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Abstract

No Fault Found (NFF) is a well discussed phenomenon within the maintenance sector but which requires work to quantify how much of an issue
it may be and provide metrics by which it may be tracked and various approaches to its reduction evaluated. Previous studies have relied on expert
classification to identify NFF, however this approach is time consuming and costly. Maintainer classification (MC), expert classification (RC),
phrase matching (PM), and Bayesian matching (NBPM) are all evaluated and contrasted as methods to identify NFF. The results demonstrate the
utility of all 4 methods and discusses their place within a maintenance ecosystem.
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1. Introduction

The historical context of NFF has moved from one of anec-
dote to a well discussed part of maintenance. The NFF cy-
cle can be seen in Figure 1 which depicts the process from
an initial fault report, through a work order being raised, to
diagnosis of no fault found, to return to service. This pro-
cess can continue around the cycle at different levels of main-
tenance causing a waste of personnel and materials resources
and uncertainty regarding the true health state of the asset.
Many authors acknowledge the problem exists to some extent
but quantifying the level of NFF and creating a metric has
proved difficult. The large array of potential causes and dif-
fering opinions of the true reasons for NFF can make it diffi-
cult to create a true picture of the level of NFF within mainte-
nance operations[1-3]. A MSc thesis by Stewart Roke manu-
ally classified MWOs(Maintenance Work Orders) for NFF and
suggested a true level of between 8% and 16% within the main-
tenance of the RAF Harrier fleet during the period January 2005
to December 2008(p82)[4]. Roke was an expert technician who
had worked on Harrier for a great many years and so could ap-
ply expert judgement to the work carried out recorded within
the MWOs. This classification work when combined with the
maintainer NFF classification at the time of the MWO into the
LITS system provides a picture of how the maintainer and an
expert of the fact view the NFF content of the MWO. This
presents an interesting opportunity to evaluate different meth-

ods of automatic classification as the coding done by Roke can
be used as a comparison with various algorithms in order to pro-
vide credibility. As algorithms improve they can be used with
other fleets to gain a picture of the level of NFF more widely
and to evaluate the effectiveness of different methods intended
to reduce the NFF rate within maintenance.
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Fig. 1. No Fault Found cycle
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1.1. Previous work

Text Mining is the discovery by computer of new,
previously unknown information, by automatically
extracting information from different written re-
sources. (Marti Hearst [5])

The use of programming to create methods to classify, tag,
and summarise otherwise unstructured text is the field of nat-
ural language processing and there are several examples of
prior efforts to apply NLP to maintenance records. McKen-
zie et al[6] and Bokinsky et al[7] both made use of the Python
NLTK(Natural Language Toolkit) to try to extract meaning
from the maintenance records of aircraft. They both demon-
strated the difficulty of working with part numbers which within
a single aircraft type may have some order but will still evolve
with the aircraft to make the recognition of text elements as
part numbers a difficult process. This difficulty does not ap-
ply to the current work as at this stage it was decided not to
attempt to identify part numbers within the text field. Butters
et al[B-10] investigated the use of Named Entity Recognition
to extract meaning from maintenance records. Their approach
was evaluated for this NFF work but due to the short length
of the MWO field (less than 250 characters) their method did
not yield significant advantages. Future work is expect to in-
vestigate the application of their TR tool to longer maintenance
records where it will be better suited. Various machine learning
approaches have been tried to extract information from text with
some success[11,12]. The python NLTK features a naive Bayes
reasoner that has been used several times as part of analysis to
estimate member class of some text sample. This approach has
been used to estimate the impact of media statements on the
equity of a particular firm[13] and to evaluate sentiment within
statements| 14].

2. Method
2.1. Problem

This study is interested in ways to classify maintenance work
orders into categories relevant to the study of NFF. These work
orders typically have useful information regarding the asset be-
ing examined, the reported issue (and expected fault) and the
maintainers report on work done. In the data under study the
organisation has instituted a practice of voluntary coding by
maintainers to classify work orders as NFF or Fault Found.
Our interest was to take these MWOs and create methods by
which the historic levels of NFF could be assessed and the
potential effectiveness of the voluntary NFF coding could be
evaluated. This project has several potential approaches which
fall into two main categories of Manual and Automated clas-
sification. Manual classification as discussed by Beniaminy et
al [15] and others is a difficult undertaking and requires inti-
mate expert knowledge of the maintenance asset which is the
focus of the study. In the long term the development of NFF
experts and review of maintenance performance with a view to
better understanding the causes of NFF may be the best solu-
tion however to reach this point an automated method may be
better suited to identifying potential NFF incidents which can
then have resource dedicated to them. Manual classification of
the thousands of maintenance records each year would likely be
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a waste of resource. We will compare three methods of classi-
fying maintenance work orders for NFF. The expert classifica-
tion by Roke was based on his interpretation of the work done
notes written by the maintainer. The phrase matching method
is an attempt to replicate this method using automated methods.
In order to evaluate the performance of the automated method
compared to previous work the dataset used by Roke in his MSc
thesis was obtained to form a basis of comparison. This enabled
a three way comparison between Roke’s expert classification,
the classification of MWO as NFF at source by RAF maintain-
ers and the proposed phrase matching method.

2.2. Maintainer Coding

The maintainer coding method relies on expert maintainers
correctly coding their tasks on completion NFF if they believe a
NFF has occurred. Guidance is given to the maintainer on cod-
ing during their training and is also provided as part of the doc-
umentation for the use of the maintenance logging system[16].

2.3. Expert Classification

Roke used expert knowledge to classify short form mainte-
nance records as NFF or FF within the RAF Harrier fleet 2005-
2008. This process required a large amount of manpower ef-
fort and would likely be difficult to replicate without similar
expert knowledge for the maintained asset under investigation.
Common phrases denoting NFF were identified and multiple
instances found of possible failure of the maintainers to code in-
stances correctly as NFF. The phrases identified in Rokes study
are shown in table 1.

Table 1. Alternative descriptors used instead of NFF within maintenance
records. Taken from Study by Roke[4] (Table 9 P80)

Serial Description

No Fault Found

Fault cleared during Investigation
Unable to reproduce reported fault
Fault not found

NFF or nff

No apparent damage

No faults apparent

No fault indications

No failure codes on . ..

Unable to replicate fault

Unable to reproduce original fault symptom
Cannot reproduce fault

No problems reported

TR = =

2.4. Phrase Matching

In order to construct an algorithm to find potential NFF in-
cidents within the maintenance data extensive use was made of
the Python programming language, the natural language tool
kit, and the open source Python data analysis library Pandas.
The specific versions used can be found in Appendix A. The
maintenance data received is passed into a pandas dataframe
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using some custom Python code so it can be analysed. The data
then undergoes a number of steps.

1. Pre Processing

(a) The data is reduced to a subset based on the coordi-
nated date of the work order.

(b) A custom created dictionary is applied to correct
spelling mistakes. The nature of manual text entry
into a terminal within a maintenance bay while in a
rush makes this step important for classification ac-
curacy.

2. Classilication

(a) Natural Language Tool Kit splits the text entries into
word tokens

(b) The phrase matching algorithm is applied using the
specified phrases to classify the work orders as NFF
or FF by matching phrases found from the word to-
ken tuples. e.g. words, bigrams, and trigrams

(c) See Figure 2 for details of the processing performed
on each maintenance work order.

3. The data is split into domains. For this study the For-
ward(FWD) Domain from Rokes work was examined.

A full list of the the phrases used by the algorithm to classify
MWOs as NFF can be found in Appendix B. The algorithm
makes use of the Natural language tool kit to split the main-
tainer entered text into words and phrases which can then be
compared to the phrases selected as signifying NFE. The use
of phrases as a matching technique is dependant on the pres-
ence within the maintenance culture of a shared report struc-
turing system. Where maintainers use the same phrase it is a
requirement for the algorithm that they mean the same thing. In
practice this may not always be the case and there will always
be some ambiguity. The more fragmented the linguistic cul-
ture of the maintenance organisation, the more difficult it will
be to identify phrases which signify NFF from the maintenance
data. The use of interviews to attempt to identify local varia-
tion in the description of NFF problems has bee suggested as a
method to capture this local variation and it will likely be effec-
tive. These discussions of NFF descriptions may cause main-
tainers to change their use of language in unexpected ways but it
is likely still a positive step as it will identify some phrases and
also get the maintainers thinking about NFF and their intention
when they are writing their maintenance report.

2.5. Naive Bayes Phrase Matching

The Naive Bayes algorithm[17] is based on the idea that the
probability of an event can be determined based on the prob-
ability of it's constituent elements and that the probabilities of
these elements are independent of each others state. This is why
it is known as naive Bayes as where one element is true it is not
unusual to find other elements true and so the state of elements
can be dependant on the state of other elements. If one is True
then the probability of the other elements being True is affected
in a dependant relationship. Despite this problem Naive Bayes
has been successfully used in natural language processing in
several applications and in particular is associated with efforts
to try to enable a computer to classify the opinion of a reviewer
from the text of their article[18].

Single maintenance
work order

Text of Work Required
& Work Done

MNLTK

‘Words, Bigrams, &
Trigrams

Similarity matching
to NFF events .

Python Script

Fig. 2. Maintenance data NLP analysis process

Feature Function.

Several different feature functions were evaluated following
guidelines within the NLTK book[19] and while all showed
high classifier ability the bigram feature function showed the
best performance by a narrow margin. Evaluation of the tri-
gram and whole sentence feature functions suggested they may
be susceptible to overmatching. Study in the area of machine
learning using Artificial Immune Systems[20] has suggested
that it is more appropriate to encourage feature selection so
that there will be multiple supporting medium weight matches
within a sample rather than one high weight match. The bigram
feature function was therefore selected to evaluate.

Training and Evaluation.

The different feature functions were trained and evaluated using
a randomly selected subset of less than 9% of the total dataset.
They were separated into training, development, and testing
sets in the ratio (62.5% : 25% : 12.5%). Each classifier was
train several times with random data used each time to evalu-
ate performance stability of the classifier. The bigram feature
function and the built in NLTK naive Bayes classifier averaged
an average accuracy of 93.96% with a standard deviation of
0.84%.

3. Results

The Roke classification and the maintainer classification
were joined using their unique identifiers to produce a dataset
for which every entry was classified by both methods. This was
turned into a python pandas dataframe for ease of manipulation.
Any MWO which were featured in one set but not the other
were discarded. The rule based phrase matching method and
the naive Bayes phrase matching algorithm were then both ap-
plied and logical indexing used to evaluate the correspondence
between the methods and the MWO for which there was dis-
agreement. These were then created into the two separate Venn
diagrams shown in Figure 3 and 4. This was done to evaluate
the overall match and overlap. The naive bayes and the rule
based phrase matching were also compared to each other and
had a high degree of agreement but this data is not included
here for lack of space. The proportion of the different sets was
calculated to allow the proportions to be understood without
disclosing the total numbers of MWO. The classifiers devel-
oped were both applied to the full dataset in order to create a
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full scale comparison. Venn diagrams were then created to ex-
amine the intersection of the different sets. These are shown in
Figures 3 and 4 and are described in Tables 2 and 3. The re-
sults from the phrase matching algorithm are presented here in
Figure 3 and Table 2. They demonstrate reasonable agreement
with the results of Roke’s classification and with the maintainer
classification of the MWO. The results from the naive Bayes
phrase matching algorithm are presented here in Figure 4 and
Table 3. The naive Bayes phrase matching algorithm demon-
strates an improved agreement with the results of Roke’s clas-
sification and with the maintainer classification of the MWO
over the performance of the rule based phrase matching algo-
rithm. An assessment of the possible level of NFF from these
four methods gives the following figures. The level of NFF in
the dataset is between 7% and 20.89% depending on the clas-
sification method used. Maintainer Coding 7% , Roke Study
15% , Phrase matching method 20.35%, and Bayesian Phrase
matching method 20.89% by work order.

MWO classified
NFF by Roke =

MWQO classified
F by

MWQO classified NFF by PM

Fig. 3. Venn Diagram showing the Intersection of the sets of MWO classified
as NFF by Roke, Maintainer, and the phrase matching method. To be read in
coordination with Table 2 which gives the identity of each subset of the Venn
diagram,

Table 2. Figure 3 set details. The different sets shown in Figure 3 are listed
with their size as a proportion of the full maintenance dataset analysed. Uses
rule based phrase matching

Running
Subset % of Set Total %
RC (Roke Classification) 2.01 2.01
MC (Maintainer Coding) 1.14 3.5
PM (Phrase Matching) 6.86 10.01
RC & MC only. No PM 0.20 10.21
RC & PM only. No MC 7.42 17.63
MC & PM only. No RC 0.3 17.93

RC, MC & PM 577 23.7
RC total set 15.409% = 2.01 + 0.2 + 7.42 + 5.77
MC total set 7.41% = 1.14 + 0.2+ 0.3 + 5.77
PM total set 20.35% = 6.86 + 7.42 + 0.3 + 5.77
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MWO classified NFF
by Roke

MWO classified NFF by NBPM

Fig. 4. Venn Diagram showing the Intersection of the sets of MWO classified
as NFF by Roke, Maintainer, and the Naive Bayes phrase matching method. To
be read in coordination with Table 3 which gives the identity of each subset of
the Venn diagram.

Table 3. Figure 4 set details. The different sets shown in Figure 4 are listed with
their size as a proportion of the full maintenance dataset analysed. Uses Naive
Bayes phrase matching.

Running
Subset 9 of Set Total %
RC (Roke Classification) 0.73 0.73
MC (Maintainer Coding) 0.92 1.65

NBPM (Naive Bayes Phrase Matching) 5.79 7.44

RC & MC only. No NBPM 0.094 7.53
RC & NBPM only. No MC 8.71 16.24
MC & NBPM only. No RC 0.52 16.76
RC, MC & NBPM 5.88 22.63

RC total set 15.40% = 0.73 + 0.094 + 8.71 + 5.88
MC total set 7.41% = 0.92 + 0.094 + 0.52 + 5.88
NBPM total set 20.89% = 5.79 + 8.71 + 0.52 + 5.88

Table 4. Confusion Table of the results of the naive Bayes phrase matching
algorithm
Roke Classification

Positive Negative  Total
NBPM  Positive  14.6% 631%  20.89%
Output  Negative 0.82%  78.29%  79.11%
Total 15.4% 84.6% 100%

Sensitivity = 94.68%
Specificity = 92.54%

4. Discussion

Examining the intersection of the suspected NFF sets from
the different methods depicted in Figures 3 and 4 and in Ta-
bles 2 and 3 shows the communality and difference between
the different approaches. The true NFF rate may be somewhere
between the results obtained by these methods but would be dif-
ficult to ascertain. It is interesting to note that the phrase match-
ing method and the naive Bayes method come to similar con-
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clusions regarding the level of NFF but do not exactly match.
The phrases used in the phrase matching algorithm came di-
rectly from Roke’s work and the 35% in predicted NFF level
of the phrase matching method vs the Roke level suggests there
is additional nuance within the text used to determine NFF sta-
tus which has not yet been identified. The same applies to the
naive Bayes method which suggests a NFF level 39% higher
than than suggested by Roke. The higher level suggested by
the Bayes classifier is especially interesting because unlike the
rule based phrase matcher it was trained directly from a por-
tion of the data classified by Roke. Thus the higher level either
points to Roke using information from portions of the MWO
not covered by this algorithm into his classification or to po-
tential misclassification. Future study will focus on the MWO
where the classifiers disagree with Roke in an effort to better
understand the traits that make MWO more and less likely to
be NFF. The performance of the classifier is good compara-
tively with a sensitivity and specificity both over 90% but future
work will hopefully give insight into the way language is used
and how to future improve classifier performance while gaining
better understanding of how maintainers describe NFF issues.
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Appendix A. Resources

1. Python programming language v2.7.9
https://www.python.org/

2. Natural Language Tool Kit v3.0.2 http://www.nltk.org/
(See the NLTK book for further details[19])

3. Pandas (Python data analysis library) v0.15.2
http://pandas.pydata.org

Appendix B. NFF Phrases

e "no fault found’, "no faults found’, "no fault’, & "no faults’

¢ "no fault code’, "(code 01)" & "fault cleared during inves-
tigation’

e '(code 49)", 'unable to reproduce reported fault’
e ‘unable to reproduce’, fault not found’

o 'nff’,'nff",'nff, &'n. .

® 'no apparent damage’ & "no faults apparent’

e 'no fault indications’ & "no failure code’

‘unable to replicate’ & "unable to replicate fault’

"unable to reproduce original fault indication’

¢ ’cannot reproduce fault” & "no problems reported’

e “fault cleared during test’

o ’fault cleared itself during investigation’

e “fault cleared during investigation’

o ’fault cleared during’ & fault cleared itself”

o ’assessed serviceable’ & 'confirmed serviceable’

® ‘unable to identify fault’, *fault within limits” & ‘reset and
test ok’

e 13 - last item replaced - u/s item is 12’

e ‘rescated ok’, ‘reseated satis’, "bit re-run satis” & ‘system
function ok’

e “system function satis’ & "no fault after check’

"no fault after test’ , "sst s cfo satis™ & “sst ¢/o satis’
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