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Where I come from…

▪ The city of São José dos Campos in Brazil
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Contextualization

▪ Introduction of unstable aircraft 
configuration with dynamic trim canard
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Objective

▪ Understand pilot-aircraft interaction from early stages of design

Can we obtain a pilot model 
for design optimization? 

How does performance vary 
among different pilots?

How is the pilot’s behaviour and 
performance affected by HMI?
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Objective

▪ Understand pilot-aircraft interaction from early stages of design

Can we obtain a pilot model 
for design optimization? 

How does performance vary 
among different pilots?

How is the pilot’s behaviour and 
performance affected by HMI?

EXPERIMENT

Performance
analysis

Eye tracker 
analysis

Optimization 
of pilot model



6

▪ 4 Scenarios

❑ Normal flight

❑ Pitch up

❑ Pitch down

❑ Disturbance

Design of Experiment

TASK: Track the pitch reference

▪ 2 HMI

❑ Graphic

❑ Numeric

▪ 2 Pilots

❑ Pilot 1

❑ Pilot 2

3 Repetitions 48 Flights
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Experiment Factors - Scenario

1. Pitch Up at 8°
1. PITCH UP Scenario

2. Pitch Down at -8°

2. PITCH DOWN Scenario
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Experiment Factors - Scenario

3. Normal Flight

3. NORMAL FLIGHT Scenario

4. Disturbance

4. DISTURBANCE Scenario
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Experiment Factors - HMI

Aircraft 
Current Pitch

Pitch Set-
point
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Experiment Procedure

Pilot briefing 
and consent

2 flights with 
each HMI

Random 
choice of flight

Flight

Register 
data

YESLast
?

NO
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▪ Performance Metric:

Performance Analysis

𝐸𝑟𝑟𝑜𝑟 =
σ(𝑃𝑖𝑡𝑐ℎ − 𝑆𝑒𝑡𝑃𝑜𝑖𝑛𝑡)2

𝐷𝑎𝑡𝑎_𝑙𝑒𝑛𝑔𝑡ℎ

▪ ANOVA - Analysis of Variance:

❑ Approach A - Single data set

❑ Approach B - One data set per scenario
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▪ ANOVA – Approach A: 1 data set

Performance Analysis

Yijk = μ + Ai + Bj + Ck +AiBj + AiCk + BiCk + AiBiCk + ε

Measured performance

Average of the error

Variance associated to HMI

Variance associated to pilot

Variance associated to scenario

Interaction 
of factors

Random 
error
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▪ ANOVA – Approach A: 1 data set

Performance Analysis

All three factors affect 
the mean error, i.e., the 
pilots performance.

Error versus Interface

Graphic
(MatLab)

Numeric
(Flight Gear)
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▪ ANOVA – Approach A: 1 data set

Performance Analysis

Variances are not 
homogenous

Normal Q-Q Plot

Data follows normal 
distribution 
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▪ ANOVA – Approach B: 4 datasets

Performance Analysis

Yijk = μ + Ai + Bj +AiBj + ε

Measured performance
Average of the error

Variance associated to HMI

Variance associated to pilot

Random 
error

Interaction 
of factors
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Performance Analysis

▪ ANOVA – Approach B: 4 datasets

Interface is the most 
relevant factor

Data follow normal 
distribution and are 
homogenous
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Performance Analysis

Error versus Interface – PITH UP

Graphic
(MatLab)

Numeric
(Flight Gear)

Error versus Interface – PITH DOWN

Graphic
(MatLab)

Numeric
(Flight Gear)

Normal Q-Q Plot

Normal Q-Q Plot
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Performance Analysis

Error versus Interface – NORMAL

Graphic
(MatLab)

Numeric
(Flight Gear)

Error versus Interface – DISTURBANCE

Graphic
(MatLab)

Numeric
(Flight Gear)

Normal Q-Q Plot

Normal Q-Q Plot
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Eye-Tracker Analysis

▪ Heat map of attention – Numeric Interface
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Eye-Tracker Analysis

▪ Heat map of attention – Graphic
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▪ Precision Model

𝑌𝑝(𝑠) = 𝐾𝑝 ∙ 𝑒
−𝜏𝑠 ∙

𝑇𝐿𝑠 + 1

𝑇𝐼𝑠 + 1
∙

1

𝑇𝑁𝑠 + 1
∙

1

1
𝜔𝑁
2 𝑠

2 +
2𝜉𝑁
𝜔𝑁

𝑠 + 1

Pilot Model

Pilot proportional gain

Pilot response delay

Time lead constant

Damping of 
neuromuscular 
system

Natural frequency 
of neuromuscular 
system

Time constant of 
neuromuscular system

Time lag 
constant
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▪ Precision Model

𝑌𝑝(𝑠) = 𝐾𝑝 ∙ 𝑒
−𝜏𝑠 ∙

𝑇𝐿𝑠 + 1

𝑇𝐼𝑠 + 1
∙

1

𝑇𝑁𝑠 + 1
∙

1

1
𝜔𝑁
2 𝑠

2 +
2𝜉𝑁
𝜔𝑁

𝑠 + 1

Pilot Model

𝑌𝑝(𝑠) = 𝐾𝑝 ∙ 𝑒
−𝜏𝑠 ∙

1

𝑇𝑁𝑠 + 1
∙

1

1
𝜔𝑁
2 𝑠

2 +
2𝜉𝑁
𝜔𝑁

𝑠 + 1

Adapt to rate or speed control (𝑇𝐿 = 𝑇𝐼) 

𝑌𝑝 𝑠 = 𝐾𝑝 ∙ 𝑒
−𝜏𝑠 ∙

1

𝑇𝑁𝑠 + 1
∙

1

1
𝜔𝑁
2 𝑠

2 +
2𝜉𝑁
𝜔𝑁

𝑠 + 1
+ 𝐶

Insert trim constant
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Pilot Model Optimization

Run Genetic 
Algorithm

Run Global 
Search

Pilot 
Model

Local 
Minimum

▪ Genetic Algorithm - limited range of parameters:

❑ 𝐾𝑝: Range for pilot gain [0.0001; 1]

❑ 𝜏: Range for pilot delay [0.001; 1]

❑ 𝑇𝑁: Range for time constant of neuromuscular system [0.001; 1]

❑ 𝜔𝑁: Undamped frequency for the neuromuscular system stabilized on 25

❑ 𝜉𝑁: Damping ratio for the neuromuscular system Range [0.1; 1]

❑ C: Trim Constant Range [-1; 1]
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Pilot Model Optimization

𝐹 = 𝑃1 ∙
σ𝐸𝐼

2

𝑛
+ 𝑃2 ∙

σ𝐸𝐴
2

𝑛

▪ Cost function:

❑ 𝑃1: Inceptor rate factor (0.99)

❑ 𝑃2: Aircraft rate factor (0.01)

❑ 𝐸𝐼: Inceptor error (real command minus modelled command) 

❑ 𝐸𝐴: Aircraft pitch error (real pitch minus modelled pitch)

❑ 𝑛: Length of the dataset
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Pilot Model Optimization

𝑌𝑝 𝑠 = 0.0190 ∙ 𝑒−0.9923𝑠 ∙
1

0.5502𝑠 + 1
∙

1

1
252

𝑠2 +
2 ∙ 0.9279

25
𝑠 + 1

Model of 
Pilot 1

Inceptor Output

Real
Simulated

Set point
Real
Simulated

Aircraft Response
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Pilot Model Optimization

𝑌𝑝 𝑠 = 0.0288 ∙ 𝑒−0.9957𝑠 ∙
1

0.3224𝑠 + 1
∙

1

1
252

𝑠2 +
2 ∙ 0.9448

25
𝑠 + 1

Inceptor Output

Real
Simulated

Set point
Real
Simulated

Aircraft Response

Model of 
Pilot 2
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Conclusions and Next Steps

Can we obtain a pilot 
model for design 

optimization? 

How does performance vary 
among different pilots?

How is the pilot’s behaviour and 
performance affected by HMI?

Performance is affected by pilot, 
manoeuvre and HMI.

Conclusions

Different models for different 
pilots.

Extend experiment to a large 
pilot population.

Development of statistical pilot 
models.

Future work
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