of waveform 

though it would be unusual to use all of them.  This is shown in Figure 3 where good (93-100%) 

separation is achieved with 64 (20%) of features selected. 

The graphic display shown by Figure 3 is limited to two dimensions so the apparent separation 

depends on the view chosen.  The top left window shows good separation between classes 3 and 

4 but overlap between 1 and 2.  Using the same data, the second view (middle right) shows 

separation between classes 1 and 2 but overlap between 3 and 4.  The classifier software, 

however, has no such limitation and manipulates the feature matrix in multiple dimensions for 

optimal separation of the classes. 



 

Figure 3: Separation of Four Classes 

Once the classifier is configured with the optimum feature set, it is exported as a template for 

further testing and for processing of new or existing data sets.  VisualClass runs independently 

of the acquisition and analysis programmes.  It processes waveform records from the data file 

and tags each with its assigned class and ‘goodness of fit’ measurements.  This processing may 

be carried out on a previously recorded data set or in real time as the waveforms are captured.  

The only stipulation is that the sample rate is the same as was used in setting up the classifier 

and the waveform length is sufficient. 

5. Waveform Classifier Development 

Good training data is essential for any pattern recognition processing system.  As already stated, 

representative signals from defects in a large vessel are virtually impossible to obtain.  

Generating and collecting waveforms from noise sources on the other hand, is relatively 

straightforward.  In addition, sample in plane and out of plane waves including those from ice 

cracking, can be produced on a test plate of manageable size. 

The initial development used waveforms generated in a 1m by 1.5m test plate that included a 

seam weld (Figure 4).  AE sources included pencil lead breaks (0.3mm and 0.5mm, 2H), 

cracking of Perspex (acrylic) strip and ice cracking.  These sources were applied at different 

distances from the receiving waveguide mounted AE sensor. 

Lead break signals were generated both as in plane and out of plane sources.  The Perspex strip 

data was in plane only and ice cracking was out of plane.  Unlike the pencil lead breaks, the 

Perspex strip and ice produced a wide range of signal amplitudes.  This, broad amplitude range 

was essential to developing a classifier that was not weighted to signal amplitude or related 

feature. 

Waveforms were recorded using different sample lengths, frequency and pre-trigger settings.  

From a practical point of view, the smallest sample length and lowest usable sampling frequency 

(record size) was desirable to minimise the processing burden. 
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Figure 4: Waveguide Test Plate (1m x 1.5m x 15mm thk) 

6. Considerations for Developing a Classifier 

A number of factors influence the set-up a classifier, especially for a large, noisy vessel: 

1. The classifier must be broadly based in terms of signal characteristics for a given source.  

This meant selecting signals with a spread of features such as amplitude for each class.  

Avoiding amplitude dependence was essential because of variations in source amplitude and 

the medium to high attenuation rates of these tanks. 

2. AE wave propagation paths vary depending on the AE source location relative to the 

receiving sensors.  In this case, a signal may travel up to 3.5m before detection.  Plate wave 

dispersion causes spreading of the wave packet so the classifier, through its use of waveform 

time segments, has the potential for classifying waves from their propagation distance rather 

than the AE source type.  This effect has been used successfully to estimate the distance 

from an AE source to the receiving sensor but in this case we minimised dispersion effects 

by using only the initial part of the waveform.  This was possible because the in plane signal, 

having the highest velocity, arrives first.  Another benefit of this was a reduction in the 

waveform record size and consequent increase in overall processing speed. 

3. Waveguide, sensor and preamplifier characteristics must be consistent. 
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4. Recognition of a class of signal that falls outside the training set.  A classifier will always fit 

a signal into one of the established classes – even if it does not belong to any of them.  As 

already mentioned, we cannot include genuine ‘crack’ signals in the training sets so it is 

important to be able to identify signals from outside the training set. 

Early work with the classifier showed this could be done using ‘goodness of fit’ measurements 

assigned to each waveform.  By plotting the distribution of the Distance Ratio or similar 

measure by Class, it is possible to detect a peak away from the class centre suggesting an 

additional class.  This was demonstrated with data from the trial carried out six months before 

the main test to demonstrate our equipment and processing capability.  In this case, a separate 

peak was identified and, when evaluated, proved to be noise from rain showers (Figure 5). 

 

 

Figure 5: Peak Away from Class Centre 

Taking into account these factors, the overriding goal was to develop a robust classifier.  That is 

to say, one capable of correctly classifying waveforms subject to variations through propagation 

distance, source amplitude and variations in sensor and preamplifier characteristics.  In addition, 

it should allow separate evaluation of waveforms that fall outside the training set.  This might be 

the case where the tank geometry is complex such as in the area of the shell to floor joint. 

Another choice is whether to use separate sample file inputs for different data types (Supervised 

Training) or let the classifier software work in unsupervised mode to sort a single input file into 

different data types (classes).  In this case, we had identified tank operating noise and created 

sample data representing the data types of interest so the ‘Supervised’ mode was the best option. 

1. Generation of Sample Signals 

Sets of sample signals were recorded using the following test pieces and AE sources: 

1 Test Pieces 

a Small test plate at the tank site. 

b Large test plate at the SPI-Matrix Stockton Office 

c The ammonia tank during normal operation 

Spray Ring Noise 

Unknown 

Class (Rain 

Showers) 

Good Fit with Class Poor Fit with Class 



2 AE Sources 

a Pentel pencil lead break (0.3mm and 0.5mm) 

b Ice cracking (large test plate) 

c Cracking of Perspex strips (cracking in the plastic strip induced by acetone under 

bending load, large test plate) 

d Tank operating noise 

In-plane signals were generated by applying the AE source to the central part of the edge of the 

plate, out of plane signals were generated by generating signals normal to the plate. 

3 Other Variables 

a Additional tests were carried out to compare different sensor and preamplifier types 

likely to be used for the test.  These showed the waveform characteristics were similar 

and did not affect the classifier. 

b All signals were recorded using an improved, spring-loaded waveguide design developed 

specifically for this tank.  To ensure consistency, the spring force was set with a gauge 

produced for installing the waveguides on the tank. 

c Test plate signals were generated at a range of distances over the large test plate 

including propagation through a weld (Table 1). 

Table 1 - Large Test Plate Signals 

Distance (mm) 50 500 1000 1000 W 1350 Comment 

AE Source IP OP IP OP IP OP IP OP IP OP In-Plane, Out of Plane 

Pentel 0.3mm  ● ● ● ● ● ● ● ● ● ~40 samples 40-66 dB 

Pentel 0.5mm  ● ● ● ● ● ● ● ● ● ~60 samples 60-80 dB 

Ice cracking    ●  ●     ~1350 samples 35-80 dB 

Perspex cracking     ●      ~220 samples 37-70 dB 

2. Classifier Development 

There is an element of trial and error in setting up and optimising a classifier.  Although 

satisfactory results can be obtained from the programme defaults, there are many settings to 

adjust in the course of optimising a classifier including the basic ones such as the number and 

length of waveform segments, offset (starting point) and frequency range. 

Several classifier configurations were tried.  These for the most part used both test plate data and 

tank operating noise; initially from the trial test and later from the early stages of the full-scale 

test.  The aim was to develop a good understanding of the key variables and establish a 

framework for setting up a classifier incorporating both the test plate waveforms and samples of 

noise from the full-scale test.  The classifier used to evaluate data from the full-scale tank test 

used the settings shown in Table 2 with waveform sample files as follows: 

1 Test plate in-plane signals:  29 sets  Test plate out of plane signals: 32 sets 

2 Fill and operating noise:   4,790 sets Low frequency noise:   61 sets  

The ‘Fill and operating noise’ sample comprised a series of eight, 5-second segments (excluding 

the roof sensors) extracted from the main data file.  The tank level and pressure ranged from 

8,245 to 8,570 tonnes and 7.0 to 14.9 inches water gauge [1.74-3.71 kPa] respectively over the 

sample range, well below load levels likely to stimulate AE from defects.  Even these small time 

segments (40 seconds) yielded a sample file of 4,790 waveforms.  This gives a measure of the 

amount of operating and fill noise being processed during the test. 



The low frequency noise mostly affected the roof waveguides and was first thought to be from 

drying air escaping around the fittings.  Later evaluation r a significant low-frequency 

component suggesting a strong vibration or acoustic source.  Low frequency noise samples were 

selected from two early data files with the ammonia level at less than 8,220 tonnes. 

Table 2: Classifier Feature Extraction Settings (final version) 

 

 

 

 

These settings result in 16 segments taken from -128µs before to +416µs with respect to the 

trigger point (Figure 6).  The pre-trigger samples are important to ensure the low amplitude 

extensional wave from an in-plane signal is captured. 

Figure 6: Example of an In-Plane signal and the Overlapping Measurement Segments 

Using the Table 2 settings produced 561 features to describe each waveform.  This is to be 

compared with the five features normally used to characterise an AE hit.  The next step was to 

select the features needed to separate the different classes.  Often a small set of features is 

adequate for reliable separation of classes but in this case, the differences between in plane and 

out of plane waveforms were small. 

This difficulty arises because the original wave is coloured by its propagation path and the 

waveguide and sensor characteristics.  These properties will be broadly similar for all 

waveforms no matter their origin.  The exception to this is the tank operating noise.  This 

propagates though the ammonia liquid and therefore is relatively easy to separate compared to 

signals travelling through the plates. 

The above notwithstanding, the high proportion of operating and fill noise means the separation 

has to be near perfect.  Even if only 0.5% of the sample noise set were categorised as in-plane 

signals this would result in 24 false in-plane waveforms being mixed with the original set of 29. 

Detection Threshold 

& Trigger Point 
16 overlapping 

segments of 128 points 

Classifier V101 Test-3 TR Setting

Segments 16 Samp Freq 2MHz

Samples/segment 128 Samples 2048

Trigger offset -256 Pre-trig -512

Frequency Range 20-550kHz

Features Extracted 561



A number of trials were conducted using the various clustering and feature optimisation tools 

available in VisualClass.  These produced increasingly good results as the number of features 

selected was increased.  The main effect of using a large number of features was greater 

processing time but this was not important in the context of this test. 

Another possible problem with using a high number of features is that the classifier becomes too 

narrowly tuned.  However, deliberate selection of a good spread of waveforms for each class 

helped overcome this potential difficulty.  The results for three trials with increasing feature sets 

are shown in Table 3 and Figure 7. 

Table 3 – Classifier Results by Number of Features Selected 

 

Recognising that it would not be possible to achieve perfect separation between all classes, the 

emphasis was placed on having the best separation between in plane signals and the noise 

classes.  The least important separation is between the noise types (operating noise and 

waveguide noise).  

The separation shown in Figure 7 is limited to two dimensions compared to the 447 dimensions 

used by the classifier.  It does, however, illustrate the relatively good separation between IP 

signals (green), OOP signals (red) and the two main noise sources (yellow for operating noise 

and blue for low frequency noise).  

Having a small number of operating noise waveforms classified as OOP noise is probably 

realistic.  The way the noise was sampled makes it likely that a small number of mechanical or 

possibly ice noise events were included and the classifier separated them.  Similarly, there was 

probably some ‘low frequency’ noise mixed with the operating noise sample.  The classifier 

performance could probably have been improved by an iterative process to clean up the 

operating noise waveforms.  However, and bearing in mind the limited time available, this was 

not considered worthwhile. 

 

Features 191

Classifier Results (191 Features) IP Signal OOP Noise Ops Noise WG Noise Percent

Test Plate IP Signal (29) 27 2 0 0 93.1%

Test Plate OOP Signal (32) 0 32 0 0 100.0%

Early fill and operating noise (4790) 1 64 4663 62 97.3%

Waveguide Noise (61) 0 0 1 60 98.4%

Features 306

Classifier Results (306 Features) IP Signal OOP Noise Ops Noise WG Noise Percent

Test Plate IP Signal (29) 27 2 0 0 93.1%

Test Plate OOP Signal (32) 0 32 0 0 100.0%

Early fill and operating noise (4790) 1 68 4668 54 97.4%

Waveguide Noise (61) 0 0 2 59 96.7%

Features 447

Classifier Results (447 Features) IP Signal OOP Noise Ops Noise WG Noise Percent

Test Plate IP Signal (29) 29 0 0 0 100.0%

Test Plate OOP Signal (32) 0 32 0 0 100.0%

Early fill and operating noise (4790) 0 15 4726 49 98.7%

Waveguide Noise (61) 0 0 1 60 98.4%



 

Figure 7: Diagram Illustrating Separation Between Classes 

3. Fill Test and Application of the Classifier 

The tank was monitored for three days before the test proper as it was filled from the ammonia 

plant (7,750 to 8,250 tonnes).  This period included trials to check for the effect of reducing the 

drying airflow as well as periods of light and heavy rainfall. 

Filling from the ship began at approximately 8,250 tonnes and continued to the maximum level 

of 12,000 tonnes.  This level was held for the pressure test to approximately 23” WG using 

ammonia vapour.  The combined fill and pressure test took approximately 38 hours (Figure 8). 

The fill rate averaged 156t per hour over the range 8,300 to 10,990 tonnes including hold 

periods.  Following the hold at 11,000, tonnes the fill rate was reduced to approximately 50t per 

hour.  This reduction in fill rate was both to allow time to react to a significant AE response at 

these high levels and ensure the pressure test would be conducted in daylight.  Note that by 

using a small, coastal, tanker it was possible to control the fill rate down to very low levels (25t 

per hour).  This gave very good control of the test loading and particularly the hold periods. 
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Figure 8: Ammonia Level and Vapour Pressure 

The final version of the classifier was installed on the data acquisition computer and ran in real 

time after taking about 45 minutes to process previously recorded data.  The AE plots were 

modified to show Class-1 (In Plane) and Class-2 (Out of Plane) AE activity separately so the 
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Operating Noise 

 

IP Signal 

OOP Signal 



operator could more easily see if any significant AE activity was occurring as the load increased.  

As can be seen from Figure 9, there was very little AE activity of interest (red trace) and no 

increase as the load increased (blue trace). 

It is important to note that the operation of the classifier does not interfere with the data 

acquisition process and it does not filter (remove) any data (Figure 10).  It simply tags each 

waveform with its designated class together with the goodness of fit measures. 

 

Figure 9: AE Activity versus Level and Time (IP and OOP Data) 

 

Figure 10: AE Data Acquisition System and Processing Diagram 

The AE system was operated at high sensitivity (35dB detection threshold) resulting in 

3,057,540 AE hits being recorded.  Of these, 34% were above the evaluation threshold and 2% 

were above the high amplitude event threshold (adjusted for the waveguide attenuation).   

Test results were reported following separate, conventional evaluations of the whole data set and 

the classes of interest (IP and OOP) for both the fill and pressure tests.  There were no reportable 

areas of AE activity requiring further evaluation or follow-up inspection.  Areas of minor AE 

activity were noted for future reference. 

There were no indications of an ‘other’ class needing separate evaluation.  The parallel analysis 

process (with and without classifier based filtering) helped demonstrate the effectiveness of the 

classifier with no evidence of incorrect or misleading results.  Indeed, the classifier, through the 

exclusion of the operating and fill noise accounting for 98% of the recorded data, allowed 

evaluation of only the Class-1 (IP) and Class-2 (OOP) data.  This led to detection of relatively 

minor but reportable AE sources not evident from the conventional evaluation process. 
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The overall evaluation was based on data from individual sensors.  Location plotting as shown 

in Figures 11 and 12 was used to identify areas or clusters of located events.  These plots 

illustrate the ability to incorporate the classifier output into conventional plots and show the 

confusing picture presented when operating and fill noise is included.  The green points and 

trace are for Class 2 (OOP) data, any Class 1 (IP) data would show as red dots or red trace on 

the history plot.  The purple trace (right axis) shows the ammonia level.  This is in contrast with 

Figure 12 with all four classes plotted and showing the high levels of operating and fill noise. 

 

 Figure 11: Location Plots for Class 1 and 2 Data 

 

Figure 12: Location Plots for all Data 

 



 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 13: 3-D Plot showing Fill Noise 

The dense clusters of located events are due to fill and operating noise from the upper part of the 

tank as shown by the 3-D plot.  The noise propagates through the liquid ammonia and creates a 

false impression of AE activity from the planar location plot.  Evaluation of data such as this by 

conventional means is very difficult. 

Findings from the Test and Conclusions 

1. The wave-based classifier is a complex but practical tool for separating AE signals of 

interest from vessel operating and other noise.  Fill and spray noise was readily characterised 

and separable from data of interest.  Acoustic noise identified during the test and primarily 

affecting the roof sensors was readily incorporated into the classifier. 

2. Although the classifier was developed to deal with any ice noise during the test, tank 

operating and fill noise were overwhelmingly the most significant noise sources.  These 

were also the ones most readily separated from the rest of the AE data.  In practical terms, 

this proved the most useful aspect of employing the classifier. 

3. There was no evidence of AE from defects in the tank with or without use of the classifier, 

even at historically high loads.  Some minor AE sources had characteristics of mechanical 

noise, probably associated with fixtures such as roof supports and hold down brackets. 
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