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S AV V Y  M A I N T E N A N C E  /  O P I N I O N

Project GADfly 
update
Status report on an AI watchdog  
for digital engine monitor data
BY MIKE BUSCH

Savvy Maintenance coverage  
sponsored by AIRCRAFT SPRUCE

I  L A S T  W R O T E  about Project GADfly in 
the November 2022 issue of AOPA Pilot 
(“When Data Doesn’t Look Right”). This 
was a first peek at an R&D effort at Savvy 
Aviation to harness artificial intelligence 
to analyze the 10,000 flights of digital 
engine monitor data uploaded to our plat-
form each week. The goal? Identify flights 
that appear unusual—ones that merit a 
closer look by our experienced human 

data analysts. The name GADfly is short 
for General Anomaly Detection, with the 
suffix “fly” an obvious aviation reference.

Savvy has been collecting, archiving, and 
analyzing digital engine monitor data for 
piston general aviation airplanes for about 
15 years. Although we have some 9 million 
flights in our database with about 10,000 
new ones uploaded every week, only a tiny 
handful of those flights get reviewed by one G
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of our 10 human analysts. Historically, our 
analysts only look at flights that the aircraft 
owner or pilot specifically asks us to look 
at—perhaps because the engine ran rough 
or hiccupped or they’re asking for help diag-
nosing some other known issue.

In recent years, we’ve been using a spe-
cialized AI model called “FEVA2” to screen 
every uploaded flight for evidence that an 
exhaust valve might be burning. Project 
GADfly is far more ambitious. Its goal is 
to screen every uploaded flight for virtu-
ally anything that looks out of the ordinary, 
flagging any such flights for scrutiny by our 
human analysts. This should allow us to be 
a lot more proactive, enabling us to alert 
the aircraft owner to all sorts of mechani-
cal or operational issues that he doesn’t yet 
know he has. 

What seemed like a manageable task at 
its outset two and a half years ago proved 
far more challenging than we expected. 
But I’m happy to report that we’ve made 
tremendous progress. So, here’s a look 

at where we’ve been, where we are, and 
where this project is headed.

A daunting challenge
When we first launched Project GADfly, 
we knew we had an impressive dataset to 
work with. Savvy’s database contains more 
than 9 million flights, each loaded with 
detailed engine monitor information—
exhaust gas temperatures (EGTs), cylinder 
head temperatures (CHTs), fuel flow, rpm, 
manifold pressure, oil temperature, and a 
lot more. Modern engine monitors capture 
this data once per second. That’s 3,600 
observations for each hour of flight time, 
each observation containing values from 
dozens of sensors. 

This is truly big data, a rich resource 
for training a machine-learning AI. The 
challenge is that those 9 million flights in 
our database are “unlabeled”—that is, we 
don’t know which of the flights are normal 
and which contain anomalies. For machine 
learning, that’s a significant hurdle. It’s 

hard to teach an AI to spot trouble with-
out training it on lots of examples of what 
“normal” and “not normal” look like. 

Asking our team of 10 expert data ana-
lysts to examine these 9 million flights—or 
even a small fraction of them—would not 
be feasible. There had to be a better way, 
but what? We quickly realized we needed 
expertise beyond our in-house capabilities 
to solve this.

Calling in the experts
Fortunately, we found the right collabora-
tor in John Sipple, a machine learning and 
anomaly detection specialist at Google with 
a doctorate in computer science who also 
teaches in the computer science program 
at The George Washington University. 
His accomplishments included develop-
ing machine-learning anomaly detection 
systems for cybersecurity, counterfeit 
detection, agriculture, missile defense, and 
optimizing climate control systems in com-
mercial buildings.

Figure 1
Odd-even CHT 
split during climb. 
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As luck would have it, Sipple is also a 
pilot and owner of a Diamond DA40NG. 
So, when we explained what we were try-
ing to do with Project GADfly, he agreed 
to help us, working with Savvy’s analytics 
expert Adam Goler, a CFII with a doctor-
ate in physics. Sipple also enlisted a talented 
researcher, Catherine Nguyen, to assist.

Their challenge was to develop a mul-
tilevel neural network “classifier”—a 
trainable AI that could examine engine 
monitor data from a flight and determine 
whether it appears normal or anomalous. 
Without labeled data, this was no small feat, 
but Sipple brought a solution to the table 
that he had developed: a technique called 
MADI, or Multivariate Anomaly Detection 
with Interpretability.

How MADI works
MADI is an ingenious approach to dealing 
with large volumes of unlabeled observa-
tions when the observations include a lot 
of variables and most of the observations 
are normal with abnormal ones being rare. 
MADI uses a trick called “negative sam-
pling,” and here’s how it works.

First, we select several thousand actual 
flights from our database and arbitrarily 
label them as “normal” even though we 
know some small number of them are prob-
ably anomalous—perhaps due to some sort 
of mechanical problem or pilot mismanage-
ment—but such anomalies are rare, so the 
labeling inaccuracy is minimal.

Next, we create several thousand 
phony flights populated with randomized 
values for EGTs, CHTs, rpm, manifold 
pressure, fuel flow, and other values, each 
randomized value limited to a range that 
is plausible. Almost all these phony flights 
would be highly anomalous, although 
there’s a miniscule chance that one or two 
might be normal—about the same chance 
as 1,000 monkeys at typewriters producing 
a work of Shakespeare. We label all these 
phony flights as “anomalous,” knowing that 
the labeling inaccuracy is negligible.

Now we can use this combination of 
real “normal” flights and phony “anoma-
lous” ones as a labeled training set to train 
our neural network classifier on how to 
distinguish between normal and abnor-
mal. The collection of normal flights 

defines a multidimensional manifold (or 
“hyperblob” if you prefer) whose bound-
ary defines what combinations of observed 
values are normal. The classifier deter-
mines whether a new observation falls 
inside or outside this boundary and gen-
erates an “anomaly score” that indicates 
how likely it is that this observation is  
anomalous. Voilà!

Real-world example
To get a better feeling for this, look at a 
few graphics of actual cases where the 
GADfly model has scanned flights and 
identified anomalies. Let’s start with 
Figure 1. For this flight, the classifier 
identified an 11-minute anomalous seg-
ment during the climb phase. In this 
graphic, the top chart shows EGTs and 
the bottom chart shows CHTs. Between 
the two charts is a “heat map” showing 
the GADfly classifier’s anomaly score for 
each one-second observation during the 
flight, depicting green for observations 
that seem normal, red for ones that seem 
highly anomalous, and yellow for ones 
that seem moderately anomalous.

Figure 2
Brief fuel 
starvation while 
switching tanks. 
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If you look closely at the 11-minute 
segment highlighted in pink, you’ll see 
that the EGTs look normal and stable, 
but there’s a noticeable split in CHTs 
between odd and even cylinders. It’s this 
CHT split that caught the attention of the 
GADfly classifier. But what caused it?

We had one of our human analysts take 
a look. There were two obvious things that 
could cause an odd/even CHT split: an 
induction leak on one side of the engine, or 
a cooling baffle problem on one side of the 
engine. An induction leak would also cause 
an EGT split, but we don’t see that in the 
data. So, the analyst’s presumptive diag-
nosis was that it was most likely a cooling  
baffle issue.

Sure enough, the owner’s A&P found 
an improperly secured cooling baffle that 
was leaking under pressure. Securing the 
baffle caused the issue to go away.

More examples
Figure 2 shows another flight where the 
GADfly classifier identified a relatively 
brief anomaly nearly four hours into a 

long cross-country flight. In the high-
lighted segment, note that the EGTs 
and fuel flow dropped suddenly before 
recovering, but was quite unstable after 
that. The heatmap turned red during the 
engine stumble. We asked the pilot about 
this, and he said the stumble occurred just 
after he switched tanks. He thought that 
perhaps he’d failed to get the fuel selec-
tor in the detent, but the data strongly 
suggested there was vapor in the fuel line 
from the newly selected tank.

Finally, Figure 3 shows a rather dra-
matic anomaly caught by the GADfly 
classifier. The pilot took off with a full-rich 
mixture, then leaned in the climb to main-
tain constant EGTs—a good technique—but 
ultimately might have overdone it, as cylin-
der number four was extremely unhappy. 
Note how EGT number four spiked down-
ward and CHT number four headed rapidly 
toward redline. These are clear signs of 
heavy detonation or more likely preignition. 
The pilot obviously sensed something was 
seriously wrong because he quickly throt-
tled back and put the airplane back on the 
ground. We suggested sticking a borescope 
into cylinder number four and inspecting 
for possible damage, especially to the piston.

Adding explainability
Automated detection of anomalies is great, 
but we really wanted GADfly to do more. 
Whenever it flagged a segment of a flight 
as anomalous, we also wanted it to tell why 
it did what it did—a concept known in AI 
as “explainability.” An automated alert is 
certainly useful, but understanding what 

GADfly blame analysis

CHT #4 
40%

FF 
15%

Other 
20%

EGT #4 
25%
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Figure 3 
Cylinder number 
four preignition 
event during climb.  
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caused it would take GADfly to the next 
level and could be extremely helpful to our 
human analysts—both to develop a diagno-
sis and to prioritize which flights to look at 
first—and ultimately to mechanics tasked 
with troubleshooting an issue.

We’ve made some progress here. 
GADfly now provides a “blame analysis” 
(on left) that identifies which specific 
data elements—like a sudden EGT drop, 
CHT spike, or inappropriate fuel flow—
contribute most to the anomaly score. 
Additionally, the model can group 
related anomalous observations with 
similar blame percentages into a single 
“event.” Long-duration events, such as 
that 11-minute baffle problem, carry more 
weight than shorter ones, and very brief 
anomalies are often dismissed as false 
positives that can occur when the pilot 
does something dramatic like apply full 
power at takeoff or pull the mixture con-
trol back from rich of peak (ROP) to lean 
of peak (LOP) in cruise.

Right now, we’re playing around 
with using GADfly’s blame analysis 
as a prompt to a large language model 
(LLM) like ChatGPT or Grok to come 
up with a plain language explanation of 
why GADfly flagged a flight. We’re even 
experimenting with training such an 
LLM in my book Mike Busch on Engines 
to see if we can get GADfly to produce 
a reasonable presumptive diagnosis. Are 
we having fun yet? 

Looking ahead
Currently, GADfly is analyzing every 
Cirrus SR22 flight uploaded to Savvy’s 
platform. We chose the SR22 because it’s 
the most common aircraft in our data-
base and has lots of sensors. The results 
are encouraging enough that we’re about 
to begin training, tuning, and testing the 
model on other popular airplane models, 
starting with the Beech Bonanza. Our 
plan is ultimately to extend GADfly to 
many other makes and models for which 

we have sufficient training data in our 
database. (But if you fly a Yak or a Vari-
Viggen, don’t hold your breath.)

Soon, we hope to start having engine 
data automatically transferred to our plat-
form via telemetry so we can warn owners 
of GADfly-detected anomalies in near real 
time. Ultimately, we think it might be pos-
sible to put a GADfly classifier inside the 
engine monitor itself, providing truly 
real-time anomaly detection alerts in the 
cockpit. That sure would be cool!     
mike.busch@savvyaviation.com

 savvyaviation.com

91

2507p_R&W.indd   912507p_R&W.indd   91 5/21/25   8:56 AM5/21/25   8:56 AM




