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Abstract
Detecting the type of an airborne vehicle, such as an air plane or helicopter, spotted
by a radar, can be very time consuming and expensive if done by examining sensor
outputs. This might cause a problem if a potential threat has been detected since
the type, and thereafter identity, of a vehicle must be determined rapidly.

This thesis investigates the possibility of classifying jets and helicopters from raw
video, collected by a conventional surveillance radar, using a neural network. The
raw video is transformed from the time domain into the frequency domain using Fast
Fourier Transformation and then plotted as either spectrograms or range doppler
plots. In order to remove noise, the plots are filtered using the unsupervised algo-
rithm k-means clustering. Different neural networks such as convolutional neural
network (CNN), recurrent neural network (RNN) and convolutional recurrent neu-
ral network (CRNN) are then trained and evaluated on the plots remaining after
filtering. The plots are treated as images by the network.

The results show that the CNN model trained on range doppler plots performs
the best with a test accuracy of 90% and a validation accuracy of 83%. Our conclu-
sion from this work is that it seems to be possible for a CNN to distinguish jets from
helicopters when it is fed with images of Fast Fourier Transformed raw video, but
some more research has to be done. Mainly, the model must be trained and tested
on more data. The contribution this thesis provides is not only that it seems to
be possible to classify jets and helicopters from raw video data in almost real time,
depending on the performance of the computer being used, but also that it seems
to be possible to receive a great accuracy when using a CNN for solving the task.

Keywords: Computer, science, computer science, engineering, project, thesis, time
series classification, CNN, RNN, k-means clustering.
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Word list
ADS-B signal Automatic Dependent Surveillance-Broadcast signal

A signal for carrying information about an airborne vehicle, such as its vehicle
type and position.

FT Fourier Transform
A method for transforming a continuous signal from the time domain into the
frequency domain.

FFT Fast Fourier Transform
A computationally efficient method for transforming a discrete signal from the
time domain into the frequency domain. It calculates DFT.

DFT Discrete Fourier Transform
It describes what is calculated using FFT.

STFT Short-time Fourier Transform
It applies FT on windows of the data and hence, creates spectrograms.

RNN Recurrent Neural Network
A neural network type which uses gained knowledge from previous iterations.

LSTM Long Short-Term Memory
A RNN type which filters information gained in previous iterations by using
cell states and gates.

GRU Gated Recurrent Units
Similar to LSTM, but it does not use cell states and has different gates.

CNN Convolutional Neural Network
A neural network type which uses filters on input data to extract features.

CRNN Convolutional Recurrent Neural Network
A combined convolutional and recurrent neural network. It can also include
LSTM or GRU.
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1
Introduction

Radar has been used for decades [3] to discover and track vehicles such as air planes
and helicopters. Today, radar is amongst other things used for surveiling territo-
ries with aim of discovering, classifying and thereafter identifying vehicles, including
airborne ones. Being able to classify tracked airborne vehicles – air tracks – is im-
portant in itself, but it is also important to perform it as fast as possible. This is so
that decisions on possible actions can be promptly taken from the knowledge about
the vehicle’s identity and intention, especially if it is a potential threat. Analysing
radar signals and output from sensors is not only expensive, but also very time
consuming. Thus, finding a way to classify airborne vehicles rapidly and with high
precision, in order to later on be able to identify it as friendly is of great interest.

Classifying objects fast has been a popular topic for years [4], [5], [6]. Previously,
many experiments and investigations in the area of audio classification have been
carried out. Audio classification is similar in essence to the classification problem
considered in this project since both use time series data, originally located in the
time domain. Many conventional techniques rely on first transforming the data from
the time domain to the frequency domain using a Fourier Transform and thereby
forming spectrograms which can be treated as images. These techniques have had
encouraging results, see Chapter 3.

In addition, using different types of machine learning techniques for classifying audio
signals has been previously investigated, as presented in Chapter 3. These attempts
show that using only convolutional neural networks for classifying sounds results
in worse performance in addition to long training times, compared to using for in-
stance recurrent neural networks. Recurrent neural networks show great potential
for classifying time series. However, convolutional neural networks usually perform
well on image classification.

1.1 Thesis statement and contribution
This thesis continues the research in the area of time series classification by inves-
tigating the possibility of classifying airborne vehicles in real time. This is done by
using a neural network and raw video data received from a conventional surveillance
radar as input. The input to the classifier consists of plotted 2D data arrays pro-
duced from the raw video data, which is further described in Section 2.2.1 and 2.2.2.
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1. Introduction

Several different methods for signal preprocessing, but mainly techniques for ma-
chine learning and artificial intelligence were investigated and compared. This in
order to find the combination of signal processing steps and a machine learning
method that resulted in the fastest and the most accurate model.

This thesis was done in collaboration with Saab Surveillance.

1.2 Ethical considerations
There are a few ethical issues to consider. Firstly, even though letting a neural
network classify detected objects has benefits in terms of speed, only relying on it
might be risky. Even if the classifier predicts correctly in most cases, it will never
be perfect and therefore it is important to not let it decide completely on its own.
The classifier can consist as a decision basis by suggesting classifications, which in
turn are used when deciding actions, but a human should always have the final say
and not blindly rely on the classifier.

Moreover, as often when using artificial intelligence and training a neural network
for automatically classifying objects and computing predictions, the network created
can potentially replace one or more humans. Thereby, fewer employees in surveiling
and analysing radar data might be needed. On the other hand, all systems need
maintenance, support and further development when technologies are changed and
new ones are added, and the work in this thesis is no exception. Therefore, the
demand for employees would likely remain unchanged or perhaps even increase in
this area. Furthermore, letting a neural network classify results in more accurate
predictions in a short amount of time.

2



2
Theory

This chapter describes the theory needed to carry out the project’s different imple-
mentation and investigation tasks. The chapter is divided in the same way as the
implementation is. It starts with a background about the data and how to process
it before usage and concludes with a description of the classification techniques in-
vestigated in this work and how to handle imbalanced data. Imbalanced data was
a huge problem in this thesis. All described methods presented in this chapter have
been used in similar contexts in related work. How they have been used previously
is presented in Chapter 3.

An important reservation is that this chapter’s purpose is mainly to refresh terms
and concepts related to this thesis and as a result does not include in-depth details.

2.1 ADS-B signal

The data used for this thesis is recorded from a radar and marked with different
information about the discovered object, known as the ADS-B signal. ADS-B stands
for Automatic Dependent Surveillance-Broadcast and is a technique used in aviation
to get information about the object the signal is broadcasted from. Examples of
such information is identity, velocity, altitude and position. [7] The ADS-B signal
can for instance be used for retrieving the type of an airborne vehicle, in other words
if it is a helicopter or jet for example, which is used to label the data.

The ADS-B signal is sent using Mode-S signalling schemes, employing automati-
cally and periodically sent messages. Mode-S is an aviation transponder interroga-
tion mode and it helps ensure that the transponder of the aircraft’s radio system is
only contacted and interrogated when necessary. [8]

2.2 Signal processing

The following sections describes different tools and techniques used for preprocessing
the data and the radar echoes (time series) it contains in order to create range
doppler plots and spectrograms to be used as input data to the neural networks.
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2. Theory

2.2.1 Range doppler plots

Doppler effect, also known as doppler shift, describes how the frequency of a wave
travelling from or towards or reflected by an object changes as the object is moving.
When the object is moving, the wave fronts in front of the object will compress and
the frequency increases, whilst the wave fronts behind will spread out and the fre-
quency decreases. This is illustrated in Figure 2.1 below. The change in frequency
is due to its relation to wavelength; they are inverse proportional. The doppler shift
increases with the object’s speed. [9]

Figure 2.1: The figure to the left shows an object, illustrated by a grey square,
standing still. This causes the waves to be evenly spread out around the object.
In the figure on the right, on the other hand, the object is moving right and as a
result, the wave fronts on the right become compressed, whilst the waves on the left
are more spread out. This is known as the doppler effect. This is seen from the
non-moving person’s perspective in the two figures.

When using radars, doppler shifts are created because of the movement of both the
radar and the target object reflecting the wave radiated from the radar. If the object
travels towards the radar the wave is compressed, whilst when it is travelling away
it is spread out. An important note is that the ground causes no doppler effect when
using a ground radar. [9] The doppler effect can be illustrated in a so called range
doppler plot which shows how the frequency is related to range and doppler, i.e.
distance and velocity. The different colours in such plot show the magnitudes of the
frequencies present. Two examples of range doppler plots formed using the data for
this thesis can be seen in Figure 2.2 below. Range doppler plots can be treated as
images and used as an input to a classifier in order to visualise differences in doppler
effect for air planes and helicopters respectively.

4



2. Theory

Figure 2.2: The figure shows range doppler plots generated from the dataset. The
leftmost is from a helicopter data sample, whilst the rightmost is from a jet data
sample. The x-axis represents doppler channels (velocity) and the y-axis range bins.
A lighter, or more yellow, colour on the image indicates a higher magnitude.

Range doppler plots are created by plotting the result of applying Fast Fourier
Transform, denoted by FFT, on time series. FFT is an algorithm for transforming a
discrete time signal [10] and calculates the Discrete Fourier Transform, or DFT for
short. A transformation from the time domain into the frequency domain is thereby
carried out and the time axis is replaced by a frequency axis. As a result, the fre-
quencies found in the signal and their respective magnitudes can be extracted. [10]

The time complexity of FFT is O(n log n), where n is the number of data points
[11], and the output a list of complex numbers forming the calculated frequencies in
the window. Each output is therefore an amplitude of a frequency bin. The range
of the frequencies present is half of the number of the sampling rate. The absolute
values of the complex values are thereafter computed, followed by normalization.
This gives a 2D matrix, where each row is a window frame number and each column
a frequency bin. The values show how strong each frequency is. [10]

2.2.2 Spectrograms
Even though there are several benefits with using FFT, there is one large drawback.
When performing the transformation and receiving the frequencies, all time infor-
mation will be lost. The consequence is that it will not be possible to say in which
order the frequencies arrived, which can cause many problems when using them.
The solution to this problem is to use spectrograms. [10]

A spectrogram is a graphical illustration of a signal which uses both time and fre-
quency information, one for each of the two axes of the plot [10]. The horizontal
axis is the time axis, whilst the vertical is the frequency axis. In the origin the oldest
and lowest frequency is found and from there towards the positive side of the two
axes the time and frequency increases. [12] The magnitude or amplitude is shown
in the plot by using colours. The brighter the colour, the stronger frequency. [10]
Spectrograms are created by dividing the signal into windows and then computing
DFT for each window by using FFT, followed by combining the computations. This

5



2. Theory

is known as applying Short-time Fourier Transform, or STFT, on the signal. [11]
Each window represents a time index and contains frequencies. How many windows
to divide the signal into varies from problem to problem. Preferably, the windows
should overlap to make sure no frequencies are missed. Usually there is an overlap
of 25% to 75%. [10] Finally, the combined results are plotted in order to create a
spectrogram [11].

Before using FFT, a weighting window such as hamming is applied. The weighting
window’s purpose is to handle discontinuity of the signal [10], which in turn emerges
from dividing the signal into windows. Examples of spectrograms are shown in
Figure 2.3.

Figure 2.3: The figure shows spectrograms generated from the dataset. The left-
most is from a helicopter data sample, whilst the rightmost is from a jet data sample.
The x-axis represents time and the y-axis frequency. A lighter, or more yellow, colour
on the image indicates a higher magnitude.

A great benefit with spectrograms is that they can be interpreted as images and
therefore methods for image classification, for instance neural networks, can be used
[11].

2.3 Classification techniques in machine learning

Machine learning is about learning from data and iteratively improving the pre-
diction of the output, without explicitly programming it. One of its uses is in the
area classification and it includes several methods that can be used for classifying
airborne vehicles. [13]

This section describes the classification techniques investigated in this project, even
though there are other methods as well. Firstly, there is a short introduction to
neural networks, followed by a more thorough description of the methods to be in-
vestigated and applied. Finally, ways to handle imbalanced datasets, such as the
one used for this thesis, are presented.
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2. Theory

2.3.1 Supervised and unsupervised learning
Supervised learning is about training on a dataset where the data points are already
marked with the correct classification or ground truth [14]. Such a dataset is denoted
as a labelled dataset [15]. Supervised learning has been shown to be efficient for
solving different kinds of tasks, including classification and prediction problems [14].

Unsupervised learning is often used in cluster analysis and for discovering patterns
in datasets which are not labelled, denoted as unlabelled datasets [16].

2.3.2 k-means clustering
k-means clustering is an unsupervised machine learning algorithm for forming a, by
the variable k, specified number of groups from an unlabelled dataset according to
similar features of the data points it contains. The algorithm forms k centroids with
random positions to start with and then iteratively updates their position as it is
adjusting which data points that appear to be similar and not. This optimization
is completed when the centroids are no longer moving or a pre-defined number of
iterations have been run. [17] An example of a before and after picture illustrating
the effect of k-means clustering is shown in Figure 2.4 below.

Figure 2.4: An example of k-means clustering with the data points plotted to the
left (before clustering) and the data points divided into two clusters (k = 2) with
one cluster for each colour on the right.

2.3.3 Neural network
A neural network is structured in three different layers. Each layer consists of one
or more nodes, which in turn consists of information for extracting features (one
feature per node) and the node’s value. The value is passed from previous nodes
and is thereafter multiplied by its weight and finally summed together with a bias.
The first layer is the input layer and where the data is given to the network for
eventually calculating and solving a given task. The middle part of the network is
called the hidden layers and is where the calculations take place. Finally there is
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the output layer which outputs the computed prediction(s). [18] The structure of
an example neural network can be seen in Figure 2.5 below.

Figure 2.5: An example neural network where each circle represents a node in the
layer. Note that the hidden layer can consist of multiple layers.

A neural network can be used for classification problems, amongst other things. The
neurons in the output layer then represent the different categories an object can be
classified as for the current task. If there are only two classes, the problem can
be formulated as a binary classification problem with only one output neuron that
gives the probability of the object belonging to the positive class. [19] Otherwise,
one output neuron per class is used.

In a neural network, the parameters and weights are updated according to two func-
tions; feed-forward and backpropagation. The feed-forward is the neural network’s
error or cost function and it can for example be the cross-entropy cost function. In
addition, a gradient descent algorithm is used to update the parameters for each iter-
ation run, but to be able to execute such an algorithm a gradient must be calculated
for the current parameters. The gradient is calculated using error backpropagation
which propagates the error backwards through the network, starting at the output
layer.

2.3.3.1 Convolutional neural network

A convolutional neural network, or CNN for short, is a neural network that applies
a kernel on the input data. The layer doing this is known as a convolutional layer.
The kernel is usually of smaller dimension than the data and moves from left to right
over the input to extract features. The kernel also reduce the data to a smaller form
which is easier to process, without losing its features. The result is known as filters.
A pooling operation is applied on subsets of the filters. The pooling operation is
used to extract dominant features which are invariant in the dimensions of rotation
and position. It also, like the kernel, reduces the dimension in order to reduce the
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amount of computational power needed. There are two types of pooling operations;
max pooling and average pooling. Max pooling takes the maximum value of a subset
whilst average pooling takes the average of a subset. To extract higher level features,
multiple convolutional and pooling layers can be applied. Lastly, a CNN contains
a fully connected layer for classification. If the data is of higher dimension than
one, the output of the pooling layer is flattened to fit the fully connected layer. [20]
Figure 2.6 shows a simple example of a CNN.

Figure 2.6: An example CNN where the dashed square on the input layer is a
kernel that swipes over the input and gives the result in the smaller dashed box in
the convolutional layer. The convolutional layer is followed by a pooling layer and
the result from the pooling layer is flatten and used as an input to a fully connected
layer. The circles represents nodes.

CNN is commonly used for image recognition, such as classification of handwritten
letters and digits. It is also used for signal processing and generating synthesised
voice. CNN constitutes the basis of Google Assistant’s voice synthesizer [21].

2.3.3.2 Recurrent neural network

Recurrent neural network, or RNN for short, is neural networks repeated after each
other, where every network gets the input data as well as information from the
previous network as input (apart from the first one which only receives the input
data). As a result, information gained and knowledge learnt in previous neural
networks in the chain are looped back to be used in the subsequent one. In other
words, the output of one such neural network uses a combination of the current
input and the previous neural network’s output. Knowledge therefore travels from
one neural network in the chain to the next. [22] RNN also has the benefit of being
able to handle multiple inputs and outputs [23]. A typical RNN is illustrated in
Figure 2.7 below, with the rectangle representing a chain of neural networks. The
loop back carries information learnt.
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Figure 2.7: An example RNN where each circle represents a node in the layer.
The network’s characteristic loop back is found in the hidden layer.

RNN has multiple uses, including speech recognition [22] and image captioning [24].
It also has several benefits – amongst others, it can learn which part of an audio
stream (frequency data) that is of use. Its two different versions LSTM and GRU,
further described in Section 2.3.3.2.1 and 2.3.3.2.2 below, give state-of-the-art re-
sults in many applications of RNNs [25]. Moreover, LSTM and GRU are able to
transmit knowledge from one layer to another without causing so-called vanishing
or exploding gradients. [26]

Since the vanilla architecture of RNN is built so that current knowledge is based
on previous information, dependency problems can occur. If the current prediction
needs to be built on a prediction made far away in the chain of networks to a high
extent, the distance can cause a problem when calculating the gradients. Either the
computed gradient is very low or very high. This is known as vanishing and ex-
ploding gradients, respectively. Vanishing gradients cause the network to not learn
anything, whilst exploding gradients result in a model that crashes. [27]

Moreover, deciding what in the past that is of interest when predicting the cur-
rent output can be rather tricky. Attention is a technique that is combined with
RNN to help overcome this issue. It also makes learning easier and improves the
performance for many different tasks. [28]

2.3.3.2.1 LSTM

LSTM stands for Long Short-Term Memory and is a solution to the short memory
problem described in 2.3.3.2. To be able to control which information to save and
which to forget, LSTM uses gates in cell states, which in turn work as the network’s
memory. The gates learn what information that is useful and what is not during
training. There are three types of gates used; forget gate, input gate, and output
gate. [25]

The forget gate makes the decisions of what is relevant information and not by
letting the input pass through a sigmoid function. A sigmoid function transforms
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the values so that they will be numbers between zero and one only. The closer to
zero a value is, the more likely it is that the information is not useful and the other
way around the closer to one a value is. [25]

The input gate, on the other hand, is used for updating the cell state by using
the previous hidden state and the current input, transformed by using a sigmoid
function. The same two inputs are also sent into a tanh function in order to make it
easier to regulate the network. The output from the sigmoid function decides what
is useful from the output of the tanh function. The output gate then decides the
next hidden state, which is used to make predictions. [25]

2.3.3.2.2 GRU

GRU is an abbreviation of Gated Recurrent Unit and is a newer version of a RNN.
It is quite similar to LSTM and also has gates, even though the gates themselves are
slightly different. Moreover, GRU does not use cell states. The two types of gates
GRU has are reset gate and update gate. The update gate works about the same
way as LSTM’s forget and input gates and hence decides what to keep and what to
forget. The reset gate’s task, on the other hand, is to determine what information
from the past to delete. [25]

The benefit of GRU over LSTM is that GRU has fewer tensor operations, resulting
in faster training. Despite this, it is not possible to say that GRU is better than
LSTM because it also depends on the problem and task to solve. Therefore, both
are usually implemented and compared before deciding which one to use. [25]

2.3.4 Overfitting and underfitting
Overfitting is a common description of a neural network model that is too well
adapted to the training data and therefore performs poorly on testing data. Un-
derfitting means that the model is not adapted well enough for the input data [29].
Both overfitting and underfitting are problems that have to be solved.

There are several ways of handling overfitted models. One way of solving it could
be using fewer features and thereby making the model less complex or increase the
regularisation parameter for instance [29]. Regularisation adds penalties during op-
timisation of the loss function [30]. For an underfitting model, the opposite can be
tested in order to improve the model [29].

2.4 Handling imbalanced datasets
In the context of machine learning and artificial intelligence, datasets with more or
less perfectly equally distributed features are wanted. Unfortunately, the datasets
are to a varying extent usually imbalanced, meaning there are more data objects
of one feature compared to another [31]. If the difference is small, this might not
be a problem. However, if it is large, the imbalanced dataset must be handled
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before being used in order to compensate for the lack of data that has one or more
specific features. There are different ways to handle an imbalanced dataset and
some common ones are described in Section 2.4.1, 2.4.2 and 2.4.3 below.

2.4.1 Sampling
There are two ways to balance an imbalanced dataset using sampling; undersam-
pling and oversampling. Undersampling is done on the majority class of the dataset,
in which samples are randomly selected to make the number of samples match the
size of the minority class. The selected samples will be used in the dataset and
the non-selected are discarded. This can be carried out when the minority class is
large enough to be used. The disadvantage of undersampling is that useful data is
thrown away and the dataset becomes smaller, which might affect the training of a
classifier. [31, 32]

Oversampling is the opposite of undersampling. When oversampling, samples of
the minority class are copied until the number of samples matches the size of the
majority class. The advantage of oversampling is the increase in size of the dataset.
However, since there will be copies of the datasamples, overfitting is more likely
[31, 32].

2.4.2 Cost-Sensitive Learning
When training a classifier, the misclassifications are often equally costly, i.e. mis-
classifying one class is just as bad as misclassifying another. As a consequence, the
classifier will adapt towards the majority class of the imbalanced dataset. This can
be fixed by adding a cost function that gives a higher value when misclassifying
a sample from the minority class compared to the majority class. This is known
as adding class weights. As a result, the classifier will be forced to prioritise the
minority class more [32].

2.4.3 Data Augmentation
Data augmentation is a way to increase the size of a dataset without collecting more
data. This is done by modifying samples in the data. Images, for instance, can be
rotated, flipped and magnified, which has been shown to increase the accuracy of
the classifier [33].

When rotating an image of for example a digit, the digit will remain. However,
for time series it is not possible to easily tell if the data remains or is completely
changed when such a transformation is applied [34]. What can be used for time
series data is window slicing. Window slicing is when the data sample is split into
two subsamples and each subsample is treated independent of the other. Another
advantage with window slicing is that it makes sure all the data is of the same length
[35].
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Related work

This chapter contains approaches from related work and presents the methods used
as well as the results that were achieved. The related work composed the foundation
of the investigation of this thesis, as well as for the choice of technique for the
implementation.

3.1 Signal processing
Below, results that have been achieved, as well as advantages and disadvantages of
different approaches for signal processing of time series for usage in classification,
are presented.

3.1.1 Fourier Transform
In the context of computer vision, faster classification of images in neural networks
has proven to be possible by using FT as a preprocessing step on the images used
as the data [4], [5]. Moreover, it has been carried out without decreasing accuracy [5].

The great improvement in terms of speed is also emphasised in Mathieu et al.’s
[36] and Rippel et al.’s respective work [37]. Mathieu et al.’s work is based on using
convolutionals as products in the frequency domain as well as reusing feature maps
multiple times. In addition, Rippel et al. demonstrated in their work the boost in ef-
ficiency when creating spectral representations in the frequency domain and claimed
that using Fourier functions leads to faster convergence in the optimisation part [37].

Even though the results above were achieved when applying Fourier transforms
on images and not on time series, it is still possible that a similar effect could be
achieved for time series. This is since both cases make use of the Fourier transform,
plot the result of it and treat the plots as images in a neural network.

3.1.2 Conversion into spectrogram
CNN is optimal for image recognition. In the article Audio Classification Using
CNN — An Experiment [12] the author described an experiment that used speech
data as input to a CNN. The experiment was carried out by first converting all
the audio files into spectrograms and then training the network on those plots. The
conversion was done by application of STFT. Thereafter, each resulting window was
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plotted as a vertical line in the spectrogram. They trained two networks, one on
the spectrograms and one on the plain audio files. The result had an accuracy of
97% for the spectrogram compared to an accuracy of 94% for the plain audio model.
This is related to our work since the data to be classified consists of time series.

In addition, Salamon et al. claim in the paper Unsupervised feature learning for
urban sound classification [38] that using raw audio signals as input to a classifier
does not only result in a very high dimensionality, but also that similar sounds
might not be seen as related. As a result, they suggest transforming the signal into
a spectrogram before feeding it to a classifier.

As mentioned in Section 2.2.2, spectrograms can be used the same way as images.
This led to the insight that examples from image classification and their respective
accuracies gained can be studied and compared further. This knowledge is used to
a high extent in the following sections.

3.2 Neural networks in machine learning
There are three different kinds of neural networks that are studied in this thesis.
Achieved effectiveness and performance in related work is described in the sections
below. These measurement values show the potential and usage of each network
architecture in the context of time series as input and for the purpose of solving
classification tasks.

3.2.1 Convolutional neural network
Several attempts at classifying different types of audio streams and sounds using
CNN have been made throughout the years. A paper written by Piczak [39] eval-
uated the potential of using CNN for classifying environmental sound. The results
obtained showed high performance, despite limited datasets and usage of simple
data augmentation. The mean accuracy for the model which gave the highest ac-
curacy was around 80% and data that had been converted into spectrograms had
been used. One of the conclusions drawn by the author in the paper was that for
the case of classifying sounds in the city, simple methods for data augmentation did
not improve the accuracy a lot, but mainly just increased the training time.

Furthermore, similar accuracies as for Piczk’s experiment were obtained by Sala-
mon et al. [38]. They tried classifying urban sounds using unsupervised learning,
but achieved an accuracy of no higher than around 73.6%. Before classification, the
data was transformed into spectrograms.

In contrast to Piczak’s conclusion about data augmentation for urban sounds, Sala-
mon et al. got state-of-the-art accuracies when applying it for classifying environ-
mental sounds in another experiment [40]. A mean accuracy of approximately 79%
was obtained in that test.
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Moreover, in Classifying environmental sounds using image recognition networks
[41], V. Boddapati et al. classified environmental sounds by transforming the data
into three different image representations; spectrograms, mel-frequency cepstral co-
efficients and cross recurrence plots. The classification was carried out using AlexNet
and GoogLeNet which are two well-known CNNs for image recognition. Lastly, they
implemented a CRNN. The best result was obtained from a combination of spec-
trograms and GoogLeNet, which gave an accuracy of 91%.

3.2.2 Recurrent neural network
Kouba et al. trained a RNN to classify radar targets into five classes from a sequence
of radar signatures [42]. The radar signatures were described by the estimated target
azimuth, the estimated target width and four noisy amplitude values. The network
achieved an accuracy of 96% on a test set. However, the radar signatures were gen-
erated and not extracted from a real scenario.

In addition, Xu et al. used CNNs for extracting features from mel-filter banks
(MFBs), spectrograms, and raw waveforms for the purpose of classifying audio
[43]. The resulting image representations were then fed into a GRU. The result-
ing model was tested in Detection and Classification of Acoustic Scenes and Events
2016 (DCASE 2016) challenge with great results; the equal error rate, or EER for
short, obtained for the development dataset was 0.11 when not using spatial features.
When using spatial features they achieved an EER value of 0.10 and a comparable
result for raw waveforms. For the evaluation dataset they gained 0.12 as the EER
value, which can be compared to the previously best value 0.15.

3.2.3 Convolutional recurrent neural network
Many human-computer interfaces such as Google Assistant and Apple’s Siri usu-
ally run in the cloud due to the heavy computation required for speech recognition
[44]. In Aneural attention model for speech command recognition [44], Coimbra
de Andrade et al. introduced a lightweight convolutional recurrent neural network
(CRNN) with attention for the purpose of processing simple commands, such as
"stop" and "go", locally. The input to their model was 1s long raw WAV-files, from
which spectrograms were created using DFT. Their resulting attention-CRNN model
had an accuracy of 94.5% for one test and 93.9% for another, which were signifi-
cantly better than the ones compared against.

Moreover, a CRNN was used for solving the task of identifying emergency sounds
and detecting the time at which it was identified as part of a competition. The
CRNN and its results was presented in a paper written by Lim et al. [45]. When
creating the CRNN, a one-dimensional CNN and a RNN with LSTM were used.
On the development set Lim et al. achieved an error rate of 0.07 and a F1-score of
96.26. For the evaluation dataset they got almost equally good results. 0.13 and
93.1 for the error rate and F1-score respectively were obtained.
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3.3 Handling imbalanced datasets
As mentioned in Section 2.4, a balanced dataset is preferred in order to create a
robust classifier. A related project to this one was done in Joakim Strandberg’s
master thesis [46]. His problem was to classify radar echos into two different classes
using different machine learning approaches and by studying movement patterns of
tracks already created from the data. The dataset given was quite small and im-
balanced, where one class had 100 samples and the other 30 samples. However, the
data samples, which were in the time domain, were fairly long. Therefore, in order
to increase the size of the dataset and make it more balanced, samples were split
into several non-overlapping subsamples.

Moreover, sampling as well as cost-sensitive learning have been presented as po-
tential solutions to imbalanced datasets for classification problems [47], which show
possible areas of usage for both techniques. Which of the two that performs best is,
however, not clear according to Weiss et al. [32]. They claim that they are fairly
equal, but that cost-sensitive learning performs a little better on larger datasets (in
their experiments 10000 samples were used), whilst oversampling is better to use
when having small datasets, even though oversampling increases the risk of overfit-
ting.

In addition, data augmentation has been tried in several experiments for handling
imbalanced datasets. However, the impact it has on the accuracy relative to the
training time varies a lot, as can be seen in Section 3.2.1.
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This thesis aimed to find a combination of useful signal processing steps and a classi-
fier for making fast and accurate predictions on radar echoes. This chapter describes
the choices made for the implementation part, with a foundation in theory and re-
lated work, see chapter 2 and 3, as well as studies about possible different techniques
and approaches. It also describes the implementation itself and parameter choices.

In general, airborne vehicles may include several different types of objects, including
different types of air planes, helicopters and unmanned aerial vehicles (UAV). In this
thesis, the focus is only on jets and helicopters due to the time constraints. For the
same reason, missiles are not classified or handled either. Including missiles, and all
different types of objects regarded as airborne vehicles when classifying radar echoes
can, however, be an alternative in future work.

The data used was three dimensional and the three dimensions are bearing (hori-
zontal angle), range bins (distance interval) and lobes (height) seen from the radar’s
perspective. In this project, only one lobe has been used – the one with the tar-
get in. This gives a two dimensional matrix where each value corresponds to the
amplitude and phase of the returned echo from the pulse. A high amplitude indi-
cates that there is a target there. The bearing axis can in some way be seen as
a time axis, since the radar echoes are collected as the radar is rotating and send-
ing out pulses. Thereby, it is possible to form range doppler plots and spectrograms.

In addition, the data used was already prepared to some extent for this thesis.
The data had been marked using the ADS-B signal, which is described further in
section 2.1. As a result, all the training data was labelled with its correct class.

In the implementation part of the project, Python and its standard libraries, such
as sklearn and Keras (included under Tensorflow), were used.

4.1 Signal processing
Since neural networks perform best, in terms of classification accuracy and efficiency
when training on images, range doppler plots and spectrograms were chosen as input
data to the classifiers tested in this thesis. The spectrograms, as well as the range
doppler plots, were created from radar echoes. A more thorough motivation as well
as a description of how this was done is given below.
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4.1.1 Choice of technique
As Salamon et al. explained in their paper Unsupervised feature learning for urban
sound classification [38], converting the data from the time domain to the frequency
domain is ideal. Many different experiments and research about classifying audio
have been made and almost all of them share the insight that converting the sig-
nals into spectrograms gives a better result (see Section 3.1.2). However, creating
spectrograms takes a lot of data and in this project there was not quite enough. As
a result, spectrograms were produced in order to see some of their potential, even
though their full capacity could not be reached.

Moreover, due to the shortage of pulses for each sample, colormaps showing the
range doppler plots were also created. Range doppler plots were tested since they
demand less data compared to spectrograms to be good. One drawback with range
doppler plots compared to spectrograms is that they are not as detailed and therefore
might result in worse classifications.

4.1.2 Implementation
To be able to generate the range doppler plots, the data was first filtered with a
MTI-filter (Moving Target Indication-filter). The filter separates moving from non-
moving targets, like the ground, in radar echoes in order to then be able to remove
the non-moving ones. Thereafter, FFT was applied on the bearing axis of the data.
The FFT function used came from a Python standard library named SciPy. The
result from the FFT was plotted as range doppler plots and saved as images. Ex-
amples of such plots, generated from the dataset, can be seen in Figure 2.2.

To generate spectrograms the range axis is replaced with a time axis and there-
fore only one range bin can be used. Since it was unknown in which range bin the
target was in, all the bins were summed together. An MTI-filter was also used before
spectrograms were created from the data. After filtering, SciPy’s spectrogram func-
tion was applied, together with adjustment of the arguments to the function. The
different settings that were tested were oversampling the data, how large window
to apply the FFT on and what type of window to apply. Oversampling resulted in
no difference, whilst varying the window size gave different spectrograms, but more
or less the same result when classifying, regardless of the window size. Changing
the window type, however, gave varying results and the best was obtained when
using ’hamming’. The result from the spectrogram function was plotted and saved
as images. Examples of created spectrograms can be seen in Figure 2.3.

4.2 Preprocessing of the dataset
The dataset consisted of raw video data, or radar echoes, and showed discovered
jets and helicopters. It also included ADS-B signals, as mentioned before. All of
the information contained in the signal was not of use for the thesis statement in
this project and as a result it had to be filtered. In addition, all generated images
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were normalized by first rescaling the images so that all of them had mean 0 and
variance 1. Thereafter, all images were resized to the same size. This was done to
be able to classify them.

On top of this, the dataset was small and imbalanced and included many more
jets than helicopters, which had to be compensated for. The technique used to
make the dataset more balanced is described in Section 4.2.2.

4.2.1 Handling noisy data

Noisy data is in this thesis interpreted as data without any targets in it, or with
unidentifiable targets in it, such as echoes from the ground or other surroundings.
In this dataset there was a lot of noisy data, which does not make the dataset
optimal to train a network on. This is since the network will classify the noise as for
example a jet when the noise actually should be classified as an unidentified object.
An example of a noisy range doppler plot and a spectrogram is given in Figure 4.1
below.

Figure 4.1: To the left is an example of a noisy range doppler plot and to the
right a noisy spectrogram, both generated from the dataset used in this thesis. The
velocity is represented on the x-axis and range on the y-axis of the range doppler
plot. For the spectrogram, the x-axis shows the time dimension and y-axis the
frequencies.

In order to handle this, the k-means clustering algorithm, which is described in
Section 2.3.2 was used. Plots were formed from all the data and then fed to the
algorithm. Given that k-means clustering is an unsupervised machine learning al-
gorithm, it will only cluster according to the data and not the label. Hence, the
data was put into k clusters, where k was set to 2. Only one class was fed to the
algorithm at a time and the algorithm split the data into two categories; ’good data’
and ’noisy data’, independently of the labels of the data, by studying the patterns
and structures of the images. Some of the noise data was put back to the dataset but
with the label ’noise’ instead of its original label. This implicated that the resulting
dataset consisted of three classes; jet, helicopter, and noise.
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4.2.2 Handling imbalanced data

The selected technique for handling the imbalanced dataset was cost-sensitive learn-
ing, or in other words using a cost function to increase the number of predictions of
the minority class helicopters. There was approximately 32000 recorded jet samples
in the original dataset, but only 3600 helicopter samples and after filtering only
around 7200 jet and 1300 helicopter samples remained. The reason for why cost-
sensitive learning was selected was that it is a common way of handling imbalanced
datasets and, as the literature study shows (see Section 3.3) is useful for classifica-
tion problems.

Furthermore, data augmentation has not been used in this project even though
it could be useful for an imbalanced dataset. This is because plots of spectrogram
and range doppler are not regular images. Regular images are invariant under the
transformation of mirroring, translation and rotation, which is not the case for the
plots in this project. Since a range doppler plot or spectrogram is not invariant in
this way, these kinds of transformations would create a plot with different informa-
tion.

Moreover, since the dataset was relatively small, there was a high risk of over-
fitting the model. Thus, sampling was not used to produce a larger dataset as it
most likely would cause even more overfitting of the model.

4.3 Creating the neural networks

Several different kinds of neural networks were implemented and evaluated during
the project. Which ones as well as a motivation of hyperparameter choices made
are provided in the following sections. All models were tuned by testing.

4.3.1 Choice of classifier

From the results of experiments on data structures similar to the one in this project,
presented in Section 3.2.1, 3.2.2 and 3.2.3, the conclusion that RNN or CRNN will
most likely perform the best can be drawn. In this thesis it was decided to test RNN
and CRNN, but also CNN.

The choice of using RNN and CRNN was due to two reasons. Firstly, the high
accuracies obtained in related work showed great potential for RNN. Secondly, se-
quences of data (in this case sequences of images) can be fed to RNNs, which might
improve accuracy. The different versions of RNNs that were implemented and com-
pared were LSTM and GRU (see Section 3.2.2) as well as CRNN using LSTM and
CRNN using GRU (see Section 3.2.3). In addition, a CNN was implemented de-
spite the poor performance results in related work. The reason for why it was still
implemented was that CNN is outstanding in image classification.
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4.3.2 Implementation

The selected loss function for all tested models was categorical cross-entropy since
it can be used for classifying multiple classes. There are two versions of the cross-
entropy function; sparse and non-sparse and the difference between them is the form
of the input. Sparse takes only an integer, which symbolises the class of the sample,
as input, whilst non-sparse takes an array where the class of the sample is marked
with 1 and the other values are set to zero. [48]

Moreover, the optimizer was the same for all models. The selected optimizer was
Adam. The optimizers Adadelta and RMSprop were also tested, but Adam per-
formed best and was therefore used for all models. Adam is an update to the
RMSProp optimizer and also includes momentum [49]. The standard settings with
a learning rate of 0.001 were used in the implementation.

Also, in the final layer of each model, the activation function softmax was used.
Softmax was used since it makes sure the final probabilities in the output layers
sum to one, which otherwise might not be the case when classifying multiple classes
and having one output neuron for each class [19].

4.4 Evaluation

Several methods were used when evaluating the implementation and the resulting
classifier. The classification error achieved when passing the test data through the
network was studied. If an accuracy of approximately 90% or more was obtained,
the network was seen as good.

In addition, the optimal classification rate for the network was to be able to classify
around 1000 samples per second on a computer with typical laptop performance.
This was not a strict demand, though. The running time for testing the model was
also measured for the different models implemented.

Moreover, a confusion matrix was used for evaluating the classifiers. A confusion
matrix measures performance and effectiveness of a classifier with an input of two
or more classes. The matrix shows four different cases of a prediction. Either the
classification is predicted to be positive and it is (referred to as true positive) or it
is not (referred to as false positive), but the classification could also be predicted to
be negative and that could also be either true (referred to as true negative) or false
(referred to as false negative). [50] This is illustrated in Figure 4.2 below.
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Figure 4.2: A confusion matrix used to evaluate performance for a model.

There are five different calculations that can be carried out from a confusion matrix;
the recall, precision, accuracy, error rate, and F-score, which are calculated according
to equation 4.1, 4.2, 4.3, 4.4 (and its rewritten form in equation 4.5) and 4.6. In the
equations, true positive is denoted as TP, false positive as FP, false negative as FN
and true negative as TN. [51, 50] The best possible value for each of them, apart
from the error rate for which it is the other way around, is 1 whilst the worst is 0
[52, 53, 54, 55].

recall = TP

TP + FN
(4.1)

Recall is interpreted as the number of samples of the positive class that were pre-
dicted correctly. [50] For example, in the case of helicopter and jet, helicopter could
be seen as the positive class whilst jet as the negative class. Recall is in that case
the fraction of all correctly predicted helicopters over all helicopters in the dataset.

precision = TP

TP + FP
(4.2)

Precision indicates the number of samples that were correctly predicted to be posi-
tive. [50] Therefore, in the helicopter versus jet example, it would be the fraction of
all correctly predicted helicopters over all samples that were predicted as helicopters.

accuracy = TP + TN

Total number of samples
(4.3)

Accuracy is simply how many samples that were correctly predicted, independently
of class, out of the total number of classes and should ideally have a value that is as
high as possible (maximum value is 1). [50]

error rate = FP + FN

Total number of samples
(4.4)

Error rate is the same as the classification error and shows the frequency of wrong
predictions the model has done. The error rate is closely related to the accuracy
and can therefore also be written in the following way: [51]

error rate = 1 − accuracy (4.5)
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F1-score = 2 ∗ recall ∗ precision

recall + precision
(4.6)

If precision is low whilst recall is high or precision is high when recall is low, it will
be hard to evaluate the model. Therefore, F1-score is used. F1-score makes use
of harmonic mean instead of arithmetic mean and in that way penalises extreme
values, creating a comparable value. [50]
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5
Results

This chapter presents the performance results of each of the implemented and tested
models. Confusion matrices, accuracy and loss diagrams, as well as a comparison
of the final accuracies and performance metrics calculated from the confusion ma-
trices is provided. The results are analysed and discussed with regards to usability,
reliability and relevance in Section 6.1.1.

5.1 Performance results with filtering
This section presents the results for a CNN model using filtered data – that is,
data where either all or most of the noise has been removed using the unsupervised
algorithm k-means clustering. For the case where some of the bad data is kept, the
noisy data has then been marked with a noise label. The results for the models
using a filtered dataset can be compared with the ones displayed in Section 5.2.

5.1.1 CNN

Figure 5.1: The figure visualises the layers used for the CNN model.

Figure 5.1 shows the different layers of the CNN model used. Before every Conv2D
layer there is a ZeroPadding2D layer and after a BatchNormalization, a MaxPool-
ing2D and a Dropout layer. For the Conv2D the number of filters was set to 20,
the kernel size to 5 and the activation function was ReLU. For the Dense layer the
activation function was Softmax. The dropout was set to 0.3 and the pooling size to
2. The input to the model was one image at a time with size 64x64 and 3 channels
with a batch size of 30.

5.1.1.1 CNN using filtered spectrograms with noise class

The CNN architecture presented in 5.1.1 was trained on the filtered spectrogram
dataset, which made use of three classes; jet, helicopter, and noise. Table 5.1 shows a
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confusion matrix of how the model classified the test samples of the dataset. Figure
5.2 describes the accuracy and loss for each epoch during the training of the model.
It can be seen from the diagrams that the model is possibly overfitting.

Confusion matrix
Predict helicopter Predict jet Predict noise

Actual helicopter 257 152 8
Actual jet 619 1536 46

Actual noise 3 14 867

Table 5.1: The table shows that the model is good at recognising noise as well as
jets, even if it classifies many jets as helicopters. The model does not do that well
on classifying helicopters since the majority of the predicted helicopters are actually
jets.

Figure 5.2: Diagrams showing how the loss and accuracy changes for every epoch
during training and validation for a CNN model fed with filtered spectrograms,
resulting in a quite large difference between training and validation.

5.1.1.2 CNN using filtered spectrograms without noise class

The CNN architecture presented in 5.1.1 was trained on the filtered spectrogram
dataset, which made use of two classes; jet and helicopter. Table 5.2 shows a con-
fusion matrix of how the model classified the test samples of the dataset. Figure
5.3 describes the accuracy and loss for each epoch during the training of the model.
It can be seen from the diagrams that the learning is very unstable and the model
tends to overfitting.
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Confusion matrix
Predict helicopter Predict jet

Actual helicopter 152 85
Actual jet 215 1199

Table 5.2: The table shows that the model is good at recognise jets. However, one
third of the helicopters are classified as jet and most of the predicted helicopters are
actually jets.

Figure 5.3: Diagrams showing how the loss and accuracy changes for ever epoch
during training and validation for a CNN model given filtered spectrograms without
a noise class as input.

5.1.1.3 CNN using filtered range doppler plots with a noise class

The network architecture for a CNN presented in 5.1.1 was also trained using range
doppler plots as input data. Table 5.3 provides the confusion matrix, whilst Figure
5.4 describes the accuracy and loss diagrams of the model. From the figure, it can
be seen that the model seems to get a good performance result, although there is
room for improvement.
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Confusion matrix
Predict helicopter Predict jet Predict noise

Actual helicopter 168 84 5
Actual jet 159 1269 15

Actual noise 4 11 1107

Table 5.3: The confusion matrix shows that the model using filtered range doppler
plots and a third class noise is great at classifying noise (see third row, last column),
but also at classifying jet (see middle value). On top of this, it is decent at correctly
predicting helicopters (see first row, first column).

Figure 5.4: The diagrams show the loss and accuracy for each epoch for training
and validation respectively for a CNN model using filtered range doppler plots as
input data.

5.1.1.4 CNN using filtered range doppler plots without noise class

The CNN architecture described in 5.1.1 was also trained on filtered range doppler
plots without a noise class. Table 5.2 shows a confusion matrix of how the model
classified the test samples of the dataset and Figure 5.3 shows the accuracy and loss
for each epoch during training of the model.
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Confusion matrix
Predict helicopter Predict jet

Actual helicopter 187 70
Actual jet 260 1183

Table 5.4: The confusion matrix shows that the model using filtered range doppler
plots without the noise class is good at classifying jet. However, it predicts more
jets than helicopters as helicopter.

Figure 5.5: The diagrams show the loss and accuracy for each epoch for training
and validation of a CNN using filtered range doppler plots without a noise class as
input.

5.2 Performance results without filtering
Models for CNN, GRU, LSTM, CRNN with LSTM and CRNN with GRU were
tested on unfiltered datasets for both range doppler plots and spectrograms. How-
ever, the performance was very poor for GRU, LSTM and CRNN with GRU and
therefore the results for these three models are not included in this report. The
reason for the bad performance is discussed in Section 6.1.

The results described in this section ought to be compared to the ones in Section
5.1.

5.2.1 CNN
This section describes the results obtained for a CNN with spectrograms and range
doppler plots as input data, both of which use the network architecture illustrated
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in Section 5.1.1.

5.2.1.1 CNN using unfiltered spectrograms

The CNN architecture presented in 5.1.1 was trained on the unfiltered spectrogram
dataset. The generated classifier’s performance can be studied in Table 5.5, which
shows a confusion matrix of how test samples of the dataset were classified. It is
important to recall, though, that the dataset includes lots of noisy data which the
model will be forced to classify as either jet or helicopter, leaving a confusion matrix
which might not entirely show how well the classifier is doing.

Furthermore, Figure 5.6 describes the overall performance for all classes considering
loss values calculated using the activation function and accuracy. The diagrams
evince that there is a quite large gap between training and validation and that it
potentially will increase for coming epochs as well. This might indicate overfitting
of the model.

Confusion matrix
Predict helicopter Predict jet

Actual helicopter 473 238
Actual jet 2126 4221

Table 5.5: It can be seen from the table that the model predicts a lot of the jets
to be helicopters and many of the helicopters to be jets.

Figure 5.6: The leftmost diagram compares the training and validation loss, whilst
the rightmost compares training and validation accuracy.
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5.2.1.2 CNN using unfiltered range doppler plots

The CNN architecture (see Section 5.1.1) was not only trained on unfiltered spectro-
grams, it was also trained on unfiltered range doppler plots. The confusion matrix
corresponding to the model created is provided in Table 5.6 and the accuracy and
loss diagrams of the model in Figure 5.7 below. Again, however, it is important to
remember that noise is also classified as jet or helicopter for this model.

The table and figure shows that the model is not doing well on unfiltered range
doppler plots because there is too much noise.

Confusion matrix
Predict helicopter Predict jet

Actual helicopter 364 352
Actual jet 1319 5038

Table 5.6: For the case of CNN with range doppler plots as input data, the table
shows that the model is good at classifying jets (see lower right) but quite bad at
classifying helicopters since only half of the helicopters are predicted correctly (see
upper left and upper right).

Figure 5.7: The diagrams visualise how the loss and accuracy adjusts for every
epoch when training and validating for a CNN model trained on unfiltered range
doppler plots.
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5.2.2 CRNN with LSTM

Figure 5.8: The figure illustrates the layers used for the CRNN with LSTM model.

Figure 5.8 shows the different layers of the CRNN with LSTM model used. After
every ConvLSTM2D layer there is a BatchNormalization and a Dropout layer. The
number of filters used was 32 followed by 16 and the kernel sizes were 3 at all times.
The activation function was tanh for both ConvLSTM2D layers. The Conv3D layer
was also followed by a BatchNormalization and a Dropout layer. The dropout was
set to 0.4. The Dense layer made use of Softmax as its activation function. The input
to the model was a sequence of images, each with a size of 64x64 and 3 channels
together with a batch size of 20.

5.2.2.1 CRNN with LSTM using unfiltered spectrograms

The CRNN with LSTM architecture presented in 5.2.2 was trained using unfiltered
spectrograms, i.e. where noisy data is included and therefore classified as either jet
or helicopter. The performance of the generated model can be seen in Table 5.7 and
Figure 5.9. The table describes how test samples from the dataset was classified and
the figure the model’s overall performance considering loss and accuracy.

The diagrams in Figure 5.9 show that the model has great difficulties with learning
the difference between helicopters and jets and as a result mainly just guesses at jet,
as can be seen in the confusion matrix in Table 5.7 above.

Confusion matrix
Predict helicopter Predict jet

Actual helicopter 36 99
Actual jet 292 913

Table 5.7: For the case of CRNN with LSTM using spectrograms as input data,
the table shows that the model is quite good at classifying jets (see lower right), but
terrible at classifying helicopters (see upper left).
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Figure 5.9: Diagrams showing how the loss and accuracy changes for every epoch
when training and validating on a CRNN with LSTM model.

5.2.2.2 CRNN with LSTM using unfiltered range doppler plots

The network structure given in Section 5.2.2 was also fed with unfiltered range
doppler plots, resulting in another CRNN with LSTM model. The metric values
and performance diagrams for this model are given in Table 5.8 and Figure 5.10
respectively.

As for the case with unfiltered spectrograms as input to a CRNN with LSTM
model, the diagrams for a model using unfiltered range doppler plots instead of
spectrograms, show that the model is not learning much. This can be seen in both
the diagram to the left which provides the changes in loss for each epoch and the
diagram to the right with the changes in accuracy for every epoch when training
and validating.

Confusion matrix
Predict helicopter Predict jet

Actual helicopter 68 69
Actual jet 610 593

Table 5.8: For the case of CRNN with LSTM using range doppler plots as input
data, the table shows that the model is very bad at classifying both jets (see lower
right) and helicopters (see upper left).
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Figure 5.10: Performance results for a CRNN with LSTM model that is given
unfiltered range doppler plots. The results shown are with respect to loss and
accuracy for training and validation.
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5.3 Comparison of the models
Diagrams describing changes in loss and accuracy for training and validation data
respectively give a good idea of how well a model performs, but not the entire pic-
ture. It is possible that a model is only good at classifying some classes and terrible
at others and the diagrams might not show this. Therefore, performance metrics
such as recall and precision were calculated according to the formulas presented in
Section 4.4. Remember that for all metrics below, apart from error rate, the opti-
mal value is 1 and worst possible value is 0. For error rate it is the other way around.

Table 5.9 and 5.10 below show that the models finds it most difficult to classify
helicopters, but is good at classifying jets and noise for the CNN models. It can also
be concluded that filtered data works best. Best performance was achieved for the
dataset with filtered range doppler plots and a noise class. This can be seen when
comparing the F1-scores for the respective classes and confusion matrices, as well
as when comparing the overall test accuracies which are also slightly higher when
compared to not using the noise class. The recall and precision values indicate the
same.
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Performance metrics (spectrograms)
Model Class Recall Precision Test acc. Error rate F1-score
CNN 1 jet/heli/noise 0.70/0.62/0.98 0.90/0.29/0.94 0.76 0.24 0.79/0.40/0.96
CNN 2 jet/helicopter 0.85/0.64 0.93/0.41 0.82 0.18 0.89/0.50
CNN 3 jet/helicopter 0.67/0.67 0.95/0.18 0.67 0.33 0.78/0.29

CRNN LSTM 3 jet/helicopter 0.76/0.27 0.90/0.11 0.71 0.29 0.82/0.16

Table 5.9: The table shows all metric values obtained for the CNN with and
without filtered data and with and without using a noise class. It also shows metric
values for a CRNN with LSTM model which was fed with unfiltered data. All four
models used spectrograms as input. Recall, precision and F1-score are given as per
label values.

Performance metrics (range doppler plots)
Model Class Recall Precision Test acc. Error rate F1-score
CNN 1 jet/heli/noise 0.88/0.65/0.99 0.93/0.51/0.98 0.90 0.10 0.90/0.57/0.98
CNN 2 jet/helicopter 0.82/0.73 0.94/0.42 0.81 0.19 0.88/0.53
CNN 3 jet/helicopter 0.79/0.51 0.93/0.22 0.76 0.24 0.86/0.30

CRNN LSTM 3 jet/helicopter 0.49/0.50 0.90/0.10 0.49 0.51 0.64/0.17

Table 5.10: The table presents all metric values obtained for the CNN model,
which was given filtered data with a noise class, filtered data without a noise class
and unfiltered data respectively. The table also provides metric values for the CRNN
with LSTM model which was given unfiltered data. All four models were given range
doppler plots as input. Recall, precision and F1-score are given as per label values.

1The data has been filtered using k-means clustering before the model was trained, but some
noisy data has been kept.

2 The data has been filtered using k-means clustering and all noisy data has been removed
before the model was trained.

3 The data has not been filtered before the model was trained.
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Conclusion

In this chapter a summary and conclusion of the results is provided in addition to
the next step to be done in the investigation. The chapter also presents a thorough
analysis of the results obtained and how they stand in relation to the data being
used.

6.1 Discussion
This section provides an analysis of obtained results and how they are affected by the
data used. It also presents an analysis of the data itself and how different choices
of how to handle it could have affected the result. Finally, an evaluation of the
methods used to evaluate the performance of the models is made and whether they
fulfilled their purposes and were good techniques for measurements.

6.1.1 Analysis of the data and the results
As explained in Section 2.3.3.1, features are extracted from the input data which
for this work consisted of spectrogram and range doppler plots and were handled as
images. Usually when handling images in machine learning, the features extracted
can be quite easily discovered manually, like when having images of faces for in-
stance. An example of a feature for that particular case would be a nose or eyes and
where in the face the eyes are located in relation to the nose. For spectrogram and
range doppler plots, on the other hand, identifying exactly what the neural network
will look for and see as a feature is not that obvious. Hence, on one hand finding
patterns a human cannot see is one of the benefits with applying machine learning
techniques, but at the same time it also creates an uncertainty about the reliability
of the model. Is the network looking for patterns it only believes exists, but which
in fact does not exist?

Furthermore, the results presented in Chapter 5 show that using spectrograms as
input data gave a worse result than range doppler plots and even seemed to cause
overfitting of the model, despite spectrograms’ great potential according to related
work. This can be explained by the fact that quite few pulses were used when gen-
erating the data. When classifying sounds, which is similar to this problem, many
pulses are sent and thereafter spectrograms are created with much higher time res-
olution than what was possible in this thesis. In addition, more data to train on is
necessary to get good resolution on the spectrograms, but it would most likely also
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improve the results when using range doppler plots as well. In conclusion, spectro-
grams can still be an option for this kind of classification problem if the number of
pulses is greatly increased and more data is created, but with the current dataset
they are not.

Moreover, using the spectrograms, but also the unfiltered range doppler plots as
they are now, caused a dreadful result on the LSTM, the GRU and the CRNN with
GRU models. The huge amount of noise in the data, and for spectrograms also
in combination with low resolution, resulted in classification of the datasets using
these models being an impossible task. It is therefore necessary to filter the data to
remove most of the noisy data.

6.1.2 Imbalanced data
The dataset used was highly imbalanced, which could have made an impact on the
obtained result in several different ways.

Firstly, the imbalance could potentially cause the model to be good at classifying
jets, but not anything else since the majority of the samples were jets and thereby
the network’s purpose fails. This effect can be seen in the metrics values shown in
Chapter 5. On the other hand, the dataset is more realistic with many more jets
than helicopters. However, the imbalance causes the test accuracy to be higher than
the validation accuracy for the models since class weights are not used when testing.
This affects the reliability of the test accuracy and as a result, both the test and
validation accuracy is pointed out when presenting the final results for this thesis.

Secondly, trying to fix the major problem with imbalance using standardized tech-
niques for handling imbalanced datasets, such as cost-sensitive learning, might only
cause overfitting. For this work, however, using cost-sensitive learning seems to have
improved the result.

6.1.3 Noisy data
The dataset used was not only imbalanced, it was also very noisy (the interpretation
of noisy data used for this thesis is given in Section 4.2.1). An attempt was therefore
made to filter it using the unsupervised, i.e. without considering labels, algorithm
k-means clustering. Filtering the data using this technique improved the results
substantially. A third class called noise was also taken into account and added by
re-labelling all data found in the cluster with noisy data.

Having a noise class has both advantages and disadvantages though. One disad-
vantage is that having a noise class might cause the network to classify jets and
helicopters incorrectly as noise and in that way it might take longer time to find a
sample that is classified as an actual vehicle. On the other hand, the model might
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be more accurate if some samples are discarded as noise. This could result in a more
correct picture of how well the model will perform in reality; that is, if the model
knows some data is bad, will it be able to classify jets and helicopters correctly?
Moreover, a noise class is needed in order to prevent the neural network from be-
lieving that a very noisy image corresponds to for instance a helicopter and thereby
causing the neural network to not become a useful classifier.

Remark though that not all noisy data could be kept since a great part of the
dataset was noisy and therefore keeping all noisy data would have resulted in an
even more imbalanced dataset. However, removing all noisy data and therefore not
having a noise class does not completely solve the problem with having noisy data
either as k-means clustering will not result in two perfect clusters. There will always
be some noise left in the ’good’ cluster and true jet and helicopter samples in the
’bad’ cluster. When studying the discarded and saved images respectively, it seemed
like this was not a huge problem in our case though. Without noisy data, the neural
network would also perform very poorly if used in reality.

To be able to have a noise class, some of the noisy data had to be added to the
filtered dataset before training the model, but this results in another challenge; not
adding too much or too little noisy data. Furthermore, it was unfortunately not
possible to use RNNs on the filtered data as a consequence of too little data remain-
ing after clustering and since there would be quite a lot of time passing between two
’good’ samples showing the same jet or helicopter. Therefore, not enough sequences
of images could be formed.

6.1.4 Evaluation methods
All models implemented were evaluated by calculating the loss and accuracy for
each epoch, but also by calculating different metrics such as recall. The number of
samples that could be tested per second were also computed to be able to compare
with the 1000 samples per second minimum. However, using the number of samples
per second as a metric for evaluating a model might not give a fair value. This is
since using a computer with better performance will give a better value and selecting
a more suitable computer for doing the classification is possible. Hence, due to the
rates’ irrelevance, they were excluded from this report.

The other ways of evaluating the models give a broader picture of how well the
models are doing. It is crucial, though, to remember that the models were trained
on highly imbalanced data in addition to very few samples and therefore a much bet-
ter performance is likely to be achieved if there was more data available, especially
helicopter samples, see Section 6.1.1.

6.2 Conclusion
To conclude, the CNN model which was given filtered range doppler plots with a
noise class in addition to the jet and helicopter classes performed best seen to both
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overall performance and metrics, as can be seen in Section 5.1.1.3. The final test
accuracy obtained for that model was around 90% and the final validation accuracy
was 83%. We believe CNN performed the best due to using images and since CNNs
are outstanding at classifying images, but also due to the data being used (see Sec-
tion 6.1.2 and 6.1.3), even though the potential for CRNN with LSTM, as well as
for using spectrograms, remains (see Section 6.3).

This result shows that it is most likely possible to classify jets and helicopters using
only raw video data and a neural network in a real-time scenario, even though it
is not completely certain since the precision and F1-score is only just above 0.5 for
helicopters. Therefore, some more work has be done, as described in Section 6.3
below, including training and testing on a much larger dataset. In addition, the
data must be filtered and a computer with high performance must be used, as seen
and explained in Section 5.10 and 6.1.4.

6.3 Future work
In this project, the only preprocessing of the dataset was creating range doppler
images and spectrograms using FFT and normalizing the images, followed by filter-
ing. However, another possible technique that transforms time domain data into the
frequency domain is the Hartley Transformation which has computational benefits
compared to FFT since it, given real values as input, outputs no imaginary values
[56]. It would also be interesting to try other techniques for filtering the data in
addition to k-means clustering, as well as training and evaluating the current models
on more data, including more helicopters.

Furthermore, only CNNs, RNNs using LSTM or GRU and CRNNs using LSTM
or GRU were carried out due to the time constraints of the project and the poten-
tial of these methods as seen in the related work, see Section 3.2.1, 3.2.2 and 3.2.3. It
is possible though that other neural network architectures, not to mention transfer
learning which is well studied [57], [58], [59], [60], [61], could perform equally well
or even better than the ones implemented and tested in this project. Also, more
fine-tuning of the models tested could improve their respective performance results.

Examples of extended fine-tuning could be adjusting the number of hidden lay-
ers, which layers to use, the parameters of the layers, as well as the layers’ sizes.
Adjusting parameters at the generation of the data, such as how many images to
include in one sequence or the number of windows to apply FFT on, could also be
potential fine-tuning.

Moreover, all different kinds of vehicles included in the term airborne vehicles as
well as missiles and birds can be added to the network so that it is able to recognise
everything moving in the air.

Lastly, and perhaps most important of all, the final model should be trained and
tested on much more, and preferably less noisy, data using more pulses. It could
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result in for instance CRNN with LSTM finding typical movement patterns for dif-
ferent vehicles since it is fed with sequences of data, but it would most likely also
improve the performance of the currently best model. We believe that the CNN
model using filtered data which includes a noise class, and possibly also the CRNN
with LSTM model using unfiltered data, then could become very useful classifiers
and be used in (almost) real-time.
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