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ABSTRACT

In aviation, there are many values that are useful for pilots to know that cannot be mea-
sured from sensors and require calculation using various charts or other means to accurately
estimate. Aircraft take-off distance requires knowing wind speed, pressure altitude, and
temperature. However, it is possible for the inputs of these calculations to change during
flight, or be calculated incorrectly by mistake, and it would be useful for pilots to know these
values in real-time. PILOTS is a programming language for spatio-temporal data stream
processing. We have added improved integration for machine learning algorithms as well as
a linguistic abstraction for training these models. In data-driven systems, it can be useful
to use distributed processes for computation. We have designed a declarative framework
for federated learning and the aggregation of results from multiple related models within
PILOTS. Furthermore, we built a model using PILOTS that is able to estimate weight in
real-time during take-off of a fixed-wing aircraft using data available from the avionics. We
evaluated the results of several models on accuracy and timeliness. Data was collected from
the flight simulator X-Plane. Accidents such as the fatal crash of Cessna 172R N4207P could

have been prevented using the weight estimation methods illustrated.
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CHAPTER 1

Introduction

1.1 Motivations

More devices than ever are producing data, from cellphones to the thousands of aircraft
in the sky. Collecting and processing this data can provide useful insights. Data from aircraft
flight recorders can provide clues into how an accident occurred and how it could have been
prevented. Aircraft sensors measure physical quantities to help pilots and flight automation
systems with situational awareness and decision making. Unfortunately, some important
quantities of interest (Qol), e.g. aircraft weight, cannot be directly measured from sensors.
As a consequence, accidents can happen, exemplified by Tuninter Flight 1153 and the crash of
Cessna 172R N4207P, where the airplanes were underweight (not enough fuel) and overweight
(6% over maximum gross weight).

Take-off and landing are the most dangerous times of flight because the most incidents
occur during these times. However, early into take-off is also the safest time to abort the
flight. In large aircraft, V; is the take-off decision speed: the speed above which take-off
should not be aborted. If anything occurs before the aircraft reaches Vi, the aircraft can
safely abort and come safely to a stop on the runway. However, if anything occurs after
Vi, the aircraft must try to continue take-off. During take-off, there is increased lift due to
ground effect. This means that an aircraft that is able to take-off may not necessarily be able
to operate properly during other phases of flight. Therefore, being able to detect dangerous
conditions, such as being overweight, during take-off is critical to maximize safety.

The physics-based approach to estimating aircraft weight during take-off is based on
modeling the forces acting on the aircraft. Aerodynamic forces, such as lift and drag, can be
estimated fairly accurately given certain properties of the aircraft, such as coefficient of lift
and cross-sectional area. Thrust of a propeller cannot be calculated easily; however, there are
tables which give the thrust depending on atmospheric conditions, rpm, and other variables.
The difficulty in this approach is that the rolling resistance depends on the coefficient of
friction between the landing gear and the runway surface as well as the force being applied
to the runway. The specific runway, presence of water, oil, or tire wear can impact the

coefficient of friction. Most importantly, calculating the force on the runway requires knowing



the weight, which causes a circular dependency. However, using a data-driven approach does
not have this issue and does not require knowing aerodynamic properties of the aircraft.

Machine learning allows learning models from data. There are various programming
languages which are capable of machine learning each with different styles. Declarative
programming is a style which focuses on what a computation should do while abstracting
away details of how it should be done. Declarative programming is more concise and direct
which is helpful for users who do not have a strong programming background. Removing
unnecessary details of control flow makes declarative programs faster to write and allows for
higher levels of reasoning on programs. Declarative programming more resembles mathemat-
ical logic than the low-level operations of a language like C. Creating a declarative machine
learning interface allows for significantly faster prototyping of systems created by users who
understand the domain but may not understand the way to use machine learning in other
programming languages.

Aircraft communicate with a network of other aircraft and various air traffic control
towers as they fly. Each aircraft has limited computational abilities but can leverage its
communication abilities to make up for its limitations. Distributed machine learning allows
for a system of small compute nodes to train models that would normally only be possible
using a powerful server. Aircraft produce large amounts of data which may not be feasible
to send to a central server to train a model. Federated learning is an method of distributed
machine learning which allows each node to train on its private local training data and
collaboratively learn a model. Furthermore, it can be useful to combine the results of distinct
models to come up with a final result. Models created for error detection could be learned
across multiple aircraft and when an aircraft detects an error other aircraft can predict the

source of the error using their local models.

1.2 Contributions

In this thesis, we look at the use of declarative machine learning to learn models from
data. As well as using avionics data during take-off to learn a model of aircraft weight. The

contributions are summarized as follows:

e PILOTS is a highly declarative domain-specific programming language for spatio-

temporal data stream processing [1]. We implement the proposed additions for declar-



ative supervised learning designed by Imai et. al [2].

e We propose an extension to our declarative supervised learning grammar for federated
learning. This extension allows for models to be trained collaboratively without the

need to transfer training data to a central server for training.

e We design several methods which allow for the creation of ensemble models within
PILOTS. These methods improve the ability to create more advanced systems within

PILOTS.

o We develop a data-driven weight estimation method for fixed-wing aircraft during take-
off. This model provides another layer of safety to prevent accidents such as Tuninter

Flight 1153 and the crash of Cessna 172R N4207P.

1.3 Structure of Thesis

In the following chapter, we discuss PILOTS and the advancements for stream ana-
lytics. Chapter 3 discusses our proposed data-driven aircraft weight estimation method and
experimental results, Chapter 4 discusses related work, and Chapter 5 summarizes the thesis

as well as explores avenues for further work.



CHAPTER 2

Declarative Machine Learning Programming

2.1 PILOTS Programming Language

PILOTS! is a ProgrammlIng Language for spatiO-Temporal data Streaming especially
designed for building data-driven applications on systems such as airplanes. PILOTS is a
declarative language with a syntax similar to Pascal, see Figure 2.3. Users of PILOTS can
specify how to use spatio-temporal data streams to produce other data streams, which can
be seen in various works by Varela, Imai, and others [1], [3], [2], [4]. PILOTS programs define
the high-level operations showing how the output data streams are based on the input data
streams. As a data stream processing language, PILOTS is unique because of its first-class

support for data selection, data interpolation, and error recovery.

2.1.1 Data Selection

Data selection is used to find the most applicable data when none is available at a
specific location and/or time. PILOTS has three types of data selection methods: closest,

euclidean, interpolate.

e closest: Takes the closest value in 1-D space from {z,y, z,t} (both space and time)
to find the data point closest to the given value. For example, finding the closest data

point in ¢ would find the most recent data point to the current time.

e cuclidean: Extension of closest into 2-D and 3-D euclidean space. Finds the data
point with the closest Euclidean distance using two or more values from {z,y, z}. For

example, could be used to find closest neighboring aircraft’s data.

e interpolate: Given any number of values from {x,y, z,t} to linearly interpolate from
multiple data points. It also takes another argument 7., Which specifies the maxi-
mum number of closest data points to interpolate. For example, given the two closest
data points in the form (z,d): (1,4) and (3,8) and interpolating for z = 2 would give
d=6.

thttp://wel.cs.rpi.edu/pilots/



Figure 2.1 shows Twice, a simple PILOTS program? [1]. The program has two input
data streams a(t) and b(t) and one output data stream, e, which outputs every second. The
input data stream b is supposed to be twice the value of a, which are both functions of time.
The output data stream e outputs the error of how far a and b are from the correct values,

defined as b — 2 x a. This example will be advanced on further in later examples to show

other features of PILOTS.

program Twice;
inputs
a(t) using closest(t);
b(t) using closest(t);
outputs
e: b - 2 x a at every 1 sec;
end ;

Figure 2.1: Simple PILOTS program Twice.

2.1.2 Operation Modes

PILOTS programs can be ran in two operational modes [1]:

e real-time mode: The default operational mode. In this mode, the program sends and
receives data in real-time. The program terminates when either the input data streams

end or a specified time has passed.

e simulation mode: This mode is used for simulations ran within a specified time span
and often using data saved in files. The program ignores the output frequencies and

runs to completion as fast as possible.

2.1.3 Error Detection and Error Recovery

An error function is a numerical function that can detect errors in redundant input
data streams. An example of an error function is the output stream from the Twice program,
Figure 2.1, e = b — 2 x a. This error function can be used to detect whether a and b are in
sync or not.

Error detection is done by analyzing the values of error functions over time and com-

paring them to specified error signatures [5]. An error signature is defined as a constrained

2PILOTS version 0.6: https://github.com/RPI-WCL /pilots/releases /tag/v0.6




mathematical function pattern that is used to capture the characteristics of an error function
e(t). More simply, an error signature represents a general shape that the error function’s
value over time can look like. Error signatures require domain knowledge to properly de-
sign. Error recovery is achieved when the value of an error function matches a specific error
signature; each error signature can specify a way to correct associated data streams [3].
Figure 2.2 shows an advancement of the Twice example called TwiceCorrect [2]. It
shows the error detection and correction of data streams in PILOTS. Just like the previous
example, the program takes two inputs a and b, where b is supposed to be twice of a. However,
this program includes errors and signatures. The errors section creates an expression
that represents the error function and signatures creates expressions to represent error
signatures which capture different types of error states. In this example, there are four
signatures. The first signature s0 represents when the error function looks like the line
e(t) = 0 over time, which means that both a and b are in sync and b is twice of a. The
second and third signature occur when one of the input data streams fail: the stream is not
producing any new data. The signature s1(K) : e = 2%t + K, where K is any possible
constant, matches when e(t) looks like a line with a slope of 2. Similarly, the s2 signature
matches when e(t) looks like a line with a slope of —2. The last signature occurs when
both a and b are working but the values are out of sync, where e looks like a horizontal line

e(t) = K such that |K| > 20.

program TwiceCorrect;
inputs
a(t) using closest(t);
b(t) using closest(t);
outputs
e, mode at every 1 sec;
errors
e: b - 2 *x a;
signatures
sO: e =0 "Normal mode";
s1(K): e = 2 x t + K
estimate a = b / 2;
s2(K): e = -2 * t + K "B failure"
estimate b = a *x 2;
s3(K): e = K, abs(K) > 20 "QOut-of-sync";
end ;

"A failure"

Figure 2.2: PILOTS program specification with error signatures, TwiceCorrect.




Program = program Var;
constants Constants
inputs Inputs
outputs Outputs
[errors Errors]
[signatures Signatures)
[modes Modes]

end
Constants = [(Constant;)* Constant];
Constant = Var = Exp;
Inputs w= [(Input;)* Input]
Input = Vars: Dim using Methods;
Outputs z= [(Output; )* Output];
Output = Var = Ezps at every Time
[when (Var|Ezp)[Integer times]|;

Errors == [(Error;)* Error];
Error = Var: Exps;
Signatures  :: [(Signature; )* Signature];
Signature = Var[Const]: Var =

Ezps String [Estimate];
Estimate = estimate Var = Ezp;
Modes w= [(Mode;)* Mode)
Mode 2= Var: Var = Ezps String [Estimate]
Dim b= ) ) | (o), (o)
Methods = Method|Method, Methods
Method = closest | euclidean | interpolate |

model ’(" Ezps )’
Time = Number (msec | sec | min | hour)
Exps B Exp|Exp, Exps
Exp = Func(Ezps)|Exzp Func Ezp|

(" Ezp ) | Value
Func u= {4, —,*,/,sqrt,cos, tan,abs, ...}
Value == Number|Var
Number I Sign Digits|Sign Digits’.’ Digits
Slgn = 7+7 ‘ 10 | ”
Integer = Sign Digits
Digits = Digit|Digits, Digit
Digit a= {0,1,2,..,9}
Vars == Var|Var, Vars
Var = {a,b,c, ...}
String w= {“a”, “b”, “c”, ...}

Figure 2.3: PILOTS grammar.

2.2 Declarative Supervised Learning

Oftentimes, finding relationships between data streams can be extremely difficult with-
out advanced domain knowledge. However, these relationships can also be inferred directly
from data using machine learning. This approach is useful for its flexibility and rapid devel-
opment.

Machine learning has shown impressive results in many different fields from robotic
dexterity [6] to board games [7]. We have implemented the grammar for training machine
learning models, originally proposed by Imai et al. [2], making the system more modular and

extensible for all users so that more machine learning algorithms can be easily incorporated.



This grammar, called trainers, allows for a declarative and extremely simple interface for
supervised training of machine learning algorithms. The syntax of trainers are simple and
consistent for every algorithm, allowing for the programmer and data scientist to focus on

the application instead of the machine learning.

2.2.1 Trainer Language Abstraction

Machine learning models can either be trained offline or online. Offline training is
completed before the use of the model in the application. Whereas online training is done
in real-time while the model is being run. A model can be both trained in the offline phase
while being updated during the online phase. The difference is in the implementation of the
model and not in the syntax of its use. PILOTS trainers are used to train offline models as
well create online models.

There are three main sections of a trainer file: constants, data, and model; Figure 2.4
shows the full grammar. The constants are an optional section that specifies constants. The
data section is where data is collected to be sent to the model for training and validation.
There are two ways to collect data: using previously created models and files. Comma-
separated values (csv) files are the most common input method; the grammar also supports
the selection of specific columns. Lastly, the model section specifies the data to be used to
train, and possibly validate the model as well as specify any settings of the models. The
features and labels subsections specify the inputs and the correct output values for the
corresponding input. The model uses this information to train internal parameters. There
is also an optional test features and test labels, which can be used to validate the
accuracy of a trained model without needing to create another program to test it. Validating
the model can ensure that the model has not over-fit on the training dataset. The last
subsection of the model specifies the algorithm to use as well as specify any arguments to
the model. The arguments can signify settings such as the learning rate of a neural network
or what method of error calculation to use. Furthermore, if multiple models are listed then
each of the models are trained and validated so the user can see which model resulted in the

best performance on the given data.



Trainer = trainer Var;

[constants Constants]

data
Data

model
Features
Labels
[Test_Features)
[Test_Labels)

Algorithms

end
Constants [(Constant; )* Constant];
Constant Var = Exp
Data [(Dataltem;)* Dataltem];
Dataltem Vars using (Ezp|ModelUser)
File file’("String’)’
ModelUser model’(’ Vars’)’
Features features: Exps;
Labels labels: Ezps;

test_features: Ezps;
test_labels: Ezps;

Test_Features
Test_Labels

Algorithms algorithm: [(Algorithm;)* Algorithm];
Algorithm Var [‘(‘Map*)‘];
Map MapItem|Mapltem, Map
Mapltem Var ’2 (Number| Var|Ezp)
\ 7

Figure 2.4: PILOTS trainer grammar.

2.2.2 PILOTS Architecture

Figure 2.5 shows the connection between the Machine Learning (ML) component and
other PILOTS programs. Within the ML component, there are three types of files used
to perform the operations: training data, algorithm implementations, and trained models.
Training data consists of data used by models to update internal weights to reduce error in
prediction. Model code files are implementations of machine learning algorithms written in
Python using a specific API so it can used by the ML component. Lastly, trained models
are serialized models that can be used by PILOTS programs to predict values. In summary,
trainer files take model code files, pass them training data, and compile them into a trained

model file which can be used by other PILOTS programs.



Training Data
—
Prediction
Offline training l request
PILOTS Program
Model Code - Machine Learning
Training
o 4 — Trainer Files
Training / Training

Prediction request

//i%

i
i
i
i
i
i
i
i
i
i
i
i
i
i
i
i
i
i
i
i
i
i
i
i
i
i
Interface '
i
i
i
i
i
i
i
i
i
i
i
i
i
i
i
i
i
Trained '
i

i

i

i

i

i

\ Models
Machine Learning Component
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The machine learning component consists of an HTTP server which responds to re-

quests from the PILOTS trainers and PILOTS programs.

Model code is the term used to describe the Python implementation of the machine

learning algorithms.

As long as the Python source code implements certain Application

Programming Interface (API) functions, seen in Table 2.1, it is considered a valid model

code file. This means any type of Python library or program with Python bindings can be
used within PILOTS with ease.

Model files are the serialized representation of a trained model. They are created as

the result of running a trainer file and can be used by any PILOTS program.

Table 2.1: Python API for implementing a machine learning algorithm.

Method

Arguments

Returns

Description

make_model

map of arguments

new model

Creates a new model with the given
settings

train

untrained model, data

trained model, accuracy

Train the given model using the given
data and return the trained model and
the accuracy of running the trained
model on the training set

score

trained model, data

accuracy

Return the average accuracy of run-
ning the trained model on the given
data

run

trained model, data

result

Get the result of running the trained
model on the given data

is_live

None

boolean

Return true if the model is an online
model and is updated at runtime and
false otherwise

reset

None

None

Resets the online model to a state that
is ready to receive new data
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The PILOTS compiler translates PILOTS programs and trainer files into Java for
platform independent execution. The compiler consists of two parts: a parser and a code
generator, each of which has a version meant for standard PILOTS programs and one for
trainer files. The parser uses JavaCC? to convert the grammar into an abstract syntax tree,
which the code generator then converts into a valid Java program.

Once a trainer file is compiled into the Java source file, it is compiled using the standard
Java compiler. When the program is ran in conjunction with the machine learning component

server, it creates a model file which can be used in other trainer files or PILOTS applications.

2.2.3 Applications

A simple example of a program that uses a machine learning model can be seen in
Figure 2.6: the Twice program but using a linear regression model to estimate the b data
stream [2]. It uses the a data stream as input to the “twice_model”. The other input data
stream, b, is twice the value of a and the output data stream o outputs the error of the
model’s estimate of b. This model was trained using the trainer file shown in Figure 2.7.

This trainer program trains a linear regression model using the columns a and b from
a training dataset called “twice_training.csv”. In this data, b, is approximately twice that of
a. The linear regression model was also specified to use the ordinary least squares method.

Figure 2.8 shows the twice_model trainer when it is compiled into Java.

program prediction_twice;
inputs
a, b (t) using closest (t);
b_prime using model (twice_model, a);
outputs
o: b - b_prime at every 1 sec;
end

Figure 2.6: PILOTS prediction_twice program.

3https:/ /javacc.github.io/javacc/
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rtrainer twice_model;
data

a, b using file("twice_training.csv");
model

features: a;

labels: b;

algorithm:

LinearRegression(OrdLeastSq: true);

end ;

Figure 2.7: PILOTS twice_model trainer program.

A more advanced trainer which trains a neural network to learn a three input XOR gate
can be seen in Figure 2.9. It collects columns a, b, ¢, and x from the “data” file, where they
are listed as columns “A”, “B”, “C”, and “Q” in the file. Also i1, i2, 73, and o are collected
from the “xor” file. The three neural network models using slightly differing settings are
trained using a, b, and c as inputs and x as the output. Each model is also validated with
the testing data given by i1, 2, i3, and o. The program will return the final results of
training all of the models so that the user can see which model was most effective on the
dataset. Training multiple models is no different in PILOTS which means that users can
quickly try multiple models to see what works best on the data. These four models resulted
in final accuracies of 89%, 0.1%, 99.9%, and 1.0%, respectively. These results shows several
things very quickly: that the hyperbolic tangent and logistic activation functions severely
decrease the accuracy of the model (comparing models 1 to 2, and models 3 to 4) and that

increasing from one layer to two increased overall accuracy (comparing model 1 to 3).
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import java.io.x*;
import java.util.*;

import pilots.util.trainer.x*;
import pilots.util.model. *;

public class Twice_model extends PilotsTrainer {

public Twice_model () {
super () ;

super .model_name = "twice_model";
super .addAlgorithm("LinearRegression");

setupTrainer () ;

public void train() { super.train(); 1}
private void setupTrainer () {
// === Constants ===
super.pullData( "file:twice_training.csv::a,b"

addFeature ( super.get("a") );

addLabel ( super.get("b") );
addAlgArg( 0, "OrdLeastSq", true);

public static void main(Stringl[] args) {
Twice_model tr = new Twice_model () ;
tr.train();

)

Figure 2.8: PILOTS trainer compiled into Java.
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rtrainer xor_model;
data
a, b, ¢, x using file("data.csv", A, B, C, Q);
i1, i2, i3, o using file("xor.csv");
model
features: a, b, c;
labels: x;
test_features: i1, i2, 1i3;
test_labels: o;
algorithm:
NeuralNetwork (hidden_nodes: 100, hidden_layers: 1);
NeuralNetwork (hidden_nodes: 100, hidden_layers: 1,
logistic: true);
NeuralNetwork (hidden_nodes: 50, hidden_layers: 2);
NeuralNetwork (hidden_nodes: 50, hidden_layers: 2, tanh: true);

end ;

Figure 2.9: Training multiple models to learn XOR.

2.3 Distributed Model Training and Execution

Aircraft are highly distributed and each part may only have limited local computing
ability. Therefore, it is useful to be able to leverage this network of systems to train or
execute machine learning models.

One such method for distributed machine learning is federated learning. One benefit
of federated learning is that each device does not need to share its local training data, which
decreases privacy and security risks [8]. Federated learning trains models on heterogeneous
training data and aggregates the results into a single model. One application of federated
learning is in Google’s keyboard application, Gboard, which trains a model for word pre-
diction without sharing users’ data with a central server [9]. We will present a declarative
grammar for federated learning within PILOTS trainers.

Just as it can be useful to collect data from various sources, strategically aggregating
the results of several models can be very beneficial. Ensemble systems combine results from
several models to outperform any one model. One such example is the distributed Shogi
(Japanese Chess) engine Akara which uses majority voting system between four separate
programs to come up with a move [10]. Akara was able to beat a professional Shogi player in
a public match. Xu-rui et al. created an ensemble learning algorithm to improve probabilistic

aircraft conflict detection [11]. Their ensemble model was superior to a single model in
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detection accuracy and false alarm rate. We propose several data selection methods within

PILOTS to allow for the aggregation of results from multiple models.

2.3.1 Federated Learning

The process of a single round of federated learning would be as shown in Figure 2.10.
Each node trains the local model on the local training data and sends the resulting internal
training parameters to the central model. The central model aggregates the results and
creates a new global model. Each client then updates the local model with the new global

model and the process continues.

Central
Model Create MNew Global Model M

S MNew Global
Model
L
,5@’
a\\wﬁ
e
:' ________________________ | |r _________________________ i :' _________________________ |
| | | | y
! Client o Client o Client |
i Model ! i Model ! i Model !
i I Lowcnl Training i i i Local Trainig i i I Lowcnl Training i
i Training Data E i Training Data E i Training Data E

Update Global Model

Figure 2.10: Federated learning round process.

Here we propose an extension of the trainer grammar which supports declarative model-
agnostic federated learning, Figure 2.12. The federated trainer consists of one additional
section to a standard trainer file, the federated section, which specifies the details of the
federated training process. The user specifies the maximum number of total rounds to run,

the number of nodes to use during each round, how to select nodes from the list of available
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clients, and the method used to aggregate the values from all the clients. Possible selection
methods for clients could include fastest which chooses the nodes with the best latency,
random which chooses randomly for each round, and priority which gives each node a user-
defined priority. Each node is an instance of the PILOTS machine learning server. Possible
aggregation methods can include federated stochastic gradient descent, or FedSGD, which is
a large-batch synchronous variation of stochastic gradient descent (SGD), FedAvg is another
variation on SGD, as well as custom where the system uses a user defined function [8].
This declarative grammar gives users the functionality of federated learning without dealing
with the details of communication and control flow. An example of a federated trainer for a
neural network is shown in Figure 2.11. Using federated learning, aircraft could train models
without contact with ground stations. For example, the weight estimation model discussed

later in this paper can be trained using each aircraft’s speed curve at take-off.

trainer fed_model;
data:
a, b, ¢, x using file("data.csv");
federated
rounds: 20
nodes: 10
selection: random
aggregation: FedAvg
model
features: a, b, c;
labels: x;
algorithm:
NeuralNetwork (hidden_nodes: 50, hidden_layers: 6);
end ;

Figure 2.11: Federated PILOTS trainer.
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Trainer = trainer Var;
[constants Constants]
data
Data
federated
Rounds
Nodes
Selection
Aggregation
model
Features
Labels
[Test_Features]
[Test_Labels]

Algorithms

end
Constants u=[(Constant;)* Constant];
Constant : Var = Exp
Data [(Dataltem;)* Dataltem];
Dataltem : Vars using (Ezp|ModelUser)
File w= file’("String’)’
ModelUser m= model’(’Vars’)’
Rounds = models: Number
Nodes = nodes: Number
Selection = selection: (random | fastest | priority)
Aggregation == aggregation: (FedSGD | FedAvg | custom)
Features = features: Exps;
Labels labels: Fxps;

Test_Features
Test_Labels

test_features: Exps;
test_labels: Fxps;

Algorithms algorithm: [(Algorithm;)* Algorithm];
Algorithm = Var [‘(‘Map*)‘];

Map = Mapltem|MapItem, Map

Mapltem = Var '’ (Number|Var|Ezp)

Figure 2.12: PILOTS federated trainer grammar design.

2.3.2 Model Aggregation

We propose several methods for aggregating the results of multiple models, majority,
weighted, average, and decision. The full extended grammar is shown in Figure 2.14. An
example of these methods can be seen in Figure 2.13, where multiple models estimating den-
sity altitude, altitude relative to standard atmospheric conditions, are aggregated. Majority
takes three or more results and returns the majority if one exists; otherwise it returns the
value signified by none. Weighted takes the weighted average of each input. The average
method takes the average of the given values. Lastly, decision uses a boolean expression
to determine when to use which value. These ensemble methods provide a simple way to
combine the results of related models. In the following chapter, we investigate the use of an

ensemble model for weight estimation.
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~

program ensemble;
constants

wil
w2
w3

inputs
// Pressure, temperature, and altitude

prs,
// Get prediction from each model

dal using model (da_modell, prs, tmp, alt);
da2 using model (da_model2, prs, tmp, alt);
da3 using model (da_model3, prs, tmp, alt);
// Combine results

A

us

0.

2;
5;
3.

b

0.
0.

tmp, alt (t) using closest (t);

ing average(dal, da2, da3);

M using majority(dal, da2, da3, none:A);
W using weighted(wl:dal, w2:da2, w3:da3);

D using decision( (prs < 29.00):dal,
(29.00 < prs < 30.00):da2,
(30.00 < prs):da3 );
outputs
A, M, W, D at every 1 sec;

end ;

Figure 2.13: PILOTS program displaying proposed ensemble methods.




Program

Constants
Constant
Inputs
Input
Outputs
Output

Errors
Error
Signatures
Signature

Estimate
Modes
Mode
Dim
Methods
Method

WeightedExps
WeightedEzp
DecisionExps
DecisionExp
Time

FExps

Exp

Func
Value
Number
Sign
Integer
Digits
Digit
Vars
Var
String

program Var;
constants Constants
inputs Inputs
outputs Outputs
lerrors Errors)
[signatures Signatures)
[modes Modes]

end
[(Constant; )* Constant];
Var = Ezp;

[(Input; )* Input]
Vars: Dim using Methods;
[(Output; )* Output];
Var = Ezxps at every Time
[when (Var|Ezp)[Integer times]];
[(Error;)* Error];
Var: Ezxps;
[(Signature; )* Signature];
Var[Const]: Var =
Ezps String [Estimate];
estimate Var = Exp;
[(Mode; )* Mode]
Var: Var = Ezps String [Estimate]
() 1 6) | (o), (oyt)
Method|Method, Methods
closest | euclidean | interpolate |
model (" Ezps )’ |
majority '(’ Ezps )’ |
weighted ’(° WeightedEzps ’) |
average '(’ Ezps’)’ |
decision ’(’ DecisionEzps ’)’
WeightedExp| WeightedExps, Weighted Exp
FExps : Exps
DecisionExzp|DecisionExps, DecisionExp
(" Exzps’) : Exps
Number (msec | sec | min | hour)
Exp|Ezp, Exps
Func(Ezps)|Exp Func Ezp|
(" Exp ) | Value
{+, —, %, /, sqrt, cos, tan, abs, ...}
Number| Var
Sign Digits|Sign Digits’.’ Digits
’+7 | 7_’ | ”
Sign Digits
Digit| Digits, Digit
{0,1,2,...,9}
Var|Var, Vars
{a/7 b7 c7 "'}
{uaw7 “b”, “C”, }

Figure 2.14: PILOTS grammar design with the proposed ensemble methods.
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CHAPTER 3
Aircraft Weight Estimation During Take-off

3.1 Background

During take-off an aircraft is accelerating due to thrust and being slowed from friction
with the air and the runway. Knowing these forces and the aerodynamic properties of the
aircraft we can calculate the mass using Newton’s second law of motion.

m = % (3.1)

T is thrust, D is aerodynamic drag, F' is rolling resistance, and V' is airspeed. The
complexity in this approach is that each force can be difficult to compute.

Thrust of the aircraft depends on air density, propeller pitch, propeller diameter, pro-
peller rpm and airspeed. There is no simple equation to calculate it directly, and is often
looked up in tables.

Aerodynamic drag, equation 3.2, depends on the coefficient of drag Cp, air density p,

airspeed V', and cross sectional area S.

_Cp*p*Vz*S
B 2

D (3.2)

Lastly, rolling resistance, equation 3.3, is dependent on the coefficient of friction be-
tween the landing gear and the runway surface p, and the force being applied to the runway

which is result of weight W and lift L.

F=pu(W-1L) (3.3)

Whereas the other forces can be accurately calculated using properties of the aircraft,
rolling resistance poses an issue. Different runway surfaces and weather conditions will
change the friction between the landing gear and the runway. More importantly, the de-
pendency on weight to calculate rolling resistance makes the physics approach more difficult
during take-off. We will discuss a data-driven model which can estimate aircraft weight using

only previous take-off trials that does not require knowledge of the aerodynamic properties

20
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of an aircraft.

3.2 Data-driven Weight Estimation

If an aircraft is heavier, then it takes longer to take-off, assuming all other variables
are held constant. This can seen in practice and in theory. This is because a heavy aircraft,
given the same engine thrust, takes longer to accelerate to take-off speed. The model that
will be discussed in this chapter uses the relationship between weight and acceleration to
estimate weight. Furthermore, it only uses data that is available from basic avionics on an
aircraft such as the Cessna 172. This means that this model can be used in nearly any
aircraft, as long as it has an accurate measurement of airspeed and atmospheric conditions
such as temperature, air pressure, and altitude.

Looking at the airspeed over time gives a curve. Figure 3.1 shows the linear approx-
imations of the velocity curve. As can be seen in Figure 3.1a, the curve takes time at the
beginning until the curve accelerates at a roughly constant rate because during this time the
propeller is getting up to speed. Due to this, it is possible to cut off the lowest airspeed values
to wait until the propeller is up to speed, which gives a better linear approximation as seen
in Figure 3.2. Higher order approximations, see Figure 3.3, can be used for more accurate
approximations of acceleration; however, these approximations do not allow for the interpo-
lation methods used within this model and their inclusion into the model will be looked into
in the future. The acceleration of the aircraft would be approximated to the derivative of
the fitted curve. As mentioned previously, if the aircraft is heavier then it takes longer to
take-off, because the heavier aircraft has less acceleration. This relationship between weight
and the velocity curve can be shown in Figures 3.4 for fixed atmospheric conditions.

Furthermore, in real-life situations, aircraft do not take-off in identical atmospheric
conditions. Even within a single day, weather conditions can change greatly, so it is important
to be able to account for atmospheric conditions. This model uses density altitude, which is
defined as the altitude with respect to standard atmospheric conditions, as an encapsulation
of all atmospheric properties since it includes air pressure, temperature, and altitude within
a single value. However, we are disregarding the effect of humidity and wind. For a fixed

weight, Figure 3.5 shows the effect of density altitude on the take-off velocity curve.
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Figure 3.1: Linear approximation of velocity curve.
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Figure 3.3: First, second, and third order approximation of velocity curve of a trial with

density altitude of 4155ft and weight of 1,811lbs.
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Figure 3.5: Effect of density altitude on velocity curve.

3.3 Weight Estimation

In this section, we will discuss how the weight estimation model predicts the weight of
an unknown trial. Including how the model uses the training data, and interpolates between

training data points to get a final estimate.

3.3.1 Density Altitude

Density altitude represents what altitude the current conditions would be at in standard
atmospheric pressure and temperature. The calculation used assumes completely dry air (0%
humidity). Similar to density altitude, pressure altitude (PA) is the altitude with respect to

standard air pressure, disregarding the effect of temperature.

PA = Elevation + 1000 ft % (29.92 inHG — Pressure) (3.4)

Elevation is the altitude of the aircraft above mean sea level in feet and pressure is the

atmospheric pressure at the location of the aircraft in inches of mercury.

. . PA
ISA = 15°C — (1.98°C) x (1000 ft) (3.5)

International Standard Atmosphere (ISA) temperature is the temperature at a specific

altitude in standard atmospheric conditions.

DA = PA + (118.8 ft/°C) * (OAT — ISA) (3.6)



25

Outside air temperature (OAT) is the current air temperature. Finally, to calculate
density altitude, we use equation 3.6 for its ease of calculation and very good approximation

of true density altitude which is sufficient for our model.

3.3.2 Supervised Training

Training data of this model consists of take-off trials labelled with the true weight.
Each take-off trial consists of atmospheric conditions (temperature, pressure, and altitude)
which are used to calculate the density altitude and the velocity throughout the take-off
which is used to estimate the acceleration of the aircraft. The stored data after training
consists of three values: density altitude, estimated acceleration, and true weight for each

take-off trial.

3.3.3 Interpolation

Once all training data is collected, the model calculates two values used to interpolate
the final result. The two values represent the effect that a change of density altitude has on
the acceleration, and the effect that a change in acceleration has on the weight. These two

values are called 04, and ducc, given by equations 3.7 and 3.8.

Aacceleration

Oda = 3.7

d Adensity altitude (37)
Aweight

acc — T 3.8

Aacceleration (3.8)

These values can be understood as quantifying the relationships shown in Figures 3.5
and 3.4, respectively. However, instead of showing the relationship in terms of the velocity
curve, it is with respect to the approximated acceleration. Figure 3.6 shows the relationship
between density altitude and acceleration and Figure 3.7 shows the relationship between
weight and acceleration. The dq4, is the slope of the linear approximation of the relationship
shown in Figure 3.6 and, similarly, d,.. is the inverse of the slope of the linear approximation
of Figure 3.7.

To calculate dq4,, the model finds the average of values of 4, between pairs of training
data points with similar weights, +0.1%. Similarly, to calculate .., the model finds the

average values of 0,.. between pairs of points with similar density altitudes, +0.1%. If the
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dataset does not have enough data points with similar weights and density altitudes to
calculate d,.c and dq,, then the model will not be able to accurately estimate weight. This
can be solved by adding structure to data collection by collecting data using specific weights

and density altitudes, or increasing the size of the dataset.
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An example PILOTS program to train a weight estimation model is shown in Figure
3.8. This program trains a model using data from KRNO. Furthermore, the model does not
use a cutoff of any data and uses data points with density altitude values within +0.5% to

calculate d,.. and uses data points with weights within £0.1% to calculate dq,.

trainer weight_model_krno;
data
// Airspeed, pressure, temperature,
// altitude, and actual weight
va, prs, tmp, alt, curr_w using
file("data_krno.csv", );
model
features: va, prs, tmp, alt;
labels: curr_w;
algorithm:
WeightEstimator ( cutoff: 0.0, da_close: 0.5, w_close: 0.1 );
end ;

Figure 3.8: Weight estimation model trainer.

3.3.4 Weight Prediction

When the model is given new data with an unknown weight, it calculates the density
altitude and the acceleration from the slope of the velocity curve. It then finds the closest
stored data point, closest being the point that minimizes the difference in the density alti-
tudes and the difference in the acceleration values as in equation 3.9. The model then takes

that data point and interpolates to get a final estimate.

e = (DA} — DA,)? + (a; — ag)? (3.9)

Given the closest stored data point from the training data, equation 3.10 shows how

to interpolate this value to improve accuracy.

weight = (closest weight) + (0ace * (dda * Ega — Face)) (3.10)

Error in density altitude, Ey,, is the difference between the closest point’s density alti-
tude and the input’s density altitude. Similarly, error in acceleration, FE,.., is the difference
in the two data points’ accelerations.

Multiplying Eg4, and dq, gives the error in the acceleration due to the density altitude.
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Therefore, adding the value with F,.. gives us the total error in acceleration. Note, the
negative sign on F,.. is due to the inverse relationship between the error in acceleration and
weight. Meaning a positive value of E,.. would result in a negative adjustment in the weight.
Lastly, multiplying the total error in the acceleration by ... gives the weight adjustment

due to the error in the slope, which gives us the updated final weight estimate.

3.4 Experimental Results
3.4.1 Albany, NY and Reno, NV Airports

The data was collected in X-Plane 9 using an Cessna 172SP. Data streams such as
airspeed, temperature, air pressure, and altitude were collected during standard procedure?
take-offs at two airports: Albany International Aiport (KALB) and Renoe-Tahoe Inter-
national Aiport (KRNO), using a selection of density altitudes given in Figure 3.1, and a
selection of weight classes listed in Table 3.2. There are 80 total take-off trials in the training

dataset.

Table 3.1: Density altitudes collected at each runway (feet above mean sea level).

KALB | KRNO
1,809 | 5,336
13 7873
2,384 | 10,219
4,155 | 12,571
6,552 | 14,290

The density altitude values for each airport are a selection of atmospheric conditions

that could happen in that location.

4According to Cessna 172 Information Manual [12]
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Table 3.2: Weight classifications.

| Classification | Cargo | Fuel (hrs)® | Total (Ibs) |

LOW 123 1 1811
LOW-MED 261 2 1998
MED 400 3 2181
MED-HIGH 460 2.5 2360
MAX 596 6.6 2550
105% MAX 725 6.6 2679
110% MAX 852 6.6 2806
115% MAX 979 6.6 2933

These weight classes were selected as a uniform partitioning of weights that represent
a reasonable possible low-end take-off weight up to a very extreme overweight condition.

The model was validated using a wide selection of weights and density altitudes, as can
be seen in table 3.3. This included take-offs from KALB, KRNO, and Minot International
Airport (KMOT). KMOT was used to see how well the model can be used on runways that

the model had no training with.

51 hour of fuel weights 48 Ibs
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Table 3.3: Dataset of testing trials.

Trial Name | Weight (lbs) | Density Alt (ft)
KALB_1 2076 -385
KALB_2 2484 1393
KALB_3 2169 2105
KALB 4 2093 59
KALB_5 2458 59
KALB_6 2717 59
KALB.7 1859 1245
KALB_8 2181 1245
KALB.9 2549 1245
KALB_H1 3001 59
KALB_H2 3001 1245
KRNO_1 2256 8247
KRNO_2 2608 6512
KRNO_3 1949 11441
KRNO_4 1916 7970
KRNO_5 2192 7970
KRNO_6 2799 7970
KRNO_7 1810 9710
KRNO_8 2181 9710
KRNO_9 2679 9710
KRNO_10 1972 12620
KRNO_11 2364 12620
KRNO_12 2399 11454
KRNO_13 1998 11454
KRNO_H1 3001 10290
KRNO_H2 3001 11454
KMOT.1 2817 2521
KMOT 2 2083 5075
KMOT_3 2267 9243

The results of five different models were tested. There are two models trained using
data from only one airport (KALB and KRNO), to see how the model can transfer from
one airport to another without direct knowledge. Referred to as the KALB and KRNO
models. Another two models are trained on the complete dataset, one of which ignores all
airspeed values below 2.5 knots to improve the linearity of the velocity curve (cutoff model).
The other, which ignores no values, is referred to as the total model. Lastly, there is an
ensemble model that aggregates the results from the two models trained only on one airport.
This model uses the average density altitude between all training trials as a transition point
(approximately 6000ft). When given a density altitude below this point the model uses the
KALB model and above which uses the KRNO model. Figure 3.9 shows PILOTS program

which creates the ensemble model.
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s 2

program ensemble_estimator;
inputs
// Airspeed, temperature, air pressure,
// altitude above sea level, and actual weight
v_a, prs, tmp, alt, curr_w (t) using closest(t);
// Calculate Density Altitude
dens_alt using model(density_altitude, prs, tmp, alt);
// Get estimates from two models
est_w_kalb using model (weight_model_kalb, v_a, dens_alt);
est_w_krno using model (weight_model_krno, v_a, dens_alt);
// Decide which model to use
est_w using decision( (dens_alt < 6000):est_w_kalb,
(dens_alt >= 6000) :est_w_krno );
outputs
v_a, curr_w, est_w at every 200 msec;

end ;

L J

Figure 3.9: Ensemble weight estimator PILOTS program.

Table 3.4 shows the average final results of each model. This table also shows that some
models performed better on certain runways than others. As can be seen in Table 3.4, the
KALB model underestimated estimates on KRNO trials and the KRNO model overestimated
on KALB trials. This is likely due to some differences between the two runways that is not
properly accounted for by the model, such as runway slope or surface. Furthermore, this is
likely the cause of the correlation between error and density altitude seen in Figures 3.10 and
3.11. The performance of the cutoff model shows that removing the non-linearity of the start
of the velocity curve does not improve performance of the model. Lastly, the ensemble model
outperforms the other models. It can also be seen that the ensemble model outperforms all

other models.

Table 3.4: Average results based on runway of testing trial.

Testing Airport | KALB Model | KRNO Model | Total Model | Cutoff Model | Ensemble Model

KALB Accuracy 3.22 13.00 10.24 11.63 3.32
KRNO Accuracy -14.90 1.10 1.51 4.27 2.26
KMOT Accuracy -2.07 12.34 11.63 12.98 4.68

Overall Average -6.81 6.78 5.87 7.96 2.9
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Figure 3.10: Results of the KALB model.
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Figure 3.11: Results of the KRNO model.
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Figure 3.12: Results of the Total model.
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Figure 3.14: Results of the ensemble model.

From a safety standpoint, it is important to be able to quickly alert the pilot about
an overweight condition so that they have enough time to take appropriate action. For

large aircraft, V] is the take-off decision speed: the speed above which take-off should not
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be aborted. Meaning, if there is an issue before reaching Vi, the pilot has enough time to
abort take-off and stop safely; however, if an issue arises after Vi, the aircraft must complete
take-off to not overrun the runway. However, in small aircraft such as the Cessna 172SP this
speed is not calculated. To mitigate this, we have came up with a reasonable decision point
for a small aircraft: either before the aircraft reaches 55 knots or 1000ft before the runway
ends. This is because 55 knots is the speed at which standard procedure says to begin lifting
the nose of the airplane. However, with heavy aircraft in high density altitudes it may take
time for the aircraft to reach 55 knots. The aircraft needs to abort take-off with enough

time to come to a full stop; 1000ft is more than enough runway to stop even on fairly short

runways ©.
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Figure 3.15: Weight estimation curves.

We used two points to indicate when the model produces useful results. This is when
the model converges within 10% of the actual weight and when the model converges within
5%. These points are sooner than the point where the curve reaches a minimum which could
also be used as a point of convergence. As can be seen in the weight estimation curve in
Figure 3.15, the model first overestimates the weight of the aircraft then converges to a final

value. When the model first converges within 10%, the model gives a rough estimate. This

6based on maximum landing distance ground roll in Cessna operating manual
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gives us an idea of whether the estimate will be overweight or underweight. The estimate then
stabilizes and converges within 5% and gives an estimate that is close to its final estimate.
Table 3.5 shows how many testing trials converged and how quickly. Considering only the
trials which converged, Tables 3.6 and 3.7 show the speeds and distances of the slowest trials
to converge to 10% and 5%, respectively. It can be seen that the slowest trials still converged

before the decision distance point even if the runways were half as long.

Table 3.5: Speed of model convergence.

Testing Airport | % of Trials Converged | Avg Time <10% | % of Trials Converged | Avg Time <5% | Avg Take-off Length

KALB 100 8.4 90 12.6 23.5
KRNO 100 10.5 80 18.1 29.3
KMOT 75 11.5 75 17.5 25
Overall 96.7 9.7 83.3 15.75 26.75

Table 3.6: Distance traveled and speed at slowest 10% convergence point.

Testing Airport | Slowest Trial Speed (knots) | Slowest Trial Distance (ft) | Runway Length (ft)
KALB 40.6 328 8500
KRNO 45.6 919 11001
KMOT 40 492 7700

Table 3.7: Distance traveled and speed at slowest 5% convergence point.

Testing Airport | Slowest Trial Speed (knots) | Slowest Trial Distance (ft) | Runway Length (ft)
KALB 56 1083 8500
KRNO 64 2297 11001
KMOT 61.9 1444 7700

3.4.2 Cessna 172R N4207P Accident

On August 25, 2014 a Cessna 172R airplane, N4207P, crashed in Willoughby Hills,
Ohio shortly after take-off from Cuyahoga County Airport (KCGF)7. The private pilot and
three passengers died in the crash. The aircraft was loaded to 2,6221bs, approximately 1661bs
over its maximum gross weight of 2,457Ibs (106% max gross weight), and was within safe
ranges for the center of gravity. The airplane became airborne approximately 2000ft down
runway 6 which is 5500ft long. The pilot noted that the aircraft was slow to climb and tried
to turn back to land. The increased weight and steep turning angle used likely caused the
aircraft to stall.

We created a scenario using X-Plane with a Cessna 172SP loaded to 106%, total of
27201bs, taking off from KCGF runway 6. We replicated the atmospheric conditions of the

"see NTSB report CEN14FA453
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day of the crash, 24°C and 30.09 inHG. Wind was reported as 10 knots from 140°, which
would be a crosswind and would have negligible effect on take-off distance. However, we
omitted wind entirely from our simulation as we currently solely use density altitude to
encapsulate atmospheric conditions; this is an area of future work. The report noted that
the aircraft had approximately 36 gallons of fuel at the time of take-off. The center of gravity
was calculated from the information given in the report, 4.3 inches forward from the standard
center of gravity which is within the safe range.

We collected 24 take-offs from KCGF runway 6. We used three distinct density al-
titudes: 860ft, 2049ft, and 3237ft, and the same eight weight categories from the previous
experiments, see Figure 3.2. We trained a weight estimation model using this data, see
Figure 3.17. Figure 3.16 shows the full PILOTS pilots program.

We then ran several take-off trials using the exact conditions mentioned previously to
replicate the N4207P take-off. Figure 3.18 shows the velocity curve. The entire take-off was
approximately 27s, and around 1800ft long, slightly faster then the approximate reported
2000ft of take-off distance of N4207P. The model produces the weight estimation curve as
shown in Figure 3.19. However, on average, the model was able to estimate with a final
accuracy of 3% and was able to estimate within 10% error after only 6s and within 5% error
after 8s, as can be seen in Figure 3.20. After 8 seconds, our simulation only traveled 200ft.
This means that the model could have alerted the pilot of an overweight condition well before

the halfway point of the take-off giving ample time to react safely to this alert.

rprogram weight_experiment;
inputs
// Airspeed, pressure, temperature, altitude,
// and actual weight
va, prs, tmp, alt, curr_w (t) using closest (t);
// Estimate weight
est_w (t) using model (N4207P_model, va, prs, tmp, alt);
outputs
va, curr_w, est_w, e at every 200 msec;
errors
e: (est_w-curr_w)/curr_w * 100;

end;

Figure 3.16: PILOTS N4207P program.
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trainer N4207P_model;
data
// Airspeed, pressure,
// and actual weight
va, prs, tmp, alt, curr_w using

file ("N4207P_training_data.csv");
model

temperature, altitude,

features: va, prs,
labels: curr_w;
algorithm:

tmp, alt;

WeightEstimator ( cutoff: 0.0 );
end ;

Figure 3.17: N4207P weight estimation model trainer.
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Figure 3.18: N4207P experiment velocity curve.
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CHAPTER 4
Related Work

4.1 Data Stream Processing Languages

There are many Domain Specific Languages (DSLs) for machine learning applications
[13]. OptiML is a DSL for machine learning which is implicitly parallel because it produces
code which takes advantage of heterogeneous resources (CPUs and GPUs) [14]. OptiML
has a functional programming style, as well as first-class support for graph, vector, and
matrix operations. CVXPY is a DSL for convex optimization [15]. Convex optimization
has applications in many fields, including aerospace [16], and CVXPY gives a simple and
intuitive way to solve these problems. The language is embedded within Python, making it
easy to use within PILOTS. MXNet is a machine learning library which combines symbolic
expression with tensor computation [17]. MXNet can be ran in a distributed setting using a
distributed synchronized key value store; it also has bindings in several languages including
Python, R, Julia, and Go. The method of distributed computation is very different than
the data stream processing model used in PILOTS. Furthermore, the previously mentioned
DSLs are not declarative like PILOTS. SystemML is a system for development of large-
scale machine learning algorithms which translates the scripts into an execution which uses
MapReduce [18]. Similarly, ScalOps [19] and Pig Latin [20] uses the low-level procedural
style of MapReduce but with the high-level declarative style of SQL. SCOPE is a scripting
language which focuses on efficient processing of massive datasets which also is inspired by
SQL [21]. The declarative SQL-like style of these DSLs is similar to the declarative nature of
PILOTS; however, these DSLs are focused on processing large-scale data whereas PILOTS
is focused on dynamic data-driven systems, error detection, and error recovery.

There are very few programming languages which support federated learning directly,
as it is a fairly new technique. PySyft is a library that supports federated learning and
encrypted communication on top of deep learning frameworks such as PyTorch [22]. Ten-
sorFlow Federated is a framework for computation on decentralized data, which supports
federated learning [23]. Furthermore, fil-erl is a federated learning framework written en-
tirely in Erlang [24]. Erlang has certain performance penalties when compared to more

optimized systems but the speed of development in Erlang may be more important in cer-
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tain applications. However, these languages are non-declarative in nature and do not focus
on a model-agnostic and simple interface. PILOTS aims for ease of use without the need to
deal with procedural details of the model and communication.

Pycobra is a Python library for ensemble learning as well as visualisation [25]. The
inclusion of ensemble methods within PILOTS aims to improve the usability of models
within PILOTS. Therefore, Pycobra can be used within PILOTS models for more advanced
ensemble learning functionality. LibEDM is a C++ library for ensemble-based data mining
and provides many methods for data mining from pre-processing to classifier evaluation [26].
LibEDM is focused on being a data mining platform, whereas PILOTS is meant to be a

declarative and extensible system for stream analysis.

4.2 Aircraft Weight Estimation

There exists some prior work on aircraft weight estimation. Imai, Galli, and Varela
[3] used PILOTS to detect underweight conditions during cruise phase using data from the
Tuninter 1153 accident. Lee and Chatterji [27] created a model which estimates the take-
off weight required to complete a given flight plan, while accounting for limits on take-off
weight, payload weight, and fuel capacity. It works by calculating the fuel usage of each
segment of the flight plan and adding the needed fuel to the total weight. Similarly, Sun et
al. [28] created a model which can estimate, with 4.3% accuracy the weight of an aircraft
by analyzing the fuel consumption at various phases of flight and combining each estimate
into a final value. The model calculates the probability distribution of weight for each phase
based on equations for fuel consumption. Alligier et al. [29] created a mass estimation system
used to help predict the rate of climb of an aircraft. It learns the thrust settings, which is
how much thrust the aircraft is producing compared to standard, and using this estimates a
weight distribution. Each of these models uses detailed physics-based models to accurately
calculate values to be used by the model. However, our model uses the relationships between
certain values, such as acceleration to weight, and density altitude to acceleration to estimate
the weight in real-time. Furthermore, our model aims to provide information that may be
critical to the safety of the pilot and passengers and provide that information before the
aircraft becomes airborne, which none of the previous models can do.

There are several patents which detail systems to estimate aircraft weight before or

during take-off. Several use the landing gear in some manner, either by using pressure
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sensors within the landing gear [30] [31], or by measuring the bending of structural members
of the aircraft which includes landing gear and wings [32]. Another details a system which
automates the weighing of passengers and luggage and feeds this directly to a computer
which calculates weight and center of gravity [33]. Each of these systems may work well
for large commercial jets, which can afford installing new sensors and automated systems;
however, they may not be as useful for smaller aircraft which cannot have these systems
installed and are more likely to make mistakes such as accidentally loading too much cargo.

One system [34] describes measuring the acceleration of an aircraft, using an accelerom-
eter, and using Newton’s second law of motion to estimate weight of an aircraft during
take-off. This systems uses a priori knowledge of aerodynamic properties such as coefficient
of drag and aircraft wing area to calculate thrust and lift but ignores aerodynamic drag.
Furthermore, it details a system to estimate the rolling resistance using a weighted average
over time. This model is similar to our model in that it uses a measured acceleration to
estimate weight during take-off. However, there are significant differences in the implemen-
tation. Our model has no prior knowledge of the aircraft and only uses previous take-off
data. Furthermore, our model requires no hardware such as an accelerometer and can be

used in various aircraft with no changes.



CHAPTER 5

Discussion

5.1 Conclusion

This paper discussed declarative extensions to PILOTS to learn models from data.
Our extensions allow users of PILOTS to create systems using machine learning algorithms
quickly and easily without a strong background in programming. Furthermore, it allows for
users with a background in programming to easily integrate machine learning algorithms into
PILOTS. We also proposed further extensions which allow for distributed machine learning
and the use of ensemble models. These features in PILOTS are more declarative and model-
agnostic than other similar domain specific languages and libraries. These tools can be used
to make systems where aircraft train models collaboratively and create ensemble models
based on the results from values proposed by other aircraft.

We also discussed our method of data-driven aircraft weight estimation. Our method
can be used on nearly any aircraft with no additional hardware and provides useful results to
the pilot in real-time during take-off. We showed that our method is capable of preventing
accidents such as the August 2014 N4207P accident where an overweight condition caused

the aircraft to crash shortly after take-off.

5.2 Future Directions

The ability of PILOTS to learn models from data has many possible improvements.
Firstly, efforts can be made to implement our proposed features for federated learning and
ensemble methods. Furthermore, each machine learning algorithm is limited in its ability to
be adjusted by the training grammar. Currently, only boolean and numeric settings can be
adjusted whereas the ability to enter expressions that will be used by the model or vectors
could be useful to improve the clarity of the code.

Our weight estimation model was trained on data from small fixed-wing single-engine
aircraft. Further research can look at other types of aircraft, such as larger multi-engine
aircraft and commercial jets, and see if our model can produce accurate results before take-off

decision speed. Appendix A shows example velocity curves for other aircraft. Furthermore,
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the ability to take wind into account would also greatly improve the usefulness of the model
in real-world applications.

Another avenue for future work is looking into creating an ensemble system to estimate
weight during all phases of flight such as climbing, descending, landing, and turning. Even
taxiing could also potentially provide enough information to detect errors. Besides overweight
conditions, such a model would also be able to detect certain failures of the aircraft. For
example: fuel leaking which decreases aircraft weight, an engine failure which decreases
thrust, or wing surfaces icing which decreases lift. The exact source of such an error may
not always be able to be determined; however, being able to alert the pilot to an error is
critical to maintaining safety:.

In data-driven systems, there is a lot of inherent randomness and uncertainty: sensor
errors, communication delays and failures, and much more. Without the ability to maintain
correctness in these conditions, an application is not useful in the real world. However, it is
unfeasible to be able to be correct in all possible types of conditions, due to computational,
temporal, or model-based constraints. Making models that have a clearly defined envelope
of correctness allows the user, or other applications, to know when the result may not be
correct. Furthermore, modeling this uncertainty can also be useful to know when one model
is producing a more correct output. Ensuring transparency of models is important to improve

trust of the system.
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APPENDIX A
Weight Estimation

Examples of different aircraft velocity curves.
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Figure A.1: Velocity curve of Cessna 172SP take-off from grass runway NY46.
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Figure A.2: Velocity curve of Piper PA 46 310P take-off from KALB.
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Figure A.3: Velocity curve of Boeing 777 takeoff from KALB.



