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Abstract

The field of Life Science Engineering (LSE) is rapidly expanding and predicted to grow
strongly in the next decades. It covers areas of food and medical research, plant and
pests’ research, and environmental research. In each research area, engineers try to
find equations that model a certain life science problem. Once found, they research
different numerical techniques to solve for the unknown variables of these equations.
Afterwards, solution improvement is examined by adopting more accurate
conventional techniques, or developing novel algorithms. In particular, signal and
image processing techniques are widely used to solve those LSE problems require
pattern recognition. However, due to the continuous evolution of the life science
problems and their natures, these solution techniques can not cover all aspects, and
therefore demanding further enhancement and improvement.

The thesis presents numerical algorithms of digital signal and image processing to help
in improving the pattern recognition based solution of some LSE problems. These
problems are selected randomly from the different areas covered by LSE, including
those involved in hidden animal detection, biological tissues recognition, animal
taxonomy, and bioprocess monitoring problems.

Hidden weevils are traditionally detected by pheromone traps which are not able to
perform the task in an early stage of infestation. Hardly seen animals such like bats are
usually detected through their echolocations, with the need of accurate handling and
filtration of the recorded sound streams for correct detection. In this thesis, a signal
processing system is developed including the extraction of large list of
conventional/unconventional bioacoustics features. The filtration process and
application of window functions are investigated, and different algorithms for the
selection of distinctive features are proposed. The system is applied to accurately
detect the existence of red palm weevils through the analysis of recordings made by an
insertion sensor into palm trees.

Meanwhile, automatic recognition of objects in biological tissues is achieved with
image processing by detecting objects’ boundaries in over surface picture, x ray
image, ultrasound image, or magnetic resonance image. Nevertheless, the main
challenge is to apply a robust edge detector. In this direction, a novel edge detector
based on the energy and skewness features of the original image is developed. These
features behave as smoothed versions of the image and avoid the application of prior
smoothing filters and their corrupting influence on the boundaries. Non-maximum
suppression approach with sub-pixel accuracy is established to thin out the detected
boundaries to one pixel width. Flux equilibrium check is conducted to fill any
discontinuities take place in the constructed edges image. With respect to subjective
and objective measures, the developed edge detector presents competitive results in
comparison to other commonly used approaches. Several two dimensional features
are extract from the edges image to completely define the objects boundaries. And the
developed edge detector has been applied efficiently to recognize the intramuscular fat
contents in non-living animal slices images.

Animal taxonomy can also be performed by image processing through the analysis of
their bioacoustics calls represented in spectrogram images. It is a modern method
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which presents fast and accurate classification down to species levels. However, the
collections of bioacoustics calls in animal natural environment add more difficulties to
the classification process due to the attached field noise. Many enhancement
approaches have been considered to suppress this background noise, but their
common challenge is the degradation of the produced temporal and/or spectral
accuracies. Hence, an improved spectrogram enhancement approach has been
developed. The approach limits the dynamic range of the spectrogram to the enclosed
high energy patterns. The crest factor image is extracted as a smoothed version of the
spectrogram. The developed edge detector is applied to detect the boundaries of
sound patterns, at which their surrounding noise are eliminated. The method is
compared to other enhancement methods, and applied successfully to classify some
birds/bats species through their bioacoustics calls spectrograms.

Alternatively, several in situ sensors and techniques are applied to monitor
bioprocesses. However, some challenges are accompanying regarding the biofouling
formation on the sensor surface, limited measuring range, base line drift, cost of
application, and calibration complications. Particularly, ultrasound sensors are
promising tools to perform online, noncontact, and non-invasive monitoring. The main
parameters obtained by these sensors are the time of flight of the propagating echoes,
and its corresponding speed of sound. Numerical approaches to calculate these
parameters are mostly the threshold method and cross correlation method. Whereas
with the first method echoes reach the threshold level sometimes after their exact
starts, while with the second method the calculation is highly affected by existent noise
spikes. In this thesis, a time of flight and speed of sound calculation approach is
presented. The ultrasound signal is restricted to its dominant frequency. The involved
power spectrum and phase shift distributions are handled to detect the time of flight
between echoes corrected by their individual phase shifts. Afterwards the speed of
sound is calculated by the information of the signal path length. Validations and
sensitivity analyses are conducted to check the consistency and repeatability of the
results. The proposed method is applied to estimate the time of flight and to monitor
the speed of sound variation during online yeast fermentation process. Furthermore,
the signal features are combined with temperature measurements in an artificial neural
network to instantaneously predict the mixture density with high accuracy.

The developed approaches enlighten the passage which help in decreasing the
challenges of LSE problems, and open the horizon to think in more improvements for
the already existent solutions. Therefore, further applications of these approaches as
well as their limitations and constrained are discussed.



1. Introduction

Life Science Engineering (LSE) is a research field for the intersection between
engineering and life science, with the focus of finding technical solutions for existing
life science problems. It became an increasingly important subject area during the last
few years due to its implementation in food technology, pharmacy, biology, metabolic
engineering, bioreactors design and operation, pollution abatement technology,
environmental impact assessment and life cycle analysis. LSE can be divided into three
major areas, as clarified in figure (1.1). The red area is engaged in the research of food
and medical technologies containing their production processes, analysis,
instrumentation, automation and robotics. The green area is for the plant and pests
research, including the methods of cultivation and resistance to grain weevils. While
the grey area concerns with the protection of the environment, covering research in
topics such as water, air pollution, as well as their analysis techniques.

Figure (1.1): The three major fields covered by
Life Science Engineering (LSE) research.

1.1 Problem Formulation

The thesis is oriented to help in improving the solution of some LSE problems by signal
and image processing techniques. These problems are the difficulties in detecting
hidden or hardly seen animals, difficulties in objects recognition in biological tissues,
difficulties in animal taxonomy in species level, and difficulties in /nstantaneous
monitoring of bioprocesses.

Problem of hidden animal detection

The importance of detecting hidden or hardly seen animals is gained in from the
exchanged influence between these objects and environment. One example of these
animals is the night-flying bat, which is primary predator of night-flying insects. These
include cucumber, potato, and snout beetles; corn-earworm, cotton-bollworm, and
grain moths; leafhoppers; and mosquitoes. A mine roosting colony of only 150 bats eat
about 33 million cucumber beetles each summer. This saves huge amount of
pesticides which could cost the farmers an estimated billion dollars [1]. Despite their
critical role in our environment and economy, available studies suggest that millions of
bats have already been lost. The loss of bats can increase our reliance on chemical
pesticides, which often threaten both environmental and human health.

There is a rapidly growing body of evidence indicating that bat fatalities at wind mills
are considerably high enough to endanger their existence, especially for those
presented in figure (1.2). the lungs of bats as typical mammalian unlike those of birds,



and it has been hypothesized they are more sensitive to sudden air pressure changes
in their immediate vicinity such as wind turbines, and are more liable to rupture them to
explain their apparent higher rate of mortality with such devices.
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Figure (1.2): Three of the most frequently killed bats at windmills. (a) Hoary bat
(Lasiurus cinereus), (b) eastern red bat (Lasiurus borealis), and (c) silver-haired bat (Lasionycteris
noctivagans).

About 48 bats are killed per wind blade annually at mountaineer [2]. From the other
side, bats destroy these blades, as shown in figure (1.3), which offer source of
renewable and pollution-free energy. Clearly, further construction of wind farms on
wooded ridge tops, prior to finding solutions to prevent or minimize bat kills, poses
potentially devastating cumulative threats to bats and wind turbines [3].

Figure (1.3): Thermal
infrared image for a wind
turbine, showing the
trajectory of a bat that
was struck by a moving
blade (lower left).[3]

Automatic accurate detection of bats’ existence can lead to excellent progress toward
identifying causes and possible solutions for the problem. One primitive solution is to
stop or reduce the turbine speed when bats are detected in the near zone. However,
due to the unique behaviours of bats to fly in late night, it is difficult to visually detect
their species. The recognition is always subject to the external characteristics and its
accuracy was dependent on the experience and ability of the observer [4].
Governments and mammal rights organizations cannot condone further turbine
construction until solutions are found to minimize or prevent bat kills.



Meanwhile, an example for hidden weevils is the red palm weevil (Rhynchophorus
ferrugineus), shown in figure (1.4), which spends its approximately four month’s life
cycle into the trunk of trees. It is the most destructive pest of date palms in the world
and a serious pest of coconuts.
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Figure (1.4): The complete life cycle stages of the Red Palm Weevil, and its larva in date palm trunk.

Red palm weevil (RPW) has caused up to 20% loss of these plantations in Asia and
Middle East. Since 1980s, it has rapidly expanded its geographical range westwards. It
reached Saudi Arabia and the United Arab Emirates in 1985, spreading throughout the
Middle East and into Egypt. Between 1994 and 1999, it was detected in Spain, Israel,
Jordan and Palestine. Then it is appeared in Italy in 2004, Canary Islands in 2005,
Balearic Islands, France, and Greece in 2006, and Turkey in 2007 [5]. It has been
reported in several other countries as schematically shown in figure (1.5). The hidden
kind of its living enables the spread of infestation without visual appearance on the
tree, and therefore no treatment is considered. European Commission is in the process
of introducing emergency measures to prevent the further spread of RPW within the
community.

Figure (1.5): worldwide map showing the reported infested regions (in grey) by red palm weevils in
2007.

The females deposit about 300 eggs in separate holes or injuries on the palm trunk.
Eggs hatch in 2 to 5 days into legless grubs which bore into the interior of the palms,
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moving by peristaltic muscular contractions of the body and feed on the soft succulent
tissues, discarding all fibrous material. The larval period varies from 1 to 3 months. The
grubs pupate in an elongate oval, cylindrical cocoon made out of fibrous strands. At
the end of the pupation period which lasts 14 to 21 days, the adult weevils emerge [6].
Larvae and adults destroy the interior of the palm tree, often without the plant showing
signs of deterioration unless damage is severe. Hollowing out of the trunk reduces its
mechanical resistance, making the plant susceptible to collapse and a danger to the
public, as given in figure (1.6), [7]. In most cases, attack leads to the mortality of trees
whatever their sizes.

Figure (1.6): Mortality and fall of the palm tree
due to the Red Palm Weevil infestation.

Problem of biological tissue recognition

The second problem is elaborating in recognition of objects in biological tissues, which
can be divided into two categories; living and non-living tissues. One example for the
problem in living tissues is the diagnosis of Adrenoleukodystrophy [8], which is
inherited disorder that leads to progressive brain damage, failure of the adrenal glands
and eventually death, as shown in figure (1.7). It is essential to diagnose this disease as
early as possible. Once the disease has progressed, there are currently no treatments
that can replace the lost myelin. The diagnosis is mainly established by blood test for
the detection of serum very long chain free fatty acid levels [9]. The test has the highest
accuracy in males, however, it sometimes present negative results in women who carry
the disease.

Figure (1.7): The
Adrenoleukodystrophy effects which
are (1) damaging the white matter of

the brain and (2) impairing the
adrenal glands.




On the other hand, an example for the problem in non-living tissues is the recognition
of fat areas in an animal’s meat slice, as shown in figure (1.8). The intramuscular fat
content is one of the most important criteria for quality in meat grading systems. It has
a large influence on the meat nutrition, functional properties, sensory quality, storage
conditions and commercial value [10].

fat content (%)

0

0 100 200 300 400 500
carcass weight (kg)

Figure (1.8): An approximate relationship between fat content and carcass weight in Japanese black
x Holstein cows, [11].

This problem can be also solved by visual inspection or chemical investigation.
However, visual inspection has historically been performed by use of the only “tool”
available, the human eye. The process accompanying data acquisition, automatic
evaluation and direct control of the ambient conditions is possible only to a very limited
extent, because the human assessment furnishes above all qualitative but hardly
quantitative data and, on top of this, such inspection is time consuming and cost-
intensive. Instead, the chemical investigation is performed through the gravimetric
ether extraction method [12], which is known as a standard reference analysis method
for measuring the fat contents in simple, accurate, and robust technique [13]. But it has
several drawbacks such as its long drying and extraction times, lack of automation,
and the amount of solvent used per sample. Furthermore, the method is considered as
expensive, destructive, and tedious method, because meat as a raw material is
extremely variable and may range from 1 to 65% fat.

Problem of animal taxonomy

The third problem involved in the difficulty of animal classification down to species
level (i.e., animal taxonomy). Using morphological, behavioural, genetic and
biochemical observations, taxonomists identify species following the taxonomy tree
shown in figure (1.9). Unfortunately, taxonomic knowledge is far from complete. In the
past 250 years of research, taxonomists have named about 1.78 million species of
animals, while the number of species is expected to be between 5 and 30 million,
according to the Guide to the Global Taxonomy Initiative on 2007.
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Figure (1.9): Basic taxonomy tree up to species level, with an example for the classification of Grizzly
bear (Ursus arctos).

The secretariat of convention on biological diversity stated that taxonomists start by
sorting specimens to separate sets they believe represent species. The next job is to
see whether or not they already have names. This may involve working through
identification guides to check similarity of physical structure, evolutionary relationships,
homologies and analogies features. Such comparison should cover all of these checks
because specimen may be similar to a known species in some features but differ in
others. If there is no match the specimens may be considered as new species, not
previously given a name. The taxonomist then has to write a description, including
ways in which the new species can be distinguished from others, and make up a name
for it. From finding the specimens to the name appearing in print can take several
years. Due to the continuous evolutionary process of many specimens, they may
achieve sensitive changes before they are already being classified. Therefore, a fast
and accurate identification approach is missing, which can help the taxonomists
classify specimens in reasonable times.

Problem of bioprocess monitoring

Nevertheless, the fourth problem appears through the difficulties accompanying online
monitoring of bioprocesses in an accurate, non-invasive, and non-destructive policy.
Microorganisms, plant and animal cells supply wide range of pharmaceutical and food
products, and maximum economic benefit can only obtained if the involved
bioprocesses are well monitored and controlled. The bioprocess, as displayed in figure
(1.10), is a process applied on any kind of living cells (e.g., bacteria, enzymes,
chloroplasts) to obtain the desired product. And bioprocess monitoring means access
to continuous real-time information about all relevant variables of the process.
Therefore, a detailed monitoring of bioprocess is necessary to optimize the recovery
process with regard to both the quantity (e.g., microorganism growth rate) and quality
(e.g., biological activity), [14].
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Figure (1.10): Main steps of a bioprocess consist of upstream processing stage through the
substrate tank and fermenter, and the downstream processing stage through the storage tank and
isolation/purification operation of the final product.

In general, bioprocesses are considered complex for monitoring due to the intricate
nature of biological system and its interaction with the surrounding physical and
chemical environment [15].

Furthermore, since bioprocess is harsh environment for sensors, they should not
contaminate the process and be able to operate over the process period which may
take weeks without recalibration. Meanwhile, one major challenge in bioprocess
monitoring is the shortage of sensors which measure the key process variables that
requires finding robust relationships from the sensed variables to detect the non-
sensed variables. Also, offline analysis is function of the ability of automating the
sample removal and preparation, which is not an easy task. This sample removal
increases the risk of contamination and could perturb the physiology of the organism
[16].

Software sensors (i.e., virtual sensors) may be implemented to monitor traditional
bioprocess variables, suchlike pH, temperature, dissolved oxygen, pressure, and level.
However, their performance depends on the initial conditions applied and
understanding of the start-up procedure. As a result, the reliability of these sensors
during product synthesis is low, as substantial cell death and product inhibition may
occur [17].

Direct tools in bioprocess monitoring are possible through techniques like bio-sensing,
using biosensors, as shown in figure (1.11), which detect an analyst that combines a
biological component with a physicochemical component. They help to generate
database for elucidating origin effect mechanisms of the underlying cells, and facilitate
the developing of better process model for state estimation. However, biosensors
usage in bioreactors is scarce owing to drift and fouling. Hence they operate under
conditions not adapted for noncontact and continuous measurements [18].

Blood sugar
value

Figure (1.11): The blood glucose meter as example of the common biosensors, which uses the
glucose oxidase enzyme to break blood glucose. The produced value is a measure of the glucose
concentration.



1.2  Solution Approaches

Hidden animals detection approaches

There are many approaches have been developed to detect animals having hidden
kind of living. For grain weevils, these approaches are pheromone based traps, as seen
in figure (1.12a). However, this method is unsuitable for quarantine inspections of
planting material [19]. Consequently, infested planting material is often transported to a
new location before the first detectable symptoms of infestation appear. Moreover, x
rays technology enables the detection of early phases of infestation, as shown in figure
(1.12b), but its usage is dramatically expensive.

N

Figure (1.12): (a) Pheromone trap used for detection of adults Red Palm Weevil. (b) X ray image for
two mango fruits at which the left fruit is identified as infested (as evidenced by the dark areas in the
seed kernel) [20].

Several approaches are also applied to detect bats such as visual observation, infrared
cameras [21], thermal imaging [22], and radar [23]. However, the visual observation can
only be done in daylight, and with infrared cameras the deriving of a count from the
recordings is tedious and time consuming. Thermal imaging and radar based detectors
are very costly in equipment and man hours.

All of the hidden animals produce sounds in form of direct call, feeding sound,
movement sound, spinning a cocoon sound, etc. Therefore bioacoustics analysis
presents simple and quick solution to the detection problem. With bioacoustics,
scientists are able to detect and study animals in dense vegetation and over distances
in a non-invasive and economic way. Making acoustic recording very useful in aquatic
habitats and where visual observations are difficult or impossible [24]. In recent years,
the new technologies have improved the way that sounds can be sampled, analysed,
stored and accessed. As a consequence, currently the collections of animal sounds
are widely used and applied for research. The analysis is based on defining dominant
features in these sounds, and search for these features whenever a sound is listened to
detect the existence of an animal. This approach is widely used to detect bats through
their echolocation calls [25, 26, 27], as expressed in figure (1.13), and can be also used
in the case of RPW as will be explained in chapter 3. The challenges to this direction
are the correct handling and filtration of sound streams with the available signal
processing technology. And the extraction and selection of dominant features which
completely and sufficiently define a sound.
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Biological tissues recognition approaches

In the meantime, for many years computer vision techniques have been applied to
recognize objects in biological tissues. These techniques include magnetic resonance
imaging (MRI), computed tomography (CT), x ray, ultrasound imaging (USI) for under
layer detection, and ordinary camera imaging for over surface detection. For example,
MRI analysis on the brain is a must — beside a blood test — to assure the correctness of
Adrenoleukodystrophy diagnosis. Lesions on the brain caused by the destruction of
the myelin appear on MRI, as shown in figure (1.14), before any neurological or
psychological symptoms appear [9].

Figure (1.14): MRI showing axial scan at the level
of the caudate heads demonstrates the
adrenoleukodystrophy with marked loss of
posterior white matter.

Some cases for the implementation of other computer vision techniques are presented
in figure (1.15), implying how they added a great value and enriched the recognition of
different objects in biological tissues. Over surface imaging approaches are mainly
used to define objects and accurately recognize their areas and boundaries
distributions, such like the fat contents in a meat slice of a non-living animal, as will be
explained in chapter 3.



Figure (1.15): Recognition of objects in some biological tissues by computer vision techniques. (a) Ct
images for a human right knee showing fracture, (b) x ray image of an amalgam filling (the white spot)
with a significant decay in the tooth, and (c) USI shows a polypoid gallbladder cancer.

Automatic investigation of the collected images produced by these techniques is
achieved by image processing methods, especially those concern with detecting the
objects boundaries.

Edges are mostly detected using either the first derivatives, called gradient, or the
second derivatives, called Laplacien. Laplacien is more sensitive to noise since it uses
more information due to the nature of the second derivatives [28]. Various gradient
based detectors were developed suchlike Prewitt, Roberts, and Sobel detectors, as
seen in figure (1.16b, c, and d); respectively, for a finger print image given in figure
(1.16a). They compute an estimation of gradient for the pixels, and look for local
maxima to localize step edges. Typically, they are simple in computation and capable
to detect the edges and their orientations, but due to lack of smoothing step, they are
sensitive to noise and inaccurate [29].

(@) (b) © (d) C)
Figure (1.16): (a) Finger print image, (b) Edges image by 3*3 Prewitt edge detector, (c) Edges image
by 2*2 Roberts detector, (d) Edges image by 3*3 Sobel detector, and (e) Edges image by Canny
detector with filter size of 1.5

Therefore, Canny edge detector was developed, as shown in figure (1.16d), which is
probably the most widely detector and considered to be the standard edge detection
algorithm in the computer vision applications [30].

The main drawback in Canny detector is its inclusion of adjustable parameter which
can affect the computational time and effectiveness of the algorithm [31]. This
parameter is the size of the implemented smoothing Gaussian filter which is hardly to
take generic value that works well on all images.

Animal taxonomy approaches

For the difficulties involved in animal taxonomy process, the implementation of
bioacoustics based classifier — for sound producing animals — has the potential to
squeeze up the process in a non-invasive and noncontact approach [32]. Since
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bioacoustical signals are species specific, the technique is further increase the
classification accuracy. Moreover, several new species have been discovered because
of their distinct vocalizations, after being wrongly classified according to their
morphologically similarity with other species.

The produced sound is usually analysed through its spectrogram representation, which
is a 2D image for the sound power distribution with time and frequency, as given in
figure (1.17). Thus the structure of the enclosed sound patterns is measured and
correlated to known species database.
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Figure (1.17): Spectrogram representation for the sound calls produced by four species. (a)
Gryllotalpa gryllotalpa, (b) Eumodicogryllus bordigalensis, (c) Gryllus bimaculatus, and (d)
Acheta domesticus.
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To ensure the efficiency of the animal sound databases, sounds must be collected in
the animal natural environment [33]. This will add more restrictions to the collected
sounds in the form of attached field noises, which directly reduce the quality of the
waveform, deteriorate the worth of the extracted features and thus lead to inaccuracy
in classification of the sound patterns [34]. Many enhancement approaches have been
considered to suppress spectrogram background noise, but the common challenge is
the degradation in temporal and/or spectral accuracy of the output spectrogram.
Further difficulty is added to the problem due to variability of the sound patterns
structure, which can vary greatly including vertical straight, sloped straight, sinusoidal
type and random patterns.

Widely applied techniques are basic band pass filtering [35], spectral subtraction [36],
Wiener filter [37], and wavelet packet decomposition [38]. The band pass filtering is
successful when removing low or high frequency noise and does not provide
satisfactory results for sound patterns overlapped with their attached noises [39]. The
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multi-band spectral subtraction method is simple and efficient, but can produce
sounds with musical artefacts that are often more objectionable than the original noise.
The Wiener filter technique basically considers the beginning of a signal is noise, and
its adaptive type removes noise based on a training data [40]. However, during the
operation on data with unknown noise, the noise level can be underestimated and the
enhancement can be slightly milder [41]. The wavelet packet decomposition is effective
in removing background noise in the spectrogram. But it cannot suppress much of the
noise generated during the Fourier transformation, because the former noise is usually
random Gaussian distribution while the latter may be modelled by Rayleigh distribution
[42]. An example for spectrogram filtration by the above four approaches is given in
figure (1.18).
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Figure (1.18): (a) One of Sitta Canadensis bird
calls at SNR = 20 dB, and its enhanced
spectrogram by (b) Band pass, (c) Multi-band
spectral subtraction, (d) Wiener filter, and (e)
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Bioprocess monitoring approaches

For the bioprocess monitoring problems, some improvements have been made to both
biosensors and virtual sensors. However, their implementations still very challenging
because of either bio-fouling of the surface and irreversible inactivation of the affinity
probe due to fermentation additives, or the complex nature of the cell culture
environment [43]. Other routinely applied in situ monitoring techniques are classical
electrochemical sensors, optical density measurement, fluorescent spectrophotometry,
infrared spectroscopy, Raman spectroscopy, and ultrasound measurements.

The classical electrochemical sensors, as described in figure (1.19a), provide the
bioprocess data of temperature, pH, dissolved oxygen, dissolved CO,, etc., that a
biotechnologist relies on to determine the process status. Often they are systematic
with limited mathematical models which relate measured parameters to some
important process variables. Hence there is a strong need for more sensors to
measure other important variables [44]. Optical density measurement is the most used
method for biomass monitoring [45], but it suffers from limited measuring range and its
sensitivity to bubbles and suspended solids. Fluorescent spectrophotometry measure
the colour intensity of a pH sensitive fluorescent dye adsorbed on a tip of a light
conducting optical fibre [46]. General weakness of this approach is photo bleaching
which causes base line drift. Infrared spectroscopy, seen in figure (1.19b), can be used
for glucose, ammonia, and CO, measurements in bioprocess media. But this method is
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expensive and calibrations can be complicated [45]. Meanwhile, the Raman
spectroscopy clarified in figure (1.19c) is not very developed because of interference of
some cells which fluoresce in the Raman bands. Shifted subtracted Raman spectra
method is developed to reduce these interferences, but it is a nhon-economic solution
[47].
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Figure (1.19): Basics of (a) the electrochemical
sensor, (b) infrared spectrometer, and (c) Raman
spectrometer.

detector
CITII LI}

Ultrasound sensor systems are of increasing interest in bioprocess monitoring because
they are very sensitive and offer the possibility of online noncontact and non-invasive
monitoring. Many non-sensed process key variables can be monitored through the
variation of the ultrasound signal features, such like the mixture density which may be
estimated from speed of sound and acoustic impedance information. The main
ultrasound parameter for process monitoring and control is the speed of sound, as
shown in figure (1.20). It is calculated by dividing the signal path length over the time of
flight between the propagated ultrasound echoes. Time of flight is estimated by the
threshold method or the cross correlation method. The first method detects the indices
corresponding to the time instants when the signal amplitude crosses certain
threshold, and the time of flight is then the interval between these two instances [48].
The second method searches for the instant at the relative maximum in the correlation
function between the first echo and the rest of the signal, and define the time of flight
to be the interval between this instant and the start of first echo [49].

Although the results obtained in the previous studies lead to the practical conclusion
that the cross correlation method ensures up to 40% increasing in the accuracy of time
of flight estimation with respect to the threshold method, it requires a greater
computational cost and highly influenced by noise spikes in the signal. Moreover, the
overall accuracy depends as well on the phase shift between the selected echoes,
which is hardly noticed in time domain and requires a spectral analysis in the frequency
domain.
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Figure (1.20): (a) Placement of ultrasound sensor to monitor bioprocess and (b) variation of the
detected speed of sound for some mediums at different fermentation temperatures values [50].
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1.3 Contribution of the thesis

The thesis premises on the advances in signal and image processing which help to
improve current solutions approaches of the above discussed LSE problems.

For the detection of hardly seen animals and hidden weevils, a signal processing
system is developed including the extraction of large list of
conventional/unconventional bioacoustics features. The filtration process before
extracting the time domain features, and the application of window functions before
extracting the spectral features extraction are investigated. Several algorithms are
presented for the selection of relevant and distinctive features. The developed system
is employed to successfully detect the existence of hidden RPW through its feeding
sound [51]. The system is thereafter engaged in various life science detection problems
such as those presented in [52, 53, 54].

For the recognition of objects in biological tissues, a novel edge detector based on the
energy and skewness features is developed. Each feature presents a smoothed version
of the original image, avoiding the application of smoothing filters, and therefore
prevents their accomplished drawbacks. Non-maximum suppression algorithm with
sub-pixel accuracy is constructed and applied to suppress thick edges in both images
(i.e., energy image and skewness image). Still discontinuities in the output images are
filled by a flux equilibrium check. A reasonable combination between edges calculated
by the energy image and those calculated by the skewness image is made; to produce
an accurate edges image in comparison to those presented by other gradient based
edge detectors. Several subjective and objective evaluation measures are formed and
applied to define the accuracy of the final edges image. Afterwards, the method has
been applied efficiently to recognize the intramuscular fat contents in non-living animal
slices images [55].

Meanwhile, to increase the power of implementing bioacoustics spectrograms for
animal taxonomy, an improved spectrogram enhancement approach has been
developed. The dynamic power range of the spectrogram is restricted to avoid the
problem of low level portions of the spectrogram expanding and thereby obscuring the
detail of the energetic portions. Afterwards, the crest factor image is calculated as a
smoothed version of the original spectrogram image. Sound patterns are detected by
the above developed edge detector, while their surrounding noise are eliminated. The
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method is compared to other filtration methods, and applied successfully to classify
some bird species from their bioacoustics calls spectrograms [56].

Finally, for the instantaneous monitoring of bioprocesses by ultrasound techniques, an
accurate time of flight estimation approach is established. The method initially limits
the ultrasound signal to its dominant frequency through a high resolution spectral
analysis based on short time Fourier transformation. Start times of consequent echoes
are detected from the instantaneous power spectrum distribution. Afterwards, phase
shift correction is applied to the detected times through the investigation of the
instantaneous phase shift distribution. Validations and sensitivity analyses are
conducted to check the consistency and repeatability of the results. The proposed
method is applied to estimate the time of flight and to monitor the speed of sound
variation during online yeast fermentation process. Furthermore, the signal features are
combined with temperature measurements in an artificial neural network to predict
instantaneously the mixture density with high accuracy [57].

1.4 Structure of the thesis

The thesis starts in (chapter 1) with short overview of the areas covered by LSE, with
focus to four associated problems (detection of hidden animals, objects recognition in
biological tissues, animal taxonomy in species level, and instantaneous monitoring of
bioprocesses). Their available engineering solutions, involved challenges, and the
contribution of the current work to overcome these challenges are presented within
this chapter.

The remainder of the thesis is divided into three main chapters, starts with detailed
explanation for the developed numerical models in both signal and image processing
fields (chapter 2). The applications of these algorithms to the previously mentioned LSE
problems are presented in (chapter 3), which is mainly formulated by sample of
accepted peer-reviewed paper for each application. The first application is the
detection of RPW in an early stage of infestation. Secondly, the noncontact recognition
of intramuscular fat contents in meat slices. The third application is bioacoustics
classification of bird species through their enhanced spectrograms. And the Fourth
application is for robust online estimation of speed of sound and mixture density in
yeast fermentation bioprocess. Afterwards, a conclusion of the presented work,
outlook of the unsolved problems, and proposes for extended applications are given in
(chapter 4).
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2. Construction of The Mathematical Models

The LSE difficulties discussed in chapter one are pattern recognition problems, and
can be mathematically solved by designing adequate pattern recognition system. This
system consists of sensor to gather the signals (e.g., bioacoustics sound or ultrasound
signal) or camera to gather the images (e.g., image of meat slice contains
intramuscular fat). In addition to, a feature extraction mechanism that computes
informative numeric from the gathered data, and supervised learning schemes that
perform the recognition job based on the extracted features, as schematically shown in
figure (2.1).

Classificati * Which Class? (e.g., species
Training | | Feature Feature | Reference |patabase assiticatior, name)
data Extraction | selection Model * Yes/No (e.g., weevil detection)
Comparison
(Matching)
Test | | Selected Feature Test * Name? (e.g., sound source)
data Extraction Model .| * value? (e.g., mixture density)
Identification

Figure (2.1): Schematic diagram for a pattern recognition system. The features are extracted from the
training data, followed by selection of the most dominant features. These features build a refernece
model which is compared (or matched) with the one obtained for a test data to be classified (or
identified).

A supervised learning algorithm is similar to the “concept learning” in human and
animal psychology. It analyses the extracted features from the training data and
produces an inferred function, which is called a classifier (if the output is discrete) or a
regression function (if the output is continuous). The inferred function should predict
the correct output value for any valid test data.

In the following sections, the mathematical models which have been used to design
the recognition system for each LSE problem are constructed. All training and test data
are numerically handled by digital signal and/or image processing techniques for data
filtration, features extraction, features selection, up to the recognition stage.

2.1. Extracted temporal and spectral features

Some unconventional features to those usually extracted during signal processing
analysis, are explained in this section. Typical procedure follows the one given in figure
(2.2), starting from the signal wave form (x) at discrete time samples (n), and ending
with few features which are carefully selected to represent the important information of
this signal (i.e., data mining). Signal samples are regularly spaced by sampling
time( Ts), which is determined by the sampling rate (i.e., sampling frequency) of the
signal, Fs = 1/Ts, as expressed in the sinusoidal signal shown in figure (2.3)
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Figure (2.2): Flowchart for the typical feature extraction procedure.
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Signal filtering

The first step is to explore the essential characteristics of the signal by eliminating
attached parasitic frequencies. The three main filters are low-pass, band-pass, and

high-pass filters, as described in figure (2.4), are individually implemented in the
applications of this thesis when applicable.

A . )
4 4 i i ideal filter
1 < - ~ideal filter 1 ideal filter 1 e
1 1
0.71 071 b mmmm—— - 0.71
- o b1
g g 3
2% R real T £
E® ED filter ER
=] o H
frequency (Hz) frequency (Hz) - frequency (Hz)
(@) (b)

()
Figure (2.4): Typical performance of (a) low-pass, (b) band-pass, and (c) high-pass filters. The cutoff
frequency f. is determined by the bandwidth which is measured at half-power (associated to gain of -3
dB, or 0.707 relative to peak).

One advantage of the digital signal processing is the possibility to design digital filters
that are impractical to be made in analogue processing. Therefore, the ideal filters

described in figure (2.4) are directly implemented to filter the digital signals, as
schematically shown in figure (2.5).
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Figure (2.5): An example for applying ideal low-pass filter to a digital signal. (a) sinusoidal
signal: x(t) = sin(2m * 0.13 = t) + sin(2m * 0.93 * t). (b) frequency domain representation shows two
frequencies at 0.13 and 0.93 Hz with F; = 2 Hz. (c) ideal low-pass filter permits all frequencies smaller
than 0.5 Hz. (d) the filtered signal with one frequency at 0.13 Hz.

Temporal Features Extraction

The unconventional time domain features which have been extracted and implemented
to the applications of this thesis are: temporal roll-off, temporal slope, and temporal
spread. Temporal roll-off (n,r) describes the time below which 90% of the energy
distribution is concentrated, as given in figure (2.6a) and equation (2.1). Temporal slope
(tsiope) represents the decreasing or increasing of the signal amplitudes which is
computed by linear regression, as described in figure (2.6b) and equation (2.2). And
temporal spread (tsp) which denotes the variance of the signal amplitudes around its
mean value, as expressed in figure (2.6¢) and equation (2.3).

an
oy le(n)|2—09*2|x(n>|2 1)
VSN (r e x00) — s T x()
tslope = » n=1x(n) (anl n? _ (anl n)z) (2.2)
tsp = j (t(n) — t(Ct))2 « tpmf (n).dt (2.3)
t(1)

Where x(n) is the signal amplitude at sample n, n, is the sample number for the
temporal roll-off, N is the number of samples, tpmf(n) is the temporal probability mass

Xl and ¢, is the temporal centroid, given in equation (2.7).

function = ———
unction = vz
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Figure (2.6): Schematic diagrams for the three unconventional time domain features which are
implemented in this thesis. (a) temporal roll-off, (b) temporal slope, and (c) temporal spread.

Additionally, other conventional and commonly used time domain features are also
extracted, following their mathematical forms presented in table (2.1). The graphical
and physical descriptions of all time domain features are given in appendix A.

Table (2.1): List of the extracted conventional temporal features.

Name Equation
N
1
Zero m2|sign(x(n)) — sign(x(n — 1))|,
. n=2
crossing sign=1 ;x(n)>0 (2.4)
rate sign=0 ;x(n)=0
sign=—-1 ;x(n) <0
Short time 2
energy J(x(n)) dn (2.5)
Energy root 2
mean 71\1’=1(x(n)) (26)
square \J N
2
Temporal C - Yh_inx (x() 2.7
centroid ' ﬁ—1(x(n))2 |
N
Temporal xml \, (k@I Y »g
entro B Z N t\sw (2.8)
py n=1 n=1|x(n)| n=1|x(n)|
N
Temporal 3 @l | k@) > 2.9)
flux L \max(x(mD|, ~ max(x(D|,_, |
Temporal M 2.10)
crest-factor NZL}V |x(n)|
Temporal 1 lx(m)| — [x (D]
S — (2.11)
decrease N x| n—1
t(V) X
Temporal msy = ft(1) (t(n) — t(Ct)) * tpmf(n).dt 212
skewness | skew = 3 '
temporal skew = T
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loglx(n — 1)| + log|x(n)| + log|x(n + 1)|
loglx(n)] - -

smoothness (2.13)

N-1
Temporal 20 * Z
n=2

Windowing and frequency domain representation

Wave form of a signal in time domain is not always the best representation in most
signal processing related applications. In many cases, the distinguished information is
hidden in the frequency spectrum, which shows which frequencies exist in the signal.
Hence, there are only two ways that are common for information to be represented in
naturally occurring signals. These are information represented in time domain, and
information represented in frequency domain [58], and information that cannot be
readily seen in time domain can be seen in the frequency domain. The signal can be
transformed to frequency domain by several approaches, but the best known and
commonly used approach is the Fast Fourier transform (FFT), performed through
equation (2.14).

N
X(m) = Z x(n)e~2r=Dm-V/N 12 Y (2.14)

n=1

Where X(m) is the Fourier transform coefficient at m™" frequency bin, and M is the total
number of frequency bins in power of 2 (e.g., 512, 1024, 2048,...).

The FFT computations assume a signal is periodic [i.e., has integer number of
complete cycles], and determines its frequency contents, as displayed in figure (2.7b)
for a periodic sine wave given in figure (2.7a). However, since most of real signals are
non-periodic, the resulting frequency spectrum by FFT suffers from leakage, as
exposed in figure (2.7d) for non-periodic sine wave of figure (2.7c). Leakage results in
the signal energy smearing out over a wide frequency range when it should be in a
narrow frequency range. The dispersed shape of the FFT makes it more difficult to
identify the frequency content of the measured signal and thereafter inaccurate
information extraction.

1
/ (b)
PONT,Y SR VOSSN VOO RN SN SN OO VR SN W
-1 200 300 : 0.2 0.4 0.6 0.8 1
samples frequency (Hz)
300 : , ( .
(c) (d)
200} ]
R 1 5
100A
100 200 300 400 500 % 0.2 0.4 0.6 0.8 1
samples frequency (Hz)

Figure (2.7): lllustration for the spectral leakage occurs when FFT is implemented to compute the
frequency contents of non-periodic signal. (a) A (1/2r) Hz periodic sine wave, (b) The resulting FFT
shows one peak in a narrow band around (1/2m) Hz, (c) A (1/2r) Hz non-periodic sine wave, (d) The

resulting FFT having more energy dispersion.
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As a solution, before FFT computations a symmetrically shaped window function w(n)
is multiplied by the signal forcing it to be periodic. The most common window
functions are Hamming (equation 2.15), Hanning (equation 2.16), Blackman (equation
2.17), and Bartlett (equation 2.18). The time domain representations of these window
functions are clarified in figure (2.8a), in comparison to the rectangular window (i.e., no-
window) function (equation 2.19).

2nn
w(n) = 0.54 — 0.46 * cos (T) (2.15)
2nn
w(n) = 0.5 — 0.5 % cos (T) (2.16)
2nn 4nn
w(n) = 0.42 — 0.5 % cos (T) + 0.08 = cos (T) (2.17)
2n 0<n< N
- , <n<—
wy={ N, 2 (2.18)
- — <
2 N 2 <n<N
whn) =1 (2.19)
1 T e
09— =
08— -
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=
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Figure (2.8a): Time domain representation for some of the commonly applied window functions.

Each type of window affects the resultant spectrum in a slightly different way, with its
own advantage and disadvantage over the others. The frequency domain
representations of these window functions, as displayed in figure (2.8b), determine
their performance on improving the spectrum of a signal. The major controlling
parameters are the main lobe width, and the drop rate between the main and first side
lobes. The tighter the main lobe width, the better the frequency resolution of the
resulting FFT, makes it easier to detect the exact frequency of a peak in the spectrum.
The higher the drop rate between main and first side lobes, the less spectral leakage
occurs around the dominant frequency. An example for applying the above window
function to obtain the spectrum of a non-periodic sinusoidal signal is shown in figure
(2.9).
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Figure (2.8b): Frequency
domain representation
for the window functions
given in figure (2.7a)
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Figure (2.9): Overcoming the inefficiency in calculating the spectrum by applying window functions for
non-periodic sinusoidal signal of 4 frequencies.

Spectral features extraction

By selecting the appropriate window function, in correspondence to the required
accuracy in the resulting spectrum, equation (2.20) is applied to calculate FFT
coefficients which form the frequency domain representation of the signal.
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N
X(m) = Z w(n). x(n).e~2E-DM-D/N 1oy (2.20)

n=1

Afterwards, a list of spectral features is extracted from this representation, following an
approach similar to that for temporal features extraction. Some of the unconventional
spectral features are extracted suchlike spectral crest factor, spectral increase, ascent
band, spectral decrease, and descent band. The crest factor measures the
compactness of the spectrum and calculated by dividing the maximum spectrum over
the average value, as given in (equation 2.21). The spectral increase defines how sharp
the spectrum increases from 0.8% to 80% of its maximum value, and the ascent band
is for the covered frequency range during this increment. The spectral decrease
represents how sharp the spectrum decays from 80% to 0.8% of its maximum value,
and the descent band is for the covered frequency range during this decay, as
displayed in figure (2.10).
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In the meantime, a list of conventional spectral features is also extracted following their
mathematical forms given in table (2.2). Graphical and physical descriptions for all
spectral features are presented in appendix A.

Table (2.2): List of the extracted conventional spectral features. Where C; is the spectral centroid, pmf is
the probability mass function, m,, is the frequency bin at spectral roll-off, and ssp is the spectral spread.

Name Equation
M-1 2
Spectral Z | X(m)| — 1X(m + 1)| (2.22)
Flux ) max(|X(m)]) '
m=
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Mmyf M

Spectral
P ot Z 1X(m)| = 0.9 * Z 1X(m)| (2.23)
m=1 m=1
Spectral _ L= X (m)|
Centroid Cs =0 xam] 2.24)
Spectral M 5
Root Mean \/Zm‘l(lx m)) (2.25)
Square M
Spectral M+ 3 _(m = [X(m)|) — XH—am * X1 X(m)| (2.26)
Slope m=a|Xm)| * B, m? — (X m)?) '
Spectral N
ectra
Evorcy > P 2.27)
m=1
M-1
2 Z loglX
Spectral 0 £ 0g1X(m) (2.28)
Smoothness log|X(m — 1)| + log|X(m)| + log|X(m + 1) '
3
M _C)3 <0 more energy on the right
Sipectral m=1(m 52 - pmf (m) { —0 symmetricdistribution | (2.29)
ewness 5SP >0  more energy on the left
Spectral N
ectra
EFr)Itropy - Z pmf(m) * ln(pmf(m)) (2.30)
m=1
M
Spectral sp = Z (m = €)% * pmf (m) mf(m) = |X(m)| 2.31)
Spread p e s/ =P P M_1X(m)]| '
M Y < 3 flatter distribution
iﬁftc:;iasl m=1(m S;Izz *pmf(m) {= 3 normal distribution (2.32)

>3 peaker distribution

It is worth mentioning that signals do not maintain their characteristics constant over
time, which means they are non-stationary and their features vary with time. Therefore,
before extracting these features, the signal is divided into short time segments with
10% overlapping, and each segment is considered “quasi-stationary”. The feature of
each segment is then being extracted, and this process is called short term feature
extraction, as shown in figure (2.11). Segment length should be large enough (e.g. > 50
samples) for the feature calculation to have enough data, and short enough for the
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assumption of stationary signal still valid. Afterwards, the extracted feature values can
be written in a vector form with a size equal to the number of segments. The short term
features extraction is followed by a midterm extraction process, at which the feature
vector is implemented to calculate one of its statistics (typically its mean value), and
this value is used to represent the feature over the whole signal.

= [segment ' ' y
B 28 | | N—[L-P]
o ' ) M = — +1
3
= F, = mean[fli] i=12,..,.M
g' F, = mean[fzi] i=12,...M
< T 1 1 1 1 :
;[?:L‘.I Samples (n) Fy = mean[le.] i=12,...M

Figure (2.11): Short term feature extraction algorithm for a signal. Where L is the segment length (i.e.,
number of its included samples), P is the number of overlapped samples between two following
segments, N is the number of signal samples, and M is the number of signal segments. f;, is the value of

feature F; on segment i, and K is the total number of the extracted features.

Feature selection

Better pattern recognition results, whether in regression or classification, are obtained
using a limited number of relevant and non-correlated features. These features are
carefully selected from the large extracted features list according to their relevancy and
performance in the recognition task. One of the common approaches for feature
selection is Sequential Forward Selection [59], where one feature is added to the
selected ones at each step, if it maximizes the recognition performance. Meanwhile,
Sequential Backward Selection method starts with all features list and removes those
reducing the performance [60]. The drawbacks in these algorithms are their high
complexity and time consumption. Alternatively, Fisher Discriminant Ratio and
Multimodal Overiap Measure algorithms [61], give rank to each feature by measuring
the overlap of its probability density function between different classes. However, no
integration for the correlation between the selected features is considered.

In this thesis, two additional simple feature selection approaches are proposed, which
are Jacobian based feature selection approach (for regression problems) and
steadiness based feature selection approach (for classification problems). These
approaches are implemented in the life science applications, given in chapter 3, if
applicable, otherwise; sequential backward selection or multimodal overlap measure is
used.

The Jacobian based feature selection follows the algorithm described in figure (2.12).
For all training data, where the objective variable (v) is known, features (f;);—,.y are

extracted and their first-order derivatives (|%|) are numerically calculated. This

derivative expresses the slope of change of a feature with the change of the objective
variable. Therefore, low slopes (angles < 20°) indicate small change in f; with respect to
changes in v, while high slopes (angles > 70°) indicate small change in v with respect to
changes in f;. Intermediate slopes (20° < angles < 70°) handle features with significant
changes with respect to changes in v, making them the best relevant features for the
regression task.
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Figure (2.12): The procedure of Jacobian based feature selection approach. Where f; is the extracted
feature for m training data, N is the total number of features, and v is the given objective variable for
each training data.

On the other hand, the steadiness based feature selection follows the algorithm given
in figure (2.13). The objective variable for classification problems is a predefined class
(e.g., {C1,C2}). If the feature values, assigned to one class, have small standard
deviation (o) and their average is far from that of the other class (with difference d), this
feature is relevant. All features are ranked according to their (o, d) values, followed by a
selection of features with higher ranks.

N
Training data Objective class
(e.g., signals) {C1,C2} E é_—_'_—_'_—_'___g‘l;
1 :> Features extraction :> E
fi (i=1:N) £ cz ¢
) <=
m

training data
Figure (2.13): The procedure of steadiness based feature selection approach. Where f; is the extracted
feature for m training data, N is the total number of features, {C1, C2} are the objective classes, ¢ is the
standard deviation of feature values in one class, and d is the difference between the averages of the
two classes values.

Before applying any of the feature selection approaches, the correlation coefficient (r)
between each pair of features is calculated by equation (2.33). If r > 0.85, one of the
two features is considered redundant and removed from the features list.

ypfy - 202

r= BEY (2.33)

o249

Where f; and f; are two different features from the extracted features list, and the
summation is performed on the extracted feature values over m training data.

2.2. Novel edge detection approach

To recognize objects in an image, their boundaries (i.e., edges) should be well detected
and clarified. Afterwards, two dimensional features are extracted from the areas
enclosed by these boundaries, and used to identify each specified object (e.g., sound
pattern in a spectrogram image, amount of fat in meat slice image). A novel edge
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detection approach has been developed, which generalizes the process by avoiding
the usage of pre-processing “size dependent” filters, and improves the process by
working in sub-pixels accuracy, following the procedure which is presented in figure
(2.14).

: . : Hysteresis
Image /(x,y) " Featuresimages —*{ Edge detection thresholding
2D features : Flux equilibrium Non—Ma:“umun.']
: * Edges image [+ * suppression with
extraction check :
sub-pixel accuracy

Figure (2.14): Edge detection and 2D features extraction procedure. The intensities of a grey level image
I(x, y)are processed to produce its features images. Subsequently, the objects edges are detected in
these images. Noisy and weak edges are removed by the Hysteresis thresholding. While remaining
edges are suppressed by a Non-Maximum Suppression algorithm and connected through a flux
equilibrium check. The dominant 2D features are then extracted from the edges image and implemented
to identify the enclosed patterns.

Features images

The objective of developing the features images is to have smoothed version(s) of the
original image, avoiding the application of prior smoothing filters and their degrading
influences on the contained objects. The algorithm of obtaining features images starts
by sliding a n * n mask over columns and then rows of the original image, with a step
of one pixel, as described in figure (2.15a). At each mask placement, the intensities of
the covered pixels are used to calculate the mask centroid (equation 2.33) and certain
feature(s) (e.g., energy (equation (2.34)) or skewness (equation (2.35))), as clarified in
figure (2.15b). The feature image F(x,y) is formed by the calculated feature values
along all mask placements, as described in figure (2.15c¢).

n? nsn
mask centroid = Z i* 1 \Z I; (2.33)
, =1 i=1
Yica li
E = 2.34
nergy — ( )

" I, * (i — mask centroid)3

Skewness =

(2.35)
(T%, 1 » (i — mask centroid)z)3

Where I; is the grey level intensity value at pixel i, and the back slash means that only
quotient of the division is considered. The mask centroid is returned to its
corresponding two coordinates (x,y) with respect to the image global axes.
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Figure (2.15): Description for the procedure of establishing the feature image. (a) an original image at

which a mask of size (n * n) is sliding with a step of one pixel. (b) the feature image formed by feature

value (f) and centroid (x, y) of each mask placement. (c) example for an original image (left) and two
of its features images, namely energy image and skewness (equation (2.35)) image; respectively.

Edge detection

Edges are detected in areas where the intensity fluctuates sharply, and the more rapid
this value changes the stronger the edge is. Therefore, edges can be found either in
the gradient image (i.e., first derivative of the feature image) at pixels have local
maxima or local minima, or in the second derivative image at pixels of zero crossings,
as sketched in Figure (2.16) for noiseless two edges image.

edgel edge2 edgel |
/\ eﬂgel edaﬁ?
tested
direction

‘ tested
1 direction
‘ (b) ‘ test'ed | edg e2

direction ! (c) )

tested
directign

intensity

gradient
2" derivative

(@

Figure (2.16): (a) A noiseless two edges image. (b) The intensity distribution along the tested direction. (c)
The edges are detected in the gradient distribution as the local maxima and local minima points. (d) The
edges are detected in the 2" derivative distribution as the points at which the curve changes its sign

Although edge detection through the 2" derivative image attains well localized edges,

it is highly influenced by image noise and the probability of missing and wrong edges is
high. Therefore, in this thesis the gradient based edge detection is considered.
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The gradient (G) of a feature image F(x,y) at location (x,y) is a vector of two
components, G, and G,, which measures how the feature value changes with respect

to x and y directions, as given in equations (2.36, and 2.37); respectively.

_OF

Ge = = (2.36)
c. = F 2.37
Y 9y (2.37)

Calculating the gradient of feature image is similar to convolving it with two gradient
operators, one in x direction and the other in y direction. The commonly used gradient
operators are those presented by Roberts, Prewitt and Sobel edge detectors, as
described in figure (2.17).
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1 -1 -11-1 -1 1 12141
(b) (©)
Figure (2.17): Gradient operators of (a) Roberts, (b) Prewitt, and (c) Sobel edge detectors. A1 is the
gradient operator in x direction, while Az is in y direction.
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The 3*3 Sobel operators are selected because their basis finite difference scheme has
a second degree order of error, O(§x?) and O'(5y?), in the calculation of gradient in x
and y directions; respectively. Where § is the distance between two pixels in the
indicated direction. Therefore, at any pixel(i, j), the values of G, and G, are calculated
by convolving the 3*3 surrounded mask with A; and A, of the Sobel operators;
respectively, as shown in figure (2.18).

Al
EERE
y 2| 0|2 |— G(,)) =(as+ 2a3 + ay) — (ag + 2a; + ag)
a | a, | a5 EEEE
a; | (i,j) | as A2

g as ay \ 1 2 1
xMN0]0]0|— Gy(i,j) = (ag +2a; + az) — (ag + 2as + ay)
A 2]

Figure (2.18): The convolution operation between Sobel operators and 3*3 mask to calculate the gradient
components at the middle pixel.

The edges image is thereafter formed by obtaining the magnitude (Gm) of the gradient
components at each pixel, as explained in equation (2.38). This magnitude represents
the edge strength at the associated pixel. The edge direction (0) is perpendicular to the
orientation of the gradient components, as given by equation (2.39) and graphically
shown in figure (2.19).

G, = /G,g + G2 (2.38)

0 = tan~! (—y) +§ (2.39)
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Figure (2.19): Diagram for the relation
between (edge strength and direction)

X with (gradient magnitude and
¥ orientation).

Hysteresis thresholding

At this stage, the edges image contains weak edges result from the weak local peaks
in the gradient image. Therefore, Hysteresis thresholding [62] defines two thresholds,
Thign and Ty,,,. These thresholds usually equal 90% and 10% of max(G,,); respectively.
Pixels with G, > Ty, are called strong edges and preserved, while those with G, <
T;,w are called weak edges and discarded. All other pixels are called candidate pixels.
If a pixel is candidate, the chain of its connected pixels is followed in both directions as
long as G,, > T;,,,- The candidate pixel is preserved as edge only if the starting pixel on
its chain is connected to a strong edge.

Non-maximum suppression with sub-pixel accuracy

The non-maximum suppression method is applied to remove unnecessary edges by
suppressing the non-maximum magnitude in each cross section of the edge direction
in their local neighbourhood. In depth, the edge strength at a pixel is checked with its
two neighbours in a direction normal to the edge direction. If this strength is greater
than both, its magnitude value set to one, otherwise it is set to zero (i.e., suppressed),
as described in figure (2.20).

ifa = max(a,,a,)
a=1

else

a=0

Figure (2.20): Explanation for how the non-maximum suppression algorithm is performed to
thin out edges image (left) to “one-pixel” width edges image (right)

As a result, the edges image is transformed to a binary image (i.e., {0,1}), and all thick
edges are thinned out to a “one pixel” width, as shown in the edges image of figure
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(2.21). Thinning the edges to one pixel width increases the accuracy in edges
localization and boundaries recognition.

Figure (2.21): The final binary edges image
for the original grey level image in figure
(2.15c), calculated on its energy image (as
feature image) with mask size = 5*5.

In most cases, edges and their perpendicular axes (i.e., gradients orientations) are not
directed to the center of the neighboured pixel, which means they usually have values
not equal to {0,+45, +90, +135,180}, as schematically described by example given in
figure (2.22). Therefore, an interpolation is made to estimate the sub-pixels strengths
(@1 and ay) before applying the non-maximum suppression algorithm. A quadratic
interpolation, given by equation (2.40), using the strengths of the three neighboured
pixels gives sufficient estimation of a; and/or a..

Gm = C19_2 + C29_ + C3 (240)

Where 6 =26 —% is the gradient orientation, and the coefficientsc;,c, and c; are
calculated by strengths and directions of the neighboured pixels.

ﬁ‘neig.hbored
20 |1 /14‘/ pixels Figure (2.22): Representation for how the gradient
‘Z—_) orientation does not pass by the centers of the pixels,
39 3 < . . . X
and passes by an intermediate pixel which can be
i, (ol calculated by quadratic interpolation among the
gra(]ieﬂt neighbored pixels

orientation

Flux equilibrium check

The edges image may still suffer from discontinuities, in the form of zero pixel(s)
intersects the edges along their directions. Restoring the missing edges data is very
important in many edge detection applications, and is magnified in life science
applications where the boundaries are huddled and may be easily overlap or
interconnected openings take place by imaging. The flux equilibrium condition states
that the derivative of edge strength along its direction should be zero everywhere, as
given in equation (2.41). Found discontinuities are filled if they are located between two
edges, and in their direction, as explained in figure (2.23).

dE

— = 2.41
75 =0 (2.41)
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\P— — filled using the flux equilibrium condition.
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During this work, several features images are developed during this research and
investigated with the aim of having the most accurate final edges image. For example,
the crest factor image (equation (2.42)) is efficiently used to obtain the edges of sound
patterns in spectrogram images, while a combination between energy and skewness
images are accomplished to obtain accurate edges image for biological tissue images.

max(/)
Crest factor = ——— (2.42)

1
ﬁ2?=21 Ii

Efficiency of the proposed method

The conventional approach in gradient based edge detectors, such like those of
Roberts, Prewitt, and Sobel [63], is to choose a threshold value at which the pixels with
gradient magnitudes greater than or equal to this threshold are considered edges;
otherwise, they are not edges. Since they do not smooth the image before gradient
calculation, they are only suitable for well contrasted noiseless images. Meanwhile,
Canny edge detection method considers the edges are step edges corrupted by
additive Gaussian noise. It starts by applying Gauss filtration (equation 2.43) to the
original image, before finding the gradient image. The edges strengths and directions
are then calculated by equations (2.38) and (2.39); respectively. The hysteresis
thresholding algorithm is used to name edges and non-edges and the multi pixel wide
edges are thinned to single pixel width using the non-maximum suppression algorithm
and

L 5 (2.43)

Gauss(x,y) = o’

One drawback in Canny edge detector is the sensitivity of the output edges image to
the size (o) of the implemented Gaussian filter. The results of applying Canny detector
on two different natures images with two values of ¢ are presented in figure (2.24),
implying the absence of a general optimum value for the filter size.

O

32



v
3

@ | @ (0
Figure (2.24): Canny detector outputs for two grey scale images indexed by (a) and (d). (b) and (e) are the
edges images when o =1, while (c) and (f) the edges images when ¢ = 2.

The final edges image obtained by the developed edge detection algorithm is
compared with those of the conventional gradient based detectors for a finger print
image in figure (2.25). Results indicate the efficiency of the developed algorithm to
produce more accurate and detailed edges image.

(b) () @ ) (f)

Figure (2.25): Reuvisit to finger print image of figure (1.16) updated by the results of applying the
developed edge detection approach. (a) original finger print image, (b) edges image by 3*3 Prewitt edge
detector, (c) edges image by 2*2 Roberts detector, (d) edges image by 3*3 Sobel detector, (€) edges
image by Canny detector with filter size of 1.5, and (f) edges image by the developed method
calculated on a combination of energy and skewness images (as feature images) [mask size = 5*5, flux

check matrix size = 3*3, combination coefficient = 0.75]

2D features extraction
The final edges image identifies the boundaries of the involved objects in the original
image. For simple differentiation, image pixels (x,y) enclosed by a boundary (B) are

given a general shape function f(x,y) value of 1, while other pixels are assigned with
value of 0, as described in figure (2.26).

[(xy)=0 Figure (2.26): An edges image of one

object enclosed by a boundary (B). The
“ general shape function f(x,y) is
B defined to be 1 for (x,y) € Band 0
otherwise.

Two dimensional features can be extracted from this edges image and implemented in
pattern recognition tasks [63, 64, 65]. Examples of these tasks are calculating the area
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enclosed by objects to get the fat contents in meat slice image, or to identify the
existence of known sound pattern in a spectrogram image. Some of the widely
implemented image features are presented in table (2.3).

Table (2.3): some of the commonly implemented 2D features to define objects in edges image. Where N

is the number of image pixels enclosed in the object, « is the angle between the axis of least inertia and

the x axis. a and b are the length and width of the minimum bounding rectangle contains the object. The
ellipse variance introduces an ellipse that has an equal covariance matrix C,y;;,s. as the object.

Feature Equation
Center of gravity (g,, gy)
_1ynNn _1yN .
R T gx =3I o gy =yElay

(xi, ¥ € {Cep y)If (xiyyi) = 13

Contour Area (A)

A_1
2

N-1
Z (Xi¥it1 — Xi+1Yi)
i=1

p= ZIiV=1xi2, q= Zzlivzﬂfi}’i’ r= §V=13’i2

1
a=—tan‘1< d )
2 p—r

S| Q

Xi — 9x _ 1
Vi= (yt'_gy)’ d; =W:ﬂ=; Lid;,

r= R - w2
Eva

T

Another common 2D feature is the chain code, which describes an object by a
sequence of line segments with a given orientation [66]. The movement along the
object boundary is encoded by 8 connectivity scheme {i| i = 0,1,2,...,7}, as shown in

the example given in figure (2.27).
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3 2 1 \3
i 7N Figure (2.27): Example for chain code
4 TN 0 7 12 representation of an object boundary in 8
] g . connectivity scheme.
™ A4
8 connectivity scheme ?
Chain code: 6757012334
2.3. Enriched spectrogram enhancement approach

From the temporal and spectral features, signal structure and performance is
completely represented in time and frequency domains; separately. Thus, the need for
a combined time-frequency representation stemmed from the inadequacy of either
time domain or frequency domain analysis to fully describe the nature of signals. In this
section, the two common time-frequency representations; spectrogram and
scalogram, are briefly discussed and compared with respect to their time and
frequency generated resolutions. Afterwards, the spectrogram is reasonably selected
and its dynamic range is limited to only explore the involved high energetic sound
patterns. Spectrogram, as a 2D image, is then processed by the developed edge
detection approach of section (2.2), to accurately define the boundaries of the
enclosed sound patterns and eliminate the attached noise, following the procedure
given in figure (2.28).

Sound stream |Short time Fourier Spectro?r?m Limiting the dynamic| Spectrogram
(x()) transform (X(f)) Fepre)S(gcnt)a 'ON ™ range to 40 dB image
Edge detection
Non-
Flux IO - - Crest factor
equilibrium | _ | Hysteres_ls | Qradlent L e e e
check suppression thresholding image feature i
algorithm eature image)
Enhanced spectrogram
Reconstruction of Eliminations of edges
Edges image edges interiors (i.e., exteriors (i.e., attached
sound pattern) noise)

Figure (2.28): Procedure for the developed spectrogram enhancement approach. The spectrogram is
limited to 40 dB range which perceives the human speech range. The developed edge detection
approach of section (2.2) is applied to the crest factor image, as a feature image. The produced edges
image defines sound patterns to be reconstructed and attached noise to be eliminated.

Combined time-frequency representation of sound (2D representation)
A time-frequency distribution of a signal provides information about how the spectral
content of the signal evolves with time, thus providing an ideal tool to dissect, analyse
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and interpret non-stationary signals. This is commonly performed by applying FFT to
short and overlapped segments of the signal in an algorithm called Short Time Fourier
Transform (STFT), as described in figure (2.29).

window fn

wave form

Figure (2.29): Spectrogram time-
frequency representation obtained
by dividing the signal into

| FFT][FFT][FFT] overlapped windowed segments and
L calculates the FFT for each segment
|X| ' : by (equation (2.20)). FFT coefficients
! ! form one curve in the spectrogram
& oo o which is located at the center of the
é:\ 1 J/}{J / Yy time processed segment.
°°f-l :/4 ) \ /// \ /,
& g /
RS </

The obtained representation is called spectrogram, and controlled by the selected
window function and overlapping percentage between segments. The fundamental
weakness of spectrogram involved in its subject to the Heisenberg Uncertainty
Principle [67], given in equation (2.44). This principle implies that decreasing the
segment length in time (increasing time resolution) must result in an increase in the
deviation in frequency (decreasing frequency resolution) and vice versa.

1
Af.At = in (2.44)

The other commonly used method to obtain the time-frequency representation is
Continuous Wavelet Transform (CWT). It compares the signal with dilated and time
shifted versions of a mother wavelet, as given in equation (2.45) and described in figure
(2.30).

N

Cab) = Zx(n)\/%(b (= b) (2.45)
n=1

where @ (%) is the selected mother wavelet, a is the scale (=

fe :
an), b is the space

(i.e., shift in time), f. is the wavelet center frequency, and C is the wavelet coefficient.
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Figure (2.30): Scalogram time-frequency representation obtained by finding the correlation coefficient
between the signal and a Morlet mother wavelet [@(t) = cos(5t) * e‘tz/z] at specific space and scale

values. The wavelet is shifted until the whole signal is covered, then it is stretched and the process is
repeated.

The produced time-frequency representation is called scalogram, and controlled by the
selected mother wavelet, the step in space, and the step in scale [68]. From figure
(2.30), at higher frequency (low scale), the resolution in time is good but in frequency is
low, because the wavelet is well localized in time but poorly localized in frequency.
While at low frequency (high scale), the frequency resolution is good and the time
resolution is poor.

A schematic comparison between spectrogram and scalogram with respect to their
time and frequency resolutions is presented in figure (2.31). Consequently,
spectrogram is selected as a reasonable time-frequency representation due to its
constant time and frequency resolutions over the whole frequency range and time
length of the signal.
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Figure (2.31): Schematic diagram comparing the time and frequency resolutions achieved in
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spectrogram and scalogram. (a) a signal constituted by two sinusoids of two frequencies 0.5 and 1.3 Hz,
sampled at a rate of 4 Hz. (b) the exact (analytical) power spectrum distribution. (c) contour plot of the
spectrogram representation, and (d) its corresponding power spectrum distribution [Blackman window,
segment length = 12 s, 50% overlapping]. (e) contour plot of the scalogram representation, and (f) its
corresponding power spectrum distribution [Morlet wavelet, 300 scales with 0.05 scale spacing, wave
number = 10].

In general, sound patterns of the spectrogram appear immersing in attached noise, as
described in figure (2.32). These noise are not only the base noise attached to the time
domain signal, but also those generated during Fourier transformation. Therefore,
filtering the signal in time domain will not ensure clean spectrogram represntation.
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Figure (2.32): Spectrogram of several streams displaying the sound patterns are immersed in attached
noise. (a) spectrogram of Sayornis phoebe bird, (b) spectrogram of Phylloscopus inornatus bird, and (c)
spectrogram of Thyromanes bewickii bird.
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Limiting the dynamic range

Although whisper cannot be heard in loud surroundings, spectrogram will contain all
details about whisper as well as loud sound. The power spectrum value (P) is obtained
from the relation (P =20 log |X|). Since whisper has low power values, it can be
removed by limiting the dynamic range of the spectrogram to cover only high power
values. Most life science sound sources are expanded or slowed to the human speech
range, which is normally perceived over 40 dB dynamic range [69]. Therefore, all points
with power values outside the range [B,.x — 40: P,4.] are removed, as addressed in
figure (2.33) for the spectrogram of Rhinolophus hijpposideros bat. The procedure
starts by subtracting (B, — 40) from all spectrogram values, followed by setting any
resultant negative power values to zero. Afterwards, the value of (B, —40) is re-
added.
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Figure (2.33): (a) The spectrogram of Rhinolophus hipposideros sound stream with expansion factor of
13 [segment length = 1% of the total signal length, 90% overlapping, and Bartlett window function]. (b)
The resultant spectrogram after its power values are limited to 40 dB dynamic range, following the
algorithm given in (c).

Edge detection of the sound patterns

The crest factor image is extracted as a feature image for the limited dynamic range
spectrogram following equation (2.42), as shown in figure (2.34).

Figure (2.34): The crest factor image calculated
by equation (2.42) on 5*5 mask slides over the
limited dynamic range spectrogram of figure
(2.33b) with step of one pixel.

The developed edge detection approach in section (2.2) is applied to accurately define
boundaries of the sound patterns in the crest factor image, producing the edges image
displayed in figure (2.35), which separates the patterns from their surrounding noise.

However, the edges do not provide information about where exactly are the inner of
the patterns and where are their surroundings.

ﬁ 0 Figure (2.35): The edges image of the limited
o \\ dynamic range spectrogram for Rhinolophus

hipposideros, by the developed edge
detection method of section (2.2), applied to
the crest factor image (as feature image) [mask
size = 5*5, flux check matrix size = 3*3].

39



Reconstructing the spectrogram

To define the patterns and restore their power values and define the surroundings
noise and eliminate their power values, a classification algorithm was set and applied
for each row and afterwards each column of the edges image. This algorithm states
that if pixels among two adjacent edges in one row (column) originally have average
power value higher than or equal to the original average power values at these two
edges, these pixels belong to a pattern and their power values are restored from the
original spectrogram. Otherwise, these pixels belong to the surrounding noise and their
power values are eliminated, as presented below and explained in figure (2.36)

I'=A{ir i s ind ] = {ajzr oo Jmd

fork=1:n-1
. o sound pattern ;mean(Power (iy: ix+1)) = mean(Power (i, ix+1))
Pixels(iy:ipy1) = . . o L
surrounding noise ; mean(Power (iy:i;4+1)) < mean(Power(iy, ix+1))
end

fork=1.m-1

Pixels (i jusy) = {sound pattern ;mean(Power(ji: jr+1)) = mean(Power (i, ji+1))
kJk+r) = surrounding noise ;mean(Power(ji: jr+1)) < mean(Power (ji, ji+1))
end
col
ino. (j)

5 Figure (2.36): Descriptive edges image for
row no. (i) 1 the classification algorithm which defines
”””””””” i i ’i;’”{n’_r"" sound patterns from the surrounding noise.

v i is a counter on the image rows, while j is
%’“‘1 a counter on the image columns.
I

As a result, the enhanced spectrogram is generated, as shown in figure (2.37).

-20
10000+ ]
o -30
N 8000¢ . ] .
E m r— r [— 40
a 6000! i -50 Figure (2.37): The enhanced
c spectrogram by the proposed
% -60 method revealing the sound
g 4000 \ \ \ 7 70 patterns and eliminating their
- surrounding noise.
2000 _ -80
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o I 1 1 I 1 1 1
0 0.5 1 1.5 2 25 3 3.5

time (s)
Meanwhile, figure (2.38f) is the enhanced spectrogram of Sitta Canadensis bird by the

proposed method, in comparison to other enhancement approaches which are
presented in figure (1.18) and repeated here as figure (2.38b to 2.38e).
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Figure (2.38): Reuvisit to the spectrogram enhancement of Sitta Canadensis bird call of figure (1.18)
updated by the results of applying the developed approach. (a) One of Sitta Canadensis bird calls at
SNR = 20 dB, and its enhanced spectrogram by (b) band pass, (c) multi-band spectral subtraction, (d)
Wiener filter, (e) wavelet packet decomposition, and (f) the proposed method.
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Since the enhancement process considered the spectrogram as an image and applied
an accurate edge detection approach, the resultant spectrogram preserves the sound
patterns into their almost original temporal and spectral locations. This is very
important issue for any further pattern recognition assignment based on this enhanced
spectrogram.

2.4, Improved speed of sound calculation with phase shift correction

Speed of sound (USV) is the main ultrasound signal parameter, which is used to
monitor variations in food samples in noncontact and non-destructive testing. When
signal is excited from an ultrasound transducer, its main pulse propagates in the
sample up to the other end, at which the signal is reflected once more towards the
transducer forming its first echo. The process is repeated until the signal is fully
damped into the sample, after several echoes are being sensed by the transducer as
clarified in figure (2.39).
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Figure (2.39): An example for ideal ultrasound signal propagation where the transducer sends a main
pulse into the sample, and receives its reflected echoes until the signal is fully damped

Time of flight (TOF) is defined as the interval between two following echoes, and its
corresponding USV is double of path length, d, taken by the signal, divided by this
TOF, as explained in equation (2.46).

2xd
- 2.46
Usv ~oF (2.46)

For ideal ultrasound signals, as the one given in figure (2.39), echoes are clearly
separated and there is no phase shift among them. Whereas estimating an accurate
value for TOF (and USV) in real signal is not an easy task, due to the difficulties in
determining an exact start of the echoes, as shown in figure (2.40).
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Signal amplitudes, x; and x, , at the starting times of first and second echoes, t;
and t,, can be mathematically represented by equations (2.47 and 2.48); respectively
[70].

t
x1(8) = Ar1(t1)me_71 cos(2mfaty + 1) (2.47)

t
x2(t2) = Apz (tz)me_gz cos(2mfyt, + @2) (2.48)
Where A,.,f;, and ¢ are the echo amplitude, dominant frequency and phase shift;

respectively, while m models the initial finite slope of the echo and u determines the
final slope. Both m and u are parameters that depend on the type of the ultrasound
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transducer. Applying some mathematical operations to equation (2.48), it can be
rewritten as:

_t
x3(t3) = App(t)™e u cos(2mfyt, + @—@1+¢,)

x5(t3) = App (tz)me_%z cos (27de (tz + (pZZ;f(ZlD +(P1> (2.49)

Thus, TOF between the first and second echoes is calculated by subtracting
arguments of equations (2.49) and equation (2.47), as explained in equation (2.50).

P2—P1
27de

(2.50)

TOF = (tz + w]

D—tlztz—t1+ 2T,
The third term in equation (2.50) is the phase correction term, which is eliminated for
ideal signal case, because ¢, = ¢. In this thesis, a method is proposed to accurately
determine the values for t;, t,, ¢,, and ¢, based on spectral analysis. The spectrogram
shown in figure (2.41a) is obtained for the ultrasound signal of figure (2.40), after being
divided into overlapped segments with high time resolution and multiplied by suitable
window function ensures less spectral leakage (e.g., Hanning window). Afterwards, the
spectrogram information at the dominant frequency is separated. This information is
basically the FFT coefficients (X’s) at this dominant frequency, and can be parted into
power spectrum (P) and phase shift () distributions, as shown in figures (2.41b and
2.41c), and explained in equations (2.51 and 2.52); respectively.

P = |X| = real(X)? + imag(X)? (2.51)
_4 (tmag(X)
¢ = (X) =tan (m) € [-m, ] (2.52)

Where real(X) and imag(X) are the real and imaginary parts of the Fourier coefficient;
respectively.

Figure (2.41): (a) Spectrogram
for the ultrasound signal of
figure (2.40) with 2MHz
dominant frequency, calculated
by STFT [segment length = 20
us, Hanning window, and 90%
overlapping]. (b) Instantaneous
power spectrum distribution at
the dominant frequency in
voltage-root mean square
(Vrms) and (c) phase shift
values at the detected times for
140 160 : start of first and second
echoes, in radians (rad).

frequency (MHz)

time (us)

(a)
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The power spectrum distribution in figure (2.41b) clarifies how the signal is developed
in the sample with details about its instantaneous energy variation, arrival times of the
consequent echoes, attenuation and damping behaviour. In depth, point 1 is at
maximum power spectrum value and indicates the start of first echo (t;,P;), while its
following peaks at (14,1s,...) represent the gradual loss of the intensity (i.e., attenuation)
with time. Meanwhile, point 2 is the point at which power spectrum starts to increase
again after damping of the first echo, and indicates starting of the second echo (t,,P,).
Subsequent peaks (2a, 2v, 2) represent the gradual growth for the arrivals of leading
constructive chirps of the second echo to the transducer, while (24, 2, ...) represent
the trailing gradual loss of the second echo intensity. Further echoes are functions of
the dramatically damping of the signal in the sample; therefore they are less important
for extraction and calculation of signal parameters. Meanwhile, from figure (2.41c),
phase shifts of the first and second echoes, ¢, and ¢,, are obtained at the agreeing
times of points 1 and 2, respectively. Finally, TOF can now be calculated by equation
(2.50) and its USV is computed with the aid of equation (2.46).

Results of the proposed method are compared to reference speed of sound values
presented by [71], for demineralized water. These reference values are calculated
through an empirical fifth-degree polynomial equation (equation (2.53)), and valid in
temperature (T) range [0 - 95] °C with an accuracy of 0.02 m/s.
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USV = 1.402385 = 103 + 5.038813T — 5.799136 * 1072T?2 + 3.287156 (2.53)
* 107%T3 — 1.398845 * 107°T* + 2.78786 * 107°T> '
Experiments on demineralized water are performed in temperature range [9 - 30.8] °C,
at which one ultrasound signal is investigated by the proposed method every 0.1°C to
obtain the associated USV. The comparison of the proposed values to those found by
equation (2.53) shows a maximum error of 0.217% (at T = 20.8°C) and a correlation
value R? higher than 0.99 as seen in figure (2.42).

1520

1510
_1500
E i
£ 1400 A
§ R2=0.9952 &%, Figure (2.42): Speed of sound in
o 1480 demineralized water at [9 - 30.8] °C,
'% .-,.-" obtained by the proposed method in
S 1470 % comparison to the reference values
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Although the proposed method requires high resolution spectrogram, its computational
cost is relatively low (around 2 seconds for analysing 50 signals on 22.4 GFlops
computer). The reason is that only small region of the spectrogram around its dominant
frequency is calculated and investigated.

2.5. Evaluation of the developed tools

Two techniques are commonly employed to evaluate the developed mathematical
tools in signal and image processing. They measure certain standards on the output
signals and/or images with respect to their exact forms. These techniques are
subjective and objective measures, which indicate whether the output by the
developed tool is augmented for further pattern recognition tasks [72].

Subjective measures

Subjective measures are borrowed from the field of psychology and human judgment,
at which the evaluation is made through the individual experience. In this thesis,
sensual inspection and Mean Opinion Score (MOS) are considered to perform a
subjective evaluation. The sensual inspection is applied to images generated by the
developed edge detection and spectrogram enhancement methods, to visually check
the existence of significant edges and the removing of attached noise. It is also applied
to aurally check existence/absence of certain sound pattern, as a judgment to any
detector built by the established temporal and spectral features.

Alternatively, MOS presents a numerical subjective evaluation by giving a score to the
enhanced spectrogram through its sound signal [73]. In most applications, ten
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candidates (5 females, and 5 males) are asked to give a score [1 = bad, 2 = poor, 3 =
fair, 4 = good, and 5 = excellent] to a sound. Afterwards, MOS is calculated by
averaging the given scores by equation (2.54), while its confidence interval (CI) is
computed at 95% confidence level, as described in figure (2.43) and explained in
equation (2.55).

l .
MoOS = %S(l) (2.54)

Where S(i) is the score given by candidate numberi, and [ is the total number of
candidates.

b |
Z Aq
% | Figure (2.43): Normal distribution curve with 95% confidence level.
2 | | I
o _ Z* Z*
standard deviation
1-0.95
Ay =0954; =———=0025=P(z>z)
normal distribution table
~P(z<z")=1-0.025=0.975 z* =196
CI = [MOS — (1.96 = ¢), MOS + (1.96 * 0)] (2.55)

Where A;,[—z%, z¥], A,, P, o are the area defines a 95% confidence interval, its enclosing
interval, remaining curve area, probability density function, and standard deviation of
the given MOS; respectively.

Although subjective measures seem easy to be put into practice, they have some
disadvantages. The number of characteristics a human eye/ear can distinguish is
limited, and the judgment depends on the image/sound type.

Objective measures

Objective measures are borrowed from digital signal processing field and information
theory, providing equations that calculate amount of deviation in the output
image/sound in comparison to the exact shape (i.e., what it should be), and they
include:

1. Signal to Noise Ratio (SNR) is a relation between the amounts of information in the
output form to its differences from the exact form (i.e., noise), as given by equation
(2.56).

2[0(x, y)]?
_ 2.56
SN j ZIE(x,y) = 0(x, »)]? (.99

Where 0(x,y) is the output form of an image/sound by one of the developed methods
and E(x,y) is its exact form. The form has two coordinates (x,y) for an image while
one coordinate (x) for a sound, and can be pixels intensities of an edges image, power
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spectrum of a spectrogram, or signal amplitude of a sound, as schematically described
in figure (2.44).

1 . . . . . . . 1

. hormalized amplitude

. normalized amplitude

time (s) time (s)
(a) (b)
For signal filtering evaluation: O(x,y) and E (x, y) = signal amplitude

(d)
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For spectrogram enhancement evaluation: O(x,y) and E (x,y) = power spectrum

Figure (2.44): The representation of 0(x,y) and E(x, y) in some images and sounds produced by the
numerical tools (a, ¢, and €), and their exact forms (b, d, and f).

2. Error Root Mean Square (ERMS) is the overall differences between the output and
exact forms, as clarified in equation (2.57).

M N
1
ERMS = mz Z[E(r, c) — 0(r,c)]? (2.57)

r=1c=1

Where M is the number of rows in an image [which equals one for a sound], and Nis
the number of columns in an image or total number of sound samples.

3. Segmental Signal to Noise Ratio (SSNR) is the average of SNR values over segments
with sound activity in a spectrogram, as given by equation (2.58).
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m+N-1

M- N
10 P,
SSNR = — 2 0910 < 2 Pernes > (2:59)
M isNm leexact - Poutputl

m=0

Where Peyqce @and Pyyupye are the exact and output spectrogram power spectrum;

respectively. M is the number of spectrogram segments (usually set to 20), N is the
number of samples in one segment.

4. Log Spectral Distance (LSD) is the spectral distance or distortion measure,
expressed in dB, between the output and exact spectrograms, as given by equation
(2.59).

FS/2

2 p 2
LSD = —Z l1010 < exact )l (2.59)
FS 910\ Pyt

0

Where FS is the sampling rate of the sound stream.

5. ltakura Saito (IS) is a measure of the perceptual difference between the exact and
output spectrograms, as displayed in equation (2.60).

FS/Z P
exact exact
— log -1 (2.60)
FS Z l output g0 Poutput

6. Average Eccentricity (AE) which simply and roughly shows if the shape of sound
patterns (or image objects) is changed from those in the exact form, and given by
equation (2.61).

1 L
AE=E2W (2.61)

Where L and W are the length and width of the minimum bounding rectangle to the
sound pattern/image object; respectively, while K is the number of patterns/objects in
the spectrogram/image.

7. Localization Error (LE) is the average difference in locating the edges between exact
and output edges image. It is calculated by inspecting the output edges distributions in
x and y directions, and comparing these distributions to those of the exact edges, as
clarified by equation (2.62) and schematically shown in figure (2.45).

ixels of exact edges — ixels of output edges
LE _Zp f g NZP f outp g |*100% 2.62)

Where N is the total number of pixels in the evaluation direction (i.e., row direction or
column direction).
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8. Energy Dissipation (ED) results from inefficiency of reducing the edge width to
exactly one pixel during suppression. The edge remains covering more than one pixel,
as shown in figure (2.45), results in more energy loss around this edge. This dissipation
can be displayed by the intensities distribution around an edge. The area under this
distribution is expected to be more dissipated for output edges image than for exact
edges image, and can be used to calculate the energy dissipation at the associated
edge by equation (2.63). The total energy dissipation is the average value of all rows
and columns energy dissipations.

A
ED = log (M) (2.63)

Aexact

Where Agxqer and Agyupy: are the areas under the intensity distribution curves
corresponding to exact and output edges images; respectively.

Since objective measures require information for exact image/sound, they are applied
in this thesis for validation purposes when the reference exact form is already known,
as will be shown in the next chapter.

2.6. Closed form neural network model

Artificial Neural Network (ANN) as an emulation of a biological network can establish
almost any relationship among data by building models between a set of input and
output vectors [74]. Usually, a feed-forward multilayer perceptron with an input, one or
several hidden, and output layers is designed, as seen in figure (2.46a). Input layer
contains a number of neurons equal to the number of the selected relevant features,
while the output layer may contain one neuron for regression or two-class classification
{0,1} problems, or many neurons for multi-class classification problems.
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) Figure (2.46): (a) The typical ANN layout

: Output (@) consists of an input layer, one hidden layer,
Hidden layer and one output layer. (b) The operation of a
layer neuron which weights the input (x) with a

weight (w) and a bias (b) and proceeds it
with a transfer function (f) to the next layer
as (2).

Input
layer

=w.x+b 4
x’_z Y ’ILI

bl

Each neuron weights the input with a weight (w) and sums it up with a bias (b). Then, it
presents it using a transfer function (f) to the next layer, as shown in figure (2.46b). The
widely implemented technique to train an ANN is the back propagation algorithm [75],
which tries to minimize the network mean square error (MSE) in obtaining the desired
output, by modifying the weights and bias. On the other hand, iterations on types of
the implemented transfer functions may be essential to ensure best network
performance. The commonly used transfer functions are Logsig and Tansig, given in
equation (2.64) and equation (2.65); respectively.

(b)

f =7 e (2.64)
f@) = % -1 (2.65)

Although complications and time consumed to obtain an efficient ANN, once the model
with best performance is found, no more training is made and it is used in
classification/regression of real life samples.

In this section, a closed form is presented for the designed model, which decreases
the necessary computations for model implementations to few simple equations solver.
The performance of the input layer can be mathematically written in two equations, as
explained in equations (2.65 and 2.67).

[yl]n*l = [Wll]n*n- [X]n*l + [bl]n*l (266)
[z1]ne1 = fi([y1]ne1) (2.67)

Where W, ,, and b, are the weights and biases for the neurons of the input layer. X is a
vector contains n input features. y; is the output vector, which is transformed through
a transfer function f; to produce the final output of this layer z,. Similarly, the hidden
layer(s) are mathematically represented as given in equations (2.68 and 2.69).

[ya)]m(i)*l = [W(i)(i—l)]m(i)*m(i_l) Nzicalm gy t [b(o]mm*l i=2:K (2.68)

[Za)]m(i)*l = fo ([Y(i)]m(i)ﬂ) (2.69)
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Figure 5. (A) Ultrasound signal obtained
in demineralized water using the pulse-
echo set up of Fig. 2 with DN50 at 25.6°C
(up), and its instantaneous power spec-
trum (middle) and phase-shift (bottom)
distributions at the dominant frequency.
(B) Speed of sound variation with temper-
ature in demineralized water at 9-30.8°C,
obtained by the proposed method in com-
parison to the reference data given by equa-
tion 15 [20].

(C) Ultrasound signal obtained for dem-
ineralized water using configuration Il with
DN80 at 25.6°C (top), and the instanta-
neous power spectrum (middle) and phase

Hoe om3 shift (bottom) distributions atits dominant
frequency.
()
3.2 Sensitivity of the proposed method sulting power spectrum distributions at dominant frequency are
separated (see Supporting information, Fig. S6a).
To check the reliability of the results obtained by the proposed As a result, no change in the detection of first echo through-
method, two sensitivity analyses had been applied. The first out the 50 signals was observed and small perturbations in-
analysis is related to the repeatability of the results if the main fluenced the detection of second echo (see Supporting infor-
parameters influencing the USV were fixed. Therefore, 50 ex- mation, Fig. S6b). The average and standard deviation in the
periments were accomplished for demineralized water at 10°C, calculated USV are 1447.28 m/s and 0.09 m/s, respectively, im-
using the pulse-echo set up of Fig. 1B with DN50, and the re- plying the consistency of the proposed method to provide reliable

© 2012 Wiley-VCH Verlag GmbH & Co. KGaA, Weinheim
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Table 1. Average speed of sound obtained by the crosscorrelation
and the proposed methods for demineralized water at tempera-
tures of 10, 15, and 20°C, in comparison to the reference values.
USV is the average speed of sound over 50 values at the specified
temperature.

Temperature (°C) USV Usv USV reference
by cross by proposed  (m/s)
correlation (m/s) method (m/s)

10 1447.152 1447.279 1447.291

15 1465.922 1465.921 1465.962

20 1482.384 1482.383 1482.382

results when the dependent variable (i.e. temperature) was fixed,
with a precision of ([0.09/1447.28] x 100% = 6.4 x 107°%).
Furthermore, low computational power is required to detect
TOF and calculate USV for the 50 signals (around 2 s with 22.4
GFlops).

The second sensitivity analysis is related to the dependency
of the results on the set up dimensions. Hence, the two nomi-
nal diameters of the pulse-echo set up (i.e. DN50 and DN80)
were implemented to calculate USV in pure water at T =
25.6°C. The received signals by the two setups are presented
in Figs. 5A and C, respectively, and analyzed by the proposed
method.

For signal with DN50 setup:

TOF, = 66.77us, USV| = 1497.60m/s

For signal with DN80 setup:

0.27 — (—0.58)

TOF,
2m*2

115.6 — 8.99 + |: ] = 106.67us,

2 % (80 x 10°)
UsSV, = — X P ) 1499 89 16
2= (106.67 x 10-5) m/s (16)

Thus, the sensitivity of the proposed method to the configu-
ration changes is:

standard deviation (USV,, USV,)
average (USVy, USV,)

x 100% = 0.11% (17)

sensitivity =

Alternatively, 50 experiments were executed on demineralized
water at 10, 15, and 20°C, and the calculated average USV are
compared to those produced by the cross correlation method and
published in [21], as listed in Table 1. The results explore how
both methods (cross correlation, and proposed) produce high
accurate USV around T = 20°C (error ca. 0.1 x 1073%). This
accuracy is less at lower temperature, for the cross correlation
method (error ca. 9.6 x 107°%), and for the proposed method
(error ca. 0.82 x 1073%).

© 2012 Wiley-VCH Verlag GmbH & Co. KGaA, Weinheim
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3.3 Monitoring of yeast fermentation process

Fermentation process is one of the most important processes
during malt production, due to its continuous biomixture
change along the period of process, which ends in many pro-
gressions up to days. Yeast fermentation is considered to be four
mixtures process consisting of yeast, extract, water, and carbon
dioxide. As fermentation proceeds, density and refractive index
fall rapidly and USV gradually rises [3]. Therefore, the ultra-
sound measurement becomes nearly independent of the degree
of fermentation making it suitable for continuous inline moni-
toring of the process original gravity [22].

The proposed method was applied to monitor USV during
a yeast fermentation process in the fermenter of Fig. 1C. The
cylindroconical fermenter was initially filled with 60 liter of wort
and 10 million cells of yeast. The temperature was controlled
via a fuzzy control system to be in the range of 10-20°C during
the process time which was between 24 and 96 h. The yeast
suspension was under permanent circulation and was aerated
by an aeration jet, until the yeast count reached 80-100 million
cells. Moreover, the fermenter—that generated an ultrasound
signal every 3 s—was equipped with a built in USV calculator
based on the cross correlation method. Both results obtained by
the proposed and cross correlation methods are displayed in Fig.
6A for 48 h of the fermentation process.

In comparison to cross correlation method, the proposed
method presented a distribution free from extremely out of range
values (i.e. outliers) and stable along the process time. And the
maximum difference between both distributions in the non-
outliers regions is 0.67%, demonstrating the effectiveness of the
proposed method to be implemented in such inline processes.

Additionally, the mixture reference density (p,s) was
measured using an oscillating U-tube technique (Company
Centec®) via a bypass connected to the circulation pipe. The
signal features were extracted and those relevant to p,.; were se-
lected (see Supporting information, Fig. S7). In this procedure,
nine relevant features were defined and presented in Table 2.

These features were combined with the calculated USV and
the measured T in the designed ANN for non-contact estimation
of the mixture density (p.y). The input layer of the network
has 11 neurons for the normalized values of (USV, T, and the
selected nine features). The hidden layer was designed with six
neurons, and the output layer with one neuron for the density
value.

Altogether, 3685 signals (i.e. fermentation instances) have
been used, at which (40% [1474 signals]) to train, (25% [921
signals]) to validate, and (35% [ 1290 signals]) to test the network.
After 500 iterations, the training results, as shown in Fig. 6B, had
reasonable MSE of 4 x 10> kg/m’. And the designed network
was examined by the test signals, at which the estimated density
values are shown in Fig. 6C, producing a maximum error in p
of 0.95%. These results indicate the efficiency of the designed
network with the selected signal features to estimate the mixture
density values during the fermentation process, in non-invasive
and non-contact approach. In practice, different error influences
have to be taken into consideration as the pressure dependency,
carbon dioxide influence, and the extract dependency on the
present gravity.
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Figure 6. (A) USV distribution between the 16th and 64th h of fer-
mentation, obtained by the proposed method (in solid black) and
the built-in crosscorrelation-based calculator of the fermenter (in
dashed gray), which suffers from many outliers along the process
time. (B) ANN training results for 1474 signals after 500 itera-
tions with MSE of 4 x 107> kg/m?® between the estimated and
reference densities of the fermentation mixture. (C) ANN testing
results for 1290 wherein maximum error between the estimated
and reference densities is 0.95%.
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4 Concluding remarks

Ultrasound signal has the ability to interrogate fluids and dense
mixtures in a non-destructive way, which makes it an ideal
method for characterizing and process monitoring during food
production. The two widely used methods to estimate TOF of
an ultrasound signal—which is the most important parameter
for USV determination and further analysis—are threshold and
cross correlation methods. However, the first method showed
considerable deviations that are mainly caused by high varia-
tions of the echo amplitudes, while the second method held
error due to inaccurate determination of the start of the second
echo, since other chirps may have higher correlation coefficient
with the first echo.

In this paper, a USV estimation method based on the spec-
tral analysis of pulse-echo ultrasound signal at its dominant
frequency was presented, as well as a correction for the phase
shift between the first and following echoes. To assure high time
resolution, short time Fourier transform was applied to perform
spectral transformation of the time domain signals.

Despite of the high-resolution Fourier transform required,
the computational time is still within that taken by the cross
correlation method, because only the small region of the spec-
trogram around the dominant frequency is considered, avoiding
further calculations at other frequencies.

The method was validated by experiments in demineralized
water at different temperatures in comparison to the cross corre-
lation method. Two sensitive analyses were applied for the pro-
posed method, proving its tendency to produce identical results
if the experiment is repeated with precision of 6.4 x 107°%,
and a sensitivity of 0.11% to changes in the pulse-echo setup
dimensions. The proposed method was applied to automati-
cally determine online USV in yeast fermentation process with
a maximum error of 0.67%. Afterwards, USV was combined
with temperature and nine signal features in an artificial neural
network to estimate the instantaneous density of the fermenta-
tion mixture, producing a maximum error of 0.95%.

Although the first and second echoes were handled to cal-
culate TOF for all experiments, subsequent echoes may also be
used. However, the first and second echoes are qualitatively the
best selection since they are least corrupted by any destructive
issues during signal propagation.

In general, results of the proposed method, in comparison to
those given by cross correlation method, showed how it can be
powerfully applied for ultrasound measurement in food prod-
ucts. Moreover, the results can be improved if higher resolution
spectral analysis is applied, with higher overlapping percent-
age, less frame length, and optimum selection of the window
function.

In bioprocess, changes in the precision of temperature mea-
surements should be well considered. The implemented PT100
temperature sensor has high accuracy (0.1°C at 0°C), low drift,
and with resistance rate of 0.385 ohm/°C. Using sensors with
higher rates allow obtaining higher resolution. For calibration, a
voltage meter was applied to adjust the resistance value for an ex-
actly well-known reference temperature. However, the precision
of the temperature measurement is reduced slightly at higher
temperatures, since it becomes difficult to prevent contamina-
tion of the platinum wire. The precision is also degraded due to
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Table 2. Relevant features with respect top.s. Wherepmf, x, N, and M are probability mass function, signal amplitude, segment length, and
number of frequency pins; respectively. X is the resulting Fourier coefficient (equation (7)).

Feature

Equation

Spectral centroid

Spectral spread

Spectral kurtosis

Temporal and spectral energy

Temporal and spectral crest factor

Temporal and spectral entropy

e X ()]

M X (m)]

M
3" (m — spectral centroid)® x pmf (m), pmf(m) = %
m=1 m=1

ZM:] (m—spectral centroid)* x pmf (m)
(spectral spread)2

N M
> (x(n)* & Zl IX (m)?

n=1 m=

max(|x(n)]) max(|X(m)])

&l g T X (m)]

N 2 2 M
|x(n)| |x(m)]
=X () I (Sf) & X pmfn) < In (pmf(m)

n=1 m=

the self-heating of the sensor as a result of the power applied to
it. Further errors rise during temperature transients because the
sensor may not respond to changes fast enough.

Practical application

The proposed method for estimating speed of sound
propagation of ultrasound signals can be applied in non-
destructive tests to check mediums quality and variations.
In particular, monitoring of fermentation processes can be
performed successfully in non-contact, non-invasive ap-
proaches. Furthermore, the combination of the estimated
speed of sound with other signal features are intended to
approximate online the important and non-sensed process
variables such as mixture density, which thereafter deter-
mines the fermentation level and indicates the amount of
the remaining sugar.

All measurements were performed in the laboratory of Chair of
Brewing and Beverage Technology, Technical University of Munich,
Freising, Germany.

The authors have declared no conflict of interest.

Nomenclature

A [Voltage]  Pulse amplitude

fa [Hz] Dominant frequency

m Initial finite slope of the pulse

u Final finite slope of the pulse
A [Voltage] ~ Amplitude on the first echo
Ap [Voltage] ~ Amplitude on the second echo

TOF  [s] Time of flight

USV  [m/s] Speed of sound

d [m] Path length through the test section

3} [s] Detected time for the start of first echo

[ [s] Detected time for the start of second echo

© 2012 Wiley-VCH Verlag GmbH & Co. KGaA, Weinheim

ADC Analogue-to-digital converted signal
amplitude
DN [m] Nominal diameter
FFT Fast Fourier transform
STFT Short time Fourier transform
WT Wavelet transform
f [Hz] Sampling frequency
X [Voltage]  Signal amplitude
X Fourier transform coefficient
w Hanning window function
N Number of segment samples
M Number of frequency pins
p [Vrms] Power spectrum
P, [Vrms] Power spectrum at the start of first
echo
p, [Vrms] Power spectrum at the start of second
echo
T [°C] Temperature
ANN Artificial neural network
MSE Mean square error
a Neuron activation function
pmf Probability mass function
Greek letters
7 [rad] Phase shift
01 [rad] Phase shift at the start of first echo
) [rad Phase shift at the start of second echo
Pref [kg/m?] Reference density of the fermentation
mixture
Pest [kg/m?] Estimated density of the fermentation
mixture
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4. Conclusion and Outlook

4.1 Conclusion

In this thesis, numerical models belong to signal and image processing techniques are
developed to help in improving the solution of associated Life Science Engineering
(LSE) problems. The appropriateness of LSE problem to be possible application for the
developed models depends on either it is originated by a sound producer (e.g., weevils
detection), or related to process which can be examined by ultrasound measurements
(e.g., food process monitoring). In addition to, problem which can be identified in
pictures (e.g., swelling recognition in biological tissues) or simply distinct in
spectrogram images (e.g., sound pattern based animal classification).

The scheme followed in this thesis can be concluded in the flowchart displayed in
figure (4.1), starting by processing the signal/image of LSE problem. The major
objective is to improve signal/image analysis through the developed numerical models,
and extract more relevant and accurate features. Afterwards, suitable pattern
recognition techniques (such as ANN) are applied in detecting, identifying, or
classifying the involved patterns and solve the corresponding problem.

* Improved signal/image

: ) analysis
Signal/Image Processing
* Relevant and accurate Figure (4.1): Concluding
features extraction diagram for the scheme
which is followed in the
thesis to solve LSE
* Detection problems.
Pattern Recognition + ldentification

+ Classification

Altogether, four numerical models have been developed and applied to four LSE
problems, as summarized in table (4.1).

Table (4.1): The developed numerical models and their solved LSE problems.

Developed model Solved LSE problem
Relevant features extraction for Detecting the existence of red palm weevil
sound pattern recognition (Rhynchophorus ferrugineus)

Improved edge detection
approach with sub-pixel accuracy
Enriched spectrogram
enhancement approach protecting
pattern structure

Robust speed of sound estimation | Monitoring of yeast fermentation bioprocess
approach for ultrasound signals and its mixture density

Fat contents recognition in meat slices

Classification of birds/bats bioacoustics
calls

The first model concerns with the extraction of large list of temporal and spectral
features including some unconventional features, to completely define the sound print
of a sound source. Application of window functions to smooth the ends of non-periodic
signals and reduce the spectral leakage in calculating Fourier transform coefficients is
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discussed. The performance of these window functions is divided into two categories;
the first is for those functions increase the frequency resolution, while the second is for
those reduce the spectral leakage. A third category may be defined for those functions
increase the amplitude resolution; however this is not significant categorization
because in most applications the calculated coefficients are normalized before
extracting the spectral features.

Beside the common algorithms for dominant features selection, two simple selection
approaches are introduced. These approaches are Jacobian based feature selection
and Steadiness based feature selection, for regression and classification pattern
recognition problems; respectively.

The developed model is applied to detect the existence of Red Palm Weevil (RPW) —
which is the most destructive pest of date palm in the world — in an earlier phase of
infestation. Its hidden kind of living makes an early detection with traditional methods
(e.g. pheromone traps) not applicable, while it can be performed using bioacoustics
recognition. Several sensor constructions are built and the best recordings are
obtained by an insertion sensor, which brings the sensor near the source of the sound.
The recordings are digitized at 11025 Hz, high-pass filtered with cutoff frequency of
200 Hz. The recordings are divided into segments wherein optimum segment length is
investigated along several overlapping percentages, and found to be 0.42 sec when
90% overlapping is engaged. Rectangular window is used to calculate spectral
features that require high frequency resolution (e.g. spectral roll-off), while Blackman
window is applied to calculate those require less spectral leakage (e.g. spectral
centroid). For each frame; 8 temporal and 10 spectral relevant features are selected,
including some unconventional features, building up a RPW detection system. The
developed system detects correctly the location of RPW feeding sounds’ patterns in a
five minutes recording.

After the positive determination of RPW presence in a palm, it is necessary to remove
the palm tree, because up today no real efficient treatment method exists. But with the
removing of an infested palms and disinfection of the soil, a strong blow against RPW
population is made.

The second model is for an improved edge detection method which extracts features
images (energy and skewness) from the original grey scale image. These images
behave as smoothed versions of the original image and avoid the using of prior
smoothing filters (such as Gaussian filter) and their scaling constraints. The gradient
images of these features images are obtained by 3*3 Sobel derivative operators, and
edges are detected as the peaks in the gradient images. Afterwards, Hysteresis
thresholding is applied to remove noisy weak edges, and non-maximum suppression
method is applied to reduce the thickness of the detected edges to one pixel width.
Since edges are not always directed to the center of pixels, a quadratic interpolation is
made among adjacent pixels to estimate the sub-pixel edge strength. Furthermore, a
flux equilibrium check is performed on the obtained edges image to detect any
discontinuities along the edge direction and fill them.

Investigations are conducted to find the optimum values for controlling parameters of
the model. The first parameter is the size of the mask which slips over the original
image to extract the feature images. The second parameter is the size of the flux
equilibrium matrix which slips over the edges to check and fill discontinuities. And the
third parameter is the combination coefficient between the output edges images (one
from energy image and the other from skewness image) to produce the final edges
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image. The optimum values for these three parameters are found to be 5*5, 3*3, and
0.75; respectively. The model is competitively compared to other edge detectors
through several subjective and objective evaluation measures. For the reference
images which are implemented in this comparison, the signal to noise ratio is increased
by at least 6.4%. The mean square error is reduced by at least 1.6%, while the
localization error and energy dissipation are improved by at least 7.8% and 0.25%;
respectively.

The developed model is applied to detect the boundaries of fat content in meat slices
images. These images are initially pre-processed by a histogram thresholding analysis
which eliminates the background noise. And by an anisotropic diffusion filter which
reduces the specular reflections and speckles due to the light reflection from the moist
meat areas and muscle fibrous texture. Once boundaries are detected, the region
growing method is employed to calculate the area enclosed by them. The traditional
and standard reference method to measure fat content in meat is the organic solvent
based method. Its drawbacks are the long drying and extraction time, lack of
automation, high consumption of solvent, and it is a destructive testing method.

The third model presents an enriched spectrogram enhancement approach which does
not affect the structure of the sound patterns. Spectrogram is selected as suitable
time-frequency representation because of its reasonable constant time and frequency
resolutions. But scalogram, which is an alternative to the spectrogram and obtained by
wavelet transform, accomplishes low frequency resolution at higher frequencies and
low time resolution at lower frequencies.

The spectrogram dynamic range is limited to 40 dB level to focus on the contained
high energetic patterns. Afterwards, a crest factor image is extracted as a feature
image for the spectrogram, and processed by the developed edge detection model to
accurately define the boundaries of the sound patterns. The usage of crest factor
image instead of energy/skewness combination is because this combination presents
both strong edges (from energy feature) and weak edges (from skewness feature). As a
result the attached noise may also be detected as sound patterns.

Interiors of the detected boundaries are reconstructed with their original sound power,
while the exteriors (i.e., attached noise) are eliminated. As a result, the enhanced
spectrogram is produced with the sound patterns in their almost original temporal and
spectral locations, giving an efficient base for further pattern recognition tasks to be
performed.

The model is compared to other leading edge enhancement approaches for reference
spectrograms of birds and bats, over a range of added white Gaussian noise. Results
show the efficiency of the model to enhance spectrograms with higher signal to noise
ratio and segmental signal to noise ratio, as well as lower log spectral distortion and
ltakura Saito.

The enhanced spectrogram is implemented to obtain power and frequency contours of
the enclosed sound patterns. The power contour may be used for specific sound
power detection, and the frequency contour may be used in designing more reliable
fiter. Furthermore, the enhancement spectrogram is accessed to reconstruct the
enhanced wave form of the bioacoustics calls, which can be adopted for accurate
feature extraction process.

The developed model is applied to classify bioacoustics calls of bird and bat species.
The sound pattern is distinctive for each sound producing animal, and this appears
completely in the spectrogram representation because it contains both temporal and
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spectral information. Whereas the sound pattern may be mismatched if separately
considered in time or frequency domains. From the enhanced spectrogram image,
several two dimensional features are extracted to define the sound patterns of the
candidate species. The classifier is designed by two relevant features, namely the
eccentricity and centroid of the sound pattern. After training the classifier with enough
sound patterns of each species, it correctly classified 94.59% of the test sounds.

The fourth model is for an improved calculation of the speed of sound (USV) during
ultrasound measurements, which is an important parameter to monitor simultaneously
variations in the tested samples, in noncontact and non-destructive way. In practice,
echoes of the propagated ultrasound signals are not clearly parted and involve phase
shifts, result in difficult determination of their time of flight and its corresponding USV.
Therefore, the signal is divided into short segments (length = 10% signal length) with
overlapping > 90%, and multiplied by suitable window function reducing the spectral
leakage, to obtain high resolution spectrogram. The Fourier coefficients at the
dominant frequency are separated and their power spectrum distribution and phase
shift distribution are established. Accordingly the starts of first and second echoes are
accurately detected and their phase shifts are obtained. Time of flight is the interval
between these starts’ times corrected with their phase shifts, and USV is calculated by
information of the signal path length. The model is validated by reference data of
speed of sound in demineralized water at temperatures [9 — 30.8] °C, producing a
maximum error of 0.217%. Sensitivity analyses are performed on the results implying
their repeatability with a deviation of 6.4*10°% over 50 repeated measurements, and
their consistency with a deviation of 0.107% when the dimensions of the implemented
ultrasound setup is changed. Results are compared to those produced by cross
correlation method on a continuous process monitoring, generating more stable USV
distribution free from noticeable outliers with less computational time.

The technique offers a deeper insight into bioprocesses and thus their monitoring,
optimization, and control. As a result, the model is applied online in a yeast
fermentation process accompanied by continuous ultrasound measurements. The
calculated USV is combined with signal relevant features and the measured
temperature values in an artificial neural network to estimate instantaneously the
mixture density with a maximum error of 0.95%. This density is important to determine
the fermentation level, amount of produced alcohol, as well as an indication for
concentration of the remaining sugatr.

4.2 Outlook

An important advantage of the developed tools is their provision of non-destructive,
noncontact, and low cost solution to the associated LSE problems. Therefore, in some
applications, more precautions have to be considered. For example, in recording the
sounds produced by hidden weevils such like red palm weevils, holes are made in the
palm tree, to bring the sensor to the closest place from the sound source. These holes
should be small enough to avoid tree destruction, and the sensor has to be
contentiously anti-infectious treated to prevent spread of infestations among trees.

Moreover, higher sensor sensitivity to the produced sounds is double-edged sword.
Since it can detect lower energy weevil sounds and in the same time detect more of
the weak noise. Meanwhile, a next step to the generated bioacoustics detection
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system is to develop a learning scheme to handle all the available features for the
feeding sound in different environmental conditions and field sounds, such like
machines, animals, and other existing insects. Adding some features for the
description of noise-like sounds should enhance the system to become a useful tool in
similarity search for the sound calls of insects.

On the other hand, although edges image limits the data included in an original image
to the objects boundaries information, edge detectors may require long computational
time since pixel-by-pixel investigation is necessary. This time is further extended if
sub-pixel accuracy is targeted as in the developed edge detector, because edges
directions will cover all the range between [0-360] ° instead of covering only the basic
directions {0, 45, +90, +135, 180}.

The developed edge detection approach provides no information about the frame
pixels of the original image, due to the implementation of central finite difference in
calculating the gradient image. These pixels are located on first and last rows, and first
and last columns. This issue can be sidestepped by applying forward or backward
finite difference at the frame pixels. More simple solution is to avoid having useful
information from taking place in frame pixels when capturing the original image.
Furthermore, the 3*3 Sobel operator is applied to obtain the gradient image in a quickly
but less accurate manner. Higher order finite difference operators suchlike 5*5
increases the accuracy order from 0(h?) toO(h*), as described in figure (4.2).
Unfortunately, this procedure increases the overall computational time.

Figure (4.2): Comparison between
3*3 and 5*5 derivative operators in
obtaining the gradient of general
function f(x).
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The flux equilibrium check helped to fill the discontinuities in edges, as long as these
discontinuities are seen within the selected 3*3 flux check matrix. Therefore, the
selection of such matrix size is application oriented which is dependent on the
investigated image and object size.

In determining fat contents in meat slices by the developed approach, the slice is
assumed to be 2D or has uniform distribution of fat along the third dimension. For
other cases, an under-layer analysis has to be added suchlike ultrasound imaging.

Alternatively, for the developed spectrogram enhancement approach, different

parameters have to be studied with respect to the achieved enhancement level. One of
these parameters is the selected dynamic range which limits the spectrogram to its
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inclusion of high energy sound patterns. Other features images may also be
investigated beside the crest factor image to improve the enhancement process.
Furthermore, parameters involved in the frequency domain transformation influence the
obtained spectrogram resolution, such as overlapping percentage, window function,
and window function size as described in figure (4.3).

Clearly, in classification of bioacoustics calls, much care should be paid in selecting
the relevant features. The clusters will be far apart for features that have good
discriminatory ability, whereas the clusters may overlap for other features. The samples
selected as training data are crucial for the recognition success and assumed to have
all possible pattern representatives; otherwise, species may be wrongly classified.

6.0 6.0
g 4.5 = 4.5
> >
=
3.0 % 3.0
= &
ﬁxefl Blackman window Varied Blackman window
size (800 samples) size (128-800 samples)
S - 1.5
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Figure (4.3): Spectrogram of Prunella collaris bioacoustics call obtained by: (a) fixed window size, and (b)
varied window size. [78]

In regard to the developed speed of sound estimation approach, reverse engineering
may help to design more suitable window function which eliminates spectral leakage,
and returns accurate frequency and power spectrum. Wavelet transform and Hilbert
transform can also be candidates to Fourier transform in seeking more precise spectral
analysis. For correct detection of time of flight, complete damping of each echo is
essential, which is not only related to the sample under study but also to the
implemented transducer system.

Due to the complex nature of microbial growth, monitoring and control of bioprocesses
represent an ever-increasing engineering challenge. For further optimisation of
bioprocesses and ensuring high product quality, the lack of accurate real time
monitoring will be the bottleneck. Therefore, in the years to come, increasing focus has
to be given to online monitoring techniques. The use of online measurements to
monitor bioprocesses for identifying cell status has become more predominant. All
sensors take part in monitoring the bioprocess should be evaluated periodically for any
changes to their sensing accuracy. These changes may be a result of their
contamination, life time, and/or weak incompetent calibration. Ultrasonic
measurements are not applicable when the sonic attenuation of the sample is very
high. This can occur in substances with high content of bubbles or voids. Also no
effects are measured in composite samples when the speeds of sound of the
components are identical.

Generally, more samples collection - whether signals or images — improves the training
of the corresponding pattern recognition system and ensures consistent and reliable
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performance when applied to new test samples. The typical problems include how to
represent complex samples, and how to exclude spurious (unstable) samples to avoid
over fitting problems.

So where should it goes from here? The ultimate goal of this thesis is to aid in paving
the way for extended research applications out of the tools and applications presented
here. Some of these applications and further thoughts are presented in table (4.2).

Table (4.2): Some of the possible future directions and LSE applications where the developed models
can prove to be beneficial.
Developed model Possible applications

e Detection of others hidden or night migrating
animals (e.g., rice weevil, flour weevil, and geese).

e Scared systems for birds on airplanes (based on
generating sound features of birds enemies).

e Source identification (based on database for
sound features of possible sources).

e Bioacoustics monitoring of animal population.

e Acoustic communication studies.

e Detection of alarm calls in species suchlike red
ruffed lemur (for earthquake, tornado, or volcano
warnings).

e Study environmental influence (e.g., temperature)
on sound sensitivity.

e Acoustic localization of fishes.

e Identification of general objects in images (based
on their edges distribution and 2D features).

e Cancer and pictured seen diseases diagnosis.

e Movement tracking (based on the changing of
center of gravity position of the detected object).

e Biometric analysis.

e Mobile robot vision system.

Measurement of critical objects dimension and

inspection for missing parts.

Analysis of microscopy images.

Robust identification of sound producing species.

Learning sound characteristics.

Filtration of audio signals for further processing or

Enriched spectrogram checking a filter performance.

enhancement approach Phonetics and speech recognition.

protecting pattern Studying frequency modulation in animal calls.

structure Reverse engineering of sound patterns.

Creation of modern music systems.

Development of radio frequency and microwave

systems.

e Monitoring the development of other food
processes such as dough mixing.

e Monitoring of medical products processes such
as monoclonal antibody in hybridoma cultures.

Relevant features
extraction for sound
pattern recognition

Improved edge detection
approach with sub-pixel
accuracy

Robust speed of sound
estimation approach for
ultrasound signals
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e Assisting in the adaptive control of bioprocess
progression.

¢ Non-destructive inspection of food quality.

¢ Shelf life examination of products.

e Under layer compositions identification.

Major challenges of the future such as food, environment, and health care at a
sustainable cost are related to life sciences. The convergence of life sciences with
engineering is an emerging opportunity that will help generate many exciting future
achievements. Therefore, the implementation of cheap, robust, non-destructive, and
noncontact signal and image processing techniques should not be overlooked for
investment and development. It is a very large and exciting field of research and there
continue to be many developments.
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Appendix A: List of temporal and spectral features

Time domain features
These features are extracted from the signal waveform distribution, and used to
express the variation of samples amplitudes with time.

1. Zero crossing rate: is the number of points at which the signal passes the time axis,
through the whole pattern, as shown in figure (A1.1)

1 N sign=1 ;x(n)>0
m2|sign(x(n)) — sign(x(n — 1), sign=0 ;x(n)=0
n=2 sign=—-1 ;x(n) <0

Where x(n) is the amplitude at sample n, and N is the number of samples.
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2. Short Time Energy: Is the energy content of the pattern and calculated by summing
up all the areas under the curves of the signal, as shown in figure (A1.2)
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3. Energy Root Mean Square: represents also the energy content, but averaged over

the pattern length
s ()
n=1
N

4. Temporal Centroid: is the time at which half of the pattern energy was covered. It is
not necessary to be exactly in the middle of the pattern length, as shown in figure
(A1.3).

o Zhan s (@)’
g:l(x(n))z
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5. Temporal Entropy: It measures the disorder of a signal, with low value for highly

ordered signals (i.e., has less noise and fewer bits are sufficient to describe its
information).

N
‘Z( x| >2m< x| )2
LAZN x| N ()l
6. Temporal Crest-Factor: It is the ratio of the maximum magnitude on the pattern to

the average of the amplitudes, and this represents the singularity of the pattern, as
shown in figure (A1.4).
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7. Temporal Slope: It represents the amount of decreasing or increasing of the pattern
amplitude, and is computed by linear regression, as shown in figure (A1.5).

N Zg=1(n * x(n)) - Zg=1 n* 21131:1 x(n)
Y1 x(m) * oy n? — BN n)?)
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wn
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8. Temporal Flux: represents how sharp the amplitudes change on the same pattern,

and measured by summing up all the squaring values for the difference between the
normalized magnitudes of adjacent amplitudes, as shown in figure (A1.6).

i ()|
max(|x])

n=1

lx(n + 1) )

max(|x|)
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9. Temporal Decrease: represents the decay part of the pattern, and measured by the
slope of the line connecting the last point with amplitude equals 0.8 of the maximum
amplitude, and the last point with amplitude equals 0.08 of the maximum amplitude, as
shown in figure (A1.7).

10. Descent time: is the period covered by the temporal decrease line, as shown in
figure (A1.7).

11. Temporal increase: represents the attack part of the pattern, and measured by the
slope of the line connecting the first point with amplitude equals 0.8 of the maximum
amplitude, and the first point with amplitude equals 0.08 of the maximum amplitude, as
shown in figure (A1.7).

12. Attack time: is the period covered by the temporal increase line, as shown in figure
(A1.7)

13. Duration: represents the interval between first and last points with amplitudes equal
to 0.1 of the maximum amplitude, as shown in figure (A1.7).
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14. Temporal Roll-off: the sample in the time domain below which 90% of the energy
distribution is concentrated, as shown in figure (A1.8)

if:IX(n)I2 =0.9* ZN:IX(n)I2

Where n.; is the sample number of the temporal roll-off
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15. Temporal Flatness: It is a measure for the tendency of the pattern to hold constant
(flat) amplitudes, it equals “1” for constant amplitudes pattern and smaller values for
other pattern types. It is calculated by the ratio of the geometric mean to the arithmetic
mean of the pattern amplitudes, as shown in figure (A1.9).
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16. Temporal Tonality: It is related to the flatness of the pattern, and indicates whether
tone or noise exists in the pattern. It is value is close to “1” for tonal patterns and close
to “0” for noisy patterns, as shown in figure (A1.10).
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17. Temporal Spread: Represents the variance of the pattern amplitudes around its
mean value.

lx()|

N
tsp = Z(n = centroid)® x tpmf(n) ,  tpmf(n) = INlx@l

n=1

Where tpmf is the probability mass function

18. Temporal Skewness: gives a measure for the degree of asymmetry of the pattern
amplitudes with respect to the normal distribution, as shown in figure (A1.11).

N
ms = E(n — centroid)? = tpmf (n), temporal skew = Py
S
n=1 p
S ’
E p average Figure (A1 A 1)
2 P Schematic
g eviation & .
z diagram for
z temporal
E skewness
B positive skewness ; ] negative skewness
pu-3c p+3c p-30 pt+3c

19. Temporal Smoothness: It measures the smoothness variation of the pattern
amplitude with respect to its two neighbours.

pt log|x(n — 1)| + log|x(n)| + log|x(n + 1)|
20 * Z log|x(n)| — 3
n=2

Frequency domain features

In the frequency domain, many spectral features may be extracted and implemented in
combination to those in time domain, to fully characterize the signal. Many of these
spectral features are calculated with the same mathematical formulas given for
temporal features, but using the power spectrum and frequency instead of the signal
amplitude and time; respectively.

20. Spectral Roll-Off:

Mg 1024

Y Ixm)l =09+ Y 1x(m)l
m=1 m=1

Where m,¢ is the frequency bin representing the spectral roll-off, X(m) is the spectrum
at bin number m, and 1024 is the total number of frequency bins.

21. Spectral Flux:
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Spectral Slope:
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Spectral Energy:
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Spectral Smoothness:

1023

ZO*Z

m=2

log|X(m — 1)| + log|X(m)| + log|X(m + 1)|
3

log|lX(m)| —

134



30. Spectral Spread:

1024
| X(m)|

Ssp = Z (m—C)**pmf(m),  pmf(m) = STOT2 % ()|
m=1

m=1
Where pmf is the probability mass function

31. Spectral Skewness:

m=1 =0 symmetric distribution
>0 more energy on the left

1024y — C,)3 % pmf (m) <0 more energy on the right
ssp3/2

32. Spectral Entropy:

1024

= ) pmfm) < In(pmf(m)

33. Spectral Kurtosis: a measure of the flatness and singular variation of the spectrum
around the mean, as shown in figure (A1.12)

=3 normal distribution

Y1024 — €)% % pmf (m) { < 3 flatter distribution
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34. Spectral Band Width: the frequency band between first and last points with power
spectrum equal to 0.1 of the maximum amplitude, as shown in figure (A1.13).

35. Spectral Decrease: the decay part of the spectrum, and measured by the slope of
the line connecting the last point with power equals 0.8 of the maximum value, and the
last point with power equals 0.08 of the maximum value, as shown in figure (A1.13).

36. Descent band: is the frequency band covered by the spectral decrease line, as
shown in figure (A1.13).

37. Spectral increase: the attack part of the spectrum, and measured by the slope of

the line connecting the first point with power equals 0.8 of the maximum value, and the
first point with power equals 0.08 of the maximum value, as shown in figure (A1.13).
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38. Ascent band: is the frequency band covered by the spectral increase line, as
shown in figure (A1.13).
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Figure (A1.13): Schematic diagram for band width, spectral decrease, descent band, spectral
increase, and attack band
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