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• US Army Aviation Engineering 

Directorate 

– Airworthiness Authority for the Army 

– TRL 7-9 Development and Qualification 

 

• Dynamics Branch 

– Health and Usage Monitoring Systems 

and Aviation Data Science Team Lead 

 

• Bachelor and Master of Science in 

Mechanical Engineering 

– Dynamics & Modal Analysis 

– I’m not a  

• Researcher  

• Statistician or 

• Data scientist 

Background 
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Who is AMRDEC? 

U.S. Army Aviation and Missile Research, Development, and Engineering 

Center provides increased responsiveness to the nation's Warfighters through 

aviation and missile capabilities and life cycle engineering solutions. 

• Headquartered at Redstone Arsenal, AL 

• 5 Directorates 

• 9,000 scientists & engineers 

• $2.45 billion in reimbursable funding, FY 16 

• $339 million in Science & Technology funding, FY 16 

  
AMRDEC Priorities 

 

Strategic Readiness – provide aviation and weapons technology and systems 

solutions to ensure victory on the battlefield 

 

Future Force – develop and mature Science and Technology to provide 

technical capability to our Army’s (and nation’s) aviation and weapons 

systems 

 

Soldiers & People – develop the engineering talent to support both Science 

and Technology and materiel enterprise 
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• Health and Usage Monitoring Systems (HUMS) 

– The child of FOQA (Flight Operations Quality Assurance) 

 

• True Positive: Sensitivity; HUMS correctly identified a faulted state 

– False Negative: Missed Detection 

 

• True Negative: Specificity; HUMS correctly identified a healthy state 

– False Positive: False Alarm 

 

• Bookmakers Informedness = TPR – FPR 

 

• Ground Truth  

– Assets and Examples 

 

• ROC: Receiver Operating Characteristic 

 

• Epicyclic Transmission: Planetary Gearbox 

The Lexicon of Aviation Data 

Science 

Healthy Faulted 

Threshold 
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What is HUMS? 

Health and Usage Monitoring System 

 

Flight Operations Data (Parametric Data) 

 e.g. altitude, pitch rate, engine torque 

 

Sensor Data 

 Burst data (High Frequency) 

 e.g. accelerometers 

 Continuous data (Low Frequency) 

 e.g. oil debris monitor 
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• Univariate exceedance monitoring during flight 

– Oil debris monitoring 

 

• Health/Usage monitoring 

– Drive train vibration 

– Rotor vibration 

– Flight regime classification 

 

• Accident Investigation 

– Cockpit voice 

– Flight data recording 

What do we use it for? 
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Problems with HUMS? 

Healthy Faulted 

Threshold 

Exclusively uses univariate exceedance classification methods 

which are often prone to a False Positive/Negative problem. 

 

 

 

 

 

• The problem is temporal 

 

• The variables are noisy 

 

• Health is often relative 

 

• Anomalous does not always mean broken or dangerous 

 

• It does not account for other flight variables 
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An Example: Change Detection 

300 350 400 450 500 550 600 650
0.5

1
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2
Envelope RMS

~50 hours prior to chip light 

The aircraft is not separated from 

the fleet 
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Case Study:  

Transmission Internal Failure 

Epicyclic Transmission Spiral Bevel Transmission 
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Can vibration transfer across an 

epicyclic transmission? 
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How well are we actually doing? 
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Can we improve? 
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What about spiral bevel 

transmissions? 
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What are we doing to fix the 

problem? 

Remember the Emergency Medical Hologram? 
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What are we doing to fix the 

problem? 

Please state the nature of the medical emergency 

Remember the Emergency Medical Hologram? 
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What are we doing to fix the 

problem? 

Please state the nature of the engineering emergency 

Remember the Emergency Medical Hologram? 
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We live in a common place with other industries when we talk about this topic: 

 

 

– Medicine 

– Nuclear Power 

– Aviation 

 

 

 

Development of multivariate machine learned diagnostics and prognostics 

requires 

   a process… 

Machine Learning in a critical 

environment 
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Our Machine Learning Process 
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Our Machine Learning Process 

Our Machine Learning Axioms for Aviation 

 

• Stirring the pile, is training 

 

• Model evaluation, is training 

 

• Model selection, is training 

 

• Model validation, is training 

 

• Looking under the hood, is training 

 

• Stirring stops prior to testing 

 

• Testing is done by the customer on a clean 

dataset 
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• We put together a general path forward we expect to see when we take on 

a machine learning task. 

 

• Demonstrated in our NGB internal failure classification work 

– Cleanse 

– Partition 

– Train 

– Validate 

– Select 

– Test 

– Deploy 

 

• We built a flow chart! 

How did we implement our axioms 

on a real aviation problem? 
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Aviation Machine Learning Process 

Train Models
Curate and Clean 

Data

Define 
Airworthiness 
Requirements

Determine Best Model

Define the Model 
Space

Final Training 
Opportunity for Best 

Model

Testing and Delivery 
of Final Model

Partition the data 
into: Training – 

Validation – 
Testing 

Generate Problem 
Statement and 

Identify Available Data

Evaluate Performance 
in the field

Is diagnostic 
performing?

Consider new 
development process

Sufficient assets and labeled 
data to procede?

Curation Partitioning Training Validation

Selection

Testing

Modifications to Data 
or Tools required?

Deploy and 
Evaluate
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What people think when I say machine learning 
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Aviation Machine Learning Process 
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What I’ve realized is the important part of 

machine learning … 
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Top Level Metrics 



28 

ROC Curves 
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Temporal Assessment of 

Performance 
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What is it doing under the hood? 
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How did it perform in cross 

validation? 
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Enterprise Data Analytics Report 
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• Yes, but it needs some adjustments: 

– Metrics need to be computed across the maximum data for the life of 

the aircraft 

• Sampling techniques are ok for training but not when reporting 

performance 

– Post Mortem indicates we picked almost the best choice but not the 

best choice 

• We could have an improvement of up to 10% informedness 

 

• Does it automate away the engineer? 

– No, but it sure does give them a great place to focus 

• 650 aircraft and you have confidence that you will be focused on the 

select 9 or 10 that need your attention 

• Still has a FP rate that needs engineering assistance 

Did the process work? 
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• Thanks to the great government and contractor team: 

 

– AMRDEC 

• Andrew 

• Jeremy 

• Matt 

• Jamie 

– Avion 

• Shawn 

 

 

This is a team effort 

– PEO-AVN 

• Frances 

– Honeywell 

• Andrew 

• Abe 

• Raj 

– RMCI 

• Lance 

• Nate 

• Steve 
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Our Relevant Publications on this 

Topic 
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• Cal Tech: “Learning From Data” 

– FREE on YouTube 

– https://work.caltech.edu/telecourse 

 

• NASA work in Flight Operations Data and the Future ATC System 

– https://www.nasa.gov/content/air-traffic-operations-lab-answering-big-questions-about-

the-future-of-air-travel 

 

• Journal of Aerospace Information Systems 

– https://arc.aiaa.org/loi/jais 

 

• SIGKDD (Association for Computing Machinery: Special Interest Group on Knowledge 

Discovery and Data Mining) 

– http://www.kdd.org/ 

 

• ASME V&V Symposium 

– https://www.asme.org/events/vandv 
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Upcoming Events 
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Thank you for your time 

and attention 
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AMRDEC Web Site 

www.amrdec.army.mil 

 

Facebook 

www.facebook.com/rdecom.amrdec 

 

YouTube 

www.youtube.com/user/AMRDEC 

 

Twitter 

@usarmyamrdec 

 

Public Affairs 

AMRDEC-PAO@amrdec.army.mil 


