Proposal for a Modernized Flight Risk Assessment Tool for General Aviation Pre-Flight Planning

Category: Improve Aviation Safety
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Pre-flight risk assessment is a key
step in the pre-flight planning process
to ensure the safety of flight prior to
takeoff. Traditional flight risk
assessment tools (FRATS) are often

1naccessible, time-intensive, and
incomplete. This can lead to improper
or time-critical risk assessment in
flight, rather than complete and
deliberate risk mitigation.
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The solution is to augment traditional
FRATs with automated risk
assessment based on pilot and flight
profiles to produce a risk score that
the pilot can then further evaluate for
potential risk mitigation. This speeds
up the risk assessment process,
potentially reduces pilot bias, and can

be incorporated into pre-flight
planning applications.

Problem Solution




Available Flight Risk Assessment Tools (FRAT)

Though there are FRATs on the market, most include a score-based system
based on pilot input which might be prone to bias.

Dﬁg’aﬁ Background

UNIVERSITY

“Poor risk management was a root ZDigitalPro, LLC FRAT App

cause of nearly 50 percent of the fatal

business aircraft accidents.”
— Wright, 2019

National Business Aviation Association

FLIGHT RISK ASSESSMENT TOOL
WORKSHEET (TWO-SIDED)

Three step proc FAA Safety Team FRAT

“Civilian aviation operations Conduct before

excluding paid passenger transport,
accounts for 94% of civilian aviation

Instructions: Check the Yes box opposite each

. statement that applies to your flight. Then compare
STEP 1: IDENTIFY your total risk value to the Risk Matrix Chart.

fatalities. ” — Boyd, 2017 Do
RISK CATEGORY 2D
L i m Departure Airport
“60% of fatal accidents occurred while Gulfaion | Aot atpon
) A i . currency/proficiency
flying in instrument meteorological Reramedical Pt Yes? RiskValue  Tota isk P Matrx
¥ | human factors Value Chart
141 Less than 50 Hours in Aircraft or Avionics Type 0 0 A,Plloi Time in Type Low Moderate _
Condltlons (IMC)’ mOSt frequently Less than 15 hours in last 90 Days 0 'V,FR <100 5to0 15 1510 20 _
“between OCtObCI' and Aprll, on Flight will occur after work 0 VFR 100 151020 201025 325
“ . - Less than 8 hours sleep in 24 hours prior to 0 IFR <100 20 to 25 2510 30 -
weekends, 1n early morning and Eouipage e | MG |
. . equipment) Dual Instruction Received in last 90 days 0 | IFR  >100 25 to 30 30 to 35 _
evening periods, and along the West Porfomance WINGS Phase Complation n las & month 0
Instrument Rating, current and proficient 0

Coast, Colorado Rockies, Appalachian

Mountains, and the Northeast. ” Twilight or Night
> Fl/lltZ & AShley, 20]6 Surface wind greater than 15 Knots

Cross wind greater than 7 Knots

Flight Conditions

p ©o|o | o

Mauntainane Tarrain




Methodology

FRAT Project Modeling Methodology

Extract Transform Data
Raw Data Data Labeling
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NTSB/ASRS Filter Risk Category
Join
Format
Text Prep

Based on Results

Model Model Model
Preparation Execution Evaluation
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Feature Selection Multiple Runs
Normalization
Encoding/Embedding
Train/Test
Model Development
A
Adjustments




Aircraft Make

Aircraft Model

Airframe Hours

Certified Max Gross Weight
Airframe Inspection Timeline
Engine hours

No. Engines

Engine Manufacturer

Number

D NTSB | ==
~ J Transportation :
M Safety Board of Records
46,052
Years:
1983-2022

Dept/Dest Airport

Airport Location
N\ Airport Elevation
Departure Time
Runway length
Runway width
Day of week

Feature Month
Selection

Aircraft

Temperature / Dewpoint
Wind Direction / Speed
Meteorological conditions
Ceilings

Visibility

Weather Observation Time
Light Conditions

Wind Gust Speed

Weather

Environment
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MSON Data Transformation
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Labeling the Dataset: Risk Categories

Proposed Risk Categories

: —r Note: When comparing aircraft
Risk Score  Consequence Level  Description

damage and injury, the highest of
0 Low Flight resulted in an incident or accident with no aircraft the t & dictat ) trli,’ 1 % d
damage AND no minor injury. e S

Flight resulted in an incident or accident with either Numerical risk scores are only
minor aircraft damage OR minor injury. AND no utilized for modeling purposes, and

: AL : —r : o it is preferred that an end user see
High Flight resulted in an incident or accident with either " T 1
an output of “Low” or “High” rather

severe aircraft damage OR severe injury, AND no )
fatality. than 0 or 2. The risk score of 0 does
Flight resulted in an incident or accident with either not imply a no-risk flight.

1 Medium

3 Catastrophic

fatali or destruction of the aircraft.

Balancing the Dataset: Resampling

Risk Classification Labels before resampling Risk Classification Labels after resampling

Histogram of Risk Classification Labels Histogram of Risk Classification Labels

Count of Flight Records
Count of Flight Records

—

1 2 1 2
Risk Classifications Risk Classifications

Cleaning the Dataset

Fixing random
errors,
binning, and
formatting

Standardizing
Datatypes

Label
Encoding

Handling
Missing
Data
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Feed-Forward Neural Network

BERT
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XGBoost Modeling Results

Modeling XGBoost

Test Iteration

Baseline
1

2
3
4
5

6

Configuration

Imbalanced

Resampled

Category reduction, imbalanced

Category reduction, resampled
Normalized, resampled

Category reduction, normalized, resampled
10-fold cross-validation, resampled*

Note: * indicates the preferred model configuration

Preferred Model Configuration Confusion Matrix

True label

1 2
Predicted label

F1 Score Results
0.76
0.85
0.77
0.79
0.84
0.79
0.85

Results

Overall, class 0 and 1
seemed overfit due to
resampling techniques, but
it improved the ability to
more accurately predict
class 2 and 3.

Process

Dataset
Balancing

Model
Configuration

Label
Effects

10-Fold
Cross
Validation
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Random Forest Modeling Results

Test Iteration = Configuration F1 Score Results

Baseline Imbalanced 0.75
1 Resampled 0.85

2 Resampled, 10-fold cross validation* 0.86
Note: * indicates the preferred model configuration

Preferred Model Configuration Confusion Matrix

Results

e 10-fold cross validation
returned the highest F1
score —0.86

* Model correctly predicted
highest risk classifications

Tue label

1 2
Predicted label

Process

Dataset
Balancing

Model
Configuration

10-Fold
Cross
Validation



! Process
N Modeling Feed-Forward Neural Network
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Neural Network Modeling Results

Dataset
Test Iteration Configuration F1 Score Results Balanci ng
Baseline Imbalanced, whole data set imputation 0.67
1 Imbalanced, class-based imputation* 0.60
2 Resampled, class-based imputation* 0.60
3 Resampled, whole data set imputation 0.89
4 Resampled, whole data set imputation, 10-fold cross 0.90 .
validated using KerasClassifier Missi ng
5 Resampled, whole data set imputation, 10-fold cross 0.98 Value
validated using StratifiedKFold** :
Notes: * This method for imputation introduced error and was not used moving forward Imputation
** indicates the preferred model configuration
Preferred Model Configuration Confusion Matrix
Results Model

* While imputation by class label Configuration

seems ideal, the process utilized
introduced error.
 The resampled dataset utilizing

whole dataset imputation, validated 18;22;‘]'
using StratifiedKFold 10-fold cross .
Validation

validation resulted in the most
accurate predictions.

|
2
Predicted
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Label

Resamplin
Bert Modeling Results pling

Test Iteration | Configuration F1 Score Results
1 Data with context 1.0

2 Data without context 1.0

Data
Concatenation

Bert Modeling Training & Validation Loss

Training & Validation Loss Resu |tS Embeddings
e * Although the training and validation loss
curves converge nicely, such extremely
high accuracy and F1 scores suggest Hyper-
overfitting and the inability for the model parameter
to generalize. Tuning

e Further research is necessary to determine
the cause of these results.

Evaluation



Modeling Feature Importance

Feed-Forward Neural Network

FNN Feature Importance by F Score XGBoost Feature Importance by F Score

Flight hours on simulated instrument conditions || N G ::¢
Flight hours on multi-engine aircraft _ 437
Flight hours on single-engine aircraft _ 450
Total flight hours _ 460
Weather temperature _ 463
Departure time | /cc
Flight hours during nighttime _ 475
Total airframe hours [N /<o
Airframe hours since last inspection _ 590
Flight hoursin the make/model of the aircraft _ 686

0 150 300 450 600 750

All Flight Hours - 454
Weather temperature _ 619
Airport name _ 653
Runway length _ 752
Basic weather condition _ 778
Certificate maximum gross weight _ 1043
Runway width || 1136
Tye of flight | 1552
Engine type |, :2:
Number of engines _ 2949

0 500 1000 1500 2000 2500 3000 3500

F Score

Features
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Model Performance by F1 Scores

XGBoost / Random Forest
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mESo(R)ﬁ Future Work Way Forward
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1 Further development, testing, and evaluation of methods and high performing models, along with the incorporation
of improved missing value imputation methodology for neural networks.

2 | Expansion of training dataset to include low risk flight records based on voluntary
general aviation pilot participation. Reduces bias in model by reducing need for

rebalancing.

Deploy the optimal model through development of
| an application for the ingestion of new flight records,

incorporating risk assessment class assignment (see
next slide).




VT NextSteps  JRONARGRGHND
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Q{’} FAA Implementation
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