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Abstract 

 
This paper describes the development of an advanced HUMS (Health & Usage Monitoring 
System) anomaly detection system, produced in support of a UK Civil Aviation Authority 
(CAA) research programme to demonstrate the intelligent analysis of helicopter HUMS 
Vibration Health Monitoring (VHM) data. The primary goals of the work are to improve 
HUMS fault detection capability and enhance system usability. A data driven modelling 
approach utilises existing HUMS data to define models of ‘normal’ behaviour, which can 
then be used to detect ‘abnormal’ or ‘anomalous’ behaviour that may be associated with a 
defect. This anomaly modelling capability has been implemented in a web-based system and 
trialed on Bristow Helicopter’s North Sea Super Puma fleet. The trial confirmed that the 
system represents a significant advance in HUMS data analysis, resulting in enhanced fault 
detection performance. The system has both corroborated existing HUMS indications and 
highlighted anomalous data that were not seen by the existing HUMS. 
 
 

Introduction 
 
In the UK HUMS is required for all offshore helicopter operations using aircraft with more 
than 9 passenger seats. There is good evidence to show that these HUM systems, which were 
first installed on the North Sea helicopter fleet in the early 1990s, have provided significant 
safety, operational and maintenance benefits. However experience has also demonstrated 
that, while HUMS has a good success rate in detecting defects, not all defect related trends or 
changes in HUMS data are adequately detected and identified using current alerting methods. 
This was illustrated by an incident in 2002 involving a Super Puma main rotor gearbox that 
was removed after a gearbox chip warning. On the subsequent inspection, a large crack was 
found in the bevel pinion (Fig. 1). 
 

 
 

Fig. 1: Cracked main rotor gearbox bevel pinion 
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The chip warning occurred purely because a secondary crack fortuitously released a fragment 
of material. Normally this type of crack would not generate any debris. Although there were 
some trends in the HUMS vibration-based Condition Indicators (CIs) for the component, the 
HUMS did not generate any alerts. The example highlighted a requirement for a better 
method of detecting anomalous trends in HUMS data, which had also been identified during 
the CAA’s main rotor gearbox seeded defect test programmes.  
 
Following a successful research project applying an Artificial-Intelligence (AI) based 
unsupervised machine learning technique to seeded defect test data [1], the UK CAA initiated 
a project to develop a similar technique for in-service HUMS VHM data and demonstrate this 
in an operational environment. GE Aviation has developed an advanced HUMS anomaly 
detection capability and implemented this in a web-based system which has been successfully 
trialed by Bristow Helicopters on its North Sea fleet of Super Puma helicopters. 
 
The objective of anomaly detection is to identify abnormal behaviour that might be indicative 
of some fault. AI-based anomaly detection is used in a number of applications, with the 
underlying theme being that there is no large library of documented fault data with which to 
train a model. The process is conceptually simple: a model of normal behaviour is built using 
a training data set; new data is assessed for its fit against this model; if the fit is not within the 
model’s threshold then it is flagged as anomalous. Nearly all approaches assume that a set of 
normal data is available to construct a model of normal behaviour. Anomaly detection can be 
difficult, but HUMS VHM data present significant additional challenges. A given healthy 
gearbox tends to exhibit its own unique characteristics and any database of historical HUMS 
data will contain unknown anomalies due to a lack of feedback from the repair and overhaul 
process, undetected instrumentation problems and maintenance interventions, etc. 
 
The paper describes the advanced anomaly detection process and system that has been 
developed to address the challenges of HUMS VHM data. It then presents example results to 
demonstrate how the system is improving the effectiveness of HUMS. 
 
 

Advanced HUMS Anomaly Detection Methodology 
 
The key elements of the advanced HUMS anomaly detection process are illustrated in Fig. 2. 
 
Data Pre-processing and Modelling 

Using different forms of pre-processing, two types of data behaviour are modelled. The first 
type is CI variation between components. The associated models are referred to as ‘absolute 
models’and are designed to detect vibration CI levels above or below that which a component 
appears to be so unusual that it should be flagged as anomalous. The second type is 
component-specific CI variation. The associated models are referred to as ‘trend models’and, 
as implied, these models are designed to detect anomalous trends in component data.  
 
Using the pre-processed data derived from selected HUMS CIs, anomaly models were 
constructed for each Super Puma drive train component. The anomaly models are based on 
Gaussian Mixture Models (GMMs) which provide detailed density mapping of the data and 
are specifically designed for anomaly detection. The clusters in such models can rotate to 
represent different correlations between CIs and to detect changes in these relationships, 
enabling more diagnostic information to be derived. 
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The models were then adapted so that they rejected any abnormalities existing in the training 
data. A carefully designed automatic ‘model adaptation’ process detects clusters that are not 
representative of normal behaviour and removes them. The adaptation process though 
complex, is controlled by a simple tuning parameter. The final model results in a poor fit to 
’outlier’ samples in the training data. A significant amount of effort was expended in 
developing the novel automated model adaptation process as this is key to the successful 
building of models using in-service data that contains various unknown anomalies. 
 
The resulting models are sophisticated statistical representations of the data generated from 
in-service experience. They fuse sets of CIs (i.e. vibration features) to reduce complex data 
into a single parameter time history trace called a ‘fitness score’. The fitness score is a 
measure of the degree of abnormality in the input data and represents the shape of any 
significant data trends. It represents how well data fits a model of normality and therefore has 
a decreasing trend as data becomes increasingly abnormal. 
 
Another novel feature of this modelling process is that it does not require data to be 
categorized as training, test or validation (which is common practice in data modelling to 
ensure that built models will generalize to data not used for training). All available historical 
data can then contribute to a model, apart from cases that are known in advance to be 
anomalous. This also has the advantage that online model updates can be performed as new 
data are acquired, particularly important for a new aircraft type where data is initially limited. 

 
Probabilistic Alerting 

The anomaly model fitness score is converted into a ‘Probability of Anomaly’ (PA), a 
normalised probability measure that ranges between 0 and 1. For each model there is a 
corresponding PA distribution which is an extreme value distribution. A fitness score value is 
passed to the PA distribution which generates and returns a PA value. Most fitness score 
values will return a PA of 0 as most data samples will be normal. The PA distribution is built 
using a model-based prediction of outlying data. The PA values provide a measure that is 
normalised across models to allow model outputs to be compared. PA values can be fed into 
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Fig. 2: Advanced anomaly detection process 
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a secondary process such as automated reasoning that can assess the nature of a detected 
anomaly and facilitate data mining of anomalous patterns in the search for new knowledge. 
 
An alerting threshold is defined using the PA values, which greatly simplifies the threshold 
setting process. A default PA threshold is normally applied that is common to all models and 
components (the fitness score associated with this PA threshold will be different for each 
model). The default threshold for an individual model can be changed, however, if it is 
considered that the alert rate is too high or low. 
 
Influence Factors 

The advanced HUMS anomaly detection system also calculates a range of Influence Factors 
(IFs). These provide powerful diagnostic information by determining the level of influence of 
a given CI input variable on a fused fitness score and useful information about the 
performance of a trained anomaly model. A single IF time history is generated and output by 
a trained model for each CI time history used to produce the fused fitness score. Hence, each 
set of HUMS CI inputs will generate an equivalent output of IFs.  
 
IF traces are not the same as those of CIs as they assess the contribution of individual CIs to a 
statistical measure of abnormality. Also unlike CIs, IFs are normalised and can be directly 
compared to each other. Therefore, like the PA values, IFs facilitate future developments 
such as the application of automated diagnostic reasoning and data mining. 
 
Calculating IFs is a complex task and the complexity increases if calculations take correlation 
into account. This is because the fitness score is accumulated over a number of clusters, and 
the data is also projected onto new axes if the clusters can rotate. Although multiple types of 
IF are generated for GE Aviation’s use, with each type being designed to provide different 
information about a model or an input feature (i.e. a CI), only the simplest type of IF is 
presented to the system operator in the in-service environment. 
 
 

System Implementation 
 
The advanced HUMS anomaly detection system has been implemented as a web-based 
system, hosted on a server at GE Aviation in Southampton. Every night HUMS data is 
automatically downloaded from Bristow Helicopters in Aberdeen, Scotland and Bristow have 
a remote and secure login to the web server to check system anomaly indications. The web 
server has a simple-to-use interface, enabling the user to quickly access anomaly alerts, PA 
traces, fitness score and IF traces, HUMS CI trends, and notes documenting follow-up 
actions. Some example website displays are shown in Fig. 3. 
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Fig. 3: Advanced HUMS anomaly detection website screens 
 
 

Historical Test Case: Cracked MGB Bevel Pinion 
 
An important test case for the advanced HUMS anomaly detection system is the data set from 
the previously described in-service incident involving a cracked Super Puma main gearbox 
(MGB) bevel pinion. Although there were some trends in the vibration CIs for the component 
(Fig. 4), the HUMS did not generate any alerts.  
 

 
 

Fig. 4: HUMS CIs for the bevel pinion fault case 
 
However, the advanced anomaly models clearly highlighted the abnormal behaviour of the 
HUMS CIs from the bevel pinion fault case. Both the ‘absolute’ and ‘trend’ models generated 
a consistent period of alerts, starting some 45 flight hours before the removal of the MGB. 
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The PA and fitness score traces generated by the absolute model are shown in Fig. 5. The PA 
distribution was used to set the fitness score threshold, so the red threshold lines in both plots 
correspond to the same level of abnormal behaviour. 

 

 

 
 

Fig. 5: PA (top) and fitness score (bottom) traces from the absolute model for the bevel 
pinion fault case 

 
The bevel pinion fault case can be used to illustrate that the type of IF presented to the 
operator is easy to interpret and provides useful information. The HUMS CI traces for this 
case were shown in Fig. 4. Each CI has its own scale and, although trends are visible, there is 
no indication within any plot that can suggest a trend is anomalous.  
 
The related normalised IFs from the absolute and trend models are presented in Figs. 6 and 7 
respectively.  

 

 
 

Fig. 6: IFs for bevel pinion case absolute model 
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Fig. 7: IFs for bevel pinion case trend model 
 
These show that several CIs are responding to the bevel pinion crack. In the absolute model 
(Fig. 6), FSA_GE22 (wideband modulation) is clearly dominant, followed by FSA_MS_2 
(mesh magnitude), and there is a response in the enhanced signal measures ESA_PP and 
ESA_SD. In the trend model, the statistical change in the enhanced signal measures has 
similar significance to that for the wideband modulation, and the two-per-rev indicator 
FSA_SON also receives more emphasis. The information contained in these IF plots, such as 
the statistical significance of individual CIs in both absolute and trend terms, is extremely 
difficult to assess in traditional CI plots, and virtually impossible to quantify. 
 
 

Example Cases from a Six Month In-Service Trial 
 
A number of cases from a six month in-service trial are presented to demonstrate the 
capabilities of the advanced HUMS anomaly detection system. Cases 1 and 2 present 
examples this detection system has highlighted anomalous data but the conventional HUMS 
processing did not generate any alerts. Case 3 is an example in which the anomaly detection 
system has provided corroborating evidence for HUMS alerts. Cases 4 and 5 are examples 
where the anomaly detection system did not corroborate HUMS alerts. 
 
Case 1: MGB Upper Epicyclic Stage 
 
The MGB second stage epicyclic annulus gear is monitored by 3 sensors and, although no 
HUMS alerts were being generated, anomaly model alerts indicated abnormal trends in the 
data from all 3 sensors. Fig. 8 shows the PA and fitness score traces from one of the absolute 
models for the annulus gear. The MGB was rejected for metal contamination shortly after the 
anomalous trends had been identified. The PA trace shows that some earlier acquisitions 
generated alerts, but these were all of short duration, however the last alert spanned several 
weeks. The fitness scores associated with the final alert period show a clear developing trend.  
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Fig. 8: PA (top) and fitness score (bottom) traces for the MGB second stage epicyclic 
annulus gear 

 
The related IFs are presented in Fig. 9, and show that the earlier alerts are due to the 
enhanced energy measures (top two traces), but these are not producing a trend. The final 
alert period is clearly driven by an increasing trend in the energy of the signal average 
(bottom two traces). The CIs for this case are presented in Fig. 10 together with conventional 
statistical 3 standard deviation bands that are derived from the anomaly model (as opposed to 
being calculated from the database of samples). It can be seen that the IFs provide useful 
diagnostic information, responding only to those time periods when HUMS CIs exhibit 
outlying behaviour. 

 

 
 

Fig. 9: IFs generated by the model producing the data shown in Fig. 8 
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Fig. 10: The HUMS CIs corresponding to the IFs shown in Fig. 9 
 
The source of the metal contamination could not be identified and, although a gearbox strip 
report had been requested, no feedback was received. It is therefore not possible to confirm 
whether the advanced anomaly detection system alerts were associated with the metal 
contamination. However, it is noted that such contamination often originates from the mast 
bearing, and the HUMS does not currently detect these defects. If this was the source of the 
contamination, it is possible that these anomaly alerts were related as the signal averages for 
the second stage epicyclic annulus gear contain main rotor shaft vibration information. 
 
Case 2: HUMS DAPU Fault 
 
Fig. 11 shows a multi-trend plot of 8 CIs for the MGB first stage planet gear from a historical 
fleet database containing 110 gearboxes. It is clear that different gearboxes have their own 
vibration characteristics. These characteristics can exhibit considerable variation throughout 
the life of the gearboxes, and trends are not uncommon. Two of the gearboxes have an 
association in that a faulty HUMS Data Acquisition and Processing Unit (DAPU) fitted to 
one aircraft was removed and fitted to a second aircraft, and later returned to the original 
aircraft. The faulty DAPU generated no HUMS alerts. 

 

 
Fig. 11: Historical fleet plot of 8 CIs from the MGB first stage planet gear 
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In an operational environment, manual interpretation and detection of a fault-related 
association in the data shown in Fig. 11 is almost impossible, and certainly impractical. The 
CI data for the two gearboxes in question have been extracted from Fig. 11 and presented in 
Fig. 12. Having highlighted the two MGBs and given information that there is an association, 
it is possible to speculate where in the signals the association lies. However, accurately 
identifying associations in a large quantity of noisy data is a very challenging task. 

 

 
 

Fig. 12: CI data from two MGBs, having an instrument fault related association, extracted 
from Fig. 11 

 
 

 
 

Fig. 13: PA traces for aircraft 1 (top) and aircraft 2 (bottom) - two alert periods are clearly 
visible on the top plot, with a related single alert period in the bottom plot (the time axes are 

not aligned) 
 
Fig. 13 shows the PA outputs from anomaly models for the two MGBs installed in the 
different aircraft. The PAs are fused outputs that replace the 8 CIs with a single trace that 
removes the noise and highlights the periods exhibiting abnormal behaviour. The end of the 
first alert period for aircraft 1 coincides with the start of the alert for aircraft 2, and the end of 
the alert for aircraft 2 corresponds to the start of the second alert period for aircraft 1. The 
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HUMS DAPU was fitted into aircraft 1 on 24-Apr-06, and then removed on 18-May-06 and 
fitted into aircraft 2. It was fitted back into aircraft 1 on 16-Jun-06, and finally removed as 
unserviceable on 19-Jun-06. 
 
The DAPU fault actually triggered a large number of anomaly alerts on different monitored 
components, which moved between aircraft with the DAPU. 

 
Case 3: Left Hand Accessory Module Rejection 
 
The absolute model for the ‘M6’ CI (targeted primarily at ‘impulsive’ behaviour in a 
vibration signal) for an aircraft’s Left Hand Accessory (LHA) hydraulic idler gear generated 
repeated alerts from Sept-06 (Fig. 14). The HUMS had generated a number of frequent alerts 
from Jun-06, resulting in the module being placed on close monitor. The accelerometer 
insulation washer was replaced on 4-Jul-06 and the HUMS thresholds were re-set. These 
actions cleared the HUMS alerts, but had no effect on the behaviour of the data (highlighting 
the uncertainty associated with trend thresholds that can be re-set at any point). Frequent 
HUMS alerts commenced again in Nov-06, and the module was again put on close monitor. 
The module was finally rejected in Dec-06 when the enhanced impulsiveness indicator values 
reached what was considered to be an unacceptable level. 

 

 
 

Fig. 14: LHA hydraulic idler gear absolute model PA trace (top) and CI indicating signal 
impulsiveness (bottom) 

 
Case 4: Missed HUMS Alert on TGB Output Shaft 
 
An example was encountered where the anomaly models initially implemented failed to 
identify a fault detected by the existing HUMS. The HUMS generated an alert on the 1/rev 
vibration CI for the tail rotor gearbox (TGB) output shaft (top trace in Fig. 15), and 
inspection showed damage to the tail rotor flapping hinge bearings. The models for the TGB 
output were built for gearbox monitoring using 8 CIs, and it was suspected that noise in other 
CIs could be masking more subtle changes in the 1/rev vibration of the output shaft. 
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Fig. 15: TGB output 1/rev vibration CI (top), plus PA traces from gear (middle) and shaft 
(bottom) models 

 
New models were then implemented for key input and output shafts (i.e. MGB inputs and 
TGB output) using only shaft related parameters (1/rev and 2/rev vibration) so that the 
modelling would be more sensitive to shaft faults. The outputs from the old and new absolute 
and trend models for this case are shown in the middle and bottom sets of traces in Fig. 15. It 
can be seen that the new shaft model generates clear alerts for the acquisitions related to the 
previously missed fault. This case is an example of how knowledge about the components 
being monitored can be used to develop and improve the anomaly model building process. 
 
Case 5: Suppression of Right Hand Accessory Module HUMS Alerts 
 
The HUMS was generating continuous CI alerts on the aircraft’s Right Hand Accessory 
(RHA) module through most of Nov-06 (indicated by the dark blue line at the bottom of the 
traces in Fig. 16), and the module was placed on a close monitoring regime. These alerts were 
triggered by rising trends in the enhanced peak-peak and enhanced standard deviation CIs 
(top trace in Fig.18). However, neither the absolute nor trend models generated any alerts 
during this period (middle two traces in Fig. 16). The reason for this is apparent when 
viewing a fleet display of the CIs (bottom trace in Fig. 16 – the current aircraft is shown in 
black).Trends in these CIs are common, and a number of other aircraft exhibit higher 
indicator values. 
 
The indictor trends started to fall again in late Nov-06, and the RHA module was removed 
from close monitoring.  It is considered that the anomaly models were correct to suppress the 
indicator trends and not generate corresponding alerts.  
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Fig. 16: RHA hydraulic idler gear CI traces (top and bottom) and anomaly model PA traces 
(middle) 

 
 

Conclusions 
 
This paper has described GE Aviation’s advanced HUMS anomaly detection capability, 
produced in support of a UK CAA research programme to develop and trial advanced HUMS 
data analysis techniques. The key ‘Probability of Anomaly’ (PA) and ‘Influence Factor’ (IF) 
outputs are normalised, and provide simple to interpret anomaly status and diagnostic 
information. They will also facilitate future developments such as the application of 
automated diagnostic reasoning using GE Aviation’s probabilistic graphical models, and data 
mining to search for new knowledge, to further increase the effectiveness of HUMS. 
 
The results of an in-service trial of this HUMS anomaly detection system on Bristow’s North 
Sea fleet of Super Puma helicopters confirmed that this represents a significant advance in 
HUMS data analysis, resulting in improved fault detection performance. It has highlighted 
anomalous data that were not detected by the existing HUMS. It also provides a clearer 
picture of anomalous data characteristics on particular aircraft and drive train components 
than is possible with the traditional HUMS analysis. The system has also corroborated a 
number of existing HUMS alerts, increasing confidence in the HUMS outputs. Conversely, it 
has also correctly suppressed the significance of trends that were triggering a HUMS alert. 
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This paper has focused on the application of advanced AI-based HUMS anomaly detection to 
civil aircraft operating in the North Sea environment. However, such technology is likely to 
improve the in-service effectiveness of HUMS for civil and military operators and increase 
the successful application of HUMS in other evolving transport sectors internationally.  
 
 

Acknowledgement 
 
The authors would like to acknowledge the support for this work provided by the UK Civil 
Aviation Authority, the Norwegian Civil Aviation Authority, the Federal Aviation 
Administration, Oil & Gas UK and Shell Aircraft Ltd.  
 
 

References 
 
[1]  CAA paper 99006 “Intelligent Management of Helicopter HUMS Data”. Civil Aviation 

Authority, London, September 1999. 
 
 


