Deep Learning Methods for System ldentification of UAV

Brilian Putra Amiruddin*
Electrical Engineering, Faculty of Intelligent Electrical and Informatics Technology, Institut Teknologi Sepuluh
Nopember

Abstract- Nowadays, deep learning is the most prominent subject
in the machine learning field. With the bloom of researchers in this
field, numerous novel algorithms are used to solve everyday life
problems. The control systems field is one of the subjects that get
many impacts of machine learning emergence. System identification
of Unmanned Aerial Vehicles (UAV) is one of the control systems
problems that could be solved by using deep learning methods. In
this paper, Recurrent Neural Networks (RNNs) are applied to
identify the system of UAV. Three different models of Deep RNNs
have been tried, and the results implied that the RNNs-1 was giving
more excellent performance both on the testing MSE and RMSE
with the values equal to 0.0006 and 0.0242, successively.
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. INTRODUCTION

ATELY, both technological advancements and practical

applications of Unmanned Aerial Vehicles (UAVS) are
growing rapidly. UAV is widely used in real-world
applications such as scientific research, civil engineering,
military, area mapping, rescue operation, and risk zone
inspection [1]. UAV's real-world applications are incredibly
vast because every person in this era can easily get their own
UAV from the market or create their own UAV as they want.
One of the most used UAV types is a quadcopter. From a
control systems perspective, the quadcopter is considered the
difficult-to-model system due to its nonlinear, unstable, and
time-varying characteristics [2]. In line with that, it is
arduous to model the quadcopter system using the simple
physics law directly. Henceforth, the system identification
approach should be used because it provides convenience to
get the system's model from the experimentally collected
system’s data. On the other hand, due to the broadening and
emerging machine learning methods implementation, the task
of system identification also gets a breath of fresh air
approach. The term system identification is usually related to
building a statistical model to identify the system’s
parameters.

Still, since the machine learning methods are receiving
substantial attention, this point of view has completely
changed. In fact, both the statistical model and the machine
learning model itself can be used to identify the system, such
as quadcopter. One of the machine learning types that is
promising to get the pattern of a system is deep learning.
Moreover, nowadays, many deep learning methods are
successfully implemented to do pattern recognition and
identification of simple systems until the complex one. One
example is Deep Recurrent Neural Networks (RNNs) [3]. To

the best of the author’s knowledge, there are no such works of
literature that have compared the performance of different
RNNs models for identifying the quadcopter system. Thus, in
this paper, some deep learning methods are proposed and
utilized to identify the quadcopter UAV system. After the
results were obtained, then the models' performance was
compared to get the best way of identifying the quadcopter
system using deep learning methods.

Il. METHODS

A. UAV Quadcopter Model

The UAV quadcopter model which used in this experiment
is the Parrot Mambo quadcopter, manufactured by Parrot SA.
The quadcopter has many different types of sensors including
a camera, ultrasonic, and Inertial Measurement Unit (IMU).
Basically there are 12 system states relied on the quadcopter
system as in (1) [4]
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where [* ¥ =] are the position coordinates of the
quadcopter with respect to the global frame, and [6 ¢ ]
are the Euler angles or orientation of the quadcopter (Pitch,
Roll, and Yaw). The dot sign denotes the first differentiation
of each system’s state.

B. Datasets and System Identification

The experimental dataset of the quadcopter is directly
collected using the Parrot Mambo quadcopter model’s
Simulink simulation environment with the sampling time of
0.005 s by letting the quadcopter follows the orbit trajectory
with an altitude of 1 m for more or less 95 seconds. The
dataset is not collected directly from the real Mambo
quadcopter due to some technical difficulties and issues. The
total data gathered from the simulation is equal to 19056
data. The data collected from the simulation was consists of
the altitude data, the Euler angles rate data, and thrust data
(each thrust and total thrust data).

The system identification task of a UAV quadcopter is
divided into two tasks. First, the SISO model identification
task which identifies the altitude of the quadcopter by
employing total thrust data and the delayed altitude data as
the input. Second, the MIMO model identification task that
uses delayed Euler angles rate data and four thrusts data as
input for identifying the Euler angles rate or velocity (Pitch,
Yaw, Roll). The system identification itself is playing a



crucial role in control systems development. Without an
accurate model, the controller design will be got a problem
especially if the developed controller is a model-based
controller.

C. Deep Learning Models

There are 3 deep learning models utilized in this
experiment, namely RNNs-1, RNNs-2, and RNNs-3. Each
model consists of Recurrent Neural Networks (RNNs) with
different layers’ depth and ended with Fully Connected
Layers with Linear Activation Function on the output layer.
The RNNs-1 is having 6 stacks of RNNs layers with the
hidden units number (500, 300, 200, 100, 50, and 20), RNNs-
2 employs 7 stacks of RNNs layers with the hidden units
number (650, 400, 300, 250, 100, 50, and 20) and 8 stacks of
RNNs with the number of units (750, 500, 400, 350, 200,
100, 50, and 20) on the RNNs-3 model. The input and output
layer size depends on the identification task.

For SISO the output layer has 1 output and for MIMO the
output layer has 3 output. The RNN models’ depth was varied
to acquire the effects of the deeper layers towards the
identification of UAV systems. The model is trained using
Stochastic Gradient Descent optimizer with the learning rate
of 10e-4 and the Huber Loss Function for the objective
function [5]. Then after the model was trained, the model is
validated using 2-Folds Cross-Validation to get each model
performance according to the Mean-Squared-Error (MSE)
and Root-Mean-Squared-Error (RMSE) metrics. The training
batch size number which utilized during training and testing
in this experiment is 32.

I1l. RESULTS AND DISCUSSION

The results of the experiment show that the RNNs-1 model
achieved the best results both in the training and testing
metrics (RMSE and MSE) compared to the other models. The
RNNs-1 averaged testing MSE and RMSE are 0.0254 and
0.0007 which is almost zero. This result implies that the
RNNs-1 model is excellent in identifying the quadcopter
system. Table | shows the averaged RMSE and MSE of all
identification tasks. Interestingly, the RNNs-2 and RNNs-3
were also performed very well on every identification task
although the performance is not as superb as the RNNs-1
model. Fig.1 shows the results graph of all identification tasks
(SISO and MIMO). The plot shows that all of the models
were well-fitted to the quadcopter’s dataset.

TABLE |
AVERAGED MSE AND RMSE FOR ALL IDENTIFICATION CASES
Model Té:jlﬂsigg E\S/f ISnlg T';\jiglizng Testing MSE
RNN-1 0.0242 0.0254 0.0006 0.0007
RNN-2 0.0300 0.0300 0.0011 0.0011
RNN-3 0.0353 0.0329 0.0015 0.0013
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Fig. 1. Quadcopter UAV System Identification Results using the RNNs Models

Furthermore, the results also show that the deeper network
did not always perform better than the shallower one. The
RNNs-1 only has 6 stacks of RNNs layer and on the other
hand, the RNNs-2 and the RNNs-3 are having more stacks of
RNNs layers than the RNNs-1 but they did not perform better
than the RNNs-1.

IV. CONCLUSIONS AND FUTURE WORK

To sum up, this paper presents the identification of the
UAV quadcopter system using several different deep learning
methods, precisely the Deep Recurrent Neural Networks
(RNNs) with three different models namely, RNNs-1, RNNs-
2, and RNNs-3. The experiment shows that the RNNs-1
model is the top-performing model with the minimal both in
MSE and RMSE metrics. The results also implied that the
deeper networks did not always perform better than the
shallower one. Because the performance of the model is very
depending on the dataset and the hyperparameters which used
not only on the architecture.

In the future, the hyperparameters choosing and tuning for
each model will be considered further, so, the learning rate
will vary for each model. Also, the identified model from this
experiment will be used to design a flight controller for the
Parrot Mambo quadcopter using the learning-based control
approach and model-based controller, thus the quadcopter can
be controlled using our designed controller.
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