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FIGHTER PILOT BEHAVIOR CLONING
AND
TRANSFERRING TO ANOTHER AIRCRAFT

SUMMARY

The "Pilot-in-the-loop" flight simulators are important tools in the development of
fighter aircraft because they allow engineers and designers to test different scenarios
and algorithms in a controlled environment without the risks associated with actual
flight testing. However, these simulations often require high pilot skill levels and can
be time-consuming and costly to arrange. It is important to create realistic models of
human fighter pilots in order to reduce the reliance on skilled pilots to demonstrate
agile/aerobatic maneuvers in flight simulators.

Traditional controllers for aircraft require detailed knowledge about the aerodynamic
model and physics of the aircraft in order to perform aerobatic maneuvers. Also, these
control algorithms may not be able to match the performance of skilled human pilots,
who are limited by a lack of bandwidth. This suggests that there may be potential
for improving the performance of aircraft through the use of techniques that can take
advantage of the superior speed and maneuverability of skilled pilots.

In that case, imitation learning is a potential solution to eliminate the dependency
need of skillful pilots in the flight simulator. Imitation learning also known as learning
from demonstrations has benefited from computational progresses brought on by
deep learning and increased availability of demonstration data. It is aimed to emulate
desired behavior in a given task. An agent is trained to learn mapping between
observations and actions by utilizing demonstrations.

In this thesis aims the development of a pilot behavior model which is capable
of autonomously performing agile maneuvers and is able to replace expert pilots’
demonstrations over its full flight envelope in the flight simulator. Moreover, this
model is transferable to other aircraft with limited data using transfer learning
techniques. Besides all these features, the pilot behavior model can be able to run
in real time in the flight simulator.
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SAVAS PILOTU DAVRANISINI KLONLAMA
VE
FARKLI BIR HAVA ARACINA TRANSFERI

OZET

Pilotun dongiiye dahil oldugu ("Pilot-in-the-loop") ugus simiilatorleri, savas ugagi
gelistirme siirecinin hayati bir parcasidir. Yiiksek giiclii bir savas ugaginin performans
degerlendirmesinde iistiin manevra kabiliyeti ve ceviklik giderek daha onemli hale
gelmektedir. Bu performans ve emniyet hedeflerine ulagsmak i¢in, ugus simiilatorleri
gelecekteki ucak tasarimlarina iligkin analizin ilk asamalarindan itibaren gerekli
olacaktir.  Yiiksek dogruluklu ugus simiilatorleri, senaryolarin ve algoritmalarin,
tam Olcekli insanli hava araci ugus testiyle iligkili riskler olmaksizin test edilebildigi
kontrollii bir ortam sunar. Bununla birlikte, bu yeteneklerin analizi, ucagi kontrol etme
yeteneklerini sinirlayan asirt ugus kosullari nedeniyle yiiksek diizeyde pilot becerisi
gerektirir. Ayrica,modeli kalifiye pilotlar ile coklu trim kosullarinda farkli senaryolari
test etmek icin ugus simiilatoriinde ayarlanamsi gereken zaman ve bunun yiiksek
maliyeti nedeniyle miimkiin olmayabilir. Yetenekli pilotlarin demonstrasyonlarina,
yani ucgus simiilatorlerindeki cevik/akrobatik manevralarina bagimliligi ortadan
kaldirmak i¢in, kalifiye savag pilotlarinin gercek¢i modellemesi ¢ok biiyiikk onem
tasimaktadir.

Gelistirilecek olan modelden beklenen temel sonug, ayni ucak modeli i¢in uzman bir
pilotun gosterimleri ile uyumlu ve istenilen rotadan hafif sapmalara kars1 dayanikh
bir yoriinge iiretmesidir. Problemin o6zellikleri diistiniildiigiinde taklit 6grenme,
yetenekli pilotlarin ucus simiilatoriine olan bagimlilik ihtiyacini ortadan kaldirmak
i¢in potansiyel bir ¢oziimdiir. Gosterilerden 6grenme olarak da bilinen taklit 6grenme,
derin O0grenmenin getirdigi hesaplamali ilerlemelerden ve gosteri verilerinin artan
kullanilabilirliginden yararlanmakatdir. Bu yontem ile en temelde belirli bir gorevde
istenen davranigin taklit edilmesi amaclanir. Tasarlanan model, gosterileri kullanarak
gozlemler ve eylemler arasinda egslestirme yapmay1 6grenmek iizere egitilir.

Optimum performans elde etmek igin, egitim verilerinin cok cesitli durum
ve aksiyonlart icermesi gerekmektedir. Bu ister uzman pilotlar tarafindan
gerceklestirilen az sayida manevra gosterimi ile saglanamaz. Ancak yoriinge,
cesitli trim kosullarinda uzman manevralarinin agisal hizlar1 (P, Q,R) kullanilarak
yeniden diiretilebilir. Pilotun acisal hizlarinin yiiksek dogrulukta dogrusal olmayan
6-DOF F-16 model simiilasyonlarinda takip edilmesi i¢in uzman pilot yerine NDI
kontrolorciisii kullanilmig ve istenilen ugus zarfindaki trim noktalarinda simiilasyonlar
tekrarlanmustir.

Bu veriler kullanilarak bir yapay bir sinir agini, sensor durumlar1 ve kontrol girdi
degerleri arasindaki eslemeyi 68renerek uzman bir pilot gibi bir F-16’nin yoriingesini
kontrol etmesi icin egiten bir denetimli 6grenme algoritmasi kullanilmistir.

XX1



Split-S veri seti incelendiginde manevranin uygulanmasi sirasinda kullanilan kontrol
girislerinde yon ve biiyiikliik acisindan hizli ve ani degisiklikler gbzlenmistir. Ayrica
zaman serilerinin sayisi, uzunlugu ve aralarindaki korelasyonun da yiiksek oldugu
goriilmektedir. Kullanilacak yapay sinir ag1 modeli, verilerin tiim bu 6zelliklerini
ele alabilmelidir. Tiim bunlar gdze alinarak literatiir incelenmis ve yapay sinir agi
modeli olarak LSTM otomatik kodlayici (autoencoder) yapisi kullanilmistir. Davranis
klonlama yontemleri, uzman veya insan gosterici tarafindan gosterilen davranis ile
model tarafindan 6grenilen ve tipik olarak bir kayip fonksiyonu olarak ifade edilen
politika arasindaki farkin bir Olciisiinii gerektirir. Egitimler sirasinda, gosterilen
davranig1 olabildigince yakin benzerlikte cogaltmak icin en yaygin se¢cim olan MSE
kay1ip fonksiyonu kullanilmigtir.

Simiilasyon sonuclarinda egitim sirasinda model tarafindan yapilan hatalarin kademeli
olarak artarak kotii performansa yol agmasi nedeniyle tek basina davranig klonlamanin
sorunlu olabilecegi gosterilmektedir. Bunun nedeni, e8itim ve test veri setlerinin
mutlaka ayni dagilimdan alinmamasi ve bununda denetimli 6grenmede tipik olarak
kullanilan bagimsiz ve ayni sekilde dagitilmig veri varsayimini ihlal etmesidir.
Etkilesimli gosterilerle davranig klonlamanin avantaji, yalnizca uzman tarafindan
saglanan gosteri Orneklerine giivenmek yerine modelin kendi hatalarindan ders
almasina izin vermesidir. Bu, modeli daha esnek ve uyarlanabilir hale getirir ve yeni
durumlara veya ortamlara daha iyi genelleme yapabilir.

Literatiirde bu bilesik hata sorununu ¢6zmek icin taklit 6grenmeyi etkilesimli denetimli
ogrenmeye indirgeyen DAgger (Veri Toplama) adli bir algoritma Onerilmistir. DAgger
algoritmasi, bir uzman politikasindan gelen girdiler ve c¢iktilarla etiketlenmis yeni,
degistirilmis egitim verilerinin eklenmesini iceren bir veri toplama yontemidir. Bu
yaklagimin amaci, ek uzman verileri dahil ederek bir NN modelinin performansini
tyilestirmektir.

Ancak bizim problemimizde egitim icin gercekte ihtiya¢c duyulan sey daha fazla veri
degil, istenen yoriingedeki sapmalardan kurtulmayr ogrenebilecegi kritik verilerdir.
Ayrica egitim sirasinda yanlis eylemlerin kullanilmasi, egitim performansi iizerinde
olumsuz sonuglar dogurabilir.

Bu tez kapsaminda bu problemleri ¢ozmek adina Limit-DAgger algoritmasi
geligtirilmigtir.  Bu algoritma ile ilkdnce uzman bir pilotun dahi manevray:
diizeltemedigi kritik pgr hata degeri bulunur. Bu kritik hata degerine ulasana
kadar NN model ciktilar1 sisteme uygulanir. Bu kritik deger asildifinda uzman
tarafindan diizeltici aksiyonlar sisteme uygulanarak manevra gerceklestirilir. Her
itarsyonda pqr hata degeri yeniden hesaplanarak veri toplanir.

Simiilasyon sonugclari ile dogrulandig: iizere bu metod ile 3 iterasyonda gercek pilot
performansina yakin bir NN modeli egitilmistir.

Bir sonraki asamada egitilen modelin baska bir hava araci modeline limitli veri
ile transfer edilmesi iizerine calisilmigtir.  Transfer O8renimi, simirli miktarda
egitim verimiz oldugunda yararli olabilecek test verileriyle bagimsiz ve ayni sekilde
dagitilamayan egitim verilerini kullanmamiza olanak tanir. Bu, transfer 6grenmeyi
yetersiz egitim verileri sorununu ele almak i¢in uygun bir yaklasim haline getirir. Bu
calismada yalnizca son LSTM katmani ve ¢ikisindaki yogun katman egitime acgilmis
ve diisiik 6grenme orani ile egitimler basar ile gerceklestirilmisgtir.
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Ozetle tez calismasinda taklit 6grenme metodu kullanilarak, ugus simiilatoriindeki tiim
ucus zarfi lizerinde uzman pilotlarin gosterilerinin yerini alabilen ve ¢evik manevralari
otonom olarak gerceklestirebilen bir pilot davranis modeli gelistirilmistir. Ayrica
transfer 6grenme kullanilarak, belirli bir ucak tasarimi i¢in bir model gelistirdikten
sonra onceki modelleme siirecine gore daha az eforla farkli bir hava aract modeline
aktarilabilirlik saglanmistir. Tiim bu 6zelliklerin yan1 sira pilot davranis modeli, ugus
simiilatoriinde gercek zamanl olarak ¢aligabilecektir.
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1. INTRODUCTION

The "Pilot-in-the-loop" flight simulators are a vital part of the development process
of fighter aircraft [5]. In the performance evaluation of a high-thrust fighter aircraft,
supreme maneuverability and agility are becoming increasingly important. In order to
achieve these performance and safety goals, flight simulators will be required in earlier
stages of analysis on future aircraft designs [6]. The high-fidelity pilot-in-the-loop
simulators offer a controlled environment in which scenarios and algorithms can be

tested without the risks associated with full-scale manned aircraft flight testing.

However, analyzing these capabilities requires high pilot skill levels due to the extreme
flight conditions that limit their ability to control the aircraft. Moreover, arranging
a time for qualified pilots in a flight simulator may not be practicable because of
the time needed to test a wide range of scenarios under various trim conditions and
high-cost [5,7]]. In order to eliminate the dependency on skillful pilots’ demonstrations
1.e., aerobatic maneuvers in the flight simulators, realistic modeling of the human

fighter pilots is crucial.

The expected outcome of this model is that produce a trajectory that will be aligned
with an expert pilot’s demonstrations for the same aircraft model and robust against
slight deviations from the desired course. After developing a model for a specific
aircraft design, the next issue will be transferability to a different aircraft model with
less effort compared to the previous modeling process. Besides all these features, the

pilot behavior model should be able to run in real time in the flight simulator.

1.1 Previous Studies

The pilot behavior model computes the cockpit joystick inputs of aircraft which
determines required actuator values to perform aerobatic maneuvers as executed by

controllers. Therefore, the current state of the art in autonomously controlling an



aircraft, ranging from traditional systems to neural network-based systems is examined

in this section.

1.1.1 Traditional control based methods

A physics-based autonomous flight controller that uses the aerodynamic equations of
an aircraft is sufficient for simple tasks such as maintaining altitude or level flight.
When it comes to controlling an aircraft in agile flight (such as performing aerobatic
and combat maneuvers), the complexity of control and the accuracy needed for the

model quickly rises.

In [8]], a control policy is developed by employing feedback and feed-forward control
techniques simultaneously for position, attitude tracking and speed,altitude regulating
for fixed-wing UAV. Knife-edge maneuver which interacts with a RRT based motion
planner is simulated. This paper [9]] presents a methodology for automating agile
maneuvers for a small fixed-wing unmanned aerial vehicle. The approach involves
solving optimal control problems off-line to generate a set of reference trajectories
and feedforward control inputs and using a dynamic time warping-based interpolation
process to add robustness to the maneuver. Feedback control laws are then used to
stabilize the aircraft about the reference trajectory. The methodology is demonstrated
on a variety of maneuvers, including an aggressive turn-around and transition
maneuvers between straight and level flight. The approach is computationally efficient
due to the off-line calculations. In these studies [8.9]], feedforward and feedback
controller were used together.

Bulka E. and Nahon M. [10,11] presented a physics based single control system to
perform agile maneuvers with a fixed-wing UAV. The single control system discussed
is modular, meaning that it is made up of individual sub-components that can be tuned
separately. The maneuver generator produces reference attitude and position values,
which are then used by the position controller to adjust the aircraft’s orientation and
reduce errors in its position. The attitude controller then ensures that the aircraft
maintains this new orientation. This modular design simplifies the tuning process.
The control system described can be used to perform a range of aerobatic maneuvers,

including knife-edge, rolling Harrier, hover, and aggressive turnaround. It can also



handle the transitions between these maneuvers.

In this study [2], the maneuvers are obtained by recording pilot inputs and
corresponding system responses during an actual flight.A hybrid method that consists
of dividing the complex maneuvers’ trajectories into time-parameterized curves was
used.Such maneuvers, however, have to be hand-engineered and are thus not very

dynamic.

Although it is uncommon, there is some research that uses control laws for autonomous
air combat. In this work Ure and Inalhan [1/12], proposed a multi-modal framework
that covers the full range of flight dynamics for an aircraft. The multi-modal
control framework decomposes arbitrary maneuvers into a set of maneuver modes
[I.1) and corresponding parameters. This approach has several advantages. One is
that it allows the feasibility and control problems to be addressed individually for
each sub-maneuver, rather than the entire maneuver, reducing the complexity of the
problem. Additionally, the control part is simplified by designing specific controllers
for each mode and transitions between them, which enables the system to track
the sequence of maneuver modes rather than a single controller for the entire flight

envelope.
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Figure 1.1 : The maneuver modes with transition diagrams [/1]

Lateral

A switching nonlinear control scheme which is based on sliding mode and

higher-sliding mode control was introduced. The effectiveness of the control design



was demonstrated through the execution of aerobatic maneuvers, as well as by
integrating it with a high-level flight path planner (rapidly-exploring random tree

(RRT)) in an urban environment.

1.1.2 Learning based methods

In the previous section, we showed that a traditional controller has to have high
detail a priory information about the aerodynamic model and physics of the aircraft
especially in order to perform an aerobatic maneuver. Moreover, traditional control
algorithms put limits on performance that aren’t even close to what an experienced
human pilot can do. Although skilled fighter pilots are superior in terms of speed
and maneuverability to conventional automatic control systems, they are limited by a

shortage of bandwidth

Maneuverability

Speed

Figure 1.2 : Traditional control performance vs human pilot performance [_2]

Main advantage of using learning-based techniques is that it allows for the creation of
a model that can replicate the actions of an expert, potentially leading to improved
performance. This can be especially useful in situations where it is difficult or
impossible to explicitly program the desired behavior such as fighter pilot behavior

modeling.



In recent literature ,there has been a rapid increase in the number of studies on this

topic.

Shukla et al. [13]] proposed a technique for training an artificial neural network (ANN)
model to improve its robustness. The authors use the Dataset Aggregation (DAgger)
algorithm to introduce perturbed data to the training process, which allows the ANN
to maintain its accuracy in the presence of unvisited states. The ANN’s output is used
to control a fixed-wing aircraft in a simulator, and any deviations from the desired
behavior are labeled by an expert policy and added to the training dataset. The
authors already had a Guidance Navigation Control (GNC) system that worked as
an expert to enabling for faster data generation. The article presents a method for
controlling the aircraft to following a square flight track defined by four waypoints
using the ANN. The inputs to the ANN include the North-East-Down (NED) distances
for each waypoint, the velocity, roll angle, and pitch angle, and the output is the
throttle, elevator, aileron, and rudder values. The results show that standard supervised
learning techniques are not effective in training the ANN to fly the aircraft through
the defined path. Instead, the authors develop a sophisticated algorithm known as

"Moving-Window DAgger" that yields successful results.

The goal of this dissertation [14]] is to develop an automatic pilot that can imitate the
behavior of a real pilot by training a model to perform complex aerobatic maneuvers.
The Immelmann turn maneuver with a parameterized target altitude is used to test the
capabilities of the learned model. To address this problem, the authors use a behavior
cloning approach, where the model learns from the demonstrations of a pilot. This
allows the model to imitate the pilot’s behavior and perform the desired aerobatic
maneuvers. The relevant data is collected using a plugin for Microsoft Flight Simulator
(FSX), and the results show that the LSTM model is able to perform the Immelmann
turn to any reasonable desired altitude. The trajectory produced by the model is smooth

and does not exhibit the oscillations commonly seen in human pilots.

In this work [[1516]], a feed-forward neural network that is trained on a limited amount

of data collected from human fighter pilots is presented. This data was recorded as the



pilots maneuvered a fixed-wing fighter aircraft in a flight simulator. The goal of the

work is modeling the behavior of the pilots by using a behavior cloning technique.

This works [15]16]] presents an approach to modeling human pilot behavior using a
feed-forward neural network and transferring it to a different model.Unlike previous
work [13]], this approach uses data collected from human pilots instead of data from
an autopilot, and it focuses on capturing human-like flight behavior rather than skilled
pilot maneuvers. Additionally, the input state vector has been designed to be direction
invariant, which allows the model to perform well with a smaller amount of training
data. It is also shown that a pre-trained neural network requires less training than
an untrained model for adapting to changes in flight dynamics.These results suggest
that transfer learning with pre-trained models could be useful for quickly developing

Al-powered aircraft for a wide range of applications.

However, the robustness of the model in the presence of unvisited states has not
been discussed in these studies [14]-[16]]. This is an important consideration, as the
accuracy of behavior cloning models can decrease when they encounter states that
were not present in the training data. It is not clear whether the model developed in

this works would be able to maintain its accuracy in such situations.

1.2 Contributions

Although there are many studies on the pilot behavior modeling concept, not all of
the desired features can be achieved. The robustness of the model in the presence of
unvisited states has not been discussed in these studies [14]—[16].This is an important
consideration, as the accuracy of behavior cloning models can decrease when they
encounter states that were not present in the training data. It is not clear whether
the model developed in this works would be able to maintain its accuracy in such
situations. Although,it is interesting to explore the potential for trained policies to be
applied in other flight simulators [15/16], there is not much more work on transfer

training for aerobatic maneuvers.



These issues are addressed as follows:

* Robustness of Model: The DAgger algorithm is a method for aggregating data that
involves adding new, modified training data that is labeled with inputs and outputs
from an expert policy to deal with the cascading and compounding error problems
in sequential decision-making. This algorithm makes the model more flexible and
adaptable, and able to generalize better to new situations or environments. In this
thesis, DAgger was further developed and the Limit-DAgger algorithm is presented
to select the most appropriate demonstration data for training, and the efficiency of

the training process was improved.

* Transferring to Another Model with Limited Data: Transferring the pre-trained
model reduces the amount of time and resources required to train a model on
the target task. Transfer learning allows us to use training data that may not be
independent and identically distributed with the test data, which can be useful when
we have a limited amount of training data. This makes transfer learning a promising

approach for addressing the issue of insufficient training data.






2. BACKGROUND

2.1 Training Environment

Overall, the interaction between the expert pilot and the flight simulator involves the
pilot taking actions based on its current state, and the simulator responding to these
actions by transitioning to a new state.

In this thesis, A high-fidelity 6-DOF F-16 model has been used as a simulator flight
dynamic model, and NDI as an expert to produce control commands for the desired

maneuver.

2.1.1 F-16 model

F-16 is a single-engine, supersonic fighter aircraft. It is equipped with several control
surfaces that allow the pilot to maneuver the aircraft. The primary control surfaces
include the elevators, ailerons, and rudder. The elevators are located on the tail section
of the aircraft and control the pitch, or the up-and-down movement of the nose. The
ailerons are located on the wingtips and control the roll, or the tilting of the aircraft
from side to side. The rudder is located on the vertical stabilizer at the back of the
aircraft and controls the yaw, or the left-and-right movement of the nose. By using
these control surfaces together, the pilot can maneuver the F-16 in a variety of ways,
including turning, climbing, diving, and rolling.

In this thesis, a high-fidelity 6-degree-of-freedom model of an F-16 aircraft was used.
More information about the model can be found in reference [17]]. The model includes
control surface actuators, leading edge flaps, and an extensive database of aerodynamic
forces and moments. The aerodynamic data has been modified to allow for the use of

independent and asymmetric actuators.

The state vector of the model is given in Equation Vi,a, B are respectively

magnitude of velocity, angle of attack and side-slip angles. @, 0, y are the Euler angles.



P, Q. R are the body axis angular rates. p,, p., ps are the tangential plane coordinates

of the aircraft.

x=1[V,0,B,0,0,¥,P,O,R, pu,pe, pa)’ € R" 2.1)

The control input vector of the model and threshold values are given as:

u= [5T7 66[67 Saila 6rud] (2.2)

0<6r <1
—25° SSele < 25°
—21.5° <4, <21.5°

—30° <8y < 30°

where 97 is throttle position, &, is elevator deflection, 9, is aileron deflection, 0,4
is the rudder deflection. Then, in equation [2.3] nonlinear F-16 model dynamics can be

written as:

%= f(x,u) (2.3)
2.1.2 NDI controller

NDI, or nonlinear dynamic inversion, control is often used in applications where the
dynamics of the system are complex and cannot be accurately modeled using linear
techniques. The key idea behind NDI control is to invert the nonlinear dynamics of the
system, which allows the controller to directly calculate the control inputs needed to
achieve the desired behavior.

In our simulation studies, the NDI is used for angular rate control 2.1}

Prey r’m-, rﬂ‘ } [5(:
Qres Qiea LR e
Breg| + Rie. Oremma Oy X
:m *| PID > Dlg:jrrr:'\io »| Actuators > Dy:ifmcs >
P r'y
Q
R i

Figure 2.1 : Block diagram of the NDI controller
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2.2 Split-S Maneuver

The Split-S is a maneuver used by fighter aircraft, such as the F-16, to quickly reverse
the direction of flight. It involves rolling the aircraft inverted and then pulling back
on the control stick to cause the aircraft to dive towards the ground. As the aircraft
reaches the bottom of the dive, the pilot levels out and begins climbing back up in the
opposite direction. This maneuver is used to quickly reverse the aircraft’s course and
can be useful in air-to-air combat or to evade an enemy missile. It is called a "Split-S"
because the aircraft’s flight path resembles the letter "S" when viewed from above.

Split-S maneuver segments are defined as follows

Null State

Level-Flight

Pitch-Yaw Transition

180-Roll

Longitudinal Loop

I. Level Flight ok changes

o~ . = I
I. Pitch-Yaw » ey

- i

Transition

Figure 2.2 : Split-S maneuver
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Vertical maneuverability is crucial for performance assessment and design for a
high-trust fighter aircraft [18] and split-S is a standard vertical turning maneuver. For
the analysis in the flight simulator, it is very important to have a model that can do the
Split-S maneuver. Due to these reasons, the Split-S maneuver has been chosen to test

the learned model’s capabilities.

2.3 Neural Network Models for Time Series Predictions

There are several types of neural network models that can be used for time series

predictions, including:

1. Recurrent neural networks (RNNs), which are specifically designed to work with
time series data and are able to capture the dependencies between observations in

the data.

2. Convolutional neural networks (CNNs), which can be used to identify local patterns

in time series data and are often used in combination with RNNs.

3. Long short-term memory (LSTM) networks, which are a type of RNN that is able

to learn long-term dependencies in time series data.

4. Autoregressive integrated moving average (ARIMA) models, which are a class of

statistical models that are commonly used for time series prediction

Overall, the best model to use for time series prediction will depend on the specific
characteristics of the data and the prediction task at hand. In some cases, a simple
RNN or ARIMA model may be sufficient, while in other cases, a more complex model
like an LSTM network may be necessary.

In this thesis, we aim to develop a model that can perform aerobatic maneuvers, and

we preferred to use LSTM models, as used by the studies in the literature [14,19].

2.3.1 LSTM models

Long short-term memory (LSTM) is a type of recurrent neural network (RNN) that is

well-suited to modeling time series data [20]. It is called "long short-term memory"

12



because it can remember information for long periods of time, while also being able to

capture short-term dependencies in the data.

LSTM networks are composed of cells that operate on input sequences and maintain
an internal state that can be passed from one cell to another. These cells are equipped
with gates that can control the flow of information in and out of the cell, allowing the
network to selectively remember or forget information from the past. This ability to
retain past information and selectively update the internal state makes LSTM networks

well-suited for time series prediction. A single LSTM cellE| structure is given in Figure

23

Output Gate A
(' Y g \ \
Cell State from ri‘\ ( /_i_\ ’ Cell State to
timestamp =t-1 </ 1 timestamp =t + 1
9] 9] tanh o

Hidden state input l i | | J Hidden state

(from wmae : y; " ~ output for
timestamp = t-1) et AN /_/ timestamp =t + 1

Input Data;
Timestamp = t

Figure 2.3 : A single LSTM cell

To use an LSTM network for time series prediction, the time series data must first be
transformed into a suitable format for the network. This typically involves splitting
the time series into subsequences of fixed 1 ength, called w indows, and framing the
problem as one of predicting the next value in the time series given the values in the
current window. The LSTM network can then be trained using these windows of data
as input and the corresponding future time series values as the desired output. After
training, the network can be used to make predictions by providing it with a window of

time series values and having it output a prediction for the next value in the sequence.

https://www.turing.com/kb/comprehensive-guide-to-lstm-rnn
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2.3.2 Auto-Encoders

An autoencoder is a type of neural network that is used to learn a compressed
representation of data, often for the purpose of dimensionality reduction or feature
learning. Autoencoders are composed of two parts: an encoder and a decoder. The
encoder takes the input data and maps it to a lower-dimensional representation, called
the latent representation or code. The decoder then takes this latent representation and

attempts Jo reconstruct the original input data. The illustration of the network is given

in Fig 2.4
Encoder Decoder
|
|
1
1
1
e
| Latentspace 7% 0
n | O : I O u
I LA
P O =0 t
u EC e | o p
t 1 s e | u
L - Lo O s
i .
, O
1
1
1
1
|

Figure 2.4 : Encoder-Decoder illustration

The goal of training an autoencoder is to learn a representation (encoding) of the input
data that captures the most important information in the data while losing as little
information as possible. This is typically done by minimizing the reconstruction error

between the original input data and the output of the decoder.

Autoencoders can be used for unsupervised learning tasks, such as anomaly detection
and data denoising, and can also be used to improve the performance of other machine
learning models. The biggest challenge in working with autoencoders is getting the

model to learn a meaningful and generalizable latent representation of the data.
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2.3.3 LSTM autoencoders

An LSTM autoencoder is a type of autoencoder that uses a Long Short-Term Memory
(LSTM) neural network as the encoder and decoder portion of the network. In the
case of an LSTM autoencoder, the LSTM network is used to encode the input data
into a lower-dimensional representation, and then the decoder LSTM network is used
to reconstruct the original input data from this encoded representation. This allows the
LSTM autoencoder to capture the most important information from the input data and
reduce the dimensionality of the data while preserving the important information.

A prediction LSTM autoencoder combines these two architectures by using an LSTM
network as the encoder and a feedforward network as the decoder. The LSTM encoder
processes the input sequence and produces a fixed-length latent representation, which
is then passed to the feedforward decoder to generate a predicted output sequence. This
architecture can be used for tasks such as sequence-to-sequence prediction, where the
goal is to predict the next element in a sequence given the previous elements.

In our previous work [3]], LSTM autoencoder [2.5] based target trajectory predictions
for agile attack patterns are presented. We demonstrated that deploying such networks

for targets capable of agile mobility is in fact more effective than alternative methods.

a,a

t' 1+1’"'"at+Np-1'at+Np

Encoder
Output.

Latent Space

ENCODER
d43d0>53d

Xt-n, Xt-n+1,Xt-n+2""’Xt-1

Figure 2.5 : LSTM autoencoder for sequence prediction [3]

2.3.4 LSTM model architecture for extreme event prediction

In the context of extreme event prediction, an LSTM model might be trained to forecast

15



the likelihood of rare or unusual events occurring in a given time series. For example,
an LSTM model might be used to predict the occurrence of extreme weather events,
financial market crashes, or cyber attacks.

A recent study at Uber Al Labs showed how the automatic feature learning
capabilities of Long Short-Term Memory (LSTM) networks, combined with their
ability to process input sequences, can be used in an end-to-end model for forecasting
driver demand during rare events like public holidays. This demonstrates the potential
of LSTM networks as a powerful tool for demand forecasting in situations where data is

scarce or irregular. Model illustration is given in Figure

_ln P _ yry2 _1" P_yr)?
MSE=—% (V! -Y]) MSE=_% (Y -Y/)

=1 i=1

Take average

= —IJ of resulting
vectors & Input
concat with Pan
new input. [

Figure 2.6 : Feature extraction and forecast model [4]
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3. IMITATION LEARNING

Deep learning techniques have been widely applied, achieving state-of-the-art results
in various fields of study. Learning control policies with deep networks is mainly
discussed on two paradigms: Deep Reinforcement Learning (DRL) and Imitation
Learning(IL). DRL relying on learning from trial and error which requires significant
amount of system interaction time. Moreover, designing a proper reward structure
is not straightforward in complex scenarios. Imitation learning is a powerful and
practical alternative to DRL for learning control policies by replacing hand-designed
reward functions with expert’s demonstrations [21].

In recent years, imitation learning has been investigated as a way to efficiently and
intuitively program autonomous behavior [22/23]. Imitation learning also known as
learning from demonstrations has benefited from computational progresses brought
on by deep learning and increased availability of demonstration data. It is aimed
to emulate desired behavior in a given task. An agent is trained to learn mapping

between observations and actions by utilizing demonstrations [24]].

This study aims the development of a pilot behavior model which is capable of
autonomously performing agile maneuvers over its full flight envelope and is able to

replace expert pilots’ demonstrations.

This section is organized by dividing imitation learning into behavior cloning (BC) and

behavior cloning via interactive demonstrations.
3.1 Behaviour Cloning

BC is implemented as a first step of "BC with Interactive Demonstrations".
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Behavior cloning is a type of machine learning technique that involves training a model
to replicate the behavior of an expert or a human demonstrator. It is often used to teach
a robot or an artificial intelligence (Al) system to perform a task by learning from a
human expert or from a dataset of demonstration examples.

One advantage of behavior cloning is that it allows a robot or an Al system to learn
a new task quickly and efficiently, without the need for extensive programming or
manual intervention. It can also be used to teach a robot or an Al system to perform
tasks that are difficult or impossible for a human to teach manually, such as tasks that
require precise timing or coordination. In this step, Split-S maneuvers executed by

NDI in various trim conditions are used in BC as supervised learning.

3.1.1 Data generation

To achieve optimal performance, the training data must include a wide range of states
and actions. This cannot be achieved with a small number of maneuver demonstrations
by expert pilots. However, the trajectory can be reproduced using angular rates (P, Q,
R) of expert maneuvers in various trim conditions. The "expert" NDI controller was
used for tracking of pilot’s angular rates on high fidelity nonlinear 6-DOF F-16 model

simulations. Data generation strategy for behavior cloning is represented in Fig3.1]

===
1 4 i
Preps Trim Points ! a 1
Qrefn : i :
. 1

Split-S R ) 1
e i INPUTS R
Demonstration by NDI Controller F-16 Model 1 x=|" 1
Expert Pilot 1 0 H
i R !
1
: Pn 1
1 Pe 1
1 LPa :

STATES

Figure 3.1 : Data generation flow for behavior cloning

Dataset obtained from;

* Velocity range [600; 900] ft/s with the 50 ft/step

* Altitude range of [10000; 20000] ft with the 500 ft step
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The training dataset consists of 56 simulations, each with 705 samples and 18 states,

total sample number reaches 39480.

Actuator commands for various trim conditions are shown in Fig3.2]

F16 Actuator Commands for Varius Trim Points

Ogie (rad/s)
)

i (rad/s)
S

dud (rad/s)
)

Time Steps

Figure 3.2 : Actuator commands for various trim conditions

Angular rates for various trim conditions are shown in Fig[3.3]

F16 Angular Rates for Varius Trim Points
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Figure 3.3 : Angular rates for various trim conditions
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3.1.2 Proposed NN architecture

A supervised learning algorithm that trains an artificial neural network to control a
F-16’s trajectory as an expert pilot by learning a direct mapping between sensor states
and control input values/actuator commands is required.

Agile maneuvers, such as Split-S, require rapid and significant changes in the control

inputs used to execute them.

In order to show these rapid chanlges, control inputs of Split-S maneuver at 15000ft and

750ft/sec are given in Figure 3.4, and rapid peaks are highlighted with a red cylinders.

Throttle Command

Split-S Maneuver
Actuator Commands

Aileron Command Rudder Command
/

20 r

151 ,

‘,\
‘ {‘ l’

J”‘“‘\ o | ot m\u“‘v‘\'

& IS S o ~ IS o
(
|

Figure 3.4 : Split-S actuator commands for 15000 ft,750 ft/sec

When the training set is analyzed, it is seen that the number and length of time series
and correlation among them are also high.

The network model to be used should be able to deal with all these characteristics of
the data.

In that point, the study entitled as"Time-series Extreme Event Forecasting with Neural
Networks at Uber" has been influential for us [4]. Accurate prediction of completed
trips during special/rare events(e.g., holidays) at Uber can lead to more efficient
allocation of drivers, resulting in shorter wait times for riders.

The problem of accurately predicting rare events discussed in [4] is very similar to the
problem of predicting rapid changes in control commands applied during aerobatic

maneuvers. Also, the number and length of time series and correlation among them
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are high in both dataset. As a result, composite LSTM Autoencoder for sequence
reconstruction and prediction is used in our case. Details are given in Sectio

[]

Training network model showed in Figure 3.5:
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Figure 3.5 : Composite LSTM autoencoder for sequence reconstruction and
prediction

3.1.3 Training processes and results

Training process of supervised learning summarised as follows:

¢ The raw simulation data collected as;

xtraining - [‘/ta o, ﬁv ¢7 97 II/,P, Q7R7pnap67pd7an7 5T> 66’187 5aila 6rud7t] € ng
¢ The data is normalized to [0,1] interval

» Sampled by using sliding window method (lookback size =50 samples)
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Training Dataset
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Figure 3.6 : Batch generation for training

 Training data partitioned as; %70 for training, %25 for validation, %35 for test.

Behavior cloning methods require a measure of the difference between the behavior
demonstrated by the expert or human demonstrator and the policy learned by the
model, typically expressed as a loss function. The MSE loss function is the most
common choice for replicating the demonstrated behavior as closely as possible. The
belief is that the more the maneuver produced by the deep control policies resembles a
real pilot maneuver, the more it mimics behavior in the operational environment. The

MSE losses for actuator commands during training epochs given in Figure[3.7]
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Figure 3.7 : BC MSE errors for actuator commands
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The trajectory obtained as a result of BC training is given in the Figure[3.§]
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Figure 3.8 : Split-S maneuver by BC model

3.1.4 Discussion

In Figure [3.§ shows that,behavior cloning can be problematic because the errors made
by the model during training can cascade and compound, leading to poor performance.
This is because the training and test data sets are not necessarily drawn from the same
distribution, violating the assumption of independent and identically distributed data
that is typically used in supervised learning [23,25]. One potential solution to this
cascading and compounding error problem is to collect data for all possible states or

conditions, but this is often impractical due to the large number of potential inputs.

3.2 Behavior Cloning via Interactive Demonstrations

Advantage of behavior cloning with interactive demonstrations is that it allows the
model to learn from its own mistakes, rather than just relying on the demonstration
examples provided by the expert. This can make the model more flexible and
adaptable, and able to generalize better to new situations or environments. Ross
et al. [26] proposed an approach called DAgger (Data Aggregation) which reduces
imitation learning to supervised learning with interaction, in an effort to address this
compounding error problem.

Here’s how the DAgger algorithm works:
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* The BC agent is initialized with a policy that is trained on expert demonstrations.

* The agent then interacts with the environment and collects data from its own

actions.

* The expert demonstrations and the data collected from the agent’s actions are used

to train a new policy.

» This process is repeated multiple times until the agent’s policy converges to the

expert policy.

One of the main benefits of the DAgger algorithm is that it can significantly reduce the
amount of expert demonstrations required to train an RL agent. This is because the
agent is able to learn from both expert demonstrations and its own actions, allowing it
to learn more efficiently and effectively. Additionally, the DAgger algorithm has been
shown to improve the robustness and generalization of RL agents, as it allows the agent

to learn from a diverse set of expert policies.

3.2.1 Limit-DAgger algorithm

The DAgger algorithm is a method for aggregating data that involves adding new,
modified training data that is labeled with inputs and outputs from an expert policy. The
goal of this approach is to improve the performance of a NN model by incorporating
additional, expert data.

But what is actually needed for training is not more data, but critical data from which it
can learn to recover from deviations in the desired trajectory. Also the use of incorrect
actions during training could have negative consequences on training performance.

In this paper [27]],the CBA (stands for "Confidence-Based Autonomy") method is
presented to select the most appropriate demonstration data for training a machine
learning model in situations where it is important to avoid using incorrect actions
during the training process. This concept served as the foundation for our
Limit-DAgger algorithm.

The Limit-DAgger algorithm consists of three components;
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1.) Finding Limit PQR Tracking Error: find the critical pqr error where an expert

pilot cannot recover the maneuver.

2.) Decision for Switching: apply the NN model outputs to the system until it reaches

a critical pqr error.

3.) Correctional Demonstration: perform corrective demonstrations when an

incorrect action is selected by NN model.

3.2.2 Data generation

As first step, NN will be initiated with BC model and data will be collected using
Limit-DAgger Algorithm for Limit-DAgger iter-1. For the next iterations, the NN
model will be replaced with the latest trained NN model and loops continue until

getting satisfactory results. Data generation flow is illustrated in Figure 3.9

INPUTS

.......................

Split-5

Demonstration by
Expert Pilot

STATES

Figure 3.9 : Data generation flow for Limit-DAgger
3.2.3 Training results
Training results for each iteration and related training losses are presented.

3.2.3.1 Limit-DAgger iteration-1

For the Limit-DAgger Iteration-1, the MSE losses for actuator commands during

training epochs given in Figure[3.10]
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Figure 3.10 : Limit-DAgger iteration-1 MSE errors for actuator commands
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The trajectory obtained as a result of Limit-DAgger Iteration-1 training is given in the

Figure 3.11]
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Figure 3.11 : Split-S maneuver by Limit-DAgger iteration-1

3.2.3.2 Limit-DAgger iteration-2

For the Limit-DAgger Iteration-2, the MSE losses for actuator commands during

training epochs given in Figure[3.12]
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Figure 3.12 : (leit-DAgger iteration-2 MSE errors for actuator commands
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The trajectory obtained as a result of Limit-DAgger Iteration-2 training is given in the

Figure[3.13]
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Figure 3.13 : Split-S maneuver by Limit-DAgger iteration-2

3.2.3.3 Limit DAgger iteration-3

For the Limit-DAgger Iteration-3, the MSE losses for actuator commands during

training epochs given in Figure [3.14]
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Figure 3.14 : Limit-DAgger iteration-3 MSE errors for actuator commands
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The trajectory obtained as a result of Limit-DAgger Iteration-3 training is given in the

Figure[3.15]

Limit-DAgger Iter-3

0.9 —|
0.8 —|

0.7 —

06 —| NN Trajectory -,

= T - 2000
0 S :
v e — //1;%%88
10000 0
Y

15000
X

Figure 3.15 : Split-S maneuver by Limit-DAgger Iteration-3

3.2.4 Discussion

In Figure [3.16] shows the superiority of the Limit-DAgger algorithm and our NN
architecture. The Split-S maneuver was learned just in three iterations and this shows

how efficient the method is.
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4.

TRANSFER LEARNING

Transfer learning is a machine learning technique where a model trained on one task

is re-purposed on a second related task. This can be advantageous for a number of

reasons:

1.)

2.)

3.)

4.)

5.)

Data availability: It may be easier or more cost-effective to gather a large amount
of data for one task, rather than multiple tasks. Transfer learning allows you to

leverage this data to improve performance on a related task.

Fewer training examples: Transfer learning can be particularly useful when the
target task has a small amount of training data. By starting with a model that
has already been trained on a related task, you can initialize the model with better

weights, which can make it easier to learn the new task with fewer examples.

Feature learning: Transfer learning can be effective because it allows the model to
learn features that are relevant to the target task, rather than starting from scratch and
learning features from scratch. This can make it easier for the model to generalize

to the new task.

Improved performance: In some cases, using transfer learning can improve the
performance of the model on the target task. This can be especially true when the
target task is related to the source task, as the model will already have learned some

relevant features that can be useful in the new task.

Reduced training time: Transfer learning can also reduce the amount of time and
resources required to train a model on the target task. This can be especially useful
when the target task requires a lot of data or computation to train a model from

scratch [2829]].
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4.1 Training Process

Only the last LSTM layer and dense layers coefficients are open for training. The

initial learning rate started with 107>.

encoder_mput ’ InpulLayer

nput
LSTM

LSTML

LSTMZ

LSTM

———)l Frozen Layersl

LSTM3 | LSTM

LSTMI | LSTM

Figure 4.1 : Transfer learning with pre-trained F-16 model

4.2 Training Results

In order to measure pilot behavior model performance in a different dynamic
model, the NN model’s outputs are compared with the expert pilot maneuver that is
demonstrated for this new model. The results for split-s maneuvers executed by the
NN model and expert pilots are given below. Figure 4.2] shows the expert pilot and
NN model stick commands on the new dynamic model. It is shown that the NN model

produces almost same commands with expert pilot’s.
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In Figure[d.6)land[4.7] the 3D trajectory of the expert pilot and NN model are compared.

The trim condition of the recorded maneuver is not an exact match, which is indicated

by the difference in IAS-indicated airspeed plots in Figure[d.5] However, the resulting

trajectory has the same characteristic behavior due to NN’s generalization capability,

as observed in 4.7]
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S. CONCLUSIONS

In this thesis, a fighter pilot behavior model capable of performing agile aggressive
maneuvers was developed and implemented on a high-fidelity F-16 model. At
first, Split-S maneuvers executed by NDI in various trim conditions and data was
collected. The "expert" NDI controller was used for tracking of expert pilot’s angular
rates(to mimic the real pilot behavior) on high fidelity nonlinear 6-DOF F-16 model
simulations . When the high-fidelity F-16 model was not available, a robust controller
against parametric uncertainties should be preferred. When the Split-S dataset was
analyzed, rapid and significant changes in the control inputs are observed. The
composite LSTM autoencoder for sequence reconstruction and prediction is proposed
as a solution of the problem on predicting rapid changes in control commands applied
during aerobatic maneuvers. Then the resulted supervised training gives a BC model.
The results showed that behavior cloning can be problematic because it can lead to
poor performance if the model’s errors during training are not properly addressed. In
such cases, the errors made by the model may compound and cascade, resulting in
poor performance.

Next, the DAgger algorithm which is a method for aggregating data that involves
adding new, modified training data that is labeled with inputs and outputs from an
expert policy to deal with the cascading and compounding error problems in sequential
decision-making was further developed and Limit-Dagger algorithm proposed. Unlike
the DAgger algorithm, the "Limit-DAgger" algorithm also offers efficiency in the
training process. As shown in the simulation results, the Split-S maneuver could not be
performed with BC, but it could be performed in 3 iterations using the Limit-DAgger

algorithm.
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Also, this model was transferred to other aircraft with limited data using transfer

learning techniques.
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