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Abstract

Using laser it is possible to measure the backscattered light from insects. The re-
sulting signal can then be analysed in order to potentially determine the species of
the insect. Estimating the fundamental wing beat frequency (FWBF) of insects is
important in order do this classification of species, which is an area of research that
has been explored previously. In this thesis, the relative phase of the FWBF and its
overtones are analyzed with the matched phase reassignment (MPR) method. The
frequencies are estimated with the matched reassignment (MR) method. The results
of the phase estimations are dependent on variables such as the FWBF, noise levels
and number of overtones. Furthermore, the results from the frequency estimation
affects the outcome of the phase estimation to a large extent, making the phase
estimations vulnerable to wrongly classified frequencies.

In order to obtain real data an test chamber setup was built with the purpose
of producing modulated scattered light from free flying insects. The setup used two
continuous-wave lasers with the wavelengths 808 nm and 1320 nm. The setup also
used a camera to allow a 3D reconstruction of the recorded insects flight path. This
setup worked as intended and recorded data was obtained from fruit flies (drosophila
melanogaster).

It can be concluded that the phase estimations work well for data with low amounts
of noise and for FWBFs. Higher levels of noise corrupt the signal too much for
the MPR method to work as intended. The same goes for higher FWBFs where
the results are not as good on lower frequencies. This, however, is because of the
frequencies being wrongly estimated which in turn leads to incorrect phases.

Keywords: frequency estimation, phase estimation, matched phase reassignment,
entomological lidar, modulation spectroscopy, scattered light.
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Chapter 1

Introduction

1.1 Background

Insects are crucial components of many ecosystems. The roles they play are many,
including spreading seeds for further growth of plants, pollination and being a food
source for other animals, all important to keep the circle of life intact [1]. However,
some insects pose a threat to humans. Vector-borne diseases are a big challenge to
the global public health, where malaria in particular, carried by the anophelines,
claims over 400,000 human lives per year [2].

Ways of monitoring and recording insects have been developed before, with the
purpose of gaining more information about insects which potentially can be a step
in the process of controlling diseases spread by the insects. Using entomological lidar
has proven to be very useful as a way to record insects over large distances. However
due to the classification of insects being largely dependent on the fundamental wing
beat frequency this results in a great difficulty to distinguish insects with very simi-
lar wing beat frequency. By investigating the phases between the fundamental wing
beat frequency and its overtones more information from the observations could be
uncovered. This information is currently discarded but through studying the phases
there is hope that the classification will be easier [3],[4]. The task of estimating
phases of a signal is not easy. An algorithm for this purpose has been developed,
called the matched phase reassignment [5], by Maria Sandsten et al., which will be
used in this thesis.

1.2 Recorded insects

Using an entomological lidar large areas can be surveilled with high temporal reso-
lution with relative ease compared to other methods such as pheromone- and sweep
net traps [6]. The basic principle behind the lidar is using photodiodes connected
to telescope and using the telescope to overlap it with a laser beam both being ter-
minated in a dark cavity. The volume where the laser beam and the field of view of
the photodiodes overlap give rise to the probe volume [7]. This volume is where any
entering insect can be recorded by the photodiodes. The amount of backscattered
light will increase when an object intersects the probe volume. However, in order to



interpret the results from a lidar recording, tests must be done on insects in a closed
environment where one can control which insects are being recorded. It is therefore
important to build an test chamber setup for controlled measurements on specific
species of insects.

A signal recorded with an test chamber setup has the general appearance seen in
fig. 1.1:
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Figure 1.1: Plot of real data, that is to say data acquired through a test chamber, of
yellow fever mosquito (aedes aegypti) with the optical cross section (OCS) measured
: 2
in mm?.

As can be seen in fig. 1.1, the signal has a low-frequency envelope corresponding to
the body part of the insect. This is due to the insect’s flight path, moving within the
laser beam, thus creating a varying intensity. On top of this envelope, the insect’s
more detailed behaviour can be seen, corresponding to the wing beats that the insect
produce in order to fly. These wing beats are fast in comparison to the slow envelope
of the body, with a low amplitude in comparison to the low frequency envelope. The
commonly used unit in entomological lidar is Optical Cross Section (OCS) which is
unit describing the optical flux and is usually defined by dropping small teflon balls
with a know diameter through the probe volume.

1.2.1 Fundamental wing beat frequency

Previous work on analyzing the frequencies of the insect’s wings has been done,
see for example [8]. Different species often have different fundamental wing beat
frequency (FWBF), which is the frequency of which the insect’s wings flap. For
example, a male yellow fever mosquito (aedes aegypti) has a FWBF of about 889
Hz, variance 57.9 Hz [4], meaning that the insect flaps its wings about 889 times
per second. In comparison, the insect commonly known as fruit fly (drosophila
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melanogaster) has a FWBF of about 202 Hz [8]. It is clear that the FWBF is of
great importance when analyzing insects, especially classifying species.

1.2.2 Overtones

The FWBF of an insect can be used to classify the species. However, with the large
number of different species of insects, the FWBF is not unique for each species that
exist. In addition to the FWBEF the recorded signal can also have overtones, also
known as harmonics [9]. An overtone is a multiple of the fundamental frequency
fo, ie. f=2nfy, n=1,2,3,.... When plotting the spectrum of the signal, these
overtones can be seen, illustrated in fig. 1.2:
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Figure 1.2: Spectrum of the frequency components in the frequency domain from a
fruit fly (drosophila melanogaster).

As can be seen in fig. 1.2, a multiple of the FWBF of ca 864.5 Hz is present (1729
Hz). Furthermore, in the lower end of the frequencies, the body envelope can be
seen. Noise is also present in this signal. This is for illustrative purposes and the
theory behind the spectrum will be introduced later on.

1.3 Aim of thesis

This thesis has two main scopes:

1. Estimate the relative phase differences between the fundamental frequency and



its overtones in recorded signals. This will be done by estimating the frequencies
of the insect using the matched reassignment method, and from there apply the
matched phase reassignment method. If a successful estimation of these phases can
be achieved, species-specific phase information might be uncovered.

2. Setting up an ”easy-to-use” test chamber setup where it is possible to record
live insects with laser as well as recording the insects with a camera. The images
from the camera will then be used for 3D reconstruction of the insects flight path.



Chapter 2

Theory

2.1 Phase and periodicity

Define two general oscillating signals,

x1(t) = Aqcos(2m(fit + ¢1)) (2.1)

xo(t) = Ay cos(2m(fot + ¢2)). (2.2)

Here, A; and A, are the amplitudes of the two signals, f; and f; are the frequencies,
and ¢; and ¢9 are the two phases. The phases are periodic within the range [0, 27,
and for clarity 27 has been factored out to let the phases be within the interval
[0,1]. This will also be the case throughout the thesis, the estimated phases will lie
in the interval [0, 1], and have the unit 27 radians. The relation between x; and x,
is heavily dependent on frequency and phase. If the frequencies are the same, i.e.
f1 = fo, then the signals will oscillate with the same speed. If also the amplitudes
are the same, the signals will thus vary with same speed and have the same height.
The last part of the relation between the signals is the phase. If the phases are
the same, the two signals will be identical (provided same frequencies and same
amplitude). Furthermore, if ¢; = 0 and ¢o = 1, the signals will also be identical
since 0 and 1 is the range within the phase is periodic. If the phase relation is %,
the signals will look as in fig. 2.1:
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Figure 2.1: Two simulated sinusoidal signals with identical frequencies and ampli-
tudes but different phases.

As can be seen in fig. 2.1, the signals are now completely out of sync. If they were
to be summed, they would cancel out each other completely. This is a very different
situation than if the phases were to be the same, summation would then provide a
signal with twice the intensity instead of total cancellation. In order to illustrate
this further, two simulated signals can be seen in fig. 2.2, with their respective

spectrums as well.



Signal 1 in time domain Signal 2 in time domain
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Figure 2.2: Two simulated signals with identical frequencies but different phases
shown in both time domain and frequency domain. Simulated with an optical cross
section (OCS) in mm?. In signal 1 all cosines are in phase whereas in signal 2 the
phases are 27 % 0.1 and 27 % 0.4

The signals consist of a sum of cosines with varying frequencies, where the only
differences between the two signals are the phases. In the time domain, the two
signals are visually different and it is not a hard task to tell them apart. Looking
at the spectrum though, they seem to be identical. The point is that methods for
estimating frequencies only tell a part of the whole story and a lot of information is
hidden within the phases.

2.2 Fourier transform and power spectrum

In order to transform a signal to the frequency domain, the Fourier transform can

be used, defined as [10]

X(w) = /_OO z(t)e “'dt. (2.3)

[ee]

Here, z(t) is a continuous and integrable signal. In order to display the power
distribution into frequency components, the power spectrum, defined as

Sa(w) = [ X (w)* (2.4)

can be used.



2.3 Short-time Fourier transform and spectrogram

The Short-Time Fourier Transform (STFT) is a Fourier-transform where the time-
domain is included. This has the advantage of instead only displaying the power
spectrum, the spectrogram can be calculated. The spectrogram shows the distri-
bution of power in frequency compoenents, over time. It is advantegous to use
this when the frequency varies throughout the signal, and is the foundation of the
method matched reassignment, which will be introduced in the following section.
In order to calculate the STFT, a window h(t), centered at time ¢ is added in the
calculation of the Fourier transform of the signal z(t), [10]

F't,w) = / x(s)h*(s —t)e “4ds. (2.5)
A spectrogram is much like the spectrum, but it depicts the frequency content of
a signal over time, with a heat map indicating the intensity of the frequency. The
spectrum and spectrogram are closely related. If the spectrum was to be taken of
a signal in small chunks in time, this would essentially be a spectrogram, although
depicted different in the sense it would not have a heat map. The spectrogram is

defined as
Se(t,w) = |Ft,w)]*. (2.6)

The selection of window h(t) affects the behaviour of the spectrogram. The spec-
trogram cannot have good resolution both in time and frequency which implies a
trade-off between the two. Therefore, the choice of window A(t) is important since it
directly affects the resolution. A wide window will have a high frequency resolution
but low time resolution. This trade-off can be improved by the use of the matched
reassignment method, which will be introduced next.

2.4 Matched reassignment

Reassignment is a method that can be used to improve the resolution of the spec-
trogram by reassigning energy to the local center of gravity. The reassigned spec-

trogram relocates each value of the spectrogram to the reassignment coordinates, t,
and @,. In the following derviation, all integrals run from —oo to co.

For a signal z(t) = a(t — to)e ™! the reassigned spectrogram, with its values
relocated to the corresponding reassignment coordinates £, and &, is defined as [5]
h h 2 . dg
RS} (t,w) = Sx(s,é‘)d(t—tx(s,é‘),w—wx(s,f))dSQ—, (2.7)
s
with [ [ f(t,w)d(t — to,w — wo)dtdw/2m = f(ty,wp). For the matched window case,
h(t) = a(—t), i.e. a flipped window of the signal, the reassignment vectors are
computed as
. Fih(t,w) t
to(t,w) =1t &t(#):t— - 2.8
( W) +c Fh(t,CU) Ct2 ( )

T



dh

F(tw)y w
W> =w—Cy—. (2.9)

Wy (t,w) :w—cw$< 5

Here, ® and & represents real and imaginary parts, F;h(t,w),Fz% (t,w) are the
STFTs of the signal x(t), with ¢ - h(t) and dh(t)/dt as window functions. The
scaled reassignment, ¢; = ¢, = 2, reassigns all energy to i,(t,w) = 0, (t;) and
Wy (t,w) =0, (wo).

It is this theory that is the foundation of the matched phase reassignment method,
that is to be introduced in the following section.

2.5 Matched phase reassignment

The matched phase reassignment is a method for estimating the phases of a signal,
more precisely the phase synchronization of two oscillating transient signals, devel-
oped by Maria Sandsten et al. [5]. It is based on the reassigned cross-spectrogram,
and it has been shown that the method gives perfect time-frequency localization.
As discussed previously, this is the foundation of this thesis. The scope is by us-
ing this algorithm estimating the phases of recorded insect signals. As this method
is based on synchronization between two signals, surrogate data will be created.
This surrogate data, with known phase, will thus be one of the two signals that the
synchronization is measured between. The other signal will be real data. Define
oscillating signals as

Yn(t) = Apz(t)e ™", n=1,2. (2.10)

where x(t) = a(t—ty)e 0! For these two signals, the corresponding cross-spectrogram
is

St (tw) = F (t,w) (F1 (t,w))". (2.11)

Y1,y2
The reassigned cross-spectrum is found by replacing S”(¢,w) with the absolute value

h . . .
1Sy, 4 (t;w)| in the following equation

RS™M(t,w) ://Sg(s,f)é(t—fx(s,f),w—@x(s,ﬁ))dsg. (2.12)

Using the following STFTSs, expressed for a general signal y, (), the reassignment
vectors t,, ,,(t,w) and @y, ,, are calculated,

h —ign h

Fyn = Ane " FLE )

Fy = Ape™ " F}P, (2.13)
dh o

Fyit = Aneild)andt .

The reassignment vectors are then expressed as,

) th th
s =+ R (2 + 22), (2.14)
1,Y2 F;LQ F;l



dh dh
dt dt
(\(Fyl FyQ )

Wy o = W — €S T (2.15)
where
th th
Bl _ A o Br (2.16)
Fho Ay Fh’
Fi A Fit
yr i) 1T 2.17
= g (2.17)
conversely for shifted y;(t) and y2(t). Consequently, the terms can be expressed as
Fih Fih A2 4 A2 Fih
Fh th = 1141142 2 cos (¢g — ¢1)F—h (2.18)
1 1 x "
F(clTh F?Th A2 AQ F(clTh
x g T ! + z '
Fii ™ FhQ = 1141142 2 cos (¢ — le)F_h (2.19)
T2 1 x "
The scaling factors ¢; and ¢, are amplitude adjusted according to
A1 A,
Ct = Cy = QM (220)

Finally, when ¢; = ¢, i.e. phase synchronization, equations (2.18), (2.19), reduces
to equations (2.8), (2.9), with perfect time-frequency localization to t,, ,, (t,w) = to
and @y, 4, (t,w) = wp. Thus, the matched phase reassignment method is a time-
frequency local measure of phase synchronization.

2.6 Rényi entropy

Measuring the entropy of a system is a way to quantify the uncertainty of that
system. In the case of evaluating the synchronization between two signals, the
Rényi entropy can be applied, defined as [10]

Ho(X) = 1ialog2 (/ / RSx(t,w)dtdw>, a> 2. (2.21)

When the Rényi entropy is low, good phase synchronization has been achieved.

2.7 Finite impulse response filter

As described in the introduction to the thesis, the signals used in this project has
two important properties from a signal processing perspective. The first property
is that there is an envelope in the signal, corresponding to the insect’s body and its
flight path within the recording laser. If only this body envelope was to be analyzed
no information about frequencies and phases related to the wings of the insect would
be captured. The second property is that within this envelope, the contribution from

10



the insect’s wings to the signal are captured. Higher frequencies are superimposed
on the body envelope, and it is here the important information lies. This can be
seen in fig. 2.3, which also was shown in the introduction:
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Figure 2.3: Plots of real data of yellow fever mosquito (aedes aegypti) with the
optical cross section (OCS) measured in mm?. Also shown in fig. 1.1.

In the image in fig. 2.3, it is clear that the signal has a general envelope, corre-
sponding to the body part of the insect, and faster fluctuations corresponding to
the wings (and noise). In order to analyze signals like this with the methods men-
tioned above, the body part of the signal will be filtered out. The frequencies of
the body envelope are, in relation to the wings, low and applying a low-pass filter
is therefore well suited for the task of filtering out the body.

A digital low-pass Finite Impulse Response (FIR) filter will be designed in order
to capture the body part characteristics of the signal, and then removed from the
signal by subtracting this part. The process will be as follows:

1. Design an N-order digital FIR filter for the body part of the
signal.

2. Filter out this part from the signal, thus creating a
"body-part only" signal.

3. Subtract this body-part signal from the original signal,
removing the body envelope.

2.8 GGaussian envelope

After filtering out the body part of the signal, the remaining signal is what is relevant
for this thesis. It contains the information about frequencies and phases. In order
to apply the algorithm described above, the signal has to have a shape that is well
replicated by the matched phase reassignment algorithm. One way to shape this

11



data is to multiply a segment of the signal with window w(n) with a characteristic
look. For example, a Gaussian window can be used, creating a Gaussian envelope.
This does not change the overall behavior of the signal since the frequencies and
the phases are captured within this envelope. As described in the theory section,
the matched phase reassignment is suitable for transient signals. It is known that
the matched phase reassignment works especially well with a Gaussian envelope [5],
which also is a simple envelope to implement.

The Gaussian window is defined as [11]

w(t) = exp ( l(ﬂ)g), (2.92)

2 a

where t; represents the length of the signal. The parameter « is proportional to the
width of the window, where a larger « yields a longer signal. Different values of «
will be investigated. It has the well known bell-shaped curve seen in fig. 2.4:
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Figure 2.4: Gaussian window

2.9 Wavelets and denoising

It is known that the matched phase reassignment is sensitive to noise [12]. A natural
way to improve the results is thus to try to denoise the data. The scope of denoising
in this thesis is to implement a method that hopefully improves the phase estima-
tions. The method of denoising has been chosen to be denoising with wavelets. A
wavelet is a type of basis function for the wavelet transformation. The energy of
the wavelet is concentrated in time which enables better representation of transient,
non-stationary signals [13], thus making it well suited for this thesis. Wavelets en-
able the signal to be split into different levels of resolution, varying from large scale
("approximation”) to small scale (”detail”) level.

12



2.9.1 Wavelets

The Wavelet Transform

The process of working with wavelets is very similar to when working with the
Fourier transform. Just as with the Fourier transform, a signal is transformed from
the real domain to the corresponding target domain, in this case using the wavelet
transform. Within the wavelet domain, the signal properties are altered to suit a
specific purpose, after which it is then transformed back to the original real domain
using the inverse wavelet transform.

A family of wavelets v . () is defined by scaling and translating the mother wavelet
Y(t) with the continuous-valued parameters s > 0 and T,

urlt) = 2z (55). (2.23)

The continuous wavelet transform (CWT) w(s, 7) of a continuous-time signal x(t)
is defined as,

w(s, ) = /: x(t)%w(t;T) (2.24)

This is the correlation between x(t) and a scaled and translated version of 1) (t).

The function x( n be reconstructed using the inverse wavelet transform,

(t) ca
/ / (t _S T) d;gls, (2.25)

00 \I’Q 2
C¢:/ (Y Q) < oo, (2.26)
o |9

and W(Q2) denotes the Fourier transform of ¢ (t).

where

Multiresolution Signal Analysis

As explained in the introduction to wavelets, a signal can be viewed as a sum of
smoother parts and more detailed parts. In this thesis, the smoother part corre-
sponds to the insect’s body and the more detailed part corresponds to the wings
and noise.

At scale j, the approximation of a signal is denoted as x;(t). At scale j + 1, the
approximation is defined as x;1(t) = x;(t) +y;(t), where y;(t) represents the details

at scale j.

By adding more detail to x;(t), as the resolution approaches infinity, a signal is
obtained which involves a smooth part and the detailed part,

0+ u) (2.27)

13



2.9.2 Denoising using wavelets

As previously mentioned, the coefficients relating to noise are often observed in the
finer scales of the signal. Denoising is thus an operation where the detail coefficients
are altered in order to produce a smoother signal, hopefully obtaining noise reduction
without corrupting the signal. The procedure can be summarized in three steps,

1. Calculate the discrete wavelet transform of the noisy signal.
2. Modify certain coefficients, fitting the task at hand.
3. Reconstruct the signal with the modified coefficients.

For denoising, thresholding can be used to modify coefficients below a certain thresh-
old. After the modification of the coefficients, the signal is inversely transformed
back and hopefully a denoised signal is obtained.

The wavelet transform vector wy is introduced,

wN =[w; wy ... wy]"

. (2.28)
[c0(0) do(0) d1(0) da(0) ... diogon—1)(logaN)]",

The finer details are at the end of the vector wy, and thus a threshold can be in-
troduced to modify these detail coefficients.

Hard thresholding
In this thesis, denoising by hard thresholding will be used, defined by

, >
O (2.29)
07 |wz|< nr,

where 77 is a threshold.

The threshold nr will be chosen as a fixed constant.

In order for the denoising technique to work well, the length of the signal needs
to be a multiple of 2, i.e. 2/, j = 1,2, 3,.... This is due to the strong dyadic nature

of the algorithm and the consequence is that for the signals that requires denoising,
the length of the signal needs to be shortened to fulfill this requirement on length.
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Chapter 3

Data Simulation

3.1 Simulating the insect

The goal of the thesis is to apply the algorithm on real data. Before that can be
done the model needs to be assessed which will be done on simulated data made in
Matlab. The procedure of simulating the insect will be done in two steps. The first
step is to produce the actual signal which has both the body part of the signal and
its wings. Then, the body will be filtered out in order to obtain just the wing-part
of the signal.

Real data has the general look seen in fig. 3.1:
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Figure 3.1: Plots of real data of yellow fever mosquito (aedes aegypti), red part
zoomed in for clarity and to show the part of the signal that arises from the wings
more clearly. Note that the body envelope isn’t constant but varies with the flight

path.

As can be seen in the left of fig. 3.1, the signal is composed of an envelope repre-
senting the body of the insect, and detailed variations, as zoomed in on the right
figure, representing the wing part of the signal.
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The body part of the signal will be simulated as

#components

oay(t) = > Aycos (2m(fy -t + ), (3.1)

where A, represents the amplitude of the signal, f; its frequency and ¢, € [0, 1] the
corresponding phase. The number of overtones can be changed to create a suitable
signal, and for this thesis five overtones has been used. The main amplitude has
been set to 50, and the lowest frequency has been set to 20 Hz. The phases are
randomized. The most important part of the simulation of the body is to not use
too high frequencies, since this might become close to the fundamental wing beat
frequency.

Furthermore, the wing part of the insect is created in the same manner,

#overtones

Yuings() = 3 Aucos (2n(fu -t + 6u)). (3.2)

Here, the amplitude corresponding to the fundamental frequency is set to 10, which
means it is % the size of the body. The amplitudes of the overtones will be divided
with its number, i.e. A, = 1n—0. The fundamental wing beat frequency f; will have
a value corresponding to real species fundamental wing beat frequency, e.g. yellow
fever mosquito has a fundamental wing beat frequency around 200 Hz. The phases
are randomized, but now stored in a vector in order to be able to assess the re-
sults produced by the algorithms. The same goes for the frequencies, which are also
stored enabling evaluation of results.

At this point, a clean signal representing a flying insect has been created. In or-
der to represent real data, noise is an important factor and that is quantified using
signal-to-noise ratio (SNR),

S v )dt - S y()dt -
SNR = 10log)y (S0 ) e 0 = || oot (3.3)

In order to evaluate how well the algorithms work on different noise levels, different
levels of SNR will be used.

The final simulated data signal can thus be written as

Y(t) = Yoody(t) + Ywings(t) + oe(t), (3.4)
where e(t) ~ N (0, 1) represents white Gaussian noise.
A simulated signal can be seen in fig. 3.2:
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Figure 3.2: An example of a simulated data signal with its corresponding frequency
component spectrum.

The simulated signal in fig. 3.2 has a length of 0.7 seconds. For real data, this time
varies but 0.7 seconds corresponds well to how long the insect stays within the laser.
Furthermore, the simulated signal has a fundamental wing beat frequency of 200
Hz, with a sampling frequency of 5000 Hz, an SNR level of 20 and the wing-part
has two overtones.

It is clear, both from the image of the signal and its spectrum, that there is a
part clearly defined for the body part of the insect, and a wing part.

3.2 Filtering

The first step of manipulating the data is to filter out the body part of the signal.
A low-pass filter will be used to separate the body from the rest of the signal. This
will then be subtracted from the signal in order to obtain the wing part of the body,
as explained in the theory section. Using the same simulation settings as above, the
filtered signal can be seen in fig. 3.3.
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Figure 3.3: Filtered simulated signal with its corresponding frequency component
spectrum.

Here, a low-pass filter with cutoff frequency at 100 Hz was applied. As can be seen
in fig. 3.3, the body part of the signal has clearly been removed. The spectrum also
shows clear peaks for the fundamental wing beat frequency and its two overtones,
with the body part removed.

3.3 Denoising

As also can be observed in fig. 3.3, the signal is still quite noisy. Therefore a noise
reduction technique is applied, in this case wavelet denoising via hard thresholding.
An example of obtained denoising can be seen in fig. 3.4,
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Figure 3.4: A filtered simulated signal with noise together with the denoised signal
and the clean signal.

The SNR has increased from 5.9 to 9.3, in this example.

The SNR is harder to calculate for real data, since SNR is the ratio between the
power of the clean signal, and the power of the noise,

SNR = szgnal
P noise

Y

(3.5)

where Pggnq is the clean signal, without any noise, and P, is the noise. Both of
these need to be measured at the same, or an equivalent, time which is hard to do
for the real data. Therefore, an empirical constant will be used for the denoising of
real data if the denoising is deemed successful on simulated data. An example of
this can be seen in fig. 3.5
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Figure 3.5: Denoised filtered real signal. (A): Original signal with noise. (B):
Denoised signal via wavelets. (C): Original signal with noise - zoomed in. (D):
Denoised signal via wavelets - zoomed in.

3.4 Using windows

After filtering and denoising, the Gaussian window is applied to the signal. It is im-
portant to capture enough information in order for the algorithms to work properly,
meaning that the width of the window needs to be determined. Furthermore, the
simulated signal is relatively long compared to what the signal will be after applying
a window. Therefore, a lot of information could go lost. To prevent this, the signal
will be multiplied with the same window in evenly distributed positions throughout
the signal. This allows for capturing of more information than just taking out one
segment of the signal. These segments will individually be evaluated, producing
frequencies and phases. The median of the results will then be taken as the end
result. The algorithm for applying the window is as follows.

1: Decide how many segments of the signal to be used, N segments.

2: Create the window.
3: Multiply the signal with evenly distributed windows, creating

N segments of the signal.

This is illustrated in the fig. 3.6:
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Figure 3.6: A filtered and denoised signal multiplied with a Gaussian window at 20
different locations, producing 20 different segments of the signal.

The segments in the above figure has an interval length of 60 ms. This interval
length is not definitive and can be changed in order to possibly produce better end
results.

Multiplying the signal with a Gaussian window does not change the signal’s fun-
damental properties. The frequency components and the relative phases will be
captured within the window and the properties will not change. The initial phase
might be altered due to removal of information in the process of multiplying with
the window, but the relative phases remains the same.

3.5 Downsampling

The real data is recorded with a frequency of 20 kHz. In order to get the frequency
down to a level that the matched reassignment method works better on, downsam-
pling will be done. In order to avoid aliasing when downsampling, Matlab’s function
"decimate’ will be used. This function applies a low-pass Chebyshev Type 1 infinite
impulse response filter of order 8 to prevent aliasing from occurring [14].

3.6 Running the algorithm

At this point, the signal has been manipulated enough so that it can be evaluated by
the algorithms. The insect has been simulated, the body filtered out, denoising was
applied and segments were taken out with Gaussian windows. These segments will
now be evaluated and the matched reassignment and matched phase reassignment
methods will be applied to these segments. As previously stated, the end result is
the median of the relative phases of each segment.
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3.7 Identifying fundamental frequency and har-
monics
The matched reassignment method will be applied to the different segments of the

signal. This will produce a number of different frequencies, each corresponding to a
peak in the spectrum. An example of this can be seen in fig. 3.7:
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Figure 3.7: Reassigned spectrogram output.

By sorting these frequencies based on intensity, the fundamental frequency and its
overtones are identified. The process is as follows:

1. Decide how many frequencies to estimate, K frequencies.

2. Estimate the frequency distribution using matched reassignment.

3. Sort the frequencies based on intensity.

4. Use the top K frequencies as input for the matched phase reassignment.

3.8 Estimating the relative phases

Once the frequencies have been estimated by the matched reassignment, they are
used in order to create surrogate data,

~

g(t) = cos(2m(frt + ¢5)). (3.6)

Here, fk corresponds to the frequencies that the matched reassignment estimated.
¢; corresponds to a "test phase”. This means that the more surrogate data that is
generated, more precise estimation of the phases will be obtained.

This surrogate data is then multiplied by the same Gaussian window as the original

signal was, and then compared with the original signal using the matched phase
reassignment method. For each surrogate data, the Rényi entropy is calculated and
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the test phase that produces the lowest entropy is deemed to be the correct phase.
An example of how the Rényi entropy could look is presented in fig. 3.8:
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Figure 3.8: Example of how the Rényi entropy varies for different phases.

In in fig. 3.8, 0.3 would have been deemed to be the true phase.

The process of estimating the phases is as follows:

1. Based on the top K frequencies estimated by the matched reassignment,
create surrogate data with the same frequencies.
Let the surrogate data be initiated with a test phase of 0, and then
incrementally increase the phase, with a pre-defined step size.

2. Multiply the surrogate data with the Gaussian window, replicating
the look of the original data.

3. Calculate the matched phase reassignment, based on the original signal
and surrogate data as input.

4. Calculate the Rényi entropy.

5. Choose the test phase that produced the lowest Rényi entropy
as the true phase.

3.9 Sorting the data

A problem that can arise throughout this process is that the fundamental frequency
of the signal is not the one that has the highest intensity. This means that the fun-
damental frequency will be estimated wrongly, since the matched reassignment will
estimate the fundamental frequency to be the frequency with the highest intensity.
This problem is solved by sorting the results based on the lowest frequency, instead
of highest intensity. Sorting in an ascending order, and doing the same for the
phases, will correct this issue and produce results that are in line with requirement
that the overtones are by definition higher than the fundamental frequency.
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The process is as follows:

1. Go through frequencies list, for each frequency check if it is
in correct place.
Otherwise adjust accordingly.

2. For each adjusted frequency, also adjust the corresponding phase.

When the sorting of the data is complete, the complete process from simulating data
to getting estimations of frequencies and phases is complete.
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Chapter 4

Results from simulated data

4.1 An initial assessment of the algorithm

To get an estimation for what the algorithm can handle in terms of number of
overtones, noise, sampling frequency and so on, initial tests were done to see where
it performs the best. This will provide an area of settings where the method works
well and will thus be a focus area on how well the algorithm actually performs, with
more statistical robustness.

4.1.1 Restrictions in simulations

The variable parameters when simulating the data include the fundamental wing
beat frequency of the insect, number of overtones, noise, sampling frequency, en-
velope settings, number of segments, phase step and so on. The most significant
parameters to look at are the FWBF, number of overtones, noise and the sampling
frequency. The other settings are also important. However, due to the high time
consumption of running a simulation, these were set as fixed values based on empir-
ical data that continuously during the thesis work has proven to work well.

For the simulation of data, it is assumed that the insect stays within the physical
recording laser for approximately 0.7 seconds. This has been discussed previously,
and this number stems from real data and the consequence of having a fixed time
is that a lower sampling frequency will provide a lower resolution of the signal, and
vice versa. It is worth reminding the reader that these 0.7 seconds will be shortened
to produce a length of the signal corresponding to 27, j = 1,2, 3, ..., if denoising is
applied.

It is important to have a varying sampling frequency since this has an impact of
how well the different frequencies can be estimated. A higher sampling frequency
might provide better results for the higher overtones, but the details of the lower
frequencies can be lost. The same way for lower sampling frequencies providing
good estimations for low frequencies but for the higher overtones the details might
get lost due to the low sampling frequency.
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As previously mentioned in the report, the phases are periodic. This means that,

cos (2m(f + ¢)) = cos (27 (f + 29)), (4.1)

where ¢ is a phase between 0 and 1. Since 27 is factored out, the estimated (/5
corresponds to unit 27 radians. When estimating these phases, the consequence is
that 0 and 1 are both correct results. In order to illustrate this problem, the two
images in fig. 4.1 represents phases on the unit circle. The red line moves along the
unit circle’s edge, starting with an angle of 0 radians (i.e., lying on the positive real
axis). When the red line has moved along the whole circle, thus completing a full
"lap” on the circle, the phase is 27. Since it moved a full lap, however, the phase is
also 0, which is where the periodicity lies. This is illustrated in fig. 4.1:

(a) Phase, ¢; is close to 0. (b) Phase, ¢2 is close to 27, ¢3 is close to 0.

Figure 4.1: Illustration of the phase problem.

In fig. 4.1a, it is clear that ¢, is a phase that takes a small value, and is close to 0.
If letting ¢, grow larger, the red line will move along the unit circle and eventually
end up as in fig. 4.1b, where ¢, now represents a larger phase that is close to 2.
The problem is that if a phase approximation method estimates ¢o, when it should
estimate ¢1, the error will be deemed to be very large (almost 27 error, the maximum
value it can take). However, ¢3, represented in fig. 4.1b, is much closer to ¢; than
¢o while they are both representing the same phase. The fundamental issue lies in
how to evaluate a phase estimation. As an example, let a signal have one overtone,
i.e. the fundamental frequency and one overtone and assign them some appropriate
numbers,

1 = 0.05

Looking at the phases above, ¢; is intentionally assigned a number close to zero.
The absolute value of the phase difference between ¢, and ¢ is |¢; — ¢o|= 0.25. If
the algorithm instead estimates él = 0.95, which in the perspective of phases is very
close, with a distance of 0.1 to the actual value (and not 0.9), then the evaluation
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will point towards quite a bad model that does not work well. In reality, it has esti-
mated the phase much closer than what the actual distance will say. This is a tough
problem to solve, especially when analyzing real data where no prior information
about the phases exists. For the sake of simplicity and avoiding this problem, the
phases in simulation will be restricted to the interval [0,0.5]. Since the phases now
lie far away from this border case, there is no risk of the results getting affected
and confused around 0. This restricts the model, but for evaluation purposes this
is motivated by actually wanting to get a non-biased result on how well the phase
estimation works.

Lastly, the phase step will be set to 0.1. This means that the phases to be tried
will be six phases between 0 and 0.5. The simulated signals will have its phases in
that same interval, as well, so that it is possible to estimate the exact phase with
a step size of 0.1. This is a large step, but sufficient for an initial assessment. This
reduces the run times drastically and will still provide a rough estimation of how
the algorithm behaves in response to the different settings.

4.1.2 Initial results of the simulations

The first initial simulations were done to get an approximate image of what the
algorithm can handle. The evaluation look at the median of the results, with five
runs per setting. This means that if number of overtones is to be changed, five runs
on each change will be made.

The process of evaluating the performance on different parameters is as follows:

1. Initiate variables.

2. Choose one of the variable parameters and let it vary, setting the
others as fixed. Evaluate.

3. Let next parameter vary, with rest fixed. Evaluate.

4. Repeat step 3 until all parameters have been evaluated.

This will be done by iteration in order to get a good initial assessment in which
areas the algorithm performs well.

The first initial runs were with a fundamental wing beat frequency of 200 Hz, sam-

pling frequency Fj of 1000 Hz, no noise and a varying number of overtones, K. The
results can be seen in the fig. 4.2:
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Figure 4.2: Mean value of absolute errors in phase estimation for different number
of overtones.

In fig. 4.2, the blue dot corresponds to the signal with one overtone, i.e. the funda-
mental frequency and one overtone. It represents the error of the phase difference
between the fundamental frequency and the overtone. In the same way, the red dots
correspond to the signal with two overtones, and the yellow with three overtones.
As can be seen, the accuracy of the approximation of the first phase difference, i.e.
between fundamental frequency and its first overtone, seems to be decreasing for
increasing values of K. This is probably due to a low sampling frequency F, which
corrupts the finer details of the signal thus suppressing the resolution of higher over-
tones. The actual values can be found in the appendices.

The next step is raising the sampling frequency, with four tones (fundamental fre-

quency and three overtones) and rest of the parameters stay the same as in previous
test. The results can be found in fig. 4.3:
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Mean value of absolute errors for different sampling frequencies
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Figure 4.3: Mean value of absolute errors in phase estimation for different sampling

frequencies but the same FWBF.

Note: There are two yellow dots corresponding to an error of 0.

In the fig. 4.3, the same color-coding applies as in the previous figure. For the
yellow dots, the phase difference between fundamental frequency and its overtone,
and the phase difference between overtone 1 and 2 both have zero error. The actual

values can be found in the appendices.

The next step is to raise the fundamental wing beat frequency. The results can
be seen in the fig. 4.4:
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Figure 4.4: Mean value of absolute errors in phase estimation for different FWBF.

Note: There are two blue dots corresponding to an error of 0.
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As can be seen in fig. 4.4, the errors is the lowest for a fundamental wing beat
frequency of 200 Hz. The phase difference between the fundamental frequency and
its overtone, and the first overtone and the second both have zero error. The values
can be found in the appendices.

Lastly, different noise levels will also be tried. For each of the different SNR levels,
K = 3 will be tried, i.e. the fundamental frequency and two overtones. The sam-
pling frequency will be 5000 Hz and the fundamental wing beat frequency will be
200 Hz. The algorithm is known to be quite sensitive to noise, so the SNR levels of
40, 30, 20 and 10 will be tried. The results can be seen in fig. 4.5:

Mean value of absolute errors for different noise levels
&

0.14 &
1st and 2nd'overtone
0.12
FWBF and 1st c'i\arlone
0.1 L 4
e A \
5 008¢ N
S 0.06 \"'- \
5 \ \
0.04 \ ] @
\
0.02r »
| B
0 ¢ g g :
SNR=10 SNR=20 SNR=30 SNR=40

SNR

Figure 4.5: Mean value of absolute errors in phase estimation for SNR FWBF.

As can be seen in fig. 4.5, the algorithm performs quite well for SNR levels down to
20, but lower than that it seems to perform worse. It can also be observed that the
estimation of the first phase difference, i.e. between fundamental frequency and its
first overtone seems to be best for SNR levels of around 30 to 40.

4.2 Final evaluation of the algorithm

After this initial assessment of how the algorithm works with different sampling fre-
quencies, noise levels, number of overtones and fundamental wing beat frequencies,
an area of focus was determined. From the values above, it was decided to evaluate
the settings of Fy = 5000 Hz, with a noise level of SNR = 15 — 20, a fundamental
wing beat frequency of FWBF = 200 Hz and two overtones (the fundamental fre-
quency and two overtones), in more detail.

Doing 100 simulations on each parameter, the results can be seen in fig. 4.6:
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Mean value of absolute errors for different noise levels, and denoised
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Figure 4.6: Mean value of absolute errors in phase estimation for different SNR with
both denoised and undenoised signals.

Note:

There are two orange dots corresponding to an error of around 0.11.
There are two green dots corresponding to an error of around 0.04.
There are two blue dots corresponding to an error of around 0.05.

As can be seen from fig. 4.6, the algorithm performs the best for a clean signal, and
it can estimate the phase differences quite well up to three phase differences.

The algorithm was also tested for 100 simulations on a signal with FWBF of 900
Hz and a noise level of SNR 20. The plot in fig. 4.7 shows the same simulations for
a signal with FWBF of 200 Hz, for comparison:
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Figure 4.7: Mean value of absolute errors in phase estimation for different FWBF.
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Note:
There are two blue dots corresponding to an error of about 0.04.

As can be seen in fig. 4.7, there is a big difference in how the algorithm works

for FWBF 200 Hz and FWBF 900 Hz. This was also the suspicion from the initial
test runs in the previous subsection of the report.
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Chapter 5

Obtaining Lab Data

5.1 Theory

5.1.1 Laser-insect interaction

In order to study insects in vivo, that is to say to study living insects, with a high
temporal and spatial resolution traditional methods such as traps cannot be used
since they cannot give any feedback until they are emptied. Apart from being quite
labour intensive they are also very intrusive to the insects. In order to reduce both
the labour intensiveness and the intrusiveness to the insect measurements lidar can
be used. To this end laser in the infrared spectrum can be used since many in-
sects cannot see electromagnetic radiation in that part of the spectrum[15]. Here
continuous-wave (CW) lasers with wavelengths in the near infrared (NIR) and in the
short-wave infrared (SWIR) were chosen. For the NIR the wavelength 808 nm was
picked which can be measured with low cost Si-CMOS, something that also is useful
for recording with cameras and for the SWIR 1320 nm was chosen. Another trait of
808 nm is that it can be absorbed by melanin in the insect which is something that
reduces the amount of backscattered light from the insect. The melanin in insects
occurs in the cuticle and in general the highest degree of melanization occurs around
the head. The melanization in the body may vary between different insects which
in theory allows for distinction between species. There is however also melanin in
the veins on the wings on insects as well. In contrast 1320 nm light is unaffected by
melanin.

The degree polarized light becomes depolarized largely depends on how many times
the light bounces in the insect which in turn depends on how thick the part the
light hits is. As a result the wings, which are rather thin, tend to reflect much more
linearly polarized light than the much thicker body. To the degree that depolarized
light is backscattered it arises mostly from the veins in the wings which tend to be
thicker. The thickness of the wings will also determine which wavelength will have
constructive interference which will result in stronger backscattered signals for the
wavelengths. For wing thickness of 395 and 659 nm the 808 nm laser will interfere
constructively [4]. Due to the small size of the insects they will be flooded with
photons and a significant amount of light will be forward scattered.
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5.1.2 Modulation

When a flying insect is crossing a laser beam backscattered light will arise from both
the body and the wings, which can be recorded by a photodiode. The amount of
backscattered light from the body will be largely dependent on the heading of the
insect and the generated signal will tend vary slowly as the insect flies through the
beam. In contrast the recorded signal arising from the wings will have an oscillatory
appearance due to the oscillatory nature of the wing beat frequency. Even the wing
signal will however be dependent on the heading of the insect as it will determine
how much light is backscattered [4].

5.1.3 3D reconstruction

By using a camera and a mirror a 3D space can be reconstructed by comparing
the location in of an object in direct vision and the reflected image. This is done
by first creating a coordinate system where objects are placed and measuring their
position, thereafter the indices of pixels in the camera is written down. After that
a multivariate regression is done on the pixel indices.

5.2 Test chamber setup

Termination
Lascr Beam

A Beam, LDS —
—

| FoV, Detector Extinction

Termination
Detector

Figure 5.1: The setup seen from above. Note the coordinate system in the bottom
right corner.

Diodes

g Probe Volume -

Figure 5.2: The setup seen from the side. Note the coordinate system.

In order to record specific insects in a controlled environment a setup was built, see
fig. 5.1 and fig. 5.2 for a sketch. The (CW) laser diodes produced linearly polarized
light and used a dichroic beam splitter in order to overlap the two laser beams.
The laser diode producing 808 nm (CNI, MDL-H-808) was operated at 5 watt and
the laser diode producing 1320 nm (Seminex, 4PN-116) was operated at 4 watt.
The beams were collimated to a beam of about 7.6 cm in diameter using a plane
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List of parts in the test chamber setup
Laser diodes
Photodiodes
Probe volume

Camera and camera pillar

LED
Mirror
Extinction optics
Temination

OO UY | W N —

Table 5.1: A table of a few parts the setup shown in fig. 5.1 and fig. 5.2 consists of.

concave lens. Two sandwiched photodiodes (Hamamatsu, K1713-09) of silicon (Si)
and indium gallium arsenide (InGaAs) were placed next to the laser diodes close to
parallel in order to record backscattered light and used a plane concave lens with
the same diameter to focus the light on the diodes. They also used a polarization
beam splitter in order to allow one of the sandwiched Si/InGaAs to record the co-
polarized light and the other to record the de-polarized light. The probe volume is
the result of the overlap between the laser beam and the photodiodes field of view
which means that any recorded signal from the photodiode will come from the probe
volume. The centre of the probe volume, and it’s greatest radius, is in the middle
of the test chamber. In order to reduce background noise a longpass filter with the
cut-off wavelength 780 nm (Edmund Optics, RG780) was also placed in front of
them. The LED light was used in order to fool the insects to think there was sun
light which was supposed to increase the amount of flying. The camera was set up
in the corner of the box in order to see both the scattered light directly as well as
the scattered light reflected in the mirror. The camera (Basler, acA1920-155um)
was run at 156 frames per second and was covered with a longpass filter (Edmund
Optics, RG780) to get rid of the light from the LED. The mirror was placed as close
to vertically as possible. A fraction of the light that exited the box was reflected
by a glass pane placed at Brewster’s angle. This light was in turn focused onto
a photodiode (Thorlabs, DET10A /M) covered with a longpass (Edmund Optics,
RG780) and optical density filter (Edmund Optics, OD 1.0) allowing the recording
of the extinction. The termination or beam dumps were used to minimize the
background noise and were constructed using neoprene. There was separate beam
dumps for the laser beam and the detector in order to further reduce the amount of
background noise in the signal.

5.3 Software

To record the signals from the photodiode and the images from the camera the soft-
ware labVIEW was used. The software needed a way to correlate the images taken
with the data acquired so timestamping the data files generated by the camera as
well as the photodiodes was based on the computers internal clock which had a
precision of one millisecond. In order to reduce the data stored by the program the
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images had to reduced to a smaller size. To that end the camera images were divided
in to two parts, one that recorded the beam and the other the mirror, which were
then searched for the highest pixel value. If the highest pixel value in the image
from the mirror was above the threshold an area around the pixel would be stored
from both the mirror and the direct image as well as the indices for the highest
pixels. The centre of mass of the matrix was calculated which together the indices
of the pixels with the highest value was used to calculate the 3D coordinates. The
coordinate system was defined as in fig. 5.1 and fig. 5.2.

The data from the photodiodes was recorded at 20 kHz and saved the recording
as a new file every 10 seconds. To reduce the amount of space required to store the
data files they were filtered after the measurement had been completed. The filter
used a threshold based on the mean of the signal from the coherent Si photodiode
plus 0.1. The reason for basing the filter on the coherent Si signal was due to the fact
that the camera could see 808 nm light whereas 1320 nm light would be invisible.
The choice to base the filter on the mean of the signal plus 0.1 was arbitrary but
due to it giving a good enough result it was kept. The filter then saved the indices
of where the signal was above the threshold and then use the first and last indices
as a start and stop for the observation. The observation was then expanded around
the start and stop index to include more data. If there was a large enough gap in
where the threshold was reached in one file it would count as two observations.

5.4 Testing the setup

As a way to test the software and setup a teflon ball was thrown into the probe
volume to see if both the photodiodes and camera would react as well as to see if
the times in both files would align. Due to the simplicity of the falling motion it
could also be used to see if the 3D reconstruction was valid. Further testing was then
done using live insects, fruit flies (drosophila melanogaster), that had been breed in
a small test tube.
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Chapter 6

Results of test chamber setup

6.1 Fruit fly (drosophila melanogaster)

As one can see in fig. 6.1a the strongest signal from the measurement is the co-
polarized light from the 808 nm laser. The general shape of the co-polarized 808
signal is shared with the de-polarized 808 nm signal. The shape of the co- and
de-polarized signal from the 1320 nm laser have a very different shape from the 808
nm signals which was to be expected. The 1320 nm signal also starts slightly after
the 808 nm signal and doesn’t even go back to zero within the figure. This is due
to the two laser beams not being perfectly overlapping. The shape of the extinction
signal is hard to interpret but can be seen to decreases as the fly enters the laser
beam which is expected.
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Figure 6.1: Measurement on a fruit fly together with the reconstructed flight path.
Fig. 6.1a shows the recorded signals from a fruit fly where the minimum value from
the different channels have been subtracted from the channel in order to more easily
compare the signals. Fig. 6.1b shows the flight path of the same fruit fly with the
time measured from the first taken image as numbers next to the data points. The
arrow illustrate the direction of the laser beam
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Figure 6.2: The flight path from fig. 6.1b shown in 2D for clarity’s sake. The
numbers next to the data points is the time when the image was taken.

In fig. 6.1b one can see that the average duration between the images were taken
was around 6.4 ms which means that the full potential of the frame rate of the
camera was utilised, since 1z &~ 6.4 ms
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6.2 Time mismatch
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Figure 6.3: The recorded signal as well as the corresponding flight path of a dropped
telfon ball with a diameter of 6 mm. Fig. 6.3a shows the signal from a teflon ball
dropped into the probe volume with the copolarized Si detector signal in red, the
depolarized in magenta and the time when the camera saved images marked in blue.
Fig. 6.3b shows the flight path of the same teflon ball.

In fig. 6.3 one can see that there is a mismatch between when the camera and the
photodiode signal. In fig. 6.3b one can see the reconstructed flight path of a dropped
teflon ball. In fig. 6.4 one can see histograms of the estimated time mismatch. By
comparing the two time differences in fig. 6.4a and fig. 6.4b the time mismatch that
occurs between the data files and the camera files can be estimated. The mean value
of fig. 6.4a was about 19 ms, even if one removes the two rather suspicious looking
values at 0 and 61 one ends up with a mean value of 19 ms. The mean value of fig.
6.4b was about 25 ms removing the suspicious looking values in a similar fashion
one ends up with the mean value of about 24 ms. Lastly fig. 6.5 is a histogram of
the difference between the duration the observation based on the data file and the
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duration between the first and last image taken.
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(a) Histogram over estimated time mismatch
between the start of an observation and the
first image taken

Counts
@

0 20 40 60 80 100 120
Time (ms)

(b) Histogram over estimated time mismatch
between the end of an observation and the
last image taken

Figure 6.4: Histogram over estimated time mismatch
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Figure 6.5: The time difference between the duration of an observation and the
duration between the first image being taken and the last image of that observation
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Chapter 7

Analysing real data obtained from
test chamber setup

7.1 Analysis of real data

When the real data is obtained, the same procedure as with simulated data is done
in order to produce phase estimations. This procedure corresponds to filtering out
the body part of the signal, potentially applying denoising and shaping the data
into Gaussian envelopes thereby also creating segments of the signal. After that,
the segments will be analyzed by the matched reassignment and the matched phase
reassignment, yielding phase estimations.

There are two big differences from the simulated data. The first one is that down-
sampling of a factor 4 will be done, using Matlab’s function decimate, as described
in the theory section. The second one is that the phases will no longer run between
0 and 0.5, but instead from 0 to 0.9. Using the interval [0, 0.5] in the simulated data
made sense since the actual phases could be controlled to be within that interval.
However, for real data this cannot be controlled and it could be that the phases
often lie above 0.5. It is still important to have the restriction of phases and not
let the estimations run between [0, 1], due to periodicity as explained previously.
Therefore, the interval [0,0.9] was decided for real data, giving a margin of 0.1 be-
fore periodicity occurs, but still not limiting the phases too much.

The analysis of real data was first done on the fruit flies (drosophila melanogaster),

taking out the fundamental frequency and two overtones. The sample size is the
same as in the simulations, i.e. 100 samples.

7.2 Results from real data

7.2.1 Fruit flies (drosophila melanogaster)

The histograms for the estimated frequencies of the fruit flies are seen in fig. 7.1,
fig. 7.2 and fig. 7.3, with the respective means and medians:
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Figure 7.1: Histogram of estimated fundamental frequency.

The mean Z and the median = of the estimated fundamental frequency are

7 = 329 Hz,
7 =232 Ha.

Estimated first overtone frequency
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Figure 7.2: Histogram of estimated first overtone frequency.

The mean Z and the median Z of the estimated frequency of the first overtone are

z = 505 Hz,

7.2
T = 452 Hz. (7.2)
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Estimated second overtone frequency
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Figure 7.3: Histogram of estimated second overtone frequency.

The mean z and the median = of the estimated frequency of the second overtone
are

x =905 Hz,
- (7.3)
T =819 Hz.

The analyzed real data was the fruit flies (drosophila melanogaster). This fly has

a fundamental wing beat frequency of roughly 200 Hz. The estimations of the
frequencies can be seen in the fig. 7.4, visualizing the spread of the estimations:

Estimated frequencies for the drosophila melanogaster
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Figure 7.4: Estimated frequencies for the fruit flies (drosophila melanogaster).

As can be seen in fig. 7.4, the blue dots represents the estimation for the fundamen-
tal wing beat frequency, the red dots represents the estimation for the first overtone
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and lastly the yellow represents the estimation for the second overtone. Here, the
blue should correspond to roughly 200 Hz, the red to roughly 400 Hz and the yellow
to 600 Hz. The spread of the yellow dots is a strong indication of that the estimated
phase difference between the first and second overtone is not correctly estimated
since the frequencies themselves are incorrectly classified.

The result for the phase difference between fundamental frequency and its first
overtone can be seen in fig. 7.5

Phase differences between FWBF and first overtone

Number of observalions

01 015 02 025 03 0.35 04 045 0.5 0.55
Phase difference (2= radians)

Figure 7.5: Histogram of phase difference between fundamental frequency and its
first overtone.

The confidence interval, defined as,

NG (7.4)

will be used. In the equation above, Z is the mean of the data, z is the chosen
z-value, i.e. corresponding confidence level, o being the standard deviation and n
the sample size. With a 95% confidence level, the results are as follows:

0.2895 + 0.0166 = {0.27,0.31}. (7.5)

For the phase difference between the first overtone and the second, the histogram is
presented:
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Figure 7.6: Histogram of phase difference between first and second overtone.

The confidence interval, with same confidence level, was calculated for these results
as well:

0.2946 4 0.0143 = {0.28,0.31}. (7.6)

As can be seen in the two histograms, fig. 7.5 and fig. 7.6, and confidence levels
above, the results for the phase difference between the fundamental frequency and
its overtone, and the first and second overtone, are similar.

7.2.2 Yellow fever mosquitoes (aedes aegypti)

The same analysis was also started on the yellow fever mosquito (aedes aegypti).
This data did not come from this thesis’ test chamber setup, but was provided by
Samuel Jansson (Department of Physics, Lund Laser Centre, Lund University, Lund,
Sweden). This setup used 1550 nm laser instead of 1320 nm for the SWIR. This
data was also analyzed in order to possibly get a difference in phases between the
different species. Before running 100 simulations, the first ten was to be analyzed.
The reason for this was that the simulations on a FWBF of 900 Hz pointed towards
a strong misclassification of phases. The results of the frequency estimations of the
first ten runs can be seen in fig. 7.7:
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Estimated frequencies for aedes aegypti
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Figure 7.7: Estimated frequencies for the yellow fever mosquito (aedes aegypti)
where blue is the FWBF, red is the first overtone and yellow is the second.

An example of the frequency estimation can be seen in the fig. 7.8:
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Figure 7.8: Estimated frequencies for the yellow fever mosquito (aedes aegypti). An
example of the spectrum from a yellow fever mosquito observation with what seems
to be two obvious peaks in fig. 7.8a. The same spectrum but zoomed in fig. 7.8b

on what seemed to be one peak in fig. 7.8a.
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o 500 2500 930

In fig. 7.8a one can see the two peaks the method should detect i.e the peaks at
930 and 1790 Hz, however the method instead returns two frequencies that are very
close to each other. In fig. 7.8b one can see the same figure but zoomed in on the
frequencies that the method returns instead. It is clear that the frequencies have
been wrongly estimated. The yellow fever mosquito has a FWBF of roughly 900
Hz, which means that the overtones are around 1800 and 2700 Hz.

Due to the frequencies being wrongly estimated, the phases will be incorrectly esti-
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mated as well. This is a logical implication, since a phase estimation of a frequency
that does not correspond to the fundamental frequency or an overtone is not an
interesting number, and thereby a misclassification.

The frequency estimations for the yellow fever mosquito had a large spread with
randomness. In order to try to combat this, it was decided to use one large window
per signal instead of 20 small ones to see if it would reduce the spread of frequencies
estimated. This also reduced the run time, enabling 3700 runs to be made. Due to
the strange shape of the mosquito observations, the observation could for example
start long before any wing beats could be detected, it was decided to first attempt
to filter out the body and then try to place the window on top of the maximum
value. In order to avoid scenarios as portrayed in fig. 7.8 a minimum distance of 10
samples, corresponding to a frequency distance of about 24 Hz, was chosen.

Histogram of the estimated fundamental frequency
120 — T T T T T T T T T

100
80

60

Counts

40

2001

! ||| it a0 v 1. .
200 400 600 800 1000 1200 1400 1600 1BOD 2000

Frequency (Hz)

Figure 7.9: Estimated fundamental frequencies for the yellow fever mosquito (aedes
aegypti) from 3700 runs.

In fig. 7.9, the estimated FWBF can be seen, from male yellow fever mosquitoes
based on the signal from the co-polarized 1550 nm laser. The mean z and the
median T of the estimated fundamental frequency are

44 Hz,
15 Hz.

T =

T =
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Histogram of the estimated second Harmonic
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Figure 7.10: Estimated second harmonic frequencies for the yellow fever mosquito
(aedes aegypti) from 3700 runs.
In fig. 7.10, the estimated first overtone with the overtone’s mean and median are

T = 1200 Hz,
~ (7.8)
z = 1045 Hz
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Figure 7.11: Histogram of phase difference between fundamental frequency and its
first overtone.

This approach did not increase the accuracy of the results. The mean of the
phase difference is 0.3343 and the confidence interval at 95% is

{0.33,0.34} (7.9)

Comparing fig. 7.11 and 7.14 suggests that the phase difference between the FWBF
and first overtone can’t be used as a distinguishing feature.
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7.2.3 Southern house mosquitoes (culex quinquefasciatus)

The same procedure as with the yellow fever mosquito was done on the southern
house mosquito (culex quinquefasciatus). The results are attached in fig. 7.12, fig.

7.13 and fig. 7.14.
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Figure 7.12: Estimated fundamental frequencies for the southern house mosquitoes

from 554 runs.

The mean z and the median T of the estimated fundamental frequency are

x = 686 Hz,
- (7.10)
T = 728 Hz.
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Figure 7.13: Estimated first overtone frequencies for the southern house mosquito

from 554 runs.
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The mean z and the median  of the estimated fundamental frequency are

T = 1287 Hz, (7.10)
T = 1450 Hz '
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Figure 7.14: Histogram of phase difference between fundamental frequency and its
first overtone.

The confidence interval with a 95% confidence level based on the data in fig.
7.14 yields:

{0.31,0.35} (7.12)

with a mean of 0.3324
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Chapter 8

Discussion and Conclusion

8.1 Matched Phase Reassignment

The matched phase reassignment method is sensitive to noise. Although sensitive
to noise, the simulated signals’ phase estimation performed quite well even though
large amount of noise was added. For an SNR level of 10, the first phase difference
had an average error of 0.07 which was lower than expected. For signals with higher
levels of SNR, the error decreases which also was expected, and the algorithm per-
forms very well for SNR levels 15 — 20, which were satisfying results. This level of
noise corresponds well to the amount of noise that was present in real data which
points towards that if the recorded data have a reasonable amount of noise the algo-
rithm can perform to a satisfying degree, depending on purpose. Furthermore, the
final simulations were made on a fundamental wing beat frequency of 200 Hz. 100
simulations were made on each parameter, taking roughly 12 hours to perform for
each parameter. From the initial assessment it was quite clear that the results would
be poor for higher FWBF’s, which was the reason for why 200 Hz was focused on.
Furthermore, 100 simulations were made on a FWBEF of 900 Hz which confirmed
the suspicions of poor performance in higher FWBFs. It would have been interest-
ing to have some more statistically robust results on higher FWBFs, and at what
frequencies the algorithm starts to fail. From a time perspective it was important
to narrow down the space of parameters by doing the initial assessment with lower
amounts of simulations.

One reason for why the phases are wrongly estimated is due to the frequencies
being estimated with errors. Since the matched phase reassignment method relies
on the frequencies of the signal correctly being estimated, this heavily affect the end
outcome. Implementing ways of ”intervening” between the frequency estimation
and the matched phase reassignment and there potentially correcting or discarding
certain frequency estimations could be a way to partially fix this. The problem
with this is that for real data, no prior information about frequencies exists and
therefore it would be hard to classify wrongly and correctly estimated frequencies.
There could potentially be information about species-specific properties, but even if
these frequencies deviate with a few percent due to for example high levels or noise
corrupts the end results. This thesis had the approach to create the best circum-
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stances for the algorithms to work well with the data at hand, and then evaluating
the results. The reason behind this was to assess and quantify the performance of
the phase estimation, with the best possible circumstances, instead of intervening
and 7improving” the results, thereby creating results that perhaps would not be
obtainable without same adjustments, thus not representing a correct image of the
performance.

8.1.1 Future work on this topic

As explained in the previous section, a large source of error was the wrong classifi-
cation of frequencies. Previous work has been done on frequency estimations, but
the importance of correctly classifying the frequencies in order for the phase esti-
mation to work cannot be emphasized enough. Therefore, it would be interesting to
see case-specific frequency estimations, exploring what actions that can be taken in
order to improve the frequency estimation on insects in particular.

Furthermore, it was clear that the data obtained through real experiments con-
tained noise and that the phase estimations were affected by this. This was also
confirmed in the simulations. An attempt to denoise the data was made using
wavelets. Denoising is a tricky and time-consuming subject to cover which led to
after implementing wavelets with thresholding this area was deemed to be sufficient
for the purposes of this thesis. The scope of this thesis was not to implement a de-
noising technique, but was added as a way of hopefully improving the results since
the matched phase reassignment method was known to be sensitive to noise. It was
clear from the results on simulated data that the denoising technique implemented
in this thesis was not sufficient to drastically improve the accuracy. It would be in-
teresting to see further work on how denoising techniques could help the algorithms
perform better, rather than having this topic as a peripheral.

Lastly, one big restriction placed on the model was the restriction of phases in
the simulations. In order to combat the problem of the periodicity in phases and
that the results become skewed, the restriction of letting the phases run between 0
and % was implemented. As stated, this reduces the space of where the model is
applicable. Developing an algorithm or model for combating this problem would be
highly interesting in further work in this subject.

8.2 Test chamber setup

A problem that consistently came up for the setup was the time mismatch between
the signal from the photodiodes and the camera which makes it hard to match them
with each other. Fortunately the mismatch seemed to be relatively consistent with
the delay of about 20 ms. With enough images taken during an observation to cover
the entire flight through the laser beam, for example fig. 6.3a, one could probably
overlap the signal and images with decent certainty. There was also a problem with
when the matrices from the camera are saved some images are lost due to the pro-
cessing time exceeding the time between images but since the saving only was done
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when no insect was in the camera’s field of view it had a marginal effect.

There was also a thought that the phase difference between the FWBF and the
first overtone could potentially reveal some information about the heading of the in-
sect since using the phase difference as a way to distinguish different insects seemed
somewhat futile. This however, failed and no correlation between the phase and
heading could be determined.

8.2.1 Future work on this topic

Further improvements to the setup could be done by figuring out a better way to
utilise the extinction signal which goes completely unused as is. Another problem
can arise if two insects are within the field of view at the same time. Currently the
software for the camera will only save the location of one of the insects and that is
if either of the insects are within the cameras field of view.
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Appendix A

A.1 Initial simulations performed prior to the 100
simulations

In this section of the appendix, the numbers from the initial test simulations are
presented in a table format. This is for the reader to take a closer look if interested
in the hard numbers which led to the conclusions presented in the simulation section
regarding settings to use for further simulations.

These results were presented in a figure, previously in the report, as well.

A.1.1 Notation

The following notation is used in the tables:

FWBF - Fundamental wing beat frequency,

Fs — Sampling frequency,

K — Number of tones (including fundamental wing beat frequency, i.e. K = 1 rep-
resents just the fundamental wing beat frequency),

SNR - Added noise level expressed as SNR,

Run - Simulation number,

T12 — True phase difference between tone 1 and 2,

A12 - Approximated phase difference between tone 1 and 2.

The settings are seen in the left table, and the results in the right.

A.1.2 Initial simulations

FWBEF | 200 Run | 1 2 3 4 5
Fs 1000 T12 1 0.1 10.1]0.3]0.2]0.2
K 2 A12 10.110.1]03|02]0.2
SNR 0
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FWBF | 200 Run | 1 2 3 4 S
F's 1000 T12 1 0.11020.1]0 0.2
K 3 T23 102]0 02101]0.1
SNR 0 A12 10210.1]01[0.1]0.5
A23102/04]01/0 0.4
FWBEF | 200 Run | 1 2 3 4 5
Fs 1000 T12 1 0.2 10.30.2]0.4]0.2
K 4 T23 102020 02102
SNR 0 T34 10.110.1]0 0.110.2
A12 101102020 0.1
A23 10410110 0.1 0.1
A34 101/04/01/05(0.5
FWBF | 200 Run | 1 2 3 4 )
F's 2500 T12 1 0.1 1020 0210
K 3 T23 10.1]0 0 0210
SNR 0 A12 1020301 ]0.1]0.1
A23 10110 0 0210
FWBF | 200 Run | 1 2 3 4 5
F's 2500 T12 102 0.1]0 0210
K 4 T23 1 0.210.1]0.1]0.2]0.2
SNR 0 T34 10.1104]01]0.1]0.1
A12 103 |0 0.1102]0.1
A23 1020 0.101]0.1
A34 1020510303 ]0.2
FWBF | 200 Run | 1 2 3 4 )
F's 5000 T12 1 0.110.2]0.1]0.1]0.1
K 4 T23 | 0 02,01]01 0.1
SNR 0 T34 10.1,04]01]0 0.2
A12 101/02]0110 0
A23 |0 021010170
A34101103[0110 0.05




FWBF | 200 Run | 1 2 3 4 S
F's 5000 T12 1 0.310.1]04|0.2]0.1
K > T23 | 0 0.1/01]01]0.3
SNR 0 T34 | 0 02102]03 0.1
T45 1 0.1 104 1]0 0.2 0.1
A12 1020.1]04]02]0.1
A23 |0 0110110 0.3
A34 |0 02102102 0.1
A45 1011030 0.2 10.1
FWBF | 500 Run | 1 2 3 4 )
F's 5000 T12 1 0.1 10.2]0.3]0.4]0.2
K 3 T23 10410 0.1/0.1]0.3
SNR 0 Al12 | 0O 0.1103]02]0.2
A23102102]04|02]0.5
FWBF | 500 Run | 1 2 3 4 5
Fs 5000 T12 1 0.1103]0 0310
K 4 T23 10.110.1]02]03]|0
SNR 0 T34 1 03]0 0 0.21]0.3
A12 102 103(0.1(0210
A23103/04/02|01(0.3
A34101/101]0101]0.2
FWBEF | 900 Run | 1 2 3 4 5
F's 10000 T12 10205 |0 04 0.2
K 3 T23 1010204 |0 0.3
SNR 0 A12 |01 (05(0.2 |05 |05
A23 104 (03 | 0.05]0.25]0.25
FWBEF | 900 Run | 1 2 3 4 5)
Fs 10000 T12 1 0.1 |10 02102 |0
K 4 T23 [ 0.1]0 0.1101 |0.1
SNR 0 T34 101101010 0
A12 1011030405 |0.1
A23 10.31]0.2]0.2]0.25]0.25
A34102(03(02/03 |03
FWBF | 200 Run | 1 2 3 4 d
F's 5000 T12 103102 (0304 |0.3
K 3 T23 0.1 0.1 [03]040.2
SNR 40 A12 103102 [03]0.3]0.3
A23 10.10.05|03]0.3]0.2

29




FWBF | 200 Run | 1 2 3 4 5
Fs 5000 T12 | 0 0 0110310
K 3 T23 10401 [02]0.1]0.3
SNR 30 Al12 | 0 0.0501]03]0
A23 103|101 (0210 0.3
FWBEF | 200 Run | 1 2 3 4 5
Fs 5000 T12 | 0.2 10 0.3]0.11]0.1
K 3 T23 {0.1105]02]02]0.1
SNR 20 A12 {0210 0210 0.1
A23 10.1104]021]0.21]0.1
FWBEF | 200 Run | 1 2 3 4 5
Fs 5000 T12 | 0.1 |0.1|0 0.1 |0.1
K 3 T23 104 |0.1(0.11]0 0.2
SNR 10 Al12 1 0.15]0.2]0.10.25]0.2
A23 102 |02]03(01 |0.3
FWBF 200 Run | 1 2 3 4 5
Fs 5000 T12 {02104 (0.1 |01 |0.1
K 3 T23 10210401 |04 |0.1
SNR 10 Al12 1 0.1103]0.15|0.15]0.2
Denoised | Yes A23 102103103 [03 |0.2
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A.2 Popularvetenskaplig beskrivning

Insekter ar en essentiell komponent i manga ekosystem. Rollerna som de har ar
viktiga, vilka inkluderar spridning av vaxters fron, pollinering och att vara en kalla
till naring for andra djur. Dock finns aspekter med insekter som innebéar hot for
ménniskor. Exempelvis kraver malaria cirka 400 000 méanniskoliv per ar, en sjukdom
som fors vidare av myggor.

For att kunna bekampa sjukdomar som malaria éar det viktigt att fa djupare forstaelse
och kunskap om dessa djur. Ett led i detta ar att pa ett korrekt satt kunna klassi-
ficera dem, vilket tidigare har gjorts genom att exempelvis titta pa vilken frekvens
respektive insektsart slar med sina vingar. Som exempel har de vanliga bananflu-
gorna en vingslagsfrekvens pa cirka 200 slag i sekunden, medan en gulafebernmygga
har en vingslagsfrekvens pa cirka 900 slag i sekunden. Ett problem med denna metod
ar att det finns ett valdigt stort antal olika arter av insekter som ar intressanta att
analysera, vilket i sin tur gor att det ar svart att fa en unik vingslagsfrekvens for
varje specifik art.

I denna uppsats har de relativa faserna mellan insekters overtoner studerats, med
motivering att det mojligen finns artspecifika egenskaper i faserna som kan hjalpa till
med klassificering. Detta har gjorts med en nyligen utvecklad metod kallad matched
phase reassignment. Denna metod hittar graden av synkronisering mellan tva olika
signaler och pa sa sétt skattas faserna for dessa. Algoritmen kan appliceras pa en-
skilda signaler, i detta fall insektsdata, genom att estimera frekvenserna for insekten
och sedan skapa surrogatdata med samma frekvens. Dessa tva signaler ar saledes
helt synkroniserade nar faserna overensstammer, vilket i sin tur ger en fasestimering.

Resultaten visar pa att metoden for att estimera faser ar kanslig for vilken typ
av signal det ar. I vissa fall fungerar det mycket val (exempelvis for relativt lag
niva av brus samt en lag vingslagsfrekvens), medan i andra fall simre. Som tidigare
namnts baseras fasestimeringen pa synkroniseringen mellan tva signaler. For att
tva signaler ska kunna vara synkroniserade ar det en forutséattning att frekvenserna
ar samma. Det ar alltsa mycket viktigt att frekvensskattningen av insekterna blir
bra, eftersom denna direkt paverkar skattningen av faser. I denna uppsats anvindes
metoden matched reassignment for att skatta frekvenserna hos insekter. Det var
tydligt att for hogre vingslagsfrekvenser var frekvensskattningen inte lika bra som
for lagre, vilket innebar att fasestimeringen paverkas i stor utstrackning.

For att kunna titta pa riktig data byggdes en experimentell uppstéallning. I denna
anvandes olika typer av laser for att spela in data av levande insekter som sedan
kunde analyseras. Denna uppstéllning fungerade mycket val och kommer att kunna
anvandas i framtiden for ssmma dndamal. Detta ar saledes ett verktyg som mojliggor
kontinuerlig analys av insekter och som kan vara ett steg i att fa mer forstaelse for
dessa djur.
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