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SITUATION

Major challenges face many flight organizations:

|.Integration and automation of data collection
frameworks

2.Data feature engineering, cleanup and preparation

3.Operationalizing embedded machine learning
frameworks



CHALLENGES

While integration and automation of data collection
efforts within many organizations is quite mature...

...there are special challenges for flight-based
organizations (i.e., the automatic and efficient
transmission of aircraft flight data to centralized
analytical data processing systems).



OPPORTUNITY

methods (i.e., clustering, c

= This magnifies design chal
architectures

= Constraints for implementing classical machine learning

assification, or prediction)

enges for novel ‘prescriptive-based’

Our research is focused on a designh pattern for:

a) The integration and automation of data collection for...

b) ...an organizationally embedded ensemble machine learning method



APPLIED RESEARCH QUESTIONS

|.Identify challenges associated with the integration
and automation of fleet data collection frameworks

2.Determine feature engineering, cleanup and
preparation processes

3.Operationalizing embedded machine learning
frameworks



BACKGROUND RESEARCH, PART |

= Airplane monitoring systems have been around for several
decades...

= (Taylor, 1969; Milligan, Zhou, and Wilkerson, 1995).

= ...data from sensors for location, structure, engine, and cabin
environment...

" (Gao etal,, 2018).

= _..monitoring systems are wired and wireless; and are used to
enhance and predict maintenance...

= (Zelenika et al., 2020).



BACKGROUND RESEARCH, PART Il

= Prevalence of monitoring systems

reduce aircraft
downtime while also reducing operational
costs

o applying statistical
techniques to data collected from fleets
to identify aircraft

anomalies



Research Design

Cessna 172
G1000s x 6
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Data Fra I eWO rl( SQLQuery9.sql..RS\Mjp001 (64))* SQLQuery8.sqgl..RS\mjp001 (68))* + X SQLQueryG.sqI
USE [FleetData]
GO
[/***%x% Object: View [dbo].[v_flight_log_v2] Script Date: 10/24/202
=lalter view [dbo].[v_flight_log v2]
as
SELECT
o -- isnull logic on everything
Ig t Ogs convert(int, isnull(year([Lcl_Date]), @) ) as target,
convert(int, isnull(day([Lcl_Date]), 0) ) as 1lcl_date_day,
convert(time, isnull([Lcl_Time], ©) ) as lcl_time,
convert(float, isnull([Latitude], @) ) as lat,
— _— - - convert(float, isnull([Longitude], @) ) as long,
SQLQuery9.5ql...RS\mjp001 (64))* + X [eIKoIsY: e|Iatel oo lglyl- e cleld SQLQuery6.sgl - hot co convert(float, isnull([AltB], @) ) as altb,
USE [FleetData] convert(float, isnull([BaroA], @) ) as baro_a,
GO convert(float, isnull([AltMSL], @) ) as alt_msl,
convert(float, isnull([OAT], @) ) as oat,
J*xx%xx Object: View [dbo].[v_flight_log]  Script Date: 16/24/2022 4:06:3: convert(float, isnull([IAS], @) ) as ias,
convert(float, isnull([GndSpd], @) ) as gndspd,
convert(float, isnull([TAS], @) ) as taspd,
Salter view [dbo].[v_flight_log] convert(float, isnull([VSpd], @) ) as vspd,
as convert(float, isnull([wWndspd], @) ) as wndspd,
select '164459 KSLN' as Location, * from [dbo].[log_170118_164459_KSLN] convert(float, isnull([Pitch], ) ) as pitch,
union convert(float, isnull([Roll], @) ) as roll,
select '130128 KSLN' as Location, * from [dbo].[log_170136_136128 KSLN] convert(float, isnull([HDG], @) ) as hdg,
union convert(float, isnull([voltl], ©) ) as voltl,
select '155300 KMKC' as Location, * from [dbo].[log 176136_155300_KMKC] convert(float, isnull([ampi], @) ) as ampl,
union convert(float, isnull([E1_0ilT], ©) ) as el_oil_t,
select '155300 KMKC' as Location, * from [dbo].[log 180208 143558 KFOE convert(float, isnull([E1RPM], @) ) as el _rpm,
union 1 convert(float, isnull([HCDI], @) ) as hcdi,|
select '155300_KMKC' as Location, * from [dbo].[log 180504 185459 KHSD
union
select '155300_KMKC' as Location, * from [dbo].[log_180919 002527 KJEF
union
select '155300_KMKC' as Location, * from [dbo].[log 190914 001545 KPYX
union
select '155300_KMKC' as Location, * from [dbo].[log 191025 185233 KSLN
21% - 41 I'
e Messages entra Ize
Commands completed successfully.
° 10
Completion time: 2022-10-24T16:06:53.3805350-05:00 Data vlew




dbo.v_flight_log

L] [ ]
- Centralized Data View
=% Columns
B target (int, null)
. ICI—date—day (Int' I"IU”) & SQLQuery6.sql - SLN-MJP001-LT\SQLEXPRESS.FleetData (USERS\mjp001 (79))* - Microsoft SQL Server Management Studio Quick Launch (Ctrl+Q) P = B X
2] ICI_time (tlmE(T), nu”) File Edit View Project Tools Window Help
- 5 - .e-.u‘-g N g s @\l - -l &=~
B lat (float, null) O~ 8 B BNewauey A2 RRR| X DA | -] 2 e
| Execute [ ‘ =
B long (float, null) _
Object Explorer > X £ ry6.sql...RS\mjp001 (79))* = v
B altb (float, null) e o select * from [v_flight_log_v2] =i=
B baro_a (ﬂoat, nu”) +® dbo.log_170130_155300_KMKC 1% -~
#m dbo.log_180308_143550_KFOE ® Resuls & Messages
B alt msl (ﬂoat' nu”) += dbo.log_180504_185459_KHSD target Icl_date_day Icl_time lat long alb  baro_a altmsl oat ias gndspd taspd vspd wndspd pitch roll hdg voltl ampl el oil_t el_rpm
= »m dbo.log_180919_002527_KJEF 1 [2017 |20 13:01:18.0000000 387970428 -97.6401596 13402 3007 12466 198 0 0 0 281 0 0 o o 276 28 5395 10827 ]
B oat (ﬂoat nuII) an R e 2 2017 30 13:01:19.0000000 387970428 -97.6401596 13412 3007 12478 198 0 0 0 17.86 0 0 0 0 276 28 5399 10875
4 -og_ Z B 3 2017 3 13:01:20.0000000 387970428 -97.6401596 13402 3007 12485 198 0 0 0 2695 0 0 0 0 276 28 5403 10871
. #® dbo.log_191025_185233_KSLN 4 2017 30 13:01:21.0000000 387970428 -97.6401596 13412 3007 12491 195 0 0O 0 319 0 0 0 0 276 27 5407 1085
B ias (ﬂoat, nuII) 2@ dbo.log 191025 224552 KAMW 5 2017 30 13:01:22.0000000 387970428 -97.6401596 13402 30.07 12498 195 0 O 0 1257 0 0 0 0 275 26 5411 10886
oReed= - - 6 2017 30 13:01:23.0000000 38.7970467 -97.640152 13402 30.07 12505 195 0 O 0 518 0 0 0 0 276 25 5414 10892
B gndspd (float, nu”) Views ) 7 2017 30 13»01:24.0000000 387970467 -97.640152 13422 3007 12512 195 0 0O 0 2527 0 o o0 o0 276 26 5419 10851
# % System Views 8 2017 30 13:01:25.0000000 38.7970467 -97.640152 13422 30.07 12518 195 0 O 0 35 0 0 0 0 276 26 5423 10843
g d (fl I 8 dbow flight lo 9 2017 30 13:01:26.0000000 38.7970467 -97.640152 13422 3007 12524 195 0 O 0 198 0 0 0 0 276 26 5427 10852
tasp ( oat, nu ) RAUL LR 10 2017 30 13:01:27.0000000 38.7970467 -97.640152 13402 3007 12529 195 0 O 0 1699 0 0 0 0 276 24 5431 1088
9 12017 30 13:01:28.0000000 38.7970467 -97.640152 13412 30.07 12533 195 0 O 0 1204 0 0 0 0 275 24 5435 10923
B Vspd (ﬂoat' nu”) Columns 12 2017 30 13:01:29.0000000 38.7970467 -97.640152 13392 30.07 12536 195 0 O 0 4366 0 0 0 0 276 23 544 10958
B target (int, null 13 2017 30 13:01:30.0000000 38.7970467 -97.640152 13412 30.07 12536 195 0 O 0 2717 o 0 0 0 276 23 5444 10952
8 wndspd (ﬂoat nu”) it 14 2017 30 13:01:31.0000000 38.7970467 -97.640152 13412 30.07 12537 195 0 O 0 1776 0 22 083 1672 276 23 545 10935
P ’ B Icl_date_day (int, null) 15 2017 30 13:01:33.0000000 38.7970428 -97.640152 13412 30.07 12533 195 0 0 0 352 0 219 -088 1672 276 23 5458 10888
! & Icl_time (time(7), null) 16 2017 30 13:01:34.0000000 387970428 -97.640152 13402 3007 1253 195 0 0 0 209 0 22 -087 1672 276 23 5463 10836
B p|tch (ﬂoat nu||) : 17 2017 30 13:01:35.0000000 387970428 -97.640152 13412 30.07 12529 195 0 O 0 307 0 224 -083 1672 276 22 5468 10818
# lat (float, null) 18 2017 30 13:01:36.0000000 387970428 -97.640152 13402 3007 12527 195 0 O 0 1795 0 224 -081 1672 276 23 5473 10812
8] roII (ﬂoat I"IL,I”) & long (float, null) 19 2017 30 13:01:37.0000000 38.7970467 -97.640152 13422 30.07 12525 195 0 0O 0 1434 0 223 -085 1672 276 23 5478 10866
4 8 altb (float, null) 20 2017 30 13:01:38.0000000 387970467 -07.640152 13432 3007 12523 195 0 0O 0 5046 0 218 -087 1672 276 22 5484 10898
21 2017 30 13:01:39.0000000 387970467 -97.640152 13442 3007 12522 195 0 O 0 6104 0 223 -086 1672 276 22 5489 10916
B hdg (float, nuII) & baro_a (float, null) 2 2017 30 13:01:40.0000000 38.7970467 -97.640152 13432 30.07 12521 195 0 0 0 1937 0 222 088 1672 276 22 5494 10944
E alt_msl (float, null) 23 2017 30 13:01:41.0000000 387970467 -97.640152 13422 3007 12521 195 0 0O 0 363 0 224 -086 1672 276 21 55 1096.6
B volt1 (ﬂoat' I"'IU”) 8 oat (float, null) 24 2017 30 13:01:42.0000000 38.7970467 -97.640152 13432 3007 12522 195 0 0 0 571 0 223 -081 1672 276 22 5505 10956
: 2% 2017 30 13:01:43.0000000 387970505 -97.6401596 13432 3007 12524 195 0 0 0 103 0 22 086 1672 276 22 5511 10966
A 1 ﬂ t ” 8 ias (float, null) 26 2017 30 13:01:44.0000000 38.7970505 -97.6401596 13422 3007 12525 192 0 O 0 779 0 22 -082 1672 276 22 5517 10989
amp ( oat, nu ) 2 gndspd (float, null) 27 2017 30 13:01:45.0000000 387970505 -97.6401596 13422 3007 12528 192 0 0 0 1607 0 223 -085 1672 276 21 5523 10964
, & taspd (float, null) 28 2017 30 13:01:46.0000000 387970505 -97.6401596 13432 30.07 12531 192 0 O 0 547 0 225 -086 1672 276 21 5529 11009
B e1_oil_t (float, null) : 29 2017 30 13:01:47.0000000 38.7970505 -97.6401596 13422 3007 12533 192 0 0 o a5 0 223 082 1672 276 21 5535 11025
- - ! E vspd (float, null) 30 2017 30 13:01:48.0000000 387970505 -97.6401596 13422 3007 12533 192 0 0 0 2696 0 223 082 1672 276 21 5541 11079
Bel rpm (float I"]U”) & wndspd (float, null) 31 2017 30 13:01:49.0000000 387970505 -97.6401596 13422 3007 12531 192 0 0O 0 A7 0 225 083 1672 276 22 5547 1109
_ ' B pitch (float, nul) 32 2017 30 13:01:50.0000000 387970505 -97.6401596 13412 3007 12528 192 0 0O 0 538 0 224 078 1672 276 2 5553 11092
. ' 33 2017 30 13:01:51.0000000 387970505 -97.6401596 13422 3007 12527 192 0 0 0 644 0 22 08 1672 276 2 556 11148
| hcdl (ﬂoat‘, nu”) g roll (float, null) a 2m7 an 130162 0NNONON 3R 7A704A7 Q7 RANIRGA 12402 3NNT7  1952A 192 0 0 n ankd 0 294 0% 1R72 776 1R  BRAR 11704
. £ hdg (float, null) v
B vedi (float, null) © Query executed successfully. SLN-MJPOO1-LT\SQLEXPRESS (1.. USERS\mjp001 (79) FleetData 00:00:03 65,525 rows
8 mag_var (float, null)
Il

8 hal (float, null) G1000 Data Definitions: Fala, N. (2019). Data-driven safety feedback as part of debrief for
Triggers General Aviation pilots (Doctoral dissertation, Purdue University Graduate School).




Analytical Framework

Spyder (Python 3.9)

File Edit Search Source Run Debug Consoles Projects Tools View Help
[ ] - a8 d > () = L
....\Users\mjp001\OneDrive - Kansas State University\Documents\Research\NTAS 2022\pca_entropy_applied.py

O fleet data_odbe_dbscan v2.py X sql odbe python_complot.py X pea_entropy. applied.py X

Kansas State University, Aerospace & Technology Campus
Author: Michael J. Pritchard, PhD, mjp@8@ksu.edu
Spyder Editor, Python Version 3.9

pyodbe

pandas as pd, numpy
t matplotlib.pyplot
sklearn.decomposition
sklearn.preprocessing

~t FactorAnalysis, PCA
StandardScaler

sql_conn = pyodbc.connect( 'DRIVER={SQL Server}; \
SERVER=SLN-MJP@01-LT\SQLEXPRESS; \
DATABASE=FlLeetData; \
Trusted_Connection=yes')

query = "select * from v_flight_Log v2"

df = pd.read_sql(query, sql_conn)

print(df) # show me what yo t

df.describe()

print('>>>3553----

print(df.head())

features = [‘altb’, ‘baro a’, ‘alt_mslL’, ‘oat’, "ias’
,'vspd', 'pitch’, ‘roll ", "hdg’, 'voltl’
s 'ampl’,'el_oil_t"','el_rpm', ‘'mag_var', "hal']

--¢<cae<")

df.loc[:, features].values
df.loc[:,[ "target']].values
StandardScaler().fit_transform(X)

pr{w*(np.any(np.isnantx)))

print(">>>3>>> €Lecec")
print(pd.DataFrame(data = X, columns = features).head())

pca = PCA(n_cumponEnts=2)

principalComponents = pca.fit_transform(X) #thi e Fit fi

5 Spyder (Python 3.9)

File Edit Search Source Run Debug Consoles Projects Tools View Help
[ ] - a ] » () (=) L >
...\mjp001\OneDrive - Kansas State University\Documents\Research\NTAS 2022\fleet_data_odbc_dbscan_v2.py

D3 fleet data odbe dbscan v2.py X sal_odbe python corrplot.py X pea_entropy_applied.py X

Author: Michael J. Pritchard, PhD, mjp@@@ksu.edu
Spyder Editor, Python Version 3.9

pyodbc
t numpy np, pandas as pd
matplotlib.pyplot plt, seaborn sns
sklearn.cluster DBSCAN as dbs
sklearn.neighbors NearestNeighbors

sql_conn = pyodbc.connect( '‘DRIVER={SQL Server}; \
SERVER=SLN-MIP@@1-LT\SQLEXPRESS; \
DATABASE=FleetData; \
Trusted_Connection=yes ')

query = "select * from [dbo].[v_flight_Log_v2]"

data = pd.read_sql(query, sql_conn)

print(data.head())

print("Dataset shape:", data.shape)

print(data.isnull().any().any())

x = data.loc[:, [‘ampl’, # Axis
‘vspd']].values ¢

neighb = NearestNeighbors(n_neighbors=4, algorithm='ball_tree")
nbrs = neighb.fit(x)
distances,indices = nbrs.kneighbors(x) # f

distances = np.sort(distances, axis = 0)
distances = distances[:, 1] #
plt.rcParams[ ‘figure.figsize'] = (5,3) #
plt.plot(distances) # plotting the di
plt.show() # showing the pl

dbscan dbs(eps = 8, min_samples = 4).fit(x) # f
labels = dbscan.labels_ # t t

plt.scatter(x[:, @], x[:,1], c = labels, cmap= “plasma”, alpha = 0.1)
plt.xlabell{“x, Amps“}| # X-axis lat

plt.ylabel("Y, V-Speed (fpm)") #
plt.show()

[32 22234

n sample size
principal component 1
principal component 2
target

dtype: int64

principalDf = pd.DataFrame(data = principalComponents, columns = [ ‘principal component 1°, ‘principal

IPython console History
“» LSP Python: ready @ conda: base (Python 3.9.12) Line 39, Col 77 UTF-8 CRLF RW Mem 37%

L

C:\Users\mjp001\OneDrive - Kansas State University\Documents\Research\NTAS 2022

Y, V-Speed (fp

0
X, Amps

Help Variable Explorer Plots Files

O console 1/a X
Users/mjp@01/0OneDrive - Kansas State University/Documents/Research/
NTAS 2022')
C:\Users\mjp@@l\Anaconda3\lib\site-packages\pandas\io\sql.py:761
UserWarning: pandas only support SQLAlchemy connectable(engine/
connection) ordatabase string URI or sqlite3 DBAPI2 connectionother
DBAPI2 objects are not tested, please consider using SQLAlchemy
warnings.warn(
target 1lcl_date_day lcl_time ... di
2017 30 :18.0000000 o
2017 30 :19.0000000
2017 e :20.0000000
2017 3e :21.0000000
2017 30 :22.0000000

[5 rows x 25 columns]
Dataset shape: (65525, 25)
False

IPython console History
© conda: base (Python 3.9.12) Line 45, Col 22 UTF-8 CRLF RW Mem 39%

Python using Spyder, Integrated
Development Environment (Scientific
PYthon Development EnviRonment)




Flight Data
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rank_order

L] L]
Flicht Data Analysis:
g y ° 5 1 092 017 0024 026 0014 011 0015 | 024 0063 | LEFAL 028 026
(14 b3 o fro c ‘
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L]

-0.50
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Ll
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as

% 0014 0032 00037 00011 001 0085 | -0.14 1 083 017 0091 00079 0051 0091 0081 02 0057
. [ ] .
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- s 011 0066 | 026 0057 025 032 | - 083 1 02 0071 0072 015 | 029 | 019 00% 002
.
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3 0015 00027 0082 0021 0082 0086 0087 017 02 1 0044 00073 004 0087 0048 0023 0032
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o
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o ( N ote . AIt_M S L iSs more 3 0063 0019 02 0.07 02 | 025 025 00079 0072 00073 013 1 059 00028 035 0081 014
Strongly correlated than AItB) g 042 | © ‘ ' 04 EA o021 [WE 0051 015 004 0024 059 027 029 .
7 028 037 07 072 OIS 079 0091 029 0087 | 018 -0.0028 | )< 1 069 | 022 | 013
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E 1 Oi I T 5' 026 035 082 | 032 083 094 0081 019 0048 007 035 | 027 069 1 < 0063
o) ®
o E 1_R P M é ’ 0.39 033 031 | 026 02 009 0023 005 0081 027 | D22 | )« 1 0.15
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2 Component PCA
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Density-based Spectral
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Clustering (DBSCAN)
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LIMITATIONS

= Operating Parameters

Cessna 172

G1000s x 6

(Limited to Cessna 172)

= Aircraft within a Training

Manual:
“Sneakernet”

Environment

v v v v
Flight Flight Flight
Data Data Data

l i | | ]

Location

Data
Feature

Engineering

W
Ops

Fleet Data
—>
SQL S
—>
y

|

= Portions of Data

| Data

Automation Systems are JEFENY MR

Density-based
Spatial
Clustering

Manual (Sneakernet)

= Scalar Eigenvalue

N Population — Fleet
Operating Parameters

n Sample — Fleet
Operating Outliers

Integration



LESSONS LEARNED

= Use a prototype method, spread your initial data capture across a few aircraft

= Data feature engineering was the most time consuming (reworking and
massaging the data)

= | everage SQL Server Views for your Analytical Data Structure (i.e., SQL Server
Views are Virtual Table structures)

= Null Logic Implementation (i.e., ISNULL() function required on all data features)

= Python made for an excellent backend system-level programing language

= PCA: High Level Feature Analysis | DBSCAN: Low Level Feature Analysis .



CONCLUSIONS....AND...

= Conclusions

= G1000 Flight Data is remarkably structured and easy to work with...
= _..organizational Machine Learning for Fleet Data is Very Doable ©
= Machine Learning Model development was easier than...

= _..automating the upfront ‘““sneakernet’ system.

" For larger datasets consider using Indexed Views to improve analytical
data performance.

19



....FUTURE DIRECTIONS

= Areas for Future Research

= Design Science —Wireless transmission of fleet data via flight line access
point system.

= Future testing of onboard microcontroller/communication structure

= [solating the Scalar Eigenvalues at time interval level (not just at the day level)
= Additional Categorical Data Capture
= Maintenance Records

= Type of Training Flight Performed (IFR,VFR, MVFR, LIFR, etc...)
= SQL Server Engine Optimization

20

= Support for Inline Data Predictions (i.e., native T-SQL)



THANK YOU!

Michael ). Pritchard, PHD
Associate Dean for Research & Graduate Studies
Assistant Professor, Machine Learning & Autonomous Systems

mjp00 | @ksu.edu | (785) 979-0706
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