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Chapter 1

Introduction

In this report, we propose an automatic visual recognition system for bio-
logical particles. In particular, we focus on recognition of particles that are
found in microscopic urinalysis, and we also deal with the recognition of air-
borne pollen grains.

Our approach is general, segmentation free, able to achieve a very good per-
formance on many different categories of particles. For these reasons, the
system is suitable to be used for recognition of other kinds of biological par-
ticles.

In chapter 2, we describe the goal of microscopic analysis in aerobiology
and in urinalysis and the usually applied techniques. We conclude this part
with an assessment on the need to automate these analyses that will justify
this research.

Chapter 3 introduces our databases giving a complete list of available images
with a brief description about their characteristics.

The following chapter provides an overview on related work which is a refer-
ence point to evaluate the performance of our system. Moreover, we introduce
the main stages of a recognition system: detection and classification.
Chapter 5 tackles the problem of particle detection in a given image. We
will discuss a detector that is based on a filtering approach. We will describe
how it works and what its performance and limitations are.

Chapter 6 reviews the features developed for the classifier. These features
are derived from previous work of Schmid et al. [10] and Torralba et al. [31].
Thanks to some kind of elaboration, we are able to get from each image a
new kind of very informative feature.

In chapter 7, we discuss many classifiers: Bayesian classifiers, a classifier in-
spired by AdaBoost algorithm and a last one using support vector machines.
This chapter is completed by an experimental part which shows the experi-
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ments done to tune the system and to compute the global performance.
The following chapter provides an insight about errors done by detector and
classifier during the previous experiments.

In chapter 9, we conclude with an extensive analysis of the performance of
a complete system, namely detector followed by classifier, for pollen recogni-
tion.

The last chapter summarizes the main points of this research. We discuss
our contribution in automatic visual recognition of particles and the tasks
that will challenge future works.



Chapter 2

Microscopic analysis of
biological particles

Microscopic analysis is used in many fields of technology and physics, for
example in aerobiology, geology, biomedical analysis, industrial product in-
spection.

Basically, the input image has a resolution of about 1024x1024 pixels while
objects of interest have resolution of about 50x50 pixels. In all these applica-
tions detection and classification are difficult, because of the poor resolution
and maybe strong variability of objects of interest, and because the back-
ground can also be very noisy and highly variable. In this work, we focus on
recognition of biological particles and especially on recognition of airborne
pollen and on recognition of particles that can be found in urine. Since our
approach is general and our performance is very good on many categories of
different kinds of corpuscles, we can claim that this research and its results
are naturally applicable to other many kinds of biological particles found in
microscopic analysis. In this research, we develop a recognition system that
is not a specific case study, but it is segmentation free and it can be easily
updated in order to deal with new classes.

Focusing in the next sections on airborne pollen recognition and urinalysis,
we will explain why and how these analyses are performed, what the problems
of manual analysis are, and at the end, we will assess the need to automate
this process.

2.1 Measuring airborne pollen level in air

Estimates from a skin test survey suggest that allergies affect as many as
40 to 50 million people in the United States of America. Allergic diseases
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affect more than 20% of the U.S. population and are the sixth leading cause of
chronic disease. In this country, the estimated overall costs for allergic rhinitis
in 1996 totaled 6 billion dollars and two years later, the increased absenteeism
and reduced productivity due to allergies cost to companies more than 250
million dollars [1]. Moreover, from 1982 to 1996, the prevalence of asthma
increased to 97% among women and 22% among men. These statistics are
an example that perfectly corresponds to the situation and trend in all other
countries in the world.

An allergy is an abnormal reaction to an ordinarily harmless substance called
allergen, [1] [30]. When an allergen is absorbed into the body of an allergic
person, the person’s immune system views the allergen as an invader and a
chain of abnormal reactions begins. The effects of this response are runny
nose, watery eyes, itching and sneezing. People with these symptoms are
unable to work and even to sleep. The most common allergens are: pollen
particles, molds, dust mites, animal dander, foods, medications, insect stings.
Pollen grains are clinically the most important outdoor allergens and the most
allergenic species are: American elm, paper birch, red alder, white oak, white
ash, olive, mulberry, pecan, black walnut, sycamore, grass, chenopod, rumer,
plantago. Note that asthma and allergies can affect anyone, regardless to
age, gender, race.

In order to make forecasts and to aid in the diagnosis, treatment and
management of allergic diseases, many stations with air sampling equipment
are spread in the territory to collect airborne pollen particles.

The most popular device is the volumetric spore trap, see Figure 2.1, which
draws air into the sampler at a given rate through a little opening. The
particles in the air land on an adhesive coated microscope slide attached to
a slowly rotating wheel. After a period of sampling, for example one day
but most usually one week, the pollen grains caught on the sticky slides are
counted under the microscope by simply cutting the long slide into several
pieces. The analysis at the microscope is performed by trained observers
(aerobiologists) who count and classify pollen grains. This method is slow,
expensive, and inaccurate. First of all: the response time is inadequate for
many applications. In a typical installation pollen particles are collected dur-
ing the week on sticky tape. The tape is analyzed only once a week. The
results of such analysis are therefore sometimes available one week after the
fact, rendering them useless for preparations of medical response in hospi-
tals.

Second, the analysis of one weekly tape takes up to 8 hours of work by a
skilled professional, thus, the yearly cost of measuring pollen contents in the
air at one location could approach $30,000, too expensive for many institu-
tions and too expensive to allow fine spatial sampling of air pollen contents.
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Figure 2.1: Burkard volumetric spore trap is used to collect airborne pollen grains
and fungi.

For example, the National Allergy Bureau, section of the American Academy
of Allergy, Asthma and Immunology’s Aeroallergen Network, is the institu-
tion responsible for reporting current pollen count to the media and it has
only 75 counting stations throughout the US and its members are all vol-
unteers; if you check the website of AAAAI [1] the pollen counts are never
updated to the last week!
Most, importantly: relying on humans produces inaccurate measurements.
This for two reasons: first, the process is tedious, it is well documented
that the attention of a human operator tends to flag after 30 minutes on a
demanding repetitive job. Second, in order to accomplish the task at all, hu-
man operators sample coarsely the collected tapes. Measurements are thus
accurate for high pollen counts, but inaccurate for low pollen counts, an even
more inaccurate as to estimating the concentration of pollen grains over time.
It is entirely possible to miss the presence of a given pollen in the air if the
critical time when it was released is not sampled by the operator. Moreover,
it is difficult to provide accurate pollen levels for areas not near to a counting
station and so the actual counts are useless for most of the physicians.

To summarize, there are many reasons to justify the recent strong interest
and the need to automate the count and identification of airborne pollen
particles. The manual collection and analysis is not adequate because it is
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too slow, too expensive, not precise and not able to cover all the territory.

2.2 Urinalysis

Urinalysis can reveal diseases that have gone unnoticed because they do not
produce striking signs or symptoms; examples are diabetes mellitus, various
forms of glomerulonephritis and chronic urinary tract infections [2]. There are
three kinds of urinalysis: macroscopic, chemical and microscopic. The first
is direct to visual observation to assess the color and cloudiness. The second
one, uses a dipstick to determine pH, specific gravity, content of proteins,
glucose, etc. and it is based on the color change of the strip and on its
comparison to a color chart. The third analysis, the one of our interest,
requires a light microscope and is the most complex. A sample of well-mixed
urine is centrifugated in a test tube and then, a drop of sediment is poured
onto a glass slide for the examination. Using low magnification, a well-trained
expert identifies crystals, casts, squamous cells and other “large” objects.
After another adjustment of the microscope to get a higher magnification,
the expert can count the number of smaller objects like bacteria and red
blood cells.

Particles in urine can be classified into 12 categories, they are: red blood
cells, white blood cells, bacteria, hyaline casts, pathological casts, crystals,
squamous epithelial cells, non squamous epithelial cells, yeasts, white blood
cell clumps, sperm and mucus. The microscopic analysis is very useful and
generally required because it is non-invasive and it gives several indications
about disease progress and therapeutic efficacy, [6].

However, this kind of analysis if manually done is intrinsically not precise,
time consuming and expensive. There is no standardization in the process
of taking a volume of fluid, there is no reliability of the result because the
experts may have a different training and experience and last but not least,
this work is annoying because repetitive and difficult. The difficulty relies on
the strong similarity among some categories of particles and in the variability
existing also among corpuscles belonging to the same family.

Moreover, this process is slow and expensive for hospitals.

For these reasons, an automatic recognition system is required in several
situations above all when many specimens have to be analyzed. Some sys-
tems for automatic recognition of particles in urinalysis are currently sold.
An interesting machine using computer vision approach is made by IRIS, a
company in the field of biomedical analysis. This company also provided us
the urine database.
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Our interest in urinalysis is justified because the manual analysis is not
efficient in terms of precision, cost and time and because the automatic recog-
nition can be still improved. In the next chapter, we will describe IRIS system
and its very good performance but we will highlight also its main flaws.
Other systems using different techniques, such as analysis of particle re-
fraction when these particles are hit by a laser beam, have also drawbacks
because of their suboptimal performance and the difficulty to verify analysis
outcomes.

2.3 Conclusion

Both aerobiology and urinalysis need automation.

First, manual analysis is slow. For instance, the pollen level in the air is
usually given in the following week and so, physicians have available this
information when by this time it is too late. Second, manual analysis requires
very skilled experts with a high cost for the community and the institutions.
Third, because this kind of work is repetitive and difficult, results may be
not accurate. Experts’ results depend on their experience, their subjective
judgment, their way to set up the system. There is a need of standardization
in the measurements that can be achieved only with an automatic system.

On the other hand, today there is no completely automatic system to
detect and identify pollen particles and the machines for urinalysis have a
lot of margin of improvement.

Besides, visual recognition of particles in microscopic images and more
generally, recognition of small object categories in images with poor resolu-
tion and contrast is a field of research which has never been studied deeply
but nonetheless, has many challenging problems to tackle and can find several
applications.
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Database

This chapter describes the databases we used in our work.

A company in biomedical analysis, RIS, provided us the database of
cells in urine; these particles are: red blood cells, white blood cells, bacte-
ria, hyaline casts, pathological casts, crystals, squamous epithelial cells, non
squamous epithelial cells, yeasts, white blood cell clumps, sperm and mucus.
These are twelve categories, samples of this database can be found in Fig-
ure 3.1. The resolution is variable and goes from 36x36 up to 250x250 pixels
with 0.68um/piz.

Table 3.1 shows the number of images in each class of urine database.

| cLass NR. OF SAMPLES ||
1. bacteria 1000
2. w. blood c. clumps 1000
3. yeast 1000
4. crystal 1000
5. hyal casts 1000
6. path. casts 860
7. non squam. epith. c. 999
8. red blood c. 1000
9. sperm 1000
10. squam. epith. c. 1000
11. white blood c. 1000
12. mucus 546

Table 3.1: Number of images in each category of urine database
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Figure 3.1: Urine database: samples belonging to the twelve categories.

The other database is a collection of pictures of airborne pollen particles
taken with the volumetric spore trap (see par. 2.1). Some examples of these
pictures are given in Figure 3.2 and they show the extreme variability in
the background. These images have a resolution of 1024x1280 pixels with
0.5um/piz.

In order to build this database, we started developing a software for en-
abling human operators to manually collect a large training set, consisting
of about 1000 samples of grains of pollen for each of 32 species which are
found in Pasadena’s area. For this purpose we built a Matlab graphical user
interface (see Figure 3.3) with which we have already collected up a num-
ber of samples summarized in Table 3.3. Thanks to this software, we have
a reference list which stores for each image the position and the genus of
each pollen identified by some expert. Given this information, we derived a
database of patches centered on pollen particles. Figure 3.4 shows some sam-
ples belonging to these pollen classes. In chapters 5 and 7, we will see that
there is sometimes a high variability in shape and texture also for samples
belonging to the same class.
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Figure 3.2: Example of images in pollen database. There can be images with a
high density of particles (upper left corner), with a low density of particles (upper
right corner), with big objects inside (lower left corner) and with bubbles of glue
(lower right corner).
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Figure 3.4: Examples of pollen grains collected in Caltech campus. In the last
row, there are other particles that are similar to pollen grains and that are found
in the acquired images. The average resolution is about 50x50 pixels.



folder “hnages
*010403 195
022203 19
022303 10
022403 15
030310 22
030311 80
*032102 115
*042304_0-12 100
*042802 180
091903 30
120102 44
120202 8
*122902 158
*ChinElm 216
TrialPollen 71
TOTAL 1429

Table 3.2: Pollen database: list of folders and images in each folder. The (¥*)
denotes the new available data in addition to the old database (March 04) (see

[26]).



genus H number of samples
alder 416
ash 329
asterac. 6
birch 4
camplor 9
chenopod 32
chin. elm 522
c. myrtle 3
cypress 46
eucal. 30
ginkgo 3
jacaranda 282
lig. amber 44
mulberry 111
oak 413
olive 326
palm 39
pecan 4
pine 705
plane t. 10
poplar 7
sycamore 33
walnut 36
unknown 263
pistach. 0
plantain 0
elm 1
rumex 1
umbellif. 4
grass 19
TOTAL 3680

Table 3.3: List of pollen particles found in the images of tab.3.2. In bold charac-

ters, we highlight the species with more than 100 samples.



Chapter 4

Overview on related work

The aim is to build a system for automatic recognition of particle categories.
Furthermore, we are interested in a general approach enabling us to work
with several kinds of corpuscles which are found in microscopic analysis. In
this way, it is easy to add new classes to the already considered set and, no
new customized reprogramming is required.

Generally, input images of a such system have resolution of nearly 1024x1024
pixels, while the objects to which we are interested on have square bounding
box with side between 30 and 200 pixels. The average side is around 60 pix-
els, then, the system has to handle objects with low resolution. Its output is
the number of detected particles in each category.

The automated analysis proceeds in two parts: detection and classifica-
tion, an outline is shown in Figure 4.1.

In the detection stage the system will select those parts of the image

which are likely to contain a particle of interest, for example a pollen. This
process is akin to visual attention in humans: most of the computation is
devoted to the most promising areas of the image.
The second stage, that is classification, consists of taking image portions
which contain a visual event associable to a particle of interest, and attribut-
ing such event either to one out of a number of known species or, to an
“unknown object” grab-bag category.

In urinalysis detection is not a problem, because in the pictures of stream
(see next section for a detailed description) all particles have to be analyzed.
Once that overlap among cells is avoided, all objects in the image will be
classified. Moreover because of the tipical low concentration of particles in
the fluid, particles are quite well distributed on the original image. Detection
for urinalysis is not a great task. For this reason, our urine database is a
collection of patches with particles already well centered; whereas in pollen
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Figure 4.1: Outline of recognition system. Detector finds interesting points in
the input image and gives back to the classifier a certain number of patches. For
each patch, the classifier establishes the class to which the object in foreground
belongs.
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Figure 4.2: Outline of classifier: the system extracts from the input patch a set
of features. In the training period, the system learns how to divide the feature
space. In the test phase, the system assigns a class to the input image looking at
the region where the test feature falls.
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recognition, detection is still crucial, because the input images of the system
are pictures of sticky tape.

A given section of tape has accumulated airborne particles for many hours.
Such an image contains hundreds of particles like: pollen grains, dust, insect
parts, etc. The detection process should quickly flag the location of those
particles that have at least a small chance of being pollen particles. At this
stage the number of false rejects, i.e. pollen particles that are not selected,
must be extremely low because some species can have low counts and we
have to take into account also classifier mistakes.

(Classification of both urine particle patches and pollen patches has to
establish if the particle is of interest, in which case the class will be also
identified, otherwise, it has to be discarded.

This is a visual pattern recognition problem, whose solution is conceptually
simple. Given a signal s belonging to a class k, k = 1,--- | K, the main
stages of classification are:

1. a number of features are extracted from the original signal to form the
feature vector x € R, that is the image transformed into a pattern.

2. a decision function must be determined:

r:RP - 1,-.- | K
x— r(zx) (4.0)

In many cases, a discriminant function g(z, k) is used:

r:r+— max ¢g(z,k

kel,---,Kg( k)
This can be regarded as a trained pattern classifier, an outline of a
classification system is shown in Figure 4.2.

It is well-known, that in the pattern recognition the crucial step is de-
signing informative features: if our features do capture the peculiarities of
the appearance of our objects, then, almost any classifier will perform a
competent job (Duda and Hart, [14]).

The task of classification even if conceptually simple, is practically a hard
challenge. The classifier has to handle images with very low resolution and
often poor contrast.

In addition, pollen identification is difficult because [30]:
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e there is a large number of look-alike categories

e cach genus of plant has many species (strictly speaking, we are classi-
fying among genera)

e high winds may carry unusual kinds of pollen
e pollen shape and texture can be corrupted by previous impacts

e pollen shape depends on its orientation on slide; most frequently are
seen in the equatorial position, in which they all appear as ovoid

e “apparently trees do not read literature and insist upon producing
pollen grains with the same number of sides as some of other pollen
kinds” [30]

Urine particle classification is difficult because:
e some cells are semi-transparent, i.e. casts and mucus

e almost all categories have high variability in shape, texture and size;
for example, there is no defined shape and size for clumps, crystals can
be square, rectangular or hexagonal, white cells can have a nucleus or
a uniform texture

e there is a smooth transition between particles belonging to different
categories and even human experts do not agree in the classification
of some casts or blood cells; for example, a “big” red blood cell is
completely not distinguishable from a “small” white blood cell.

To summarize, the system for automatic visual recognition of particles
is composed by a detector and a classifier. The detector is simply achieved
in urinalysis, because all objects in foreground are objects of interest while
in pollen recognition the detector has to deal with a lot of non-pollen parti-
cles. The detector must have an extremely low missed-detection rate. The
classification of patches passed by the detector, is similar in both cases. In
both situations in fact, the classifier handles images with poor resolution and
contrast, and there is a strong variability between classes, but sometimes just
a little variability within some categories.

In the next sections, we will present approaches developed by other re-
search groups in the field of visual recognition of particles or, more generally,
visual recognition of small objects in images with low contrast and resolu-
tion.
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We will start describing IRIS urine analysis system that is somewhat our
reference point for the urine project, then, we will see another approach due
to Dahmen et al. [12]; for this last method, we had enough details to make a
program based on that research and so we can make a direct comparison be-
tween this technique and our method. Finally, we will focus on the detection
problem and we will present the work of Burl et al. [9] about the identifica-
tion of volcanoes in Venus surface, and we conclude introducing a technique
for pollen recognition [27] and another technique for its identification, [15].

4.1 IRIS urine analysis system

Thanks to the courtesy of IRIS, we will refer to [6] and to many discussions
with scientists from IRIS to describe their system. However, we have available
only few information about the machine they are selling and we will be able
to show only an outline of their technique.

The Q200 Automated Urinalysis System is a bench-top analyzer able to
perform chemical and microscopic analysis. The former one is focused on
the determination of color, gravity and composition of urine. The latter one
is used to analyze the sediment, this is useful in the diagnosis of renal and
urinary tract diseases. Each kind of analysis is performed by two different
but connected modules. The goal of the module for particle recognition is
to overcome the limitations of manual microscopy: lack of standardization
and precision, risk of biohazard, slow processing and high costs because it
requires highly trained technologists. This analyzer is able to classify and
quantify 12 particle categories (the same ones of our urine database) based
on a visual recognition system.

In Figure 4.3, you can see an outline of this module. They take from
a given specimen 2ul of centrifugated urine, they make a very thin flow
through a channel and then, they take 24 pictures per second with a CCD
digital camera coupled with a microscope. In this way, they get around 500
images with resolution 1024x1280 and 0.68 um/piz. Given a frame, they are
able to detect patches centered on particles by morphological operations or
simply by the application of a threshold. Note that they mechanically avoid
the overlap among particles by regulating the thickness of the flow. Then,
they extract from each patch features that take into account: the image size,
the contrast of particle in foreground with respect to the background mean,
the shape of the cell and its texture. Given these features from each patch,
they train a neural network to make a decision in test. They claim that
on our database their system has a very good performance with an error
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rate! of nearly 5%. In the every day use of their system with the data of
their customers, they state the classifier has an error rate of about 10%. A
specimen is processed in nearly 1 minute and their system allows a continuous
load with a maximum of 55 samples.

They claim that the hard tasks for this system are:

e to handle low contrast particles because they perform masking opera-
tions to determine some features like shape and size; for this reason,
the most not correctly classified classes are Mucus and Casts

e to handle unknown particles

This last point requires a special comment. In urine, there are corpuscules of
unknown origin which have never been studied and which are not of interest in
the actual analysis. All these particles should be collected in an artifact class
which collects also images out of focus or not well segmented. However, they
state that this class fills all the feature space and makes classification quite
difficult. For this reason, they have chosen the “abstention” rule: when the
outcome of the system has a low confidence they discard the image and put
it on the artifact class. In this way, they show to the user images with high
confidence and reliability for the twelve categories of interest with possibility
to check mistakes (the patches are stored in the memory of two computers
positioned under the bench). There is still the problem that the artifact class
captures also a lot of particles belonging to other categories. In our database,
we have not available patches belonging to the artifact class.

We observe that a segmentation-free approach could solve the problem of
misclassification among low contrast categories and boost the performance of
the system. To take into account features based on shape, interest points can
be extracted from a given patch. Our method is based on the first principle
and achieves a very low error rate in these categories, is much simpler, is
more easily updated with new classes even if it has a slightly higher global
error rate.

IThe error rate is the ratio between the number of not correctly classified test images
and the total number of tested images; its value allows to assess the performance of a
classifier.
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Figure 4.3: Outline of IRIS system for visual recognition of particles in urine
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4.2 Fourier Mellin Transform

The approach formulated by Dahmen et al. [12] is general and segmentation
free like the system we are describing in this thesis. Their idea to extract
features that are invariant with respect to shift, rotation and scale is powerful
because it allows to obtain the same measurement from cells that are found
in different positions, orientations and scales.
They aim to classify three different kinds of red blood cells (namely, stomato-
cyte, echinocyte, discocyte) in a database of grayscale images with resolution
128x128 pixels. Given an image, they extract Fourier Mellin based features
that are invariant with respect to 2D rotation, scale and translation. Then,
they model the distribution of the observed training data using Gaussian
mixture densities. Using these models in a Bayesian framework they are able
to perform the test and to achieve an error rate of about 15%.

Let be f|x,y] € RV*Y a 2D discrete image, its discrete Fourier Transform
is defined as

=

-1
1 _ 2mi(ujtuk)

5O > Jl ke (4-1)

0

=

F(u,v) =

<
Il
=)
B
Il

with i = v/=1 and w,v = 0,1,..., N — 1. It can be easily shown that
the amplitude spectrum A of F'(u,v) is invariant with respect to translation,
inverse invariant with respect to scaling and variant with respect to rota-
tion. By transforming the rectangular coordinates (u,v) of A(u,v) to polar
coordinates (r,0) and by using logarithmic scale for the radial axis, image
scales and rotations become shifts in the log-polar representation Aof A 1t
you compute the amplitude spectrum B of the Fourier Transform of fl, you
can extract features which are invariant with respect to rotation, scale and
translation. Moreover, A is real valued, thus B is symmetric and you can
consider the values that fall in window of size for example 25x12 pixels (the
origin will fall in the middle of a longer side of this window). They reduce
the dimensionality of the space to d using a linear discriminant analysis (we
suppose they apply and we applied in our implementation Fisher’s discrimi-
nants, [7] [25]).
For example, in our implementation of their system using our urine database
we sampled the images to a common resolution of 90x90 pixels?. So, reshap-
ing the image in a column vector we decrease the feature space dimension
from 8100 to 300 thanks to the symmetry of Fourier Mellin transform and
to the windowing operation, then we achieve a further reduction projecting

2Note that when an image has a resolution smaller than 90x90 pixels we add a frame
with values equal to the estimated background mean.
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the data along directions given by Fisher linear discriminants and thus, we
work in a final 11 dimensional feature space.

In Figure 4.4, we show the Fourier Mellin Transform of a bacterium image.
Note that in order to change the coordinates from rectangular to log-polar
you have to apply the inverse mapping and interpolate the values. If (z,y)
and (r,0) are the coordinates in the cartesian system and in the polar one
respectively, then

{r:\/m {1::7"(3089 (4.0)

0 = arctany/z y =rsinf

Given a grid of (r,0) values, the correspondences in (x,y) are computed
and the values in these points are taken (generally with interpolation).
With reference to Figure 4.4, the plot on the upper left corner is obtained
automatically by Matlab command cart2pol, instead the plot on the upper
right corner is a mesh of the data computed by inverse mapping. You can
also notice the symmetry of the Fourier Mellin Transform in the lower right
corner; the box superimposed shows the window of features that will be
extracted.

Once a Gaussian mixture model is estimated for each class, to classify an
observation z € R? the Bayesian decision rule is applied

x +— r(x) = argmazp(k)p(x | k) (4.0)

where p(k) is the a priori probability of class k, p(z | k) is the class condi-
tional probability for the observation x given class k and r(x) is the classifier
decision.

The results of this technique on our database are quite good with an error
rate of about 21% for the classification of the 12 categories of urine database,
see Figure 4.5.

This performance is consistent with the one achieved by the authors on their
database, error rate of 15% on three classes. Using the same data, our tech-
nique is able to halve this error rate (see par. 7.5.2).

This method is particularly interesting because it is able to achieve a
good performance with quite simple features and it does not require any
segmentation. On the other hand, the performance is still not acceptable for
any real application and not comparable with commercial systems.
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Figure 4.4: Operations involved in the computation of Fourier Mellin Transform:
example taken from a bacterium image. Upper left corner: mesh of “cart2pol”
command to Fourier Transform of the image; upper right corner: mesh obtained
by inverse mapping; lower left corner: magnitude of Fourier Transform in log-polar
coordinates; lower right corner: Fourier Mellin Transform.
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Graphic representation of confusion matrix - ER = 21.5%
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Figure 4.5: Confusion matrix of the classifier using features derived by Fourier
Mellin Transform. This result has been achieved thanks to our implementation of
the method described by Dahmen et al. [12], see par. 4.2. Each row indicates how
a given class of corpuscles was classified. The training is done taking 500 images
in each category.
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4.3 Detection of small objects

In this section we will refer to the research of Burl et al. [9] about the
identification of volcanoes in Venus surface. A tipical image, of their database
is shown in Figure 4.6. Their database had many thousands of 1024x1024
images derived from the successful Magellan mission to Venus of NASA-JPL
(1989). Their task was to identify in this large database the volcanoes by an
automatic vision system. We are referring to this work because the detection
of these small objects in such a big image is similar to the detection of pollen
grains in a picture of sticky tape piece.

As we did to build the pollen database, through a graphical user interface
they labeled examples in a certain number of images. Applying a suitable
matched filter and looking for the maximum values in the cross-correlation
image they find interest points. Given an interest point, they consider a
patch of k£ X k pixels centered on it and they use principal component analysis
(or discrete Karhunen-Loeve transform [17]) to reduce the space dimension.
Finally, the classification is achieved using the quadratic classifier, that is
they model the two classes (volcano and not-volcano) with gaussian densities
and then, in test they apply Bayes’ rule

p(y | wi)p(wi)
y | wi)p(w1)p(y | wa)p(w2)
where y is the observed feature vector and wj; is the i-th class.
The main common aspects between this research and our research are:

p(wi |y) = o (4.0)

e method to build the database (we are referring to the pollen database)

e the philosophy of the detector for which we allow a high number of
false alarms to get an high detection rate

e the classifier philosophy because there is a modeling of training data
and then a decision based on Bayes’ rule

On the other hand, the main differences are:
e their classifier works in a binary case (only two classes)

e their detector handles images with a lot of gaussian noise, instead our
(pollen database) images have only much more variability in the back-
ground

e our categories can have less variability in size but generally, have more
variability in shape and texture
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Figure 4.6: This image shows a 30Kmx30Km region on Venus containing a num-
ber of small volcanoes.

4.4 Using SEM and 3D data for pollen recog-
nition

We describe here a research developed mainly by Ronneberger [27] at Freiburg
University in collaboration with the weather service of Germany and Swiss.
In their work, they highlight that by using fluorescence microscopy instead
of the common translucent one it is easy to discriminate between biological
and non-biological material. Moreover, they observe that an expert has to
analyze a pollen grain on different planes to be sure of his classification. For
these reasons, they take with the highest available quality 3D data of pollen
grains by a laser scanning microscope.

Given a database in which each pollen is represented by a stack of images
(one image for each scanned plane), they compute some gray-scale invari-
ants to avoid object-specific programming. These invariants are kernels (i.e.
multiplication of two gray values belonging to pixel at a certain distance)
evaluated and summed over all angles or over all the shifts. Finally, they use
support vector machines to classify.

Their database has a collection of 26 species of “pure” pollen particles for a
total of 385 corpuscules. They assessed the performance with the the tech-
nique “leave-one-out”, that is, they performed 385 tests on each pollen taking
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for training the rest of images in the database. They achieved an error rate
of 8%.
The main weak points of this work are:

e it is not feasible, a laser scanning microscope is very expensive and not
suitable for a real-time and low-cost instrument

e the method is cumbersome because it requires a 3D analysis
e their database is very small and so their performance is not reliable

e “pure” pollen grains are much less variable in appearance and size than
pollen particles captured by air sampler machine (see chapter 8 for an
experimental prove).

4.5 Pollen identification with Paradise net-
work

In [15], the authors describe two methods of pollen identification in images
taken by optical microscope.

This work is one of the first attempts to automate the process of pollen
identification using optical microscope. Indeed, several researches were done
using scanning electron microscope (SEM) and good results were achieved,
[32] [20] [24] [21]. But, SEM is expensive, slow and absolutely not suitable
for a real-time application.

Their first method is a model based approach and it assumes that pollen
grains have a “double edge” in the exine. Thus, a “snake” (a proper spline)
is used to detect the presence of this edge. Since not all pollen grains show
the double edge property and since the achieved performance is not so good
we do not go in further details.

The second approach uses the so-called “Paradise Network”. Several
small templates which are able to identify important features in the object,
are generated and then linked together to form a certain number of pat-
terns. This scomposition is repeated in test and the system looks for the
best matching between the pollen and non-pollen patterns. The network is
able to recognize nearly 80% of pollen as pollen and misclassify 4% of the
debris as pollen.

This work is interesting, because they use images acquired with the com-
mon equipment, namely volumetric spore trap and the optical microscope.
On the other hand, their performance is still not acceptable for any practical
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application and is referred to a system that receives as input already seg-
mented images of pollen or junk particles. Moreover, they limit their study
only to pollen particles with a double edge in the exine.

4.6 Conclusion

In the previous chapter we explained the need for an automatic system for
particle recognition as opposed to the manual analysis done by highly trained
experts.

In this chapter, an overview was given on researches focused on automation
of microscopic analysis.

In the urinalysis case, even if there is already a good system for automatic
particle recognition, it can be still improved using segmentation free approach
and trying to build a more flexible system able to extend the classification
to new categories.

Pollen recognition is still manually done. The attempts to use SEM give
good but useless results because no cheap, portable and real-time instrument
can adopt this technology. On the other hand, no research was able to find
good performance in detection and classification using optical microscope
images of sticky tape pictures.

All these considerations justify our interest and research in automatic
visual recognition of biological particles.



Chapter 5

Detector

Detection is the first stage of a recognition system. Given an input image
with a lot of particles, it aims to find key points, which have at least a little
probability to be a corpuscle of interest. Once that one of these points is
detected, a patch is centered on it and then, it is passed to the classifier in
the next stage. It is extremely important to detect almost all the objects of
interest when they are rarely found in images and their number is low, as it
typically happens in pollen detection.

In our research, we need to detect points only in pollen database. This
database was labelled by human experts and a reference list has been built
with information about genus and position of pollen particles sampled from
air and now in images.

Thus, we evaluate performance by measuring how well our automatic detector
agrees with the set of reference labels. A detection occurs if the algorithm in-
dicates the presence of an object at a location where a pollen exists according
to the reference list. Similarly, a false alarm occurs if the algorithm indicates
the presence of an object at a location where no pollen exists according to
the reference list [9].

The overall performance can be evaluated computing:

nr. of detected interest particles

% 100 (5.0)

perc. of detection = ; :
nr. of particles of interest

nr. of detected particles which are not of interest 100
*

(5.0)

perc. of false alarms = - -
nr. of particles of interest

More precisely, we consider a box centered on the detected interest point.
We say that there is a matching between this box and the expert’s one, if
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[A + A
\/(%1 —22)? 4+ (Y1 — Ye2)? < @ % (5.0)

where x.;,v. are the coordinates of the box centroid, A; is the area of
the box and « is a parameter to be chosen. In our experiment, we chose «
equal to 1/4/2. This value and parameter are the same ones we used in the
software we developed to label pollen grains. In that situation, eq. (5) is used
to establish when two expert’s boxes overlap and if this condition is satisfied
then, the software removes the old box because there is too much overlap
and we interpret the old box as a mistake. Analogously for the detector,
if the same condition holds, we say that there is a matching between the
automatically detected box and the expert’s one.

Typically, a detection system has some parameter to tune. When one pa-
rameter is varied then, also the false alarm and detection percentages change.
Thus, by varying at each time a threshold, we can compute a sequence of per-
centages. The resulting curve is known as receiver operating characteristic
(ROC) curve.

In the following sections, we will describe the detector we developed and
we will assess its performance thanks to the percentages of detection and
false alarms.

5.1 Outline

This detector is based on a filtering approach [22] [23] [18]. An outline of
this system is shown in Figure 5.1 and Figure 5.2.

The input image is converted in gray level values. It is blurred and
sampled at two different frequencies, F; and F5. In order to avoid artifacts
near the image border, we normalize the background brightness to zero®.
We apply to both sampled images a filtering stage: for each such image
we compute a difference of Gaussians [22] or the image suggested by Harris
algorithm [18]. A set of interest points is extracted looking at the extrema of
the two previously found images. Then, we discard points that are too close
to the image border and for the remaining ones we find a proper bounding
box. After removing those patches that are too small, too much overlapped
with other patches and patches whose average brightness is too high, we
have a set of patches that might contain a particle of interest and then, these
patches will be given to the classifier.

!The estimate of the background brightness is iterative and it is based on computation
of the histogram peak of all the image pixel values.
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Figure 5.1: Outline of particle detector. Patches of interest are found by a system
using two different frequencies (the light blue boxes that are described in Fig-
ure 5.2). Patches coming from these two systems are retained only if they pass
a test on overlap and a test on average brightness (boxes with red border). For
example, if two patches are too much overlapped we keep only one patch. If the
average brightness of pixels falling inside the box is too high, we discard this patch
because pollen particles have always some texture. The output is a set of patches
that will be given to the classifier. In the example, the blue boxes are pollen grains,
the green ones are false alarms.
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Figure 5.2: Zoom of the light blue boxes shown in Figure 5.1. The input image
(after conversion to gray level values) is blurred and sampled at a certain frequency.
Then, we look for the maxima of the difference of Gaussians (DoG) image or the
maxima of the image computed according to Harris algorithm. These maxima are
our initial set of interest points. Then, we discard points too close to the image
border. After that, we automatically compute a bounding box around each interest
point. Finally, we discard the patches whose average side is too small. The output
is a set of patches that might contain pollen grains.
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In the following subsections, we will explain in some details the key points
of the system.

5.1.1 The difference of Gaussians image

Given a properly blurred and sampled image, we blur the image twice with a
Gaussian kernel. The difference of Gaussians (DoG) image is the difference
between the outputs of the two filters.

In Figure 5.3, we show the plots of Gaussian kernel and difference of Gaussian
(DoG) kernel and their DFT in the 1-D case.

The goal of the sampling stage is to make the smallest pollen appear a little
blob of few pixels. This automatically removes dust particles smaller than
pollen grains and reduces the amount of computation. With a proper choice
of the variance of the Gaussian kernel o, the output image will have a peak in
correspondence of round shaped objects with a certain size. Figure 5.4 shows
a synthetic example in which two filters with DoG kernels having different o
are applied to an image. When o is low, the output image has a narrow peak
in correspondence of the little blob of the input image. When o is high, the
peak is in correspondence of the largest blob. The variance of the Gaussian
kernel allows to select the size of the interest objects.

In order to detect how good a point of extremum is in the output image,
we fit around it a paraboloid. The vertex of this paraboloid gives the exact
position of the interest point and its curvature is a measure of its quality.
If this value is too low then, it is likely that this extremum is generated by
a strip shaped object or by an object that is smaller than the one we are
looking for. If this value is high then the object in that position is round and
it has a size that fits the size of our target.

5.1.2 Harris algorithm

Interest points can also be found considering the extrema points of another
image.
Let be I the image and I, = 01 /0z then, we define:

A=G0,0)®I2
B =G(0,0)® I,1,
C=G0,0)®1I;

where G(0,0) is a zero-mean Gaussian kernel of variance 0. The image we
compute in order to find interest points is:

1/2| (A+C —/(A—O)2+4B?) |




CHAPTER 5. DETECTOR

e

Ve

Figure 5.3: First row: basic kernels, namely Gaussian kernel and the

o.a

o.35 |

o.=|

o.2s |

o.z|

o.as |

o.1 |

o.os |

1zo

100 -

s0 -

ao |-

zo

10

=)
freauency

alle

o.a1=z

o.os |
o.o6 |
o.0a |

oc.o=z |

o.0oz |
—o.0a

—o.0s
kY

Vlle

o.1 |

2s

zo |-

as

1o

10

DET DoG kernel

=)
frequency

kernel of the whole system. Second row: DFT of previous kernels.

34

equivalent

Figure 5.4: This example shows how the choice of scale o is related with the
dimension of objects of interest. The first image has a little blob of 1 pixel in the
upper left corner and a larger one of 10 pixel diameter in the lower right corner.
The second image shows a good peak in the position of the smaller blob, ¢ was
chosen equal to 1. The third image shows a good peak in the position of the larger

blob, ¢ was chosen equal to 8v/2.
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that is the smallest eigenvalue of the matrix

A B
B C

Interest points are the extrema of this image because in these points there
is the maximum variation of curvature along = and y directions.

5.1.3 Bounding box determination

The algorithm to determine a bouunding box given an interest point is very
straightforward. Its pseudocode is given in Figure 5.5 and in Figure 5.6 we
show an example of application of this algorithm.

ALGORITHM for bounding box determination

Input: interest point inside particle

DO:

1. consider 150 pixel values starting from your interest point in direction: N, S, E;, W, NW  NE,
SE, SW; you will have 8 vectors V7 ... Vg

2. group the pixel values in each vector in set of three and compute their mean; you will have 8
vectors vy ...wvs, each with 50 items

3. for each vector v;, estimate the background brightness in that direction looking at the peak of
the histogram of values contained in v;

4. the border of the object is found when the mean squared error of 4 consecutive values in v; with
respect to the background brightness is less than a certain threshold; you will get 8 points
around your interest point

5. fit a circle taking three points and try many combinations (i.e. points in N-NE-E, N-SW-E, etc.)

6. the optimal bounding circle is the one with minimum error e; for each estimated circle, we
compute the distances of the points not involved in the estimation (that are 5) to the

circumference and we define e as the sum of the three smallest distances

7. we take the center of the circle as centroid and its diameter as side of a square bounding box.

Output: bounding box

Figure 5.5: Pseudocode of algorithm for determination of bounding box.

We consider 150 pixel values in each direction because pine pollen (the
biggest one) can be bounded by a square box of 300 pixels. Then, we compute
the mean of groups of three pixel values in order to make less computations
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Figure 5.6: Example of bounding box detrermiantion. The point in magenta is
the interest point. The green and red points are the estimated points around the
particle border. The red points give the lowest error when fitting the circle. The
resulting box is the cyan square.

and to reduce the noise. We consider 4 values of mean for the mean squared
error (point 4) because we assume that outside the pollen the signal is stable
around the background value and there are at least 12 pixels of separation
among particles. FError e takes into account only three directions because
we allow to have two wrong points around the border of the object (think
about grains that are grouped together or see the dust near the pollen of
Figure 5.6). On the other hand, we can be confident that the circle with
minimum e describes quite well 6 points out of 8 staying in the object border.

5.1.4 Overlap criterion

When images are very noisy in the background or pollen grains are grouped
together, there can be more than one bounding box for particle or there can
be a lot of bounding boxes that are very close and overlapped. Then, we
have to choose which bounding box to retain and which one to remove.

Our criterion focuses on two main cases. If box A is overlapped to box B2
and no other box is overlapped with A and B then, we keep the box with
minimum error e as defined in the previous subsection. If box A is overlapped
to box B and both boxes A and B are overlapped to box C, then, we keep
the box with the smallest value of e. Finally, if box A is overlapped to box

2According to the formula in eq.(5).
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B, and only box B is overlapped to box C then, we keep box B if it has the
smallest error e otherwise we remove only box B.

5.2 Examples

In order to have a better understanding of the computations performed by
this system and to see its major limitations, we will take into account two
images in our database. The first one is an example of very good detec-
tion (Figure 5.7, Figure 5.8, Figure 5.9), the latter one of poor detection
(Figure 5.10, Figure 5.11, Figure 5.12).

Main causes of errors are:

e some pollen grains are very low contrast and they don’t give any interest
point

e pollen grains are sometimes grouped together and we can usually get
only an interest point per group, the algorithm for bounding box de-
termination can fail in this situation

e bounding box determination and overlap test can fail in very noisy
images.
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Figure 5.7: Example of good detection. The round red markers show the position
of interest points. The square blue markers show the points that passed the test
on the distance to the border. The magenta triangular markers are positioned in
the centroids of those patches that have passed the test on the size length. The
yellow triangular markers are located in the centroids of those patches that have
passed the test on overlap. Finally, the black triangular markers show the position
of the centroids of patches that passed the test on average brightness.
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Figure 5.8: Example of good detection. The red points are the interest points that
passed the test on border distance. The blue square boxes are the automatically
computed bounding boxes. The blue point is the centroid of these bounding boxes.
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Figure 5.9: Example of good detection. The red boxes are dragged by the expert.
The blue boxes show the patches computed by the system that match the expert’s
ones. The green boxes are patches computed by the system that are false positives.
In this image, all pollen grains are detected and other 14 particles that are not
pollen grains are detected.
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Figure 5.10: Example of bad detection. The round red markers show the position
of interest points. The square blue markers show the points that passed the test
on the distance to the border. The magenta triangular markers are positioned in
the centroids of those patches that have passed the test on the size length. The
yellow triangular markers are located in the centroids of those patches that have
passed the test on overlap. Finally, the black triangular markers show the position
of the centroids of patches that passed the test on average brightness.
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Figure 5.11: Example of bad detection. The red points are the interest points that
passed the test on border distance. The blue square boxes are the automatically
computed bounding boxes. The blue point is the centroid of these bounding boxes.
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Figure 5.12: Example of bad detection. The red boxes are dragged by the expert.
The blue boxes show the patches computed by the system that match the expert’s
ones. The green boxes are patches computed by the system that are false positives.
In this image, there are 6 detections, 5 missed detections and 37 false alarms.
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5.3 Experiments

We studied the performance of this detector using DoG images and images
computed with Harris algorithm. For each method, we changed the values
of the sample frequency and the variance of the Gaussian kernel. With the
best achieved performance, we run many experiments varying the parame-
ters MIN_K and MAX_ERR in the function that computes the interest
points (see “fit_round_paraboloid.m™). Finally, we tried many values for the
threshold used in the brightness test. Results are shown in table 5.1 and
following ones. Experiments are done using the 100 images in the folder
“042304_0 — 127 which contain 500 labeled pollen grains.

Sample freq. H DoG H Harris
F Iy Y%det ‘ %false al. Y%det ‘ %false al.
442 8 83.8 575 86.4 396
42 8v2 90.6 569 84.2 383
4+/2 16 87.4 557 84.6 347
8 8v/2 86.8 487 72.0 336
8 16 84.0 492 70.0 309
8/2 16 82.0 443 57.8 251

Table 5.1: Performance with o equal to 1 for many values of the sample fre-
quencies. We have kept MAX_FRR equal to 0.2, MIN_K equal to 0.1 and the
threshold of brightness BR equal to 0.97.

Sample freq. H DoG H Harris
E Iy %det ‘ %false al. %det ‘ %false al.
42 8 90.0 583 88.0 513
42 82 89.2 579 88.4 494
4/2 16 87.0 559 86.6 464
8 82 90.0 519 80.8 437
8 16 87.8 500 79.6 412
8v2 16 84.8 456 71.2 339

Table 5.2: Performance with o equal to v/2 for many values of the sample fre-
quencies. We have kept M AX_FRR equal to 0.2, MIN_K equal to 0.1 and the
threshold of brightness BR equal to 0.97. The chosen values for the DoG detector
are F1 =8, F, =82, 0 = /2.
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Sample freq. H

Harris
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E Iy %det ‘ %false al. %det ‘ %false al.
44/2 8 91.0 571 90.0 538
442 8v/2 90.2 568 88.2 523
4+/2 16 87.0 540 85.8 487
8 8v/2 88.4 509 85.8 457
8 16 87.4 490 85.0 425
8v/2 16 81.0 432 73.8 348

Table 5.3: Performance with o equal to 2 for many values of the sample fre-
quencies. We have kept M AX_FRR equal to 0.2, MIN_K equal to 0.1 and the
threshold of brightness BR equal to 0.97. The chosen parameters for the Harris
detector are F} =42, F, =8, 0 = 2.

Sample freq. H DoG H Harris
F Fy %det ‘ Y%false al. Y%det ‘ Y%false al.
442 8 62.4 437 76.0 298
42 82 75.2 436 73.4 287
4+/2 16 58.2 394 71.2 272
8 8v/2 74.0 391 57.0 201
8 16 74.0 396 57.2 189
8v/2 16 71.0 291 35.2 131

Table 5.4: Performance with o equal to 2v/2 for many values of the sample fre-
quencies. We have kept MAX_FRR equal to 0.2, MIN_K equal to 0.1 and the
threshold of brightness BR equal to 0.97.
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Parameters H DoG H Harris

MIN_K MAX_FERR || %det ‘ Y%false al. %det, ‘ Y%false al.
0.05 0.1 79.0 373 78.2 376
0.2 90.0 520 90.4 546

0.3 92.4 566 90.8 575

0.4 93.0 581 91.2 581

0.10 0.1 78.2 372 73.2 361
0.2 90.0 519 90.0 538

0.3 92.2 565 90.6 567

0.4 92.8 580 91.0 573

0.20 0.1 64.2 334 25.0 191
0.2 80.2 470 52.4 339

0.3 83.6 517 59.8 375

0.4 84.6 535 60.8 380

0.30 0.1 05.4 111 00.4 03.2
0.2 11.4 166 03.4 23.0

0.3 17.2 194 07.4 32.8

0.4 19.0 210 08.4 35.8

Table 5.5: Performance with o and F; equal to the values written in bold char-
acters in the previous tables, for many values of MAX_FRR and MIN_K. We
have kept the threshold of brightness BR equal to 0.97. Based on these results,
we have chosen MIN_K = 0.1 and MAX_ERR = 0.2.

Brightness thres. H DoG H Harris
BR %det | %false al. %det | %false al.
0.95 87.6 436 85.8 458
0.96 89.4 481 88.4 500
0.97 90.0 519 90.0 538
0.98 90.2 551 90.2 279
0.99 90.6 583 90.8 609
1.00 90.8 609 90.8 631

Table 5.6: Performance with o and F; equal to the values written in bold charac-
ters in the previous tables, MIN_K = 0.1, MAX_FERR = 0.2 for many values of
the threshold of brightness BR. Based on these results, we have chosen BR = 0.97.
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5.3.1 Results on whole database
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With the best parameters found in the previous section (see also tab.5.7),
we run a final experiment on all the images of pollen database. The result
is shown in tab.5.8. We are able to detect more than 90% of pollen particles
with a percentage of false alarms around 1000% using the DoG image.
Note that the system is quite fast because it takes about 8 sec. to evaluate
an image 1024x1280 pixels on machine working with a 2GHz processor.

Parameter H DoG ‘ Harris

F 8 44/2

F 8v/2 8

o V2 2
MAXgRR 0.2 0.2
MINg 0.1 0.1
Bright. thres. || 0.97 0.97

Table 5.7: Parameters of detector when using DoG image and Harris algorithm.
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folder ‘ images | nr. grains H DoG ‘ Harris
%det | %false al. %det | %false al.
*010403 195 959 98.0 515 95.6 650
022203 19 35 88.6 3030 94.3 3150
022303 10 11 100 3140 100 3245
022403 15 28 96.4 1610 96.4 1700
030310 22 56 92.9 1560 91.1 1730
030311 80 102 98.0 1820 93.1 2010
*032102 115 426 89.9 742 89.7 835
*042304_0-12 100 500 90.0 519 90.0 538
*042802 180 520 86.3 1236 88.1 1230
091903 30 66 93.9 1090 90.9 1180
120102 44 56 98.2 1560 98.2 1730
120202 8 12 91.7 2390 91.7 2720
*122902 158 273 98.2 2470 96.0 2620
*ChinElm 216 424 97.2 1000 95.1 1150
TrialPollen 71 235 96.6 950 93.6 1000
TOTAL 1263 3703 93.9 995 91.8 1240

Table 5.8: Detection performance on each folder of the current database. In the
last row, the final result is given.
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5.4 Analysis of results

We have already observed at the end of section 5.2 that the main causes of
errors are due to dust particles that are attached or very close to pollen grains
or to pollen particles that are grouped in a single blob. In these situations,
we are not always able to have an interest point for each pollen grain and
the algorithm to find a proprer bounding box can fail.
Since our final goal is to classify the detected patches (see chapter 9), we have
built a database with the detected patches (using DoG images) and we have
sorted them according to the expert’s reference list. Then, we have checked
the patches belonging to the most numerous classes in order to discard the
bad samples. Bad samples are produced by a mistake of our bounding box
algorithm in the situations above mentioned. This procedure will give us a
more reliable percentage of detection and it will allow us to run experiments
of classification. In this way, we do not risk to consider as pollen particles
some false alarm samples both in training and test stage.

According to this analysis, the new final results are shown in tab.5.9.
Examples of good and bad patches for some of the most numerous classes
are shown in Figure 5.13 and following.

genus || expert’s | detected | % det. || detected good | % det.

alder 416 402 96.6 355 85.3
ash 329 323 98.8 303 92.1
chin. elm 522 506 96.9 466 89.3
jacaranda 282 259 91.8 223 79.1
mulberry 111 88 79.3 74 66.7
oak 413 384 93.0 329 79.7
olive 326 288 88.3 220 67.5
pine 705 694 98.4 606 86.0
TOTAL 3104 2944 94.9 2576 83.0

Table 5.9: Performance of detector using DoG images when considering the most
numerous classes. The number of detected patches is given and also the percentage
of detection with reference to the number of expert’s patches for each class. The
last two columns refer to the patches that can be reasonably classified.
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Figure 5.13: Example of 90 patches of alder pollen extracted by detector. The
first 7 rows show examples of good segmentation. The last 2 rows show samples
that have been removed because of a bad segmentation. Problems usually arise
when there is junk attached to the pollen or when pollen grains are grouped in a
single blob. Note that images have been rescaled to a common resolution in order
to fit the grid.
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~ GOOD PATCHES
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Figure 5.14: Example of 90 patches of jacaranda pollen extracted by detector.
The first 7 rows show examples of good segmentation. The last 2 rows show
samples that have been removed because of a bad segmentation. Problems usually
arise when there is junk attached to the pollen or when pollen grains are grouped
in a single blob. Note that images have been rescaled to a common resolution in
order to fit the grid.
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Figure 5.15: Example of 90 patches of oak pollen extracted by detector. The first
7 rows show examples of good segmentation. The last 2 rows show samples that
have been removed because of a bad segmentation. Problems usually arise when
there is junk attached to the pollen or when pollen grains are grouped in a single
blob. Note that images have been rescaled to a common resolution in order to fit
the grid.
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Figure 5.16: Example of 100 patches extracted by detector and belonging to the
false alarm class.



Chapter 6

Feature extraction

In order to recognize an object in an image, it must be extracted some kind
of measurements from it. These values should express the characteristics and
all the information contained in the image. Moreover, we have to look for
the smallest set of values with these good properties in order to speed up
the recognition and to achieve more reliability. This combination of input
data is called feature and it is based on some understanding of the particular
problem being tackled or by some automatic procedures, [7]. It is the heart
of the classification system. If the features extracted are not representative
of input images, then, no classifier will be able to do a good job.

In this chapter, we describe two different kinds of feature. The first one,
is based on the research of Schmid et al. [10]. The latter one is derived from
a work of Torralba et al. [31], in which they aim to discriminate between
scenes containing man-made objects and scenes with natural objects. In the
next chapter, we will show the very good results of classifiers using these two
sets of features.

6.1 Local Jets

In [10], the problem of matching an image in a large data set was addressed.
In this method, from each interest point found in a image (using Harris’
detector) a set of local gray-value invariants were computed. Our features
are based on these invariants, originally studied by Koenderink et al. [19].
We want to extract from each image pixel a set of values, which are in-
variants with respect to shift and rotation. For example, we aim to acquire
the same measurements from two images with the same rotated and shifted
bacterium. Furthermore, we want to get the same values when the same
object is at different distance from the camera, property referred as scale
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inwariance. Even though we are not interested in specific object recognition,
the scale, shift and rotation invariance is important in our classification task.
With this kind of features, we are able to cluster together the measurements
of images belonging to a certain class because we acquire the same measure-
ments, no matter the position and the orientation of the cell and these values
are robust against little variations in size.

Let be I(x,y) an image with spatial coordinates = and y. We define local

jet of order N the convolution of image I with the derivatives with respect to
N times

(z,---,y,---) of a Gaussian kernel with standard deviation 0. We indicate
these local jets with L;,..; , ix € {x,y}. The subscripts refer to the kind of
Gaussian kernel derivation. Note that the convolution of I with a derivative
of Gaussian kernel is equal to the convolution of Gaussian kernel with the
same derivative of [.

In order to obtain invariance with respect to shifts and rotations, linear (or
more precisely a differential) combinations of local jets are computed. Our
set of invariants is limited to 9, that is to a combination of third order
derivatives. These invariants are’:

Iy = I
L = L2+
Iy = 2LyLyyLy+ L)Ly + L2Ly,
Is = Ly + Lyy
_ 2 2 2
Iy = L, + L2, +2L2,
Is = LygoLl — Lyyy L3 + 414, L2 L, — ALyyy L, L2
Is = LawyL} — Layy L3 + LyayL2Ly — Ly, L, L,
It = LuyyyL} — Lygy L} + Lyga Ly L% — Ly Ly L2 + 2Ly, Lo LY — 2L, L2 L,
Is = LowgLd + Ly, L) + 3Lygy L2 Ly, + 3Lgy, L, L (6.-7)

In order to deal with scale changes, these 9 invariants are computed at
different scales. At each stage a blurred image (with a Gaussian kernel)
is considered as starting point to derive the invariant images. In our ex-
periments, we considered 4 scales that is, we compute invariants using the
original image, its blurred version, the blurred version of this last version
and so on for another stage. Totally, given an image we build a stack with

IThe first invariant is the average luminance, the second one is the square of the gradient
magnitude, the fourth one is the Laplacian.
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9 x 4 = 36 images. Figure 6.1 shows an example of this images of invari-
ants using synthetic data: impulse (11x11 pixels) in first and second row,
square and rhombus (100x100 pixels) in third, fourth and fifth, sixth row
respectively; the gray level values are (approximately) proportional to the
invariants values. Figure 6.2 shows all the 36 invariants for a bacterium im-
age.

SO Invl Solnv2 S0 Inv3 SO Inv4 S Inv S Inv S _Inv. S _Inv SO Inv9
BN -BENEN -
S Inv S Inv S, Inv S1 Inv4 S1 Inv9
gg- - >
S Inv S Inv S, Inv, So Inv4 So Inv9
H
Sl Inv, S Inv2 S1 Inv, S, Inv, S, Inv S, Inv, S, Invg S, Invy
T11T1E
S Inv S Inv,, S Inv, S, Inv S Inv, S_Inv SyInv, S Inv, S, Invg
-] - an l i
S, Inv,  S/Inv, S Inv S, Inv S, Inv, S Inv, S Inv S, Inv, S, Invy

Figure 6.1: Invariants at scale 0 and 1 for synthetic data: impulse (11x11 pixel im-
age), square and rhombus (100x100 pixel image). Note that some asymmetries are
due to the approximation used to represent a value in gray-level and the rotation
of the square in the rhombus is not perfect due to the poor resolution used.

Till now, we have followed the same approach of [10] to extract from

pixels feature vectors. We now introduce a new stage that is, we apply some
non-linearities.
Given an image of invariants, we compute the background mean from the
border (a ten pixel wide frame) and we split the image in three derived
images: the positive and negative part and the absolute value with respect
to the background mean. Thus, each image gives 36 images of invariants that
are splitted in 108 images thanks to this method.
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S0 Inv2 SO Inv3 SO Inv4 So Inv5 SO Inv6 SO Inv7 SO Inv8 SO Invg
/ =
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Example of invariants at scale [0, -
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KN
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-+, 3] for an image of bacterium.

Figure 6.2:
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Finally, we make an average of all the pixel values in each of the 108 planes
and we get from each image a single feature vector with 108 components.

Just to have an idea of how much these features are able to separate our
particles, consider Figure 6.3. Here, we have taken only 100 images from
each of two pollen categories and we have extracted features with only two
components (without non-linearity application). However, the separation be-
tween the data is already quite good.

Points in feature space <F1,F2>

2500 °
2000 o
& 15001 o 9

1000

500 % w%zﬁ%&é%@;a x
o B

Figure 6.3: (a) Left column: two kinds of pollen grains, pecan and rumex. Central
and right columns: processing on previous images in order to get from each image
a feature vector with two components. (b) Example of classification: points in
feature space for pecan and rumex pollen, cross and circle respectively. A linear
classifier is able to reach an error rate of about 15%.

We found experimentally that the applications of these non-linearities
boosts the performance of the classifier. For example, when we trained the
system on the first 500 images of each class of urine database and we did not
apply the nonlinearities, we achieved an error rate of 18%. When we applied
also the nonlinearities, the error rate decreased to 12%.

6.1.1 Decreasing the dimensionality

In training, we aim to model the distribution of feature vectors belonging
to all the images of a certain class with a mixture of Gaussians (MoG) or
with support vector machines (SVM) (see par. 7.1, 7.4). However, it is not
possible to work in a 108 dimensional feature space because the number of
parameters grows very quickly with the space dimensions. For example, in
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Table 6.1 you can find these relations as a function of the choice of covariance
matrix structure and as a function of the number of components in MoG.

| | spuericAL [ DiAGONAL | FULL

2

nr. param. ND+1)+N—-1|2ND+ N —1 N(D+M)+N_1

Table 6.1: Number of parameters in MoG using N components in a D dimensional
feature space as a function of the covariance matrix structure.

For instance, if D = 108 and N = 2 then, we should estimate 220, 433, 11989
parameters in accordance to the chosen covariance matrix structure. On the
other hand, a common rule of thumb says that you need at least 3 or 4 points
to estimate a single parameter. Since our database has not a so huge number
of images we have to reduce the dimension of feature space.

In order to reduce the feature space dimensionality we could apply PCA
[17] [7]. Experimentally, we found that linear discriminants analysis works
better than PCA. Particularly, given the whole set of training feature vectors
we compute Fisher’s Linear Discriminants (FLD) [7] [25].

We now introduce this technique. Suppose for simplicity to have data
x € RP belonging only to two classes C; and Cy. We want to find the vector
w such that the projected data

Yo = w' x, (6.-7)

are optimally separated. The mean vectors of the two classes are

m; = Nil Z x, my = Nig Z x, (6.-7)

neCh neCsy

where N; is the number of items in class -th.
Then, we define

mp — ’lUka-

sh=> (yn —mp) (6.-7)

neCy

Fisher’s discriminants maximize a function which is in the two-class prob-

lem,



CHAPTER 6. FEATURE EXTRACTION o8

(my —my)?

s? + 83
that is, we are trying to maximize the distance between the means of
the projected clusters and minimize the spread of the projected data. While
PCA seeks the sub-space that best represents the data, FLD seeks the sub-
space that maximizes the separability between the classes.
The generalization of FLLD to several classes follows the same reasoning. It
turns out that if you have K classes you can have no more than K — 1
directions where to project the data. For example, if we think to work with
the 12 categories of urine database, we should have the constraint to reduce
the feature space dimension from 108 to less than 12. In order to reduce the
feature space dimensions without any constraint, we split randomly the data
of each class in a proper number of sub-categories 2.

(6.-7)

6.2 Image and Power Spectrum Principal Com-
ponents

We describe a feature extraction based on principal component analysis
(PCA), [17] [7].

Given data in a N dimensional space, the goal of PCA is to find a D di-
mensional subspace such that the projected data are the closest in Ly norm
(mean square error) to the original data. This means that we are looking for
the subspace which gives the best representation of the original data. This
subspace is spanned by the eigenvectors of the data covariance matrix hav-
ing the highest corresponding eigenvalues. Often the full covariance matrix
can not be reliably estimated from the number of example available, but the
approximate highest eigenvalue basis vectors can be computed using singular
value decomposition (SVD). Thus, if ¥ is the covariance matrix of the data,
its SVD decomposition is

» 2 Usy” (6.-7)

where if ¥ € RV then U € RV*N, V e RVN and UUT =1, VVT =1,
S is a diagonal matrix with the elements on the diagonal (the singular values)
in descending order. The first columns of U are the eigenvectors with the
highest eigenvalues and can be used as basis for the original data.
In our specific case, let be i(z, y) the intensity distribution of the image along

2We tried also to divide each cluster applying k-means algorithm [7] and estimating a
MoG but without any meaningful improvement.
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spatial variables z and y with =,y € [1, N|. Let be 2 the values of image
pixels rearranged in a column vector, then the covariance matrix is X =
E[(i—m)(i —m)’]| with m = E[m]. If we call image principal components
I PC,, the eigenvectors of ¥ (computed by singular value decomposition) and
IPC,(x,y) the same eigenvectors reshaped into a matrix N x N, then we
can write the following decomposition,

p
i(z,y) = > _ v, IPCy(x,y) (6.-7)
n—=1
with P < N? and v, the coefficients used for describing the image i(z, y)
in this new basis. Obviously, v, is the projection of the image along the
direction given by I PC),.
Figure 6.4 shows 36 IPCs (with the highest corresponding eigenvalues) com-
puted from the first 500 images of each class belonging to the urine database.
In our experiments we used always less than 10 IPCs and you can note from
Figure 6.5 that the first components are the most important in the data
representation. Before any computation, we subtract the background mean
estimated from the border of the image (a frame 10 pixels wide) in order to
normalize the data with respect to the background brightness.

If we compute the discrete Fourier transform (DFT) I(k,, k,) of an image,
we can approximate its power spectrum with the squared magnitude of I:

Rk, ky) = [ (kz, ky)|* (6.-7)
with
1 N—1N-1 )
I(heky) = <5 i, y)e I3 ks o) (6.-7)
z=0 y=0

and f, = ky/N, f, = k,/N spatial frequencies. The power spectrum
encodes the energy density for each spatial frequency and orientation over
the whole image. PCA applied to power spectra gives the main components
that take into account the structural variability between images.
First, we normalize the power spectrum with respect to its variance for each
spatial frequency: R*(k,. k,) = R(ky, k,)/std|R(ky, k)|, with std[R(k,, k,)] =
V E[(R(ky, k,) — E[R(k,, k,)])?]. Then, we apply PCA as done before for the
image, we find the spectral principal components (SPCs) and we decompose
the normalized power spectrum in
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Figure 6.4: First IPCs derived collecting 500 images from each class in urine
database. FEach image was normalized to a common resolution of 40x40 pixels,
thus the space dimension is 1600 and there are 1600 IPCs and singular values.
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Figure 6.5: The singular values corresponding to IPCs indicate the importance of
each component in representing the data.
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P
R*(ky. ky) = Y unSPCy(ka, ky) (6.-7)
n=1
Figure 6.6 shows the SPCs (with the highest corresponding eigenvalues)
computed from the first 500 images of each class belonging to the urine
database.

Figure 6.6: First SPCs derived collecting 500 images from each class in urine
database. Each image was normalized to a common resolution of 40x40 pixels.

Till now, we have described the basic approach as presented in [31]. In
our research, we added a new step.
After the normalization of the image with respect to the background mean
that makes this mean equal to zero, we split the image in three derived im-
ages: the first one is its positive part I*, the second one its negative part
I~and the third one the absolute value /*. This operation is equivalent to
the application of three non-linear functions that are selective of high, low
and mid-range responses. Then, we apply for each of these derived images
the PCA and we get IPC,., IPC_,IPC,. A set of these principal compo-
nents are shown in Figure 6.7 and are computed from the same data used to
calculate the basis shown in Figure 6.4.
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It is experimentally proved that the classification is improved when this split-
ting is done; evidently, particles belonging to different categories behave dif-
ferently with respect to this operation. Note that the split in positive, neg-
ative and absolute value parts can be done very efficiently. We are adding
complexity only in training stage because we double the number of PCA re-
quired (from two to four).

With this trick, we decrease the error rate from nearly 19% to 16% with
reference to the classification of urine database.
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Figure 6.7: First 12 IPC,IPC_,IPC, derived collecting 500 images from each
class in urine database. Each image was normalized to a common resolution of
40x40 pixels.

If we consider the first N{,Ni, Ni N* coefficients computed by the projec-
tion of It along IPC,, I~ along IPC_, I* along IPC, and R* along SPC
we get a feature vector from each image

J=[v11, - vini, Va1, -0 Vg, Vst o Uy, Ut U] (6.-7)

where v;; is the projection of the image I' along j-th IPC; for i €

{+,—,a}.
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How do we choose values for N{, N&, Ni N*? In preliminary experiments,
we found that the nearly same performance can be achieved considering

N} = N.= Nj
N*=3N!, forj=12.3 (6.-7)

and applying Fisher’s linear discriminants to the whole set of principal
components in order to reduce the dimension of feature space to N = Nj +
N+ Ni+ N*. In the next chapter, we will only consider the first option
because of its simplicity.

6.3 Interpretation

The two sets of features described in this chapter are similar, in spite of
the different techniques used to compute them. Features based on PCA give
the average information content of the signal at frequencies higher and higher
when it is considered the projections on eigenvectors with smaller and smaller
eigenvalues. Similarly, features based on invariants give the global amount
of information at different bands when it is taken the average of these invari-
ants at different scales. This is proved experimentally. The implementation
of classifiers based on these features skipping the non-linearity application
gave nearly the same performance, with an error rate of 20% on the twelve
categories of urine database.

The application of non-linearities boosts the performance; in particular, it
nearly halves the error rate of classifier using the features based on local jets.
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Classification

Classification is the last stage of a recognition system. Given a patch with -
hopefully - one centered object, a feature vector is extracted from the image.
In training, the system learns how to distinguish among features of images
belonging to different categories. In test phase, according to the test image
feature, a decision is made. If the object in the image is considered a particle
of interest, then its class is also identified, otherwise it is discarded because
the measurement does not match any training model.

This chapter begins with the description of training and test stage of a

Bayesian classifier using Gaussian mixture models. This classifier gave the
best performance with an error rate of 7.6% on urine database and 10.2% on
“pure” pollen database.
However, following sections present slightly different approaches. First, two
ways of combining both kinds of features already presented in the previous
chapter will be discussed. Second, a customized version of AdaBoost.M1, an
algorithm to boost the performance of any classifier, will be defined. Finally,
a classifier based on support vector machines (SVM) will be introduced.

This chapter will conclude with experiments to optimize the system and
some final experiments covering all the data set.

7.1 Mixture of Gaussians

This classifier is the simplest and the most powerful system we developed.
With the only exception of the classifier using SVM, all the other classifiers
are based on it.

We now describe its two main stages: training and test.



CHAPTER 7. CLASSIFICATION 65

7.1.1 Training

In training phase, we can model the distribution of feature vectors belonging
to a certain class with a mixture of Gaussians (MoG) [7]. If the number of
categories is K, then we have to estimate K MoGs. The estimation is done
applying expectation maximization (EM) algorithm [7].

Generally, our aim is to estimate the class-conditional distribution f(x | Cy),
that is the probability density function (pdf) of the data, given our knowl-
edge that they belong to a certain class C. In order to simplify the notation
we now make implicit the class condition. However, it is a straightforward
generalization to consider it.

The mixture model decomposes the pdf of the data f(x) in a linear combi-
nation of M component densities f(x | j) in the form

=D _J@|)P (7.0)

The mixing parameters P(j), also called priors probabilities, satisfy the
constraints

ZP(]’) =1 (7.1)
oj_g P <1 (7.2)

moreover, the conditional probability density functions verify

[ e =1 (7.2)

An important property of mixture models is that they can approximate

any continuous pdf to arbitrary accuracy with a proper choice of number of
components and parameters of the model.
In our system, we use mixture of Gaussians. Thus, we have to choose the
number of components and the structure of their covariance matrix. The
best choice of parameters is found experimentally. We make use of a package
for MATLAB called NETLAB in which there are functions to estimate the
MoG by the application of EM algorithm.

The goal of training is to build for each class a model of the distribution
of the feature vectors belonging to the class images. This model is achieved
using MoG and it describes the pdf of the class feature vectors.
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7.1.2 Test

Given a test image, we compute its feature vector f. Then, we apply the
Bayes’ rule.

We are interested on the probability of the class (' given the test data
P[Cy, | x|, because we want to apply the following decision rule:

x +— r(z) = argmaz P|Cy | x| (7.2)

The extension of Bayes’ rule to continuous conditions assure that

x | Cr) PICy _ [z | Cy) P[Cy]
f(z) Sois f(@ | Cy)P[Cy]

where f is pdf and P is probability. So, in hypothesis of equal distribution
for the class probabilities, P[Cy] = 1/K for k= 1,--- , K, we can simplify

_ f=low

Moreover, we can observe that max P[C) | x| is obtained for the same
k of max f(x | Cy) because the factor > ;7 f(x | C;) is constant for all j.
The term f(ax | Cy) is called likelihood because it is a conditional proba-
bility density function with implicit dependence on the model parameters.
Because our decision rule looks for the maximum of this term, it is referred
as mazximum likelihood decision rule.

We also add to this framework a test. When we train, we collect for each
class its resolution mean and standard deviation, m,, and o;. Then in test,
we compute the likelihood of the test data given the class C) only if the
following condition holds:

PlCy | 2] — L4 (7.2)

PICy | @] (7.2)

r € [my, — Nog,my, + Noy] (7.2)

where, r is the resolution of the test image and N is a parameter to be
chosen; in our experiments we chose N = 3.
This test is mainly done to save time avoiding useless computation. If an
image resolution is out of the range of every class, then it is not classified
and put in an unknown class.

7.2 Combination of features

We will show in the experimental part that the previous classifier using fea-
tures based on principal component analysis and on local jets gives good
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results with an error rate below 15% on urine database. In this section, we
present two methods to combine these features.

If you look at the confusion matrices of the classifier working with these fea-
tures (see Figure 7.14 and Figure 7.15), you can notice a certain correlation
among misclassifications which suggests dependence between the two kinds
of feature.

However, we can simplify the problem of feature combination assuming in-
dependence between the two sets. If we do not make any hypothesis between
these features we have to solve the more general problem of combination of
experts’ response.

7.2.1 Independence hypothesis

Given an image, we apply the two techniques described in the previous chap-
ter to extract features based on principal component analysis @ and on local
jets 9. In hypothesis of independence between these two vectors, we can
write the class conditional density function as

f@y,xo | C) = f(21 | i) f(z2 | C) (7.2)

Thus, as we did in the previous section, we look for the maximum likeli-
hood of the test image feature to make a decision and thanks to eq. (7.2.1),
we can write

P[C; | @1, x| is proportional to f(xy | C;) f(x2 | Cy) (7.2)

To summarizee, with reference to the classifier using MoG we make two
separate trainings using the two set of features and two separate tests. Then,
we multiply the class conditional densities and we choose the class with
highest value.

7.2.2 Without hypothesis

This approach was suggested by the good performance achieved modeling
data with MoG. We now do not make any assumption on features.

We divide the training set into two sets. The first one is used to train
separately the classifier using the two different kinds of features and so to
get f(zx; | C},0,), where @ is a feature vector and 6, is the model used. We
refer to model as the technique for feature extraction, namely the method
based on PCA or local jets. Then, for each image of the second training set
we compute the vector
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(P[Ch | data, Opeql, - - -, P|Ch | data, 044, - - -) (7.2)

and we model with a MoG these probability vectors of all the images
belonging to each class.

In test, given an image we compute the two feature vectors and the vector
of probabilities of eq. (7.2.2). Then, we make a decision by computing the
maximum likelihood of this vector in the last training model.

In this way, we take into account the performance of each classifier and
implicitly we give more weight to the “expert’s” response with better per-
formance in the given class (even if in test we do not know the true class to
which the particle belongs).

The drawback of this method, is that it requires a lot of training data
because it needs to build MoG models. Because our data set is quite small,
the parameter estimation cannot be very precise and thus, the performance
is not improved (see the experimental section).

7.3 Boosting

We studied the multi-class extension of AdaBoost called “AdaBoost.M17,
[29] [16].
Given a weak learner, let be X the set of input data and Y the set of the
possible labels for the samples in X. The learner receives examples (z;, y;),
with z; € X and y; € Y. These examples are chosen randomly according
to some fixed but unknown distribution P on X x Y. The goal is to learn
to predict the label y given an istance z. We assume that the sequence of
N training examples is (z1,%1), ..., (n, yn). At each iteration or round, the
weak learner generates hypothesis which assigns to each istance one of the
K possible labels. At the end, the boosting algorithm presents an output
hypothesis hy : X — Y with lower error rate. It is required that each weak
hypothesis has prediction error less than 1/2!.
We define for any predicate p, = p - to be 1 if p holds and 0 otherwise.
We summarize the general algorithm in pseudo-code in Figure 7.1.

Let’s try to boost the performance of the classifier described in par. 7.1
with reference to the previous algorithm.
We have to decide how to provide our classifier with the distribution p at each
round. We could go inside EM algorithm and modify the weights of the sum

!The error-correcting output code technique [28] has not this constraint but it is slightly
more difficult. Our classifier has an error rate below 15% and so, this constraint is not a
problem.
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ALGORITHM AdaBoost.M1

Input:
e sequence of N examples < (z1,¥1),...,(Xn,yn) > with labels y; € Y = {1, ..., K}
e distribution D over the examples
e weak learner algorithm

e integer T specifying the number of iterations

Initialize the weight vector: w,b-l =D(i) fori=1,...,N.

DO fort=1,2,..,T

1. Set
p' = _w
= =
i=1W§

2. Call weak learner, providing it with the distribution p*; get back the hypothesis ht : X — Y.
3. Calculate the error of ht : et = il\il p% F he(z;) # yi -

4. Set B = &

1—e¢”

5. Set the new weights vector to be

t+1 _  tal—Fhe(z;)#y;
w;" = wi By e

Output the hypothesis
T

1
h¢(x) = arg max log—) F he(x;) = y; 1
f(@) gyeyg( 95 F helws) = v

Figure 7.1: Pseudocode of algorithm AdaBoost.M1.
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in the log-likelihood computation. However, it seems simpler to extract from
each class set a number of images proportional to the class weight. Note that
in this way, p becomes a distribution over the classes and not any more over
the single training images. This method has also another drawback because
the MoG estimation needs a lot of examples to find convergence. So, we
have to reduce the number of training images belonging the best classified
categories and on the other hand, to keep a sufficient number for the MoG
estimate. Thus, our implementation of AdaBoost.M1 is a slightly different
version.

We choose the weights in a way that allows to the worst classified class
to train on all the maximum number of images while the best classified class
has available a minor number of images; however this number is sufficient
for the estimate of parameters in the MoG. In particular, at each round the
minimum weight is decreased if the class is still the best classified, while
the maximum weight is always equal to the maximum if the class is still
the worst classified. We show the pseudo-code of this customized version of
AdaBoost.M1 in Figure 7.2.

In the experimental section, we will show that this method is able to
achieve a slightly better performance than the one of the basic classifier.
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ALGORITHM AdaBoost.M1 customized version

Input:

sequence of N = M x K examples < (z1,y1), .., (N, yn) > with labels y; € Y ={1,..., K}
distribution D over the examples

classifier

integer T specifying the number of iterations

learning ratio [

Initialize the weight vector: wi = D(k) = M for i =1,...,k.

DO fort=1,2,..,T

1.

Call classifier, providing it with wi images for each class; get back the hypothesis ht : X — Y.

Calculate the overall error rate et.

_ e

Set Bt = 1jet .

Let be ERy, the error rate for class k and M ER = arg maxgycy ERy.
Set the new weight vector to be

t+1 _ t sl—ER,/MER
wy = wi By

+

Let be MW = arg maxgcy w]tC L and mw = argmingcy w?—l, then rescale the weights between

I X mw and MW.

Output the hypothesis

T

1
h¢(x) = arg max log—
#(@) gyeyg( g

Bt) [ ht(.’l?z) = Yi -

Figure 7.2: Pseudocode of modified version of algorithm AdaBoost.MI.
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7.4 Support Vector Machines

The support vector machine (SVM) approach does not attempt to model the
distribution of features but it works directly on them.

Let us start considering the simplest case of a linear machine trained on
separable data, [11] [8]. The training input data are a set of labeled features
{xiy;},i=1,---,1, y; € {—1,1}, £; € R% Suppose we have some hyper-
plane which separates the positive from the negative examples. The points
ax which lie on the hyperplane satisty w -x+b = 0, where w is the normal to
the hyperplane. Let be d, and d_ the shortest distance from the separating
hyperplane to the closest positive and negative example respectively. For the
linearly separable case, the support vector algorithm looks for the separating
hyperplane with the largest margin, defined as d, + d_. Thus we can write
that each training point satisfy:

x;-w+b>+1, for y; = +1
x,-w+b< 41, fory,=-1 (7.2)

that is,

Choosing a proper scale for w and b, we can have points for which the

equality in eq. (7.4) holds and d,,d_ = 1/||w||; these points are called sup-
port vectors. Their removal would change the solution and they live in the
hyperplanes H; : ;- w + b= +1,Hy : ;- w + b = —1. No training point
falls between them.
It can be shown that in order to find w and b, we have to solve a quadratic
optimization problem. Once these parameters are found, given a test point
x, we simply determine on which side of the decision boundary @ lies and
assign the corresponding class label.

If the training data are not separable, we have to introduce positive slack
variables &, ¢ = 1,---,[ in the previous equations which become:

T, - w+b>+1-¢&, for y; = +1
x,-ow+b<+1+4+¢, fory =-—1
& > O0Vi (7.1)
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Thus, for an error to occur, the corresponding &; must exceed unity, so
> ;& is an upper bound on the number of training errors. It can be shown
[8] that the quadratic programming problem can be solved introducing a new
user defined parameter C' in order to assign the desired penalty to errors. An
interpretation of C and support vectors is that only support vectors exert a
force on the decision sheet and C' is an upper bound on this force.

Because a support vector machine only realizes a linear classifier, non-
separable data are projected in a very high dimensional feature space in
which the data become separable, and this means that in the original feature
space the classifier becomes highly non-linear.

The only way in which training data appear in the optimization problem is
in the form of dot products, x; - ;. Then, we can map the data in another
(generally higher dimensional space) H using the function &:

d:RY— I (7.1)

Now, the training depends only on the data through dot products in H,
i.e. on ®(x;) - P(x;). Moreover, we are interested to find a kernel function
K such that K(z;, z;) = ®(x;) - P(=x;) in order to use only a function.

The most powerful and simple kernels are:

e linear: K(x;, ;) =z, - x;
e polynomial of order p: K(x;, ;) = (z; - x; + 1)P

e Gaussian radial basis function (RBF) of parameter o: K(x;, ;) =
—llei -5 /20°
e

In Figure 7.3, you find a simple example of binary classification using
these kernels for different values of their parameters.

Finally, we have to discuss how to use this algorithm to solve a multiclass
classification problem [13]?: we use error-correcting output codes technique.
Each class is assigned a unique binary string of length n called codeword.
Then, n binary functions are learned, one for each bit position in these binary
strings. During training for an example of class 7, the desired outputs of these
n binary functions are specified by the codeword for class 7. New values « are
classified by evaluating each of the n binary functions to generate an n-bit
string s. This string is then compared to each of the k codewords, and « is
assigned to the class whose codeword is closest?® to the generated string s.

The error-correcting code should satisfy the two properties:

2We could apply this method also to AdaBoost algorithm.
3In our experiments, we use Hamming distance.
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Separable data: linear svm Non separable data: linear svm Non separable data: poly. svm
107 : : 10 : : 10 : :
x10  x8
8 8
6 6
4 4
2 2
0 0
0 0 5 10

Non sep. data: rbf svm, C=100=10 Non sep. data; rbf svm, C=10g=1 Non sep. data: rbf svm, C=1000=10
10 : : 10 :

10 ' '
a0 e

8 8
6 6
4 4
2 2
\ g4
0 - 0 0
0 5 10 0 5 10 0 5 10

Figure 7.3: Example of classification using SVM for separable and non-separable
synthetic data with different choices of kernel. Support vectors are drawn in red.
The decision boundary is more shattered for high values of degree of polynomial
kernel, low values of ¢ in RBF kernel, high values of C. A balance between gener-
alization and performance in training set has to be found.
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e cach codeword should be well-separated in Hamming distance from
each of the other codewords

e cach bit-position function should be uncorrelated with the functions to
be learned for the other bit positions

For our experiments we derived the error-correcting code by T. Diet-
terich’s collection of code matrices [3], see Figure 7.4.

3k 5k 3k ok 3k ok 3k 3k 5k 3k 5k 3k ok 3k ok 3k ok 3k 3k ok 3k 5k 5k 5k 5k 3k ok 3k ok 3k >k 3k >k 5k >k >k 3k ok 3k ok >k ok >k 3k >k 3k >k 5k >k 3k 5k 3k 5k >k 5k >k 3k 3k 3k 3k >k 3K >k >k >k >k >k >k %k >k %k %k %k %k *k %k *k

* *
* 10101101111100101011110001000110001001110101101 =*
* 01011010010010110010000111110111011010100001111 =*
* 11010110001011000101001010011010100000011111100 =*
* 00100001100101011100111100101011110011001011100 =*
* 00110001010111010000100110111110001010111100000 =
* 11000110111001001001010000001111011001101000000 =*
* 01001010100000111110011101100010100011010110010 =*
* 10111101001110100111101011010011110000000010000 =*
* 11111011001010011100001001100101011101001101000 =
* 00001100100100000101111111010100001110011001000 *
* 10000000111101110010110010111001110100100111000 =*
* 01110111010011101011000100001000100111110011001 =*
* *

2k ok ok ok sk ok ok ok ok ok ok sk ok ok %k ok ok ok ok ok %k ok ok ok ok ok ok ok ok ok ok ok ok ok ok ok ok 3k ok ok ok 3k ok ok ok ok ok ok ok ok ok ok ok ok sk ok ok sk ok ok ok ok ok ok %k ok ok %k ok ok %k ok ok ok ok k k

Figure 7.4: Error-correction codes used in SVM experiments to solve the multi-
class classification problem: 12 classes, codewords with 47 bits.

We did not implement SVM algorithm but we downloaded [4] a software
in Matlab written by Anton Schwaighofer (2002). Its main features are:

e Except for the QP solver, all parts are written in plain Matlab.

e Extension to multi-class problems via error correcting output codes is
included.

7.5 Experiments

We divide this last section into two parts. First, we describe the method to
tune the parameters and then, we show the final results.

7.5.1 Tuning

We describe which parameters must be optimized and the optimization method.
We will refer to the urine database because the reasoning is the same for the
pollen database.
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MoG

The classifier using MoG, no matter the kind of feature used, needs to be
optimized with respect to the choice of:

1. dimension of the feature space after application of Fisher’s Linear Dis-
criminants

2. number of components in each mixture
3. structure of the covariance matrix of each component
4. initial condition for EM algorithm used to estimate the mixture

In order to achieve the best reliable (and hopefully also the best) result, we
procede with a systematic method. The urine database has available twelve
classes and nearly one thousand images for each category. Mucus class has
only 546 images, Nhyal 860 and NSE 999. We want to work during this
optimization with the same number of images in test and training for each
class. Then, we divide the total number of available images in all classes
in two set: the first 500 will be used for only training purposes while the
complementary set for only test. From the former set, we extract randomly
30 images in order to build a validation set. All training models will be shown
in the following pages, are done on the rest 470 images of training set and
the evaluation of the performance is done on the validation set. Then, when
optimal parameters are found, a final test is done on 30 randomly chosen
images of the test set.

As you can see from the curves of error rate (see Figure 7.5 and following
ones), the performance is strongly dependent not only on the number of pa-
rameters used in the MoG (see Table 6.1) but also on the kind of parameters.
For example, in previous simulations we found that even if you keep constant
the number of parameters, the error rate sometimes increases if you choose
to increase the dimension of the space instead of increasing the number of
Gaussians in the mixture. For this reason, we run a lot of simulations for dif-
ferent values of the feature space dimension. While this value is maintained
constant, several numbers of components are tried for different structures of
covariance matrix (spherical, diagonal and full).

In order to estimate a parameter we need at least 3 points. In training
we use 470 images and so we should stop our search when we reach a number
of 150 parameters. On the other hand, our analysis wants to be exhaus-
tive and so we try to perform simulations up to 300 parameters. However,
when we run simulations with spherical covariance matrix, there are usually
more then ten Gaussians (the maximum value was 25). Unfortunately, EM
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sometimes does not find convergence for a so high number of Gaussians even
if the number of parameters is acceptable. Indeed, we checked the starting
number of points assigned to each Gaussian by “k-means” algorithm and not
surprisingly we found that some Gaussian has only few points (less than ten)
and it is likely that these functions easily collapse in a single point or they
can give rise to local minima in the error function which may give poor repre-
sentations of the true distribution. Our assessment is strengthened by some
warning (probability of data given the model nearly zero) of EM program
and by the results of our test on the validation set.

As you can see, for example, in Figure 7.5 there are some irregularities in the
trend of spherical covariance matrix because for a high number of Gaussians
EM doesn’t find a model for one or two classes (giving an acceptable global
error rate but for those categories the error rate is 100%!).

When we run experiments for the combination of classifiers we avoid
these situations stopping the program at a lower number of Gaussians in
the spherical case because we are looking for a stable system and we need a
reasonable estimate of P|C; | data, mod,)|.

The classifier using features based on PCA needs to work with dimen-
sions of space multiple of six because each IPCs is splitted in three parts and
we require to get the same number of dimensions coming from image and
spectrum principal analysis*. For this reason, the following experiments are
done for a number of dimensions equal to 12, 18 and 24.

The same argument is applied to the combination of classifiers.

The combination of classifiers modeling their outcomes needs a special
care. Here, we have two trainings. In previous studies we found that a
good MoG for the second training (dummy test to model outcomes) has two
spherical Gaussians in each MoG. We use this model to optimize the first
training and then with these good values we run another simulation to find
good parameters for the second training. This new analysis confirms the
previous results.

We chose to run the first training on 470 images per class (the full data
training set) and then to select from this set 170 images to perform the
second training.

The last set of experiments has the goal to find the optimal initial con-
ditions for EM. Our program calls some functions of NETLAB package to
estimate the MoG; we use “gmm”, “gmminit” and “gmmem”. The first rou-
tine uses the Matlab function “randn” (generator of normally distributed
random numbers), the second one calls “randn” and “rand” (generator of

4A justification for this choice is given at the end of par. 6.2.
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Figure 7.5: Classifier using MoG and feature based on local jets: ER as a function
of the parameter number for different choices of feature space dimensions and
structure of covariance matrix.

H features H gauss. ‘ dimens. H
local jets 4 full 12
PCA 3 full 12
comb. feat. (indep.) 6 diag. 18
experts’ combination 2 full 18

Table 7.1: Best parameters found for MoG in urine database.
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Figure 7.6: Classifier using MoG and feature based on image and spectrum prin-
cipal components: ER as a function of the parameter number for different choices
of feature space dimensions and structure of covariance matrix.
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Figure 7.7: Classifier using MoG and combination of feature in independence
hypothesis: ER as a function of the parameter number for different choices of
feature space dimensions and structure of covariance matrix.
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Figure 7.8: Classifier using MoG and making a combination of experts’ response,
first training: ER as a function of the parameter number for different choices of
feature space dimensions and structure of covariance matrix.
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Figure 7.9: Classifier using MoG and making a combination of experts’ response,
second training (or modeling of results in dummy test): ER as a function of the
parameter number for different choices of feature space dimensions and structure
of covariance matrix.
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uniformly distributed random numbers). The initial state of these two func-
tions is a vector with two components for “randn” and with 35 components
for “rand”. So, for each mixture (that is for each class model) we have to
find three vectors. We run one hundred experiments for each classifier leav-
ing initial conditions free. At each iteration, we stored these vectors and the
performance on the validation set. At the end, we force the initial state to
that value which gave the lowest ER on the validation set.

Obviously, the number of Gaussians, kind of covariance matrix and number
of space dimensions are the ones found in the previous simulations.

We show the results of these experiments in the form of scatter plots. At
each iteration in which a different initial condition was chosen, a training
model was estimated and the test was done on 30 images per class randomly
extracted from the training set, test set and validation set. You can note
the generally stronger correlation between the test and validation error rate
versus test and training error rate.

In the classifier which combines the experts’ outcomes, as you can see in
Figure 7.12 (a similar situation happens also in Figure 7.11), there is no de-
pendence of the performance on the initial conditions of the random number
generator. We should not be surprised about it since we chose the maximum
number of iteration of EM equal to one thousand and in this classifier we
have to estimate the parameters of only two spherical Gaussians. For the
classifier using feature based on image and spectrum principal components,
three states are possible.
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Figure 7.10: Classifier using MoG and feature based on local jets:
each scatter plot shows the error rate; 100 experiments were run
initial conditions of random number generator.
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Figure 7.11: Classifier using MoG and feature based on image and spectrum
principal components: each point in each scatter plot shows the error rate; 100
experiments were run with different initial conditions of random number generator
(a lot of points are overlapped).
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Figure 7.12: Classifier using MoG and making a combination of experts’ response:
each point in each scatter plot shows the error rate; 100 experiments were run with
different initial conditions of random number generator (all points are overlapped).
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AdaBoost

We considered 500 images from each class and extracted randomly 20 of
them for validation. The complementary set is used for the final test. In
Figure 7.13, the training, validation and test error rates are shown at each
round. Then, we combined the 10 hypothesis in the final one as suggested in
the pseudocode of Figure 7.2.

o1 AdaBoost.M1: error rate

A
| ~ ~
S N B P P ey SRESE|
-

S T =T
~ - - ~ = s =

’
= , —G- validation ER
-~ 5N , —O- test ER
co8p -~ ~ > training ER

round

Figure 7.13: AdaBoost.M1: test, validation and training error rate as a function
of the number of rounds. Training done on 480 images, each test on 20 images
(randomly chosen).

SVM

The parameters we aim to find are:
1. kernel type

2. number of dimensions of feature space after reduction with Fisher’s
Linear Discriminants

3. parameter C'

4. parameter of kernel, i.e. degree of polynomial kernel or width of Gaus-
sian radial basis function

From our first experiments, it turns out that RBF kernels is able to

achieve a lower error rate than polynomial kernel. So, we will refer only to
the results of RBF kernel.
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We summarize the results in Table 7.2 and following. The experiments are
done taking 500 images for each class and extracting (only once) 30 images
for validation purpose.

| o [D1I0[D12| D14 | D16 D18 | D20 [ D22 |
0.25 10.83 | 11.67 [ 12.78 [ 15.00 | 16.94 | 19.17 | 20.28
0.5 9.17 | 8.89 | 9.17 | 9.44 [ 10.56 | 10.00 | 10.83
1 10.83 | 10.83 [ 10.00 | 10.56 | 11.67 | 10.56 | 11.11
1.5 11.39 [ 11.11 | 11.39 | 12.22 | 12.78 | 11.94 | 12.22
2 11.94 | 12.22 | 12.50 | 13.06 | 13.06 | 13.33 | 13.89
3 14.17 | 13.61 | 13.61 | 14.44 | 14.17 | 15.00 | 14.44
4 15.28 | 14.72 | 15.28 | 15.00 | 15.83 | 15.83 | 14.72
5 16.11 | 15.56 | 15.56 | 16.11 | 16.39 | 16.11 | 17.22
10 18.33 | 16.94 [ 18.61 | 18.61 | 18.33 | 18.89 | 18.33
15 20.28 [ 18.33 [ 18.33 | 18.89 | 19.44 [ 19.44 | 20.28
20 22.50 | 19.44 [ 20.00 | 20.56 | 20.83 | 21.11 | 21.94
50 26.11 | 23.06 | 24.44 [ 25.28 | 27.22 | 28.33 | 28.89

Table 7.2: SVM with RBF kernel and penalty of errors C' = 1: error rate as a
function of the width ¢ and dimension D of feature space. The best performance
is highlighted in thick black letters.
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lo [D10| D12 | D14 [ D16 [ D18 | D20 | D 22 |
0.25 12.50 | 12.78 [ 12.50 | 15.28 | 16.39 | 18.33 | 19.44
0.5 10.83 [ 10.00 | 8.61 | 9.44 | 9.44 | 8.89 | 10.28
1 10.00 | 10.56 | 9.72 | 9.72 | 9.44 | 8.61 | 9.17
1.5 11.39 | 10.83 [ 11.39 | 10.56 | 11.67 | 10.00 | 9.72
2 11.39 | 11.67 | 11.39 | 11.39 | 12.22 | 10.83 | 10.83
3 11.67 | 11.39 | 11.94 | 11.94 | 12.22 | 11.67 | 11.94
4 11.94 | 11.94 | 12.22 | 13.33 | 12.78 | 12.22 | 12.22
5 11.94 [ 10.28 | 9.44 | 10.28 | 11.39 | 11.11 | 10.56
10 12.78 | 11.39 | 11.67 | 11.94 | 12.78 | 12.78 | 13.06
15 13.33 | 13.06 | 12.78 | 13.89 | 14.17 | 13.89 | 14.72
20 14.44 | 14.44 | 14.72 | 14.72 | 14.72 | 14.44 | 15.28
50 20.56 | 18.06 | 18.89 [ 18.89 | 19.44 [ 20.00 | 20.56

Table 7.3: SVM with RBF kernel and penalty of errors C' = 5: error rate as a
function of the width ¢ and dimension D of feature space. The best performance
is highlighted in thick black letters.

[o [DI0[D12[DI4[DI6[DIS[D20] D22
0.25 10.56 | 11.39 | 11.94 | 11.67 | 13.61 | 13.33 | 16.11
0.5 13.33 [ 10.28 | 10.00 | 10.56 | 12.78 | 11.11 | 11.39
1 10.83 | 10.28 | 11.39 | 9.44 | 889 | 9.72 | 9.17
L5 10.00 | 9.72 | 9.44 | 9.44 [10.83] 8.89 | 9.17
2 10.28 | 8.89 | 10.00 | 10.28 | 10.56 | 8.61 | 9.72
3 10.28 [ 10.00 | 11.11 | 11.67 | 10.28 | 10.56 | 9.72
4 11.11 | 10.83 | 12.22 | 13.06 | 11.11 | 10.83 | 10.83
5 11.67 | 11.39 | 11.94 [ 12.50 | 11.67 | 11.94 | 11.94
10 12.22 | 12,50 | 11.39 | 12.50 | 12.78 | 13.61 | 13.06
15 13.89 | 13.06 | 13.33 [ 12.78 | 14.17 | 14.44 | 15.00
20 15.00 | 14.72 [ 1333 | 12.50 | 14.44 | 14.44 | 15.00
50 15.83 | 16.67 | 17.78 | 18.33 [ 18.89 | 18.89 | 19.00

Table 7.4: SVM with RBF kernel and penalty of errors C' = 20: error rate as a
function of the width ¢ and dimension D of feature space. The best performance
is highlighted in thick black letters.
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[o [DI0[D12[DI4[DI6[DIS[D20] D22
0.25 12.78 [ 12.22 | 12.50 | 14.17 | 1556 | 18.61 | 19.17
0.5 12.22 | 10.28 | 9.44 | 10.83 [ 10.28 | 10.83 | 10.28
1 10.28 [ 10.00 | 9.72 | 9.72 [ 1056 | 9.17 | 8.61
L5 10.28 | 10.28 | 10.83 [ 9.17 | 1056 | 9.17 | 9.72
2 10.56 | 10.00 | 9.72 [ 10.00 | 9.44 | 9.72 | 9.72
3 0.72 | 10.28 [ 11.39 | 9.72 | 10.83 | 9.44 | 10.00
4 10.83 | 10.83 | 11.94 | 10.28 | 10.56 | 10.28 | 10.28
5 11.39 | 10.83 | 11.39 | 11.67 | 11.94 | 10.00 | 11.39
10 12.22 [ 12.22 | 12.50 | 11.94 | 12.78 | 12.50 | 12.78
15 13.33 | 12.50 | 12.78 [ 13.61 | 12.78 | 13.89 | 13.89
20 14.17 | 13.89 | 14.72 | 15.00 | 13.89 | 15.00 | 14.44
50 16.94 | 16.11 | 16.39 | 16.39 | 17.22 | 18.61 | 18.89

Table 7.5: SVM with RBF kernel and penalty of errors C' = 50: error rate as a
function of the width ¢ and dimension D of feature space. The best performance
is highlighted in thick black letters.

[o [DI0[DI12[DI4[DI6[DIS[D20] D22
0.25 11.67 [ 11.67 | 14.17 | 15.00 | 16.11 | 18.89 | 18.89
0.5 8.80 | 8.89 [ 10.28 | 10.28 | 11.11 | 11.11 | 11.67
1 8.06 | 8.33 | 7.50 | 7.50 | 8.33 | 8.80 | 8.89
L5 7.50 | 7.78 | 750 | 5.83 | 8.06 | 6.67 | 8.61
2 6.94 | 750 | 7.78 | 6.94 | 6.67 | 6.39 | 7.78
3 7.50 | 8.6L | 7.50 | 8.06 | 7.22 | 7.50 | 7.50
1 8.61 | 8.06 | 7.78 | 8.06 | 8.06 | 7.22 | 7.50

Table 7.6: SVM with RBF kernel and penalty of errors C' = 100: error rate as a
function of the width ¢ and dimension D of feature space. The best performance
is highlighted in thick black letters.
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7.5.2 Final experiments

We show the final results for urine and pollen database. In order to assess
the performance, a confusion matrix is built. Each row is the class to which
the test images belong, the columns are the classes to which the classifier
assigns the test images. Thus, in the intersection between the j-th row and
the i-th column we find the following estimate:

nr. of items of C} classified as belonging to C;

Ploutcome € C; | i €l = : i
[outcome | image € C] total nr. of tested images belonging to C;

(7.1)
In order to evaluate the overall performance we compute the error rate
defined as,

nr. of not correctly classified test images

ER= (7.1)

total nr. of test images

Because not all the categories in our databases have the same number of
images, we train and test on a uneven number of images for class. Then, we
define a new error rate which is the normalized sum of single class error rates

ERp = —

o (7.1)

1 EK: nr. of misclassified test images belonging to C;
total nr. of test images belonging to C

For example, when we consider the whole system for pollen recognition
we will see that the classifier has to analyze also particles of junk. The
ratio between pollen and junk particles is 1 out of 10. If we test 100 pollen
patches and 1000 junk patches it is possible that the classifier has an ER
= 10% which can be considered quite good. However, it is possible that
most of junk particles are classified as junk and most of pollen particles are
misclassified, the ER simply can not say if the less numerous classes are well
classified. Instead when you consider also the ERp you can check if the error
is evenly or proportionally distributed among the categories.

Urine database

First, we consider the classifier using mixture of Gaussians with the different
kinds of features studied.

During the tuning of parameters, we focused on data belonging to the training
and validation set. Now, we show some results of experiments done in the
following way:
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1. training and test using the full data set available and with different
number of images per class; we pay attention to put in the training
set all the images belonging to the previous training and validation
set and we choose randomly (from the complementary set) 10% of the
total amount of images for test; the result will be the average of 10
experiments

2. we run 100 experiments on the full data set available; at each iteration
we randomly extract about 10% of images for test purpose.

In Figure 7.15, Figure 7.14, Figure 7.16 and Figure 7.17 we show the
graphical representation of confusion matrix using the first method for the
four different kinds of classifiers based on MoG modeling.

Note that the numbers in the plot are in percentage with respect to the total
number of images tested for a certain class. Moreover, we show the average
result on 10 experiments.

The experiments with the classifier that combines the experts’ outcomes,
need a comment. We have to choose the subdivision of the training set for
the first and second training. When we used 7/9 of the training set for the
first training and 4/9 for the second one (so, there is a partial overlap of 2/9)
we got an ER equal to 9.8%; a second time we took all the images of the
training set for the first training and we extracted randomly from this set
half of them for the second training and we got an ER equal to 8%. The
trend was confirmed by the last experiment, shown in Figure 7.17, when we
used for both trainings all the images available in the training set; in this
way we got an ER of 7.7%. Even if the second training models the training
outcomes (or the training errors), the general performance is improved.

The best result is achieved with the classifier using features based on local
jets, its error rate is equal to 6.8% (the proportional error rate is 6.5% ).

Finally, we show the average results of 100 experiments on the full data
set taking randomly 10% of images for test, see Figure 7.18, Figure 7.19,
Figure 7.20.

Why did we choose to perform 100 experiments? Because we want a re-

liable estimate of the average ER with a low standard deviation. Now, we
give a brief overview of the theoretic study for the choice of the experiment
number.
If z is a stochastic binary variable with alphabet A, = {0,1} and Pz = 1] =
p(1) = p it is easy to find that the mean of x is m, = p and its variance
02 = p(1—p). We can interpret this variable as the outcome of the following
event: “the classifier takes the right decision on the test image”.
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aver. test ER = 6.8% o = 0.6% (ERp = 6.5%)
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Figure 7.14: Classifier using MoG and feature based on local jets: averaged
confusion matrix for experiments in which 90% of images in the full data set is
used for training and 10% is randomly extracted for test; there is no overlapping
between the test items and previous trained images.
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Figure 7.15: Classifier using MoG and feature based on image and spectrum
principal components: averaged confusion matrix for experiments in which 90% of
images in the full data set is used for training and 10% is randomly extracted for
test; there is no overlapping between the test items and previous trained images.



CHAPTER 7. CLASSIFICATION 90

aver. test ER = 7.5% o = 0.8% (ERp = 7.2%)
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Figure 7.16: Classifier using MoG and feature combination in indep. hyp.: aver-
aged confusion matrix for experiments in which 90% of images in the full data set
is used for training and 10% is randomly extracted for test; there is no overlapping
between the test items and previous trained images.
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Figure 7.17: Classifier using MoG and making a combination of experts’ response:
averaged confusion matrix for experiments in which 90% of images in the full
data set is used for training and 10% is randomly extracted for test; there is no
overlapping between the test items and previous trained images.
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If you consider n stochastic binary variables and all these variables have
the same parameter p and are independent, we can define the sum variable
y = Y, &; which is a binomial one with parameters n and p; its mean and
variance are: m, = np = nm,, o, = np(l —p) = no..

Let be z = y/n, then m, = m,/n = p = m,, and 02 = 0, /n* = 0 /n. We
can think that y describes the statistic of n decisions of the classifier on n
test images, and z the performance when considering n test images. You can
note that increasing n you can decrease o2.

In order to have a reliable result for the performance of our classifier we
could average the results on many experiments. Given the (estimated) per-
formance if we choose properly the number of images to test and the number
of experiments, we can control the variability of the error rate.

Let be m the number of experiments we want to run and w = % S Zi
then it can be shown that m,, = m, = m, and 02 = 102 = L2

Finally, we can approximately estimate the standard deviation of the ER in
our experiment doing the following hypothesis: if the probability to misclas-
sify an image is nearly p = 0.1 (even if it depends on the belonging class), m

is equal to 100 and n is about 100*12 (in practice it is less), then

o, V9-1072% .
Vi Vi e
With this choice of parameters, we can be confident to find an ER with

a standard deviation of about 0.7% (below 1%).
These result is confirmed by our experiments as you can check in Figure 7.18,
Figure 7.19, Figure 7.20.

As you can see for example in Figure 7.18 and expect, the confusion
matrix has an high symmetry with respect to the diagonal. For example,
2.5% of Hyal are classified as Nhyal and vice versa, 4% of NSE are classified
as white cell clumps and 3.9% of these particles are classified as belonging to
NSE class.

The best performance is again achieved using the classifier with features
based on local jets, the error rate is equal to 7.6%. If you look at Figure 7.18,
the best classified class is mucus with an ER equal to 2%; the worst classified
particle is NSE. Most of errors are done between white cell clumps and NSE,
white cell clumps and squame epithelius, hyal and nhyal.

1073

Ow
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Graphic representation of confusion matrix — av. test ER = 7.8% 0 =0.7% (ERp = 7.6%) av. train. ER = 5.2%
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Figure 7.18: Classifier using MoG and feature based on local jets: averaged
confusion matrix of test errors for 100 experiments in which 90% of images in the
full data set is used for training and 10% is randomly extracted for test.

Graphic representation of confusion matrix — av. test ER = 8.2% o =0.8% (ERp = 8.0%) av. train. ER = 6.6%
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Figure 7.19: Classifier using MoG and feature combination in indep. hyp.: aver-
aged confusion matrix of test errors for 100 experiments in which 90% of images
in the full data set is used for training and 10% is randomly extracted for test.
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Graphic representation of confusion matrix — av. test ER = 8.6% o = 0.8% (ERp = 8.5%) av. train. ER = 6.5%
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Figure 7.20: Classifier using MoG and making a combination of experts’ response:
averaged confusion matrix of test errors for 100 experiments in which 90% of images
in the full data set is used for training and 10% is randomly extracted for test.

We now show the results of AdaBoost inspired algorithm. With the hy-
pothesis found during the experiments of Figure 7.13, we run a test on 10% of
images in the data set (not belonging to previous training or validation set).
In Figure 7.21 and Figure 7.22, the averaged performance on 10 experiments
is shown for the standard classifier (that is taking only the first hypothesis)
and for the boosted one. As you can notice there is an improvement of 0.5%
in the error rate.

Taking the best achieved performance on validation set, we run experi-
ments using SVM following the methodology above-mentioned for AdaBoost.
Unfortunately, we achieved an error rate of 12.2% in test and below 2% in
training. This is caused by training data overfitting. We have to choose
parameters for SVM to find a sort of balance between accuracy attained on a
particular training set, and the capacity of the machine to learn the general
properties of our data. With this choice of parameters, the system seems
to have a little generalization. For this reason, we tried other “good” but
sub-optimal values for the parameters and the best performance is reported
in Figure 7.23. There is still a big gap between the performance on training
and test set however there is an improvement of 0.5% and 1% in the absolute
and proportional error rate with respect to the classifier using MoG.
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av.testER =12.2% 0=0.8% (ERp=11.7%) av. train ER =7.5% ¢ =0.6% (ERp = 7.5%)
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Figure 7.21: Test and training confusion matrices for the original classifier using
MoG and local jet based features. The training is performed on 480 images and
the test on 10% of full data set. The result is averaged on 10 experiments. In
this figure and in the following ones, the classes are identified with numbers in
accordance to Table 3.1. The numbers in the diagonals are the percentages of
correct classification in each class.
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av.test ER =11.7% 0= 0.9% (ERp = 11.3%)
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av. train ER = 7.4% 0 = 0.6% (ERp = 7.4%)

ol : (995

afooe o @3
wb C @3
o @
o R .

0
i TF 3 + ¢ ‘97 4
0
W6l 920
o
-
st [
4k 92.2

3+ e '8.0 -
of (868 0 .
i @15 -

IS N N T N N T N
4 5 6 7 8 9 1011 12
ESTIMATED CLASS

T -
012 3

Figure 7.22: AdaBoost.M1: test and training confusion matrices. The training
is performed on 480 images and the test on 10% of full data set. The result is

averaged on 10 experiments.
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Figure 7.23: SVM with rbf kernel C' =5, 0 = 1 in a 20 dimensional feature space:
test and training confusion matrices. The training is performed on 500 images and
the test on 10% of full data set. The result is averaged on 10 experiments.
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Pollen database

We show the performance of classifier using MoG with feature based on local
jets. The databases we are considering is the database of extracted patches
derived from the expert’s reference list and the database built while running
the detector using DoG images. This last set of images has been checked in
order to remove samples with bad segmentation (see par.5.4).

The pollen particles we have used for classification are listed in tab.7.7.

genus H nr. expert’s patches ‘ nr. good detector patches
alder 416 355
ash 329 303
chin. elm 522 466
jacaranda 282 223
mulberry 111 74
oak 413 329
olive 326 220
pine 705 606
TOTAL 3104 2576

Table 7.7: List of pollen particles belonging to the most numerous classes in the
databases of extracted patches. The second column refer to patches extracted
thanks to the expert’s list, the last column refers to patches extracted by our
detector.

Because of the shortage of images in these databases, we did not consider
a training, validation and test set. We randomly extracted from each class
the 10% of images to perform the tuning. Then, we run 100 experiments to
assess the performance of the system. At each iteration, the 10% of images
was randomly selected for the test stage.
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Classification using expert’s patches

We have computed the performance using the expert’s patches in order to find
a lower bound for the error rate of the classifier as a part of the system for real-
time pollen count. Why are we getting a lower bound? First, experiments
with detector patches use less samples to train the system. Secondly, the
automatic segmentation of grains is not always perfect (see par.5.4). Last
but not least, we have to deal with a lot of false alarms in any real situation.

In order to tune the system, we have run many experiments varying the
number of paramenters: dimensions of feature space (form 6 to 18), number of
components in each mixture of Gaussians (from 1 to 10 when appropriate®),
structure of covariance matrix of each component, initial conditions for EM
algorithm. The optimal parameters can be found in tab.7.8. Finally, we have
run 100 experiments. Each time, we have randomly extracted from each class
the 10% of samples for test, the rest was used to perform the training. The
average result on 100 experiments is shown in Figure 7.24.

parameters H value

dimensions 14
nr. components 2
covariance diag.

Table 7.8: Parameters found thanks to tuning stage which also provided us a
good set of initial conditions for the random number generator used to perform
EM algorithm.

5This means that we tried to keep the number of parameters to less than 50 becuase
mulberry class has about 100 samples.
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Figure 7.24: Average test (left side) and training (right side) confusion matrices
of 100 experiments in which expert’s patches were used (see second column of
tab.7.7). The proportional error rate is the sum of the error rates of each single
class; these error rates are the ratio between the number of misclassified patches
belonging to that class and the product of the number of tested classes by the total
number of samples belonging to that class. The error rate shown in parenthesis is
the ratio between the total number of misclassified images and the total number
of tested images. The proportional error rate is useful when we run experiments
using a different number of test samples for each class. In these experiments, we
have randomly extracted the 10% of images for test at each iteration.
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Classification using detector patches without false alarms

The tuning stage gave us the parameters that are shown in tab.7.9. We
present the result of classification using detector patches without the false
alarm class in Figure 7.25. This is useful to assess the quality of our automatic
segmentation, even though the performance is a little worse due to the minor
number of images used in training. We observe that the tuning stage provided
us the same parameters that were found using the expert’s patches, and that
also the performance is very close to that one (see Figure 7.24). Thus, we can
conclude that the automatic segmentation is good. Finally, given the strong
similarity of pollen grains belonging to certain classes (i.e. ash, jacaranda,
oak) we can be satisfied about an error rate of nearly 20% because this
classification has been performed using a classifier developed for the cells in
urine.

parameters H value

dimensions 14
nr. components 2
covariance diag.

Table 7.9: Parameters found thanks to tuning stage which also provided us a
good set of initial conditions for the random number generator used to perform
EM algorithm.
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Figure 7.25: Average test (left side) and training (right side) confusion matrices of
100 experiments in which detector patches were used (see last column of tab.7.7).
In these experiments, we have randomly extracted the 10% of images for test at
each iteration.



Chapter 8

Analysis of errors

In this chapter, we analyze errors made by detector and classifier. We aim
to find where the mistakes are made and to understand why they are made.
We conclude each section with some ideas to overcome these problems.

8.1 Detector

A missed detection may occur when:
e pollen perticle is very low contrast in a very noisy image

e pollen particles are grouped in a single blob in a way that we get only
an interest point for all these grains, this ususally produce also a bad
automatic segmentation

e dust is very close or attached to a pollen causing a bad segmentation.

These limitations are intrinsic of this system. We could improve only the
algorithm for the determination of bounding boxes in order to allow junk
around the pollen. On the other hand, this could slow down the detection.

False alarms could be avoided considering information about color, about
average brightness, about texture. Junk particles ususally are black or pink
(i.e. bubbles of glue) while pollen grains are brown, cyan, red and green. In
the current system we do not have a lower threshold of brightness that could
discard black particles of dust. Pollen grains have always a kind of texture
that makes them different from other particles.
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8.2 Classifier

In this section, we will refer to experiments done on urine database. The
classification errors will be analyzed with reference to the Bayesian classifier
using feature based on local jets.

In particular, we refer to experiments done on full data set taking 10% of
images for test. These images are randomly extracted by a set never used
for training and validation.

In Figure 8.1, we show the misclassified images with the estimated class
and the assigned probability (in percentage). This probability is the proba-
bility of the estimated class given the extracted feature vector. We note that
for most of these images the probability is below 90%. This is a good point
because in a real application we could assign these items to an unknown class
for further analysis.

Let us try to give a deeper insight on the previous misclassification. In

Figure 8.2, we show a collage in which in the central column there are some
(misclassified) images of Figure 8.1 with assigned high probability. In the
first three columns there are images belonging to the true class that are the
nearest to the one in central column in the euclidean norm of the feature
space (after the projection on FLD). In the last three columns, there are im-
ages belonging to the estimated class that are the nearest in the same feature
space.
If you follow a row you can see the smooth transition in the features space
from one class to the other; with this interpretation the misclassified image
is on the boundary between the two classes and it can be thought like a
transition item.

We note that some errors could be avoided by considering features with
information on shape. For example, in the second row of Figure 8.2, it
seems clear that the average of local jets doesn’t allow to separate clearly
the image on the fourth column from the image in the fifth column but we
should overcome this difficulty considering shape and texture of these two
images.

On the other hand, there are images which are really hard to distinguish
because of a certain intrinsic ambiguity of the database.

What is the difference between the images on the fourth and fifth columns
in the intersection with the fifth, sixth, tenth and eleventh row? It is an em-
barassing question, which was also posed to the experts who provided us this
database, and they could not say it! This intrinsic ambiguity will constitute
a lower bound for the error rate of any classifier on this data set and this
bound could be found with a test on the human (expert’s) error rate on this
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database.

Analogous analysis can be done on pollen database. Errors are made
because our features do not capture all the essence of texture in particles
and because we are not using color information.
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Figure 8.1: Analysis of classification errors: misclassified images by Bayesian
classifier using features based on local jets.
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the closest images belonging to the estimated class; each row is referred to the
image in its central column. Above each image, there is the class number and its
index in the database.



Chapter 9

Whole system

This chapter has for its main aim to combine detector and classifier in order
to assess the performance of the whole system.

We can identify particles only in the database of pollen captured by spore
trap and so, we will refer to this database throughout the following discussion.

We consider the detector described in chapterb using DoG iamges. Given

its performance, we assume that for each found pollen there are 10 false
alarms (see tab. 5.8 and 5.9).
The first step was to build a database with those patches individuated by this
detector; each image was put in the proper folder according to the experts’
reference list. Then, we removed from this set only those samples having a
bad segmentation that is mainly due to junk around the grain or to other
pollen particles attached to the grain. In par.5.4 we showed some examples of
patches that are in this database and some patches that were removed, (see
Figure 5.13 and following ones). Finally, we added a new class to gather the
false alarm patches. Note that during classification we also refer to another
class: “unknown”. This is the class where we put the images whose maximum
posterior probability is less than a certain threshold. Tab.9.1 summarizes the
number of pollen samples available in each category.

We apply the Bayesian classifier using features based on local jets. This
classifier is one of the best we have found but it needs a lot of images to
estimate parameters in the MoG. For this reason, we consider only categories
with more than 70 images, namely: alder, ash, elm, jacaranda, mulberry, oak,
olive, pine and obviously the false alarm class.

The first experiment aims to find the performance of the system consid-
ering all the available pollen categories. This can be done modeling the false
alarm class or just only the pollen categories. We tried both solutions.
Fianlly, we tried to assess the performance of the whole system when using
only few pollen classes. This is meaningful since in each season only few
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genus H nr. good detector patches
alder 355
ash 303
chin. elm 466
jacaranda 223
mulberry 74
oak 329
olive 220
pine 606
TOTAL 2576

Table 9.1: List of pollen particles belonging to the most numerous classes in the
database of patches extracted by our detector. We are considering only those
samples having a good segmentation.

species can be released in the air [5].

9.1 Classification of 8 pollen categories with
false alarms

In order to simulate the performance of the recognition system, we assume
that the detector is able to identify 83% of pollen grains and that for each
pollen grain he gives 10 false alarms, see tab. 5.9. Thus, we are using in our
experiments 2576 pollen samples and 26000 samples of false alarms.

The false alarm class is very variable. Then, we can assume that a sample
of false alarm will give a low posterior probability in each model of pollen
class. This means that we can think to classify the false alarms simply using
a threshold on the maximum posterior probability. In this case, a correct
classification of false alarms must put these samples in the unknown class.
Keeping the parameters and the models found during the tuning of only the
pollen classes (see par. 7.5.2 and tab. 9.2), we have only to find a proper
threshold on the posterior probability. We have run experiments varying this
threshold and the achieved results are shown in Figure 9.1.

The final result is given in Figure 9.2; the performance is not good because
we have to use an high value for the threshold on the posterior probability in
order to recognize the false alarms but this penalizes the pollen classification.
With respect to the performance without the false alarm class, the error rate
is nearly doubled.
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parameters H value

dimensions 14
nr. components 2
covariance diag.
prob. thresh. 0.9

Table 9.2: Classification of 8 pollen species without modeling the false alarm
class: parameters found thanks to tuning stage which also provided us a good
set of initial conditions for the random number generator used to perform EM
algorithm.

Error rate as a function of ptobability threshold
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Figure 9.1: Classification of 8 pollen species without modeling the false alarm
class: error rate as a function of the threshold on the posterior probability. The
red line shows the usual error rate defined as the ratio between the number of
misclassified images and the number of tested images (in percentage). This is
mainly given by the classification performance on the false alarm class since we are
testing 10 false alarms per each pollen grain. The blue line shows the proportional
error rate defined as the sum of each class error rate. This is more sensitive to
misclassification of pollen samples. In our experiment, we have chosen a threshold
of 0.9.
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Figure 9.2: Classification of 8 pollen species without modeling the false alarm
class: average test (left side) and training (right side) confusion matrices of 100
experiments in which good detector patches were used. In these experiments, we
have randomly extracted the 10% of images for test at each iteration.
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Finally, we can try to model the false alarm class. Since we have available
a lot of samples belonging to this class and since these samples show an ex-
treme variability in appearance, we can build for this class a more complicate
model. The tuning proceeds in the following steps:

1. we run experiments to find a good number of dimensions, number of
components in the MoGs, structure of covariance matrix for the pollen
classes keeping the same model for the false alarm class; we used for
this class a mixture with 4 full covariance Gaussians (the number of
dimensions was varied during the experiments)

2. keeping the best parameters for the pollen classes, we tried many values
for the number of components in the mixture model of the false alarm
class

3. we run 100 experiments in order to find the best initial conditions for
EM algorithm

4. we varied the threshold on the posterior probability (see Figure 9.3)

The best performance was achieved with parameters listed in tab. 9.3. The
last step is to find the average error rate of 100 experiments. Note that we
assume that a correct classification for a false alarm sample occurs when it is
assigned either to the false alarm class or to the unknown class. As usual for
the last experiment, at each iteration we randomly select the 10% of images
for test. The promising performance is shown in Figure 9.4.

parameters H value
dimensions 14
components poll. classes 2

covariance poll. classes || spher
components f.a. class 4
covariance f.a. class full
prob. thresh. 0.5

Table 9.3: Classification of 8 pollen species when modeling the false alarm class:
parameters found thanks to tuning stage which also provided us a good set of initial
conditions for the random number generator used to perform EM algorithm.
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Error rate as a function of probability threshold
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Figure 9.3: Classification of 8 pollen species when modeling the false alarm class:
error rate as a function of the threshold on the posterior probability. The red line
shows the usual error rate defined as the ratio between the number of misclassified
images and the number of tested images (in percentage). This is mainly given by
the classification performance on the false alarm class since we are testing 10 false
alarms per each pollen grain. The blue line shows the proportional error rate de-
fined as the sum of each class error rate. This is more sensitive to misclassification
of pollen samples. In our experiment, we have chosen a threshold of 0.5.
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Figure 9.4: Classification of 8 pollen species when modeling the false alarm class:
average test (left side) and training (right side) confusion matrices of 100 exper-
iments in which good detector patches were used. In these experiments, we have
randomly extracted the 10% of images for test at each iteration.
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9.2 Classification during specific seasons

In any practical application of airborne pollen recognition, it is useful to
know what types occur together at various times of the year in the area of
interest. In Pasadena area, in September there is chinese elm and almost
nothing else; in January, ash, alder, pine pollen grains are commonly found
[5]. We will never encounter a period of the year with all the 8 kinds of pollen
considered in the previous section.

Then, it is interesting to see what the performance would be in a particular
season.

In September, we have to distinguish between chinese elm and false
alarms. Since we have 466 samples of this pollen, we take 4660 samples
belonging to the false alarm class. We proceed like in the previous section
modeling the false alarm class. The tuning stage provided us the parameters
listed in tab. 9.4. Chosing a threshold value of 0.65, we achieved an error
rate of about 6% as shown in Figure 9.6.

parameters H value
dimensions 8
components poll. classes 1
covariance poll. classes diag
components f.a. class 5
covariance f.a. class full
prob. thresh. 0.65

Table 9.4: September month: parameters found thanks to tuning stage which also
provided us a good set of initial conditions for the random number generator used
to perform EM algorithm.

In January, we have to distinguish among alder, ash, pine and obviously
false alarms. Since we have 1264 samples of these pollen grains, we take
12600 samples belonging to the false alarm class. The tuning stage provided
us the paramenters listed in tab. 9.5. Chosing a threshold value of 0.7 (see
Figure 9.7), we achieved an error rate of about 17% as shown in Figure 9.8.
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o1e Error rate as a function of probability threshold
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Figure 9.5: September month: error rate as a function of the threshold on the
posterior probability. The red line shows the usual error rate defined as the ratio
between the number of misclassified images and the number of tested images (in
percentage). This is mainly given by the classification performance on the false
alarm class since we are testing 10 false alarms per each pollen grain. The blue
line shows the proportional error rate defined as the sum of each class error rate.
This is more sensitive to misclassification of pollen samples. In our experiment,
we have chosen a threshold of 0.65.

av. test ER = 6.0% o = 2.3% (abs. ER = 3.7%) av. train ER = 6.7% o = 2.7% (abs ER = 3.7%)
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Figure 9.6: September month: average test (left side) and training (right side)
confusion matrices of 100 experiments in which good detector patches were used.
In these experiments, we have randomly extracted the 10% of images for test at
each iteration.
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parameters H value
dimensions 8
components poll. classes 1
covariance poll. classes full
components f.a. class 10
covariance f.a. class full
prob. thresh. 0.7

Table 9.5: January month: parameters found thanks to tuning stage which also
provided us a good set of initial conditions for the random number generator used
to perform EM algorithm.

Error rate as a function of probability threshold
T T T T T
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o 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1

Figure 9.7: January month: error rate as a function of the threshold on the
posterior probability. The red line shows the usual error rate defined as the ratio
between the number of misclassified images and the number of tested images (in
percentage). This is mainly given by the classification performance on the false
alarm class since we are testing 10 false alarms per each pollen grain. The blue
line shows the proportional error rate defined as the sum of each class error rate.
This is more sensitive to misclassification of pollen samples. In our experiment,
we have chosen a threshold of 0.65.
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av. test ER = 17.4% ¢ = 2.6% (abs. ER = 8.2%) av. train ER = 16.1% o = 2.8% (abs ER = 7.9%)
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Figure 9.8: September month: average test (left side) and training (right side)
confusion matrices of 100 experiments in which good detector patches were used.
In these experiments, we have randomly extracted the 10% of images for test at
each iteration.
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9.3 Conclusion

In this chapter it was described the performance of the whole system on
images of pollen captured by spore trap.

The detector is able to detect with probability of 0.94 all pollen grains. It is
able to determine a proper bounding box for the 83% of the pollen grains that
were labeled by experts. It detects also for each pollen ten other particles
that are not pollen. With the spatial resolution of our images this results are
quite good.

The next stage is classification. When the system learns to classify not
only the pollen categories but also the junk class, the error rate is about
35% when considering 8 pollen classes. The false alarm class is described
by a more complex model and we achieve on this category the best correct
classification rate: nearly 90%.

The experiments are done in conditions which are very close to a real
situation. Particularly, we keep the ratio between pollen and junk particles
at one out of ten and the classifier receives objects in the right proportion.
In this way, we overcome the difficulty to select images for training and to
classify pollen particles that are not modeled because their number is too low.

This system has a better performance when considering few pollen classes.
Thanks to the counts of this last years in Pasadena area, we know what
kind of pollen particles can be released in each season and we can use this
information to improve the performance of the system. For example, in
September there is mainly a release of chinese elm and we achieve an error
rate of about 6%; in January there are only three kinds of pollen and the
error rate is around 17%. These promising results make the system already
attractive for a practical application in airborne pollen recognition.
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Conclusion

In this report, it was discussed a system for visual recognition of biological
particles. Our interest is justified by the need to automatically do microscopic
analysis. This is because manual analysis is slow, expensive, not precise and
not standardized. We worked on two databases: the first one is a collection
of particles in urine, the second one is a collection of sticky tape images
containing many genera of pollen.

The recognition system can be divided into two stages: detection and
classification. Detection aims to find points of interest in an image, in which
it exhists at least a small probability of a useful particle presence represented
by those spots. Classification receives patches from the detector; particularly,
it has to skip particles that are not of interest and for the rest to determine
their category.

We developed a detector based on a filtering approach which gave very
good results on pollen database. It is able to detect with probability 9/10
the 23 species of pollen in sticky tape pictures taken by light microscope.
The percentage of false alarm is about 1000%. Looking at the images in our
database, this performance seems very good. Even an expert has to focus
his attention on nearly 10 points in each image to establish the presence of
a pollen. On the other hand, if we look at the patches that this detector is
able to extract, we have to decrease the percentage of detection. When dust
is close to a pollen grain or when pollen grains are attached in a single blob,
the detection algorithm can fail and the same is true for the algorithm we are
using to determine a proper bounding box. If we consider only the patches
that can be reasonably classified, we can say that the 83% of pollen grains
have been detected and have been properly segmented. This result is reliable
because we have used 1429 images with 3686 pollen grains. Looking at some
very noisy images in this database, we can be satisfied of such performance.
Furthermore, this technique is quite fast since the analysis of one image takes
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up 8 seconds on a current 2.5GHz Pentium processor computer.

The simplest classifier with the best performance is the Bayesian classi-
fier using mixture of Gaussians to model the training data. We developed a
new kind of features based on local jets [10]; these features prove to capture
almost all the essence of input images because we were able to achieve an
error rate of about 7.6% on urine database and 20% on 8 kinds of pollen
categories. This approach is interesting because it is segmentation free, very
general and able to handle very low contrast particles.

On the other hand, the system could be further improved using more com-
plex technique, which extracts from points in foreground information about
texture, shape and color.

Moreover in a real application, the system often has to handle particles that
are not of interests, for example in pollen recognition most of the patches
contain junk particles. This class should be very well classified if we admit
an high number of false alarms in detection. This is a challange to consider in
the design of a good classifier, and in our experiments we took into account
this class when we considered the pollen classification task. We achieved an
error rate of about 35% when classifying 8 pollen categories and the false
alarm class, and an error rate of 17% when classifying 3 pollen categories
and the false alarm class.

Our contribution in classification of urine particles relies on the defini-
tion of a new set of powerful features that are able to extract information
from patches of about 60x60 pixels without any segmentation. Thanks to
the simplicity of our system, we are able to classify very quickly particles;
nearly 10ms are required to analyze a particle on a current 2.5GHz Pentium
processor computer.

In pollen recognition, our work is the first research towards a feseable

system for real-time pollen count in which detection and classification are
combined to recognize several kinds of pollen.
We used images taken with a common light microscope and our database
is built using the common equipment for pollen collection, namely the volu-
metric spore trap. Unfortunately, the collection of airborne pollen grains is
very slow and the available database is still quite small. However, these first
results seem very promising. The performance can be acceptable if we take
into account the seasonal information about pollen release in the air because
this can reduce the number of classes involved in the classification.

In our opinion, urinalysis could be improved in the future if a general
and segmentation free approach is applied, and if we reserve customized
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operations only in a second stage for the most difficult samples.

Pollen recognition needs further research but several steps have been made
in the right direction. We think that in the next months a new software
could be written based on this work to detect pollen particles and make
hypothesis of classification. This should be a tool to help experts, who are
building the current database and speed-up the process of labelling. It is
reasonable to foresee that in the next few years a completely autonomous
system for automatic and reliable recognition of pollen could be built using
as input the sticky slides of volumetric spore trap. In the future, a new kind
of collection technique able to produce input images with less debris is also
possible, and will certainly improve the performance of the visual recognition
system. This will yield to a real-time and low cost measurement instrument
for pollen count which will definitely make easier and better the life of many
allergic people.
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