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The classification of pollen grains is a main task in many disciplines including
ecology, forensic sciences, allergy control, and oil exploration. In these application areas, visual inspection is the common method used for classifying
pollen. However, recognition by visual inspection consumes much time and effort. Even though some level of automation exists, the automatic recognition
of pollen grains remains an open problem. Current pollen-classification solutions rely on measurements of visual cues such as contour or texture. However,
these features do not capture the visual complexity of information needed for
discriminating among various species of pollen, especially when both a largescale dataset and an accurate classification are needed. In this dissertation, we
propose methods that go beyond the features extraction. First, a novel method
for recognizing pollen grains in images from light microscopy and scanning elec-
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tron microscopy is proposed. This method is based on two classification stages,
namely, a texture classifier and a multi-layer cue decomposition. The textureclassifier stage is adopted for categorizing pollen grains into a few broad sub
groups, while the multi-layer decomposition constructs multiple layers of visual
cues for each pollen-grain image.
Second, we use deep-learning techniques to obtain optimal features from the
training data to describe the visual appearance of the pollen grains. To this
end, we train convolutional neural networks. Data augmentation and drop-out
layer techniques are used to reduce the effect of over-fitting and to enhance
our network’s classification ability. Furthermore, we improve the classification
performance using transfer learning to leverage knowledge from networks that
have been pre-trained on large datasets of images.
Third, we present a novel technique for pollen identification from sets of multifocal image sequences obtained from optical microscopy. We propose an
algorithm that captures the variation across the entire volume of multi-focal
images using low-rank and sparse decomposition. Then, we build the appearance model of the z-stack volume by decomposing each slice inside the sparse
volume to create multiple concentric regions by clustering the gray-level intensity and their associated polar coordinates. After that, we perform pollen
identification by matching sequences of multifocal appearance descriptors using
the Longest-Common Sub-Sequence (LCSS) algorithm.
In the same direction of multifocal image sequences, we combine convolutional
and recurrent neural networks (CNN and RNN) to learn optimal features and
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recognize a pollen grain represented by a stack of multifocal images. First, we
transform the stacked images of pollen sequences to 2D single images to train
a CNN. The CNN is used to learn discriminative features. Then, we extract
and aggregate the set of the learned features from the trained CNN to create
a sequence of features to describe the stack of multi-focal images. Finally, we
use the sequences of features to train a RNN network to classify the pollen
multifocal images as sequential data.
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Chapter 1
Introduction
The extraction of meaningful information from image data is key to many
areas of scientific research. Usually, images themselves are not the actual
data used to produce research results. Instead the data are obtained from
measurements made on objects that appear in the images. For example, a
number of data-collection procedures in biological sciences rely on the visual
inspection of objects and organisms seen under the microscope. These visualinspection procedures include the detection and classification of objects, which
are pattern-matching tasks that our natural visual system performs very well.
Palynology, which is the study of pollen, spores, and some types of plankton,
is an example of a research field that strongly relies on data obtained from microscope images. Indeed, the identification of pollen grains underpins the field
of Palynology [37]. Pollen is a granular substance that carries the male reproductive cells of plants [88]. Generally, pollen grains are an important source of
information for many scientific and industrial applications, which makes paly1

nology a valuable tool to many applications. For example, by analyzing fossil
pollen found in soil collected from the bottom of ancient lakes, scientists can
map past climate dated over thousands of years [102, 53]. Archeologists use
pollen analysis for examining archaeological sites to extract clues about plants,
vegetation, ground cover, and climate type [54, 52]. Forensic scientists have
solved criminal cases by geolocating the source of pollen found in crime scenes
[90, 57]. Allergy control scientists analyze spores and pollen collected from
aerial traps to determine their potential allergen levels [105, 10]. Interestingly,
pollen grains also help the oil industry discover and map oil fields and gas deposits [56]. Figure 1.1 shows examples of pollen grains from the Neotropical
Pollen database maintained by the Florida Tech’s Paleo Ecology Laboratory.
In many palynology applications, scientists build statistical distributions of
pollen species. This task is done by trained operators who identify and count
pollen grains seen under a microscope [85, 59]. Common identifying attributes
used include shape, symmetry, size, and ornamentation [30, 88]. However,
examining these visual attributes requires expert training, and results are subjective [39, 69]. Additionally, counting pollen can take months to complete. For
example, in allergen pollen-monitoring facilities, researchers may spend some
16 hours a week counting grains [32].
Given the wide range of applications of palynology and the workload required
for counting pollen manually, the need for an automated pollen-identification
system is evident. Automation can reduce data-collection times from months
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Figure 1.1: Some pollen grains from the Neotropical Pollen Database (Bush
& Weng, 2006, Biogeogr. 34: 377-380).
to a few hours, and thus increase drastically research throughput in Palylogony
and related areas [37].
However, developing accurate object-recognition algorithms is a challenging
task that has been studied in computer vision for over 50 years [3]. To work
in practice, object-recognition algorithms must overcome challenges such as
the large variations in visual appearance of objects, limited spatial resolution,
and the high computational cost of processing large amounts of pixel data.
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Similar challenges are encountered in the development of pollen-classification
algorithms.
Since Flenley [37] suggested the use of algorithms for counting pollen in palynology, a number of methods have been proposed. Early methods focused on measuring visual characteristics of pollen grains such as shape. The grain’s contour
shape is a distinguishing feature for certain pollen types that have rounded triangular shapes, elongated elliptical shapes, and circular shapes [102, 101, 61, 55].
Surface texture is also a popular feature used by pollen-classification methods
[74, 68, 47, 86]. However, these methods classify pollen types that are distinguishable solely by these cues.
To automate classification to a larger number of pollen types, some approaches
combine multiple visual cues [2, 100, 19]. These approaches can be grouped
into those that combine multiple visual cues [21] and approaches that combine
classifiers [30]. When classifying pollen using multiple-cue combination, recent
methods have tried to determine the relevance of features when used in combination. Examples of these approaches include the use of selective features
[70], dimensionality reduction [31], and boosting [78].
Even though there has been good progress towards the development of an
automated system for classifying pollen grains, the problem remains largely unsolved. For example, most the of existing methods have been tested on a small
number of pollen types (i.e., from 5 to 17 types). In addition to limited variety
of types, the use of single visual cues as done by some methods makes it difficult to encode the variations in appearance presented by large number of types.
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While the combination of visual cues and also of classifiers have shown good
promise, they have not been tested on datasets containing large number of
pollen types. More specifically, newer machine-learning techniques such as ensemble learning [13], and deep-learning convolutional neural networks [63] have
shown impressive performance in challenging object-recognition tasks. However, such approaches are not fully explored to address a promising framework
solution for the automation process of pollen grain identification. A largely
unexplored avenue in automation of pollen classification is the use of images
from scanning electron microscopes (SEM). This imaging modality provides
high-resolution visualizations of the grain’s surface, which can allow for classification between pollen types that are impossible to distinguish based on optical
microscopy alone. Additionally, the stacked images using multifocal sequence
data has not exploited efficiently to contribute the pollen grains recognition
systems, especially the multifocal image sequences can describe the 3D nature
of the pollen grain accurately.

1.1

Contributions

This dissertation proposes four different methods to automate the process of
the pollen-grain recognition. The first two methods classify the pollen grain
based on two image modalities: light microscopy images (LM) and scanning
electron microscopy images (SEM). Our datasets for each modalities contain
30 species of pollen grains in which each sample is represented by one image,
assuming that images of LM dataset are acquired using the optimal focal plane
5

of the microscope. The third and the fourth methods use LM stacked images
to represent the pollen-grain sample to capture its three-dimensional nature.
Here each pollen grain sample is acquired at ten different focal planes.
The contributions of this dissertation are as follows:

• Pollen grain recognition using a multi-layer hierarchical classifier.
We propose a novel approach to classify pollen grains detected in microscopic images. The proposed method consists of two stages. In the first
stage, we classify the pollen species into subgroups using texture classifier to decrease the large variation and to help the second stage to better
recognize by dealing with small subgroups instead of classifying one large
group. Merging similar types of pollen grain is implemented by combining
hierarchical clustering and SVM algorithms. SVM is trained to create a
texture classifier to determine the similarity among the pollen species and
compute a distance matrix. The hierarchical algorithm uses the distance
matrix to merge all similar types into subgroups. The Leung-Malik filter
bank [103] and a local binary pattern histogram [81] are used to create
the texture classifier that describes the pollen grain’s surface features. In
the second stage, we classify pollen samples individually within subgroups
by decomposing images into multiple layers of segmented region. The
decomposition process is implemented by clustering polar coordinates and
intensity information to create multiple layers. Then, we extract representative features from each layer. Concatenating the extracted features
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creates feature vectors that describe the pollen grain’s attributes. The
details of this method are described in Chapter 3.
• Pollen grain recognition using deep learning. We solve the problem
of the pollen grain recognition by learning the optimal features set that
describe the pollen characteristics. Here, deep learning is used to learn
from the training data discriminative features and classifier simultaneously. We train convolutional neural networks to classify 30 types of
pollen grain using LM and SEM datasets. Over fitting is reduced using
data augmentation and drop-out techniques. We augment our dataset to
increase the number of training samples by applying different rotation and
scaling transformations. Additionally, we add two drop-out layers to our
network by a factor of 0.5 to drop the updating process of the network’s
parameters during the training part. Moreover, transfer learning is used
to increase the classification rates using previous knowledge of pre-trained
model. Instead of starting the training part using random features, we
initialize our parameters from a previous models (i.e., transfer learning).
In Chapter 4, we describe our convolutional neural networks and show
how the training and the transfer learning are implemented.
• Pollen grain recognition using multifocal image sequences. We propose a method that uses visual information from sequences of focal planes
to identify pollen grains in optical microscopy images. Our method does
not require images to be acquired at fixed focal-length intervals. We use
low-rank and sparse decomposition to decompose the entire z-stack vol-
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ume to low rank and sparse components. Low-rank and sparse analysis
enhances the visual information related to changes on the pollen’s surface
across multiple focal planes. Here, rather than processing each focal slice
individually, we use information from the entire multifocal volume. The
visual information inside this volume is used for constructing an appearance model of the pollen’s surface texture and shape for each focal plane.
The appearance model is created by decomposing each slice into multiple
concentric regions by clustering the gray-level intensity and their associated polar coordinates. The identification step considers the multifocal
volume as a data sequence (i.e., sequence of appearance models). To
end this, a sequence-alignment method is used to measure the similarity
between two pairs of multifocal appearance descriptors. We tested our
method using a dataset of 10 types of pollen grains. The dataset contains
392 z-stack sequences with 10 focal-planes for each sample. Chapter 5
details the proposed method.
• Sequential Recognition of Multifocal Image Pollen Grain Sequences
Based on Combining CNN and RNN. we use deep-learning methods
to find the best features to classify different species of pollen grains. We
use convolutional and recurrent neural networks (CNN and RNN) to learn
optimal features and recognize a pollen grain represented by a sequence
of multifocal images acquired by an optical microscope. We serialize our
3D dataset into 2D to make it suitable to train a CNN. We use the
trained CNN to extract discriminative features, then we aggregate these
features to construct a sequence of features to represent a stack of Multi8

focal Images. Finally, we train a RNN to classify the aggregated features
as sequences of features. Additionally, we use a network that has been
pre-trained on a large-scale dataset to transfer this model’s knowledge to
ours to improve its classification and speed up its convergence. We evaluate our method using 392 stack sequences of 10 types of pollen grains
with 10 images for each sequence. Our method achieves a remarkable
classification rate of 100%. The details of the training CNN and RNN
are presented in Chapter 6.
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Chapter 2
Literature Review
A number of pollen-classification methods have been published in the past two
decades. Mainly, These approaches are based on pre-processing the pollen
grain images (i.e., enhancement and segmentation), feature extraction, and
classification (Figure 2.1). The current methods extract features that describe
pollen grain’s information, such as geometry, morphology, and texture. In
this chapter, we review the literature related to the work described in this
dissertation. Basically, approaches to palynology automation in the literature
can be grouped into three main groups: Morphological methods, Texture-based
methods, and Hybrid methods.

10

Features
Extraction

Pre-processing
and Segmentation

Descriptive
Features Vector

Learning
Algorithm

Figure 2.1: Traditional techniques steps, image enhancement and segmentation, features extraction, and finally training a classifier to learn a recognition
system.

2.1

Morphological methods

Morphological methods measure visual characteristics of the pollen grain’s
shape and contour. Geometrical features such as roundness, perimeter, and
area work well for distinguishing certain pollen grains. For example, based on
these features, Treloar et al. [102] proposed a method that used the Fisher
linear discriminant for classifying 12 types of pollen from scanning electron microscopy (SEM) images. A similar approach was developed by Boucher et al.
[11] who used an expert palynological knowledge for features identification by
measuring morphological features, such as size and number of pores, ridges,
and grain’s diameter. Xie et al. in [113] proposed a classification system
for pollen based on 3D geometrical features. Radial and angular components
were decomposed from the voxel representation of the pollen grains. Then,
the features were extracted by applying 3D discrete Fourier transformation on
the spherical coordinates to get 3D spherical Fourier descriptors. The authors
classified five types of pollen using a support vector machine.
Travieso et al. [101] used the shape of the pollen grain’s contour to classify 17
pollen types using light microscopy images. The contour was extracted using an
11

edge-detection algorithm. Then, edge coding was applied on the coordinates of
the border to create contour descriptors. Finally, classification was performed
by combining a Hidden Markov Model (HMM) and a support-vector machine
classifier. A similar approach that used contour information was proposed in
[42]. After the segmentation process, feature extraction was performed by
storing the information of point coordinates along the pollen contour. A HMM
was trained, using the contour features, to classify a new sample of the pollen
grain. Another classification method that used geometrical measurements was
proposed by [60]. The method was based on an artificial neural network, and
it was tested on ten species from the Onopordum pollen family, using images
from optical microscopy. The features included the colpus length, the colpus
width, the equatorial axis, and the polar axis.
However, geometrical and morphological features are not enough to discriminate pollen grains ,especially, when some of species have similar shape.

2.2

Texture-based methods

When classifying pollen of similar contours, surface texture is a common choice
of feature. For example, Fernandez et al. [74] proposed a texture-based
method for classifying five pollen species.

Specific features used by their

method include the gray-level co-occurrence matrix, Level-Run Length Statistics, Neighboring Gray-Level Dependence Statistics, First-order statistics, entropy, and the mean. The authors used three classification techniques: K-
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Nearest Neighbor, Support Vector Machine, and a Multi-Layer Perceptron. A
method by Li et al. [68] proposed to count four types of pollen grains from
light-microscopy images. The system calculated texture features based on the
gray-level co-occurrence matrix (GLCM). Here, an artificial neural network was
used for classification. Similarly, Zhang et al. [116] used Gabor features and
moment invariants to describe pollen texture. A neural network was trained to
discriminate five types of pollen grains.
Carrion et al. [16] described a method for classifying honeybee pollen using
multiscale texture signatures. Spatial statistics of textons was used in [28] to
classify ten types of pollen grains using a bank of filters of several orientations
and scales. Gray-level co-occurrence matrix (GLCM) was computed to describe
the texture information of each map response. A chi-square similarity technique
was used for classification. Mander et al. in [72] identified grass pollen using
quantitative measurements of a surface ornamentation and a texture of the
pollen grain. The size and the density of sculptural elements of the pollen
grain surface were extracted to recognize 12 species using K-Nearest-Neighbor
classifier.
A classification model of scanning electron microscopy images was presented
in [47] based on surface texture using a nearest-neighbor classifier with five
different features: Wavelet, Gabor, Local Binary Pattern (LBP), Gray Level
Difference Matrix (GLDM) and Gray Level Co-Occurrence Matrix (GLCM).
The method was tested on 18 species. A wavelet-transformation method was
proposed in [25] to decompose the pollen grain image into four sub-frequency
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bands. A gray-level co-occurrence matrix described texture information for each
sub-band. Then, classification of seven pollen types was done by three different
algorithms: Decision Trees, Support Vector Machines, and K-NN classifier.
However, image subregions may not capture the full complexity of the texture
across a whole grain. Additionally, some pollen grains cannot be distinguished
by texture measurements only.

2.3

Hybrid methods

While texture and contour are useful for pollen classification, the isolated use
of these features cannot account for differences in some species. Hence, the
combination of multiple features was used in some methods.
Rodriguez et al. in [90] developed a semi-automatic classification system to
classify three types of Urticaceae pollen grain family using scanning electron
microscope (SEM) images. A combination of different features was extracted
to describe shape and texture attributes. These features include Geometrical
parameters(area, diameter,compactness, roundness, etc), Statistical Moments
to describe the shape, Fourier Descriptors to describe the boundary, and lastly,
texture features based on first order and second order statistics. Three different approaches were used for classification: the minimum distance classifier
(MDC), multilayer perceptron (MLP) NN, and support vector machine (SVM).
An automated system was developed in [2] based on light microscopy (LM)
images to identify six pollen grain types using 43 characteristic features that
14

included shape, geometrical, and texture features such as histogram statistics,
moments, grey-level co-occurrence matrix, and Gabor filter responses.
A pollen-classification system was designed in [100] using images of 17 honey
plant species based on Geometrical features (i.e., area, convex area, and perimeter), Fourier Descriptors, and Color Features based on gray-level co-occurrence
matrix. A multi-Layer Perceptron neural network was used as a classifier. An
authentication approach was developed in [19] to detect five classes of pollen
grain in bright-field microscopic images by constructing a vector of 28 features
from a set of three focal images: shape features (i.e., area, perimeter, diameter and etc), texture features (i.e., mean, standard deviation, the entropy of
the gray histogram). A performance comparison was done among three different classifiers: Gaussian density estimator classifier, Support Vector Data
Descriptor (SVDD) classifier, and K-Nearest neighbors classifier. Punyasena
et al. in [87] developed a classification system to discriminate black and white
spruce pollen with multiple focal images. The classification was achieved using
nearest-neighbor instance based on density estimation. The extracted features
were intensity distribution features, shape features, texture features, and extra
information (i.e., image area, image aspect, and image depth). The proposed
system used bias optimizer to find the best combination of image features,
weights features, and the appropriate partitioning of the training and testing
samples.
Shape and texture features were used in [78] to classify nine pollen types using
light microscopy (LM) images. Extracted shape features were area, diameter,
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ratio of area and perimeter, compactness, roundness, rates of changes, thickness, elongation, centroid, Euclidean norm, mean size, eccentricity, and circularity. Texture features were extracted based on the gray level co-ocurrence
matrix (GLCM), and the gray-level run length. In addition, spike count was
computed to create a discriminative features vector. Finally, a boosting technique was used for classification purposes. Shape, geometrical, and texture
features were used in [66] to classify 15 types of pollen grain using nine focals of LM images based on 43 characteristic features, including histogram
statistics, moments, grey-Level co-occurrence Matrix, Gabor features, etc. A
comparison was performed of five different classification algorithms (neural networks, linear discriminant analysis, support vector machines, decision trees, and
random forests). Dhawale et al. [33] used 76 features to classify ten pollen
grain species using LM images. These features included two-dimensional discrete Walsh-Hadamard coefficients, image statistics (i.e, average, standard
deviation, and entropy of the gray image), Gray Level Co-occurrence Matrix
(GLCM), and shape descriptor.
Shape and texture features were combined in [73] using gray-Level co-occurrence
Matrix, Gabor features, local binary patterns, and moments to classify 15 pollen
grain types using the KNN classifier. Riley et al. [89] proposed semi-automated
pollen recognition for geo-historical location applications based on modern and
fossil data. The method classified nine species using three dimensional data
by collecting multiple slices for each pollen grain sample. Two types of features were extracted to represent the pollen samples : global features, and
local features. Local binary pattern histogram features of the 2D fast Fourier
16

transformation and GIST features were used to describe the global features.
On the other hand, quantized histogram features, based on SIFT and Hessian
Affine SIFT, were extracted to present the local features. Lastly, SVM, linear
discriminant analysis, quadratic discriminant analysis, decision trees, and 3D
KNN classifier were used to classify pollen grains.
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Chapter 3
Pollen Recognition Using a
Multi-Layer Hierarchical Classifier

3.1

Introduction

In this chapter, we propose a computational method for classifying pollen grains
detected in images. Our method has the ability to deal with two image modalities: light microscopy images (LM) and scanning electron microscopy images
(SEM). Our data set includes 30 pollen types with 1060 samples of LM images,
and 30 types with 1161 samples of SEM images. Figures 3.1 and 3.2 illustrate
one sample from each pollen type. Tables 3.1 and 3.2 show the number of
pollen grains samples for each species.
Our main idea is to combine multiple visual cues such as texture, shape, and
morphological features (e.g., pours, curves) into a multi-layer hierarchical clas18

sifier. We believe that by decomposing the visual information into multiple
layers, the appearance of pollen grains can be better represented. Moreover,
we propose to combine these representation layers into multiple classification
stages that can be structured into a cascade of classifiers. Additionally, we
combine multiple classifiers using the ensemble technique to study the performance of our method using different classification algorithms.
Alternanthera filifolia

Apium leptophyiluum

Bursera simaruba

Dilenia indica

Euphorbiaceae manihot

Exotheca paniculata

Galapageium cardiospermum

Kangenekia lanceolata

Marila laxiflora

Pinus palustris

Psychotria nervosa

Quercus virginiana

Stylogyne ambigua

Trifolium repens

Unonopsis floribunda

Vibrinium oboratum

Walteria ovata

Ambrosia arborenscens

Bidens triplinervia

Chaenoctis sterioides

Clibadium surinamensis

Dictyocarium sp

Euterpe edulis

Iriartea deltoidea

Mauritia flexuosa

Mauritiella armata

Puya roldanii

Sabal palmetto

Syagrus botryophora

Urera elata

Figure 3.1: One sample from each pollen type of our LM dataset. The dataset
consists of 1,060 images of 30 pollen types, provided by the Florida Tech’s
Paleoecology Laboratory.

The proposed method recognizes pollen grains based on two classification
stages. First, a texture classifier is adopted to categorize the pollen grains
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Alismataceae Sagittaria

Amaranthaceae Alternanthera

Burseraceae Bursera

Calophyllaceae Vismia

Fabaceae Cassia

Amaranthaceae Chenopodium

Apiaceae Apium

Asteraceae Scalesia

Bignoniaceae Clytostoma

Cannabaceae Celtis

Caprifoliaceae Viburnum

Euphorbiaceae Euphorbia

Euphorbiaceae Manihot

Fabaceae Pterocarpus

Fabaceae Trifolium

Fagaceae Quercus

Malvaceae Ceiba

Malvaceae Triumfetta

Meliaceae Melia

Oleaceae Forestiera

Oleaceae Fraxinus

Oxalidaceae Oxalis

Pinaceae Pinus

Polygonaceae Rumex

Rosaceae Geum

Rosaceae Hesperomeles

Rubiaceae Cosmibuena

Sapindaceae Galapageium

Verbenaceae Rehdera

Vitaceae Vitis

Figure 3.2: One sample from each pollen type of our SEM dataset. The
dataset consists of 1,161 images of 30 pollen types, provided by the Florida
Tech’s Paleoecology Laboratory.

into sub-groups. The texture classifier is trained based on texture features
that describe the pollen grain surface. The texture features are extracted by
convolving pollen images with the Leung-Malik filter bank [103] to create response maps. A local binary pattern histogram is used to describe the pollen
grain response maps [81]. Then, a final classification of individual pollen types
is done by segmenting the image into multiple layers of regions for each pollen
image. In this stage, the pollen grain images are decomposed into multiple
layers by clustering the intensity and the polar information. Then, combined
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features to describe shape and texture are extracted from each individual layer
to describe the pollen grains’ attributes. We characterize each segmentation
layer using a fractal descriptor (to measure shape information), local binary
pattern histogram, and statistical measures (to account for texture information).
We tested the effectiveness of the proposed method using two different datasets,
light microscopy images (LM) and scanning electron microscopy images (SEM)
of 30 species of pollen grains. We compared our results with the traditional
techniques in the literature works that extract the representative features directly. Additionally, we applied a significant test to show the significance of our
approach over the direct extraction of the discriminative features of the pollen
grain.
The main novelty in our method can be summarized by threefold: (1) adopting
two successive classification stages. (2) combining hierarchical clustering and
SVM algorithms to merge similar pollen types into sub-groups. (3) adopting
a layering approach prior to performing feature extraction. The combination
of these aspects gives excellent results. We evaluated our method using lightmicroscopy and scanning electron microscopy images of pollen grains from 30
species. The results show that: (1) the layering technique increases the classification rate over the direct use of the same features. (2) adopting two classification stages increases the classification rate over the direct classification.
(3) the proposed system outperforms traditional techniques.
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Table 3.1: Our pollen data set of LM images
Type

number of samples

Alternanthera filifolia
Apium leptophyiluum
Bursera simaruba
Dilenia indica
Euphorbiaceae Manihot leptophylla
Exotheca paniculata
Galapageium cardiospermum
Kangenekia lanceolata
Marila laxiflora
Pinus palustris
Psychotria nervosa
Quercus virginiana
Stylogyne ambigua
Trifolium repens
Unonopsis floribunda
Vibrinium oboratum
Walteria ovata
Ambrosia arborenscens
Bidens triplinervia
Chaenoctis sterioides
Clibadium surinamensis
Dictyocarium sp
Euterpe edulis
Iriartea deltoidea
Mauritia flexuosa
Mauritiella armata
Puya roldanii
Sabal palmetto
Syagrus botryophora
Urera elata

22

40
40
40
40
40
40
40
40
38
40
40
40
40
40
38
40
40
39
33
22
45
29
29
29
28
32
17
13
35
33

Table 3.2: Our pollen data set of SEM images
Type

number of samples

Alismataceae Sagittaria latifolia
Amaranthaceae Alternanthera flilifolia
Amaranthaceae Chenopodium
Apiaceae Apium elatum
Asteraceae Scalesia helleri
Bignoniaceae Clytostoma binatum
Burseraceae Bursera simaruba
Calophyllaceae Vismia cayennensis
Cannabaceae Celtis Rhamnifolia
Caprifoliaceae Viburnum obovatum
Euphorbiaceae Euphorbia colletioides
Euphorbiaceae Manihot leptophylla
Fabaceae Cassia bicapsularis
Fabaceae Pterocarpus hayesii
Fabaceae Trifolium repens
Fagaceae Quercus virginiana
Malvaceae Ceiba acuminata
Malvaceae Triumfetta lappula
Meliaceae Melia azedarach
Oleaceae Forestiera cartagenesis
Oleaceae Fraxinus berlandieriana
Oxalidaceae Oxalis violacea
Pinaceae Pinus palustrus
Polygonaceae Rumex obtusifolius
Rosaceae Geum peruvianum
Rosaceae Hesperomeles cuneata
Rubiaceae Cosmibuena macrocarpa
Sapindaceae Galapageium cardiospermum
Verbenaceae Rehdera trinervis
Vitaceae Vitis rotundifolia
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40
40
40
40
40
40
40
40
40
40
40
16
40
40
40
40
40
40
40
40
40
40
40
40
40
40
25
40
40
40

3.2

Method

We propose a multi-layer hierarchical classifier to classify pollen grains. Recognition is done in two phases of classification. The first phase pre-classifies
pollen into subgroups using texture features. The second phase decomposes
the pollen images into multiple layers of regions using segmentation. Finally,
features are extracted from each layer to classify pollen species individually
within each subgroup.

3.2.1

Feature extraction

Our method’s two-stage recognition process aims at decreasing the confusion
caused by trying to classify a large dataset directly. The first stage divides the
dataset into two subgroups using texture classification. The Leung-Malik filter
bank [103] is used to describe the visual texture of the pollen grains. This filter
bank has 48 filters which are divided into two groups: 36 oriented filters and
12 circular filters. The oriented filters are created at 6 orientations, 3 scales,
and 2 phases. These filters are created from the first and second derivative
of Gaussians. The circular are 8 Laplacian of Gaussian (LOG) filters and 4
Gaussians. Figure 3.3 shows the filter bank.
The pollen’s surface contains descriptive features, including the symmetric
placement of blob-shaped regions and elongated shapes, that can appear at
various scales and orientations. We want to represent the variation in surface
appearance across all images of pollen grains. We represent the visual tex24

Figure 3.3: Leung-Malik filter bank. Bank contains 48 filters that includes
two group of filters, 36 elongated (oriented) filters and 12 isotropic filters.
The oriented filters are created at 6 orientations, 3 scales, and 2 phases.
ture in these images in terms of the responses of a bank of multi-scale and
multi-orientation filters. Each image is convolved with the filters in the bank.
For example, a pixel belonging to a thin-elongated feature will produce strong
responses from filters matching the feature’s shape, scale, and orientation. On
the other hand, a pixel located at a blob-shaped feature will produce strong
responses from center-surround filters (i.e., isotropic filters).
Let F = (f1 , . . . , Nf ) be a filter bank containing Nf filters of different orientations and shapes. Image Si is then represented by a feature vector r =
(r1 , r2 , . . . , rNf )T describing local texture appearance in terms of filter responses.
The components in r are obtained by convolving filter bank F with image S as
follows:

rj = fj ∗ S,

j = 1, . . . , Nf .

(3.1)

where the symbol ∗ denotes the convolution operation. Thus, pollen images
are convolved with the filter bank to produce 48 responses for each image.
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Then, a local binary pattern histogram [81] is extracted for each response map
to build a feature vector for each pollen grain sample. Local binary pattern
is very effective descriptor to capture the texture information of the pollen
grains. The basic principles of the local binary pattern histogram were proposed
by Ojala et al. [79]. Due to the effectiveness of the local binary pattern
characteristics, such as discriminative power and computational simplicity, it has
been used widely for texture recognition and various applications [117, 71, 109].
The local binary pattern operator transforms the image pixels to binary labels
based on the difference between the center pixel and its neighbors. It is a two
dimensional procedure to capture the statistics of the local spatial information
in small blocks of images. Blocks of pixels are processed by applying a threshold
operation to transform the pixel to labels according to the value of the center
pixel. The value code of a pixel using the local binary pattern is given by the
following [80]:

LBP (xc , yc ) =

P −1
X

s(gp − gc )2p ,

s(x) =

p=0




0,

if x ≥ 1;



1,

otherwise.

(3.2)

where P is number of pixels in the block. Figure 3.4 illustrates an example of
calculating LBP code for 3× 3 pixels block.
Figure 3.5 shows the block diagram of the feature extraction in the first stage.
After creating the features vectors using texture information, we train a classifier using images of pollen-grain subgroups. Using hierarchical clustering and
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Figure 3.4: 3× 3 pixels block of LBP code computation

SVM algorithms, we divide the pollen grains into two groups. We will explain
in section 3.2.3 how the selection of these groups is performed.
After that, the individual pollen-grain types are classified within each subgroup.
Prior to this individual classification, the quality of the pollen images is enhanced
using histogram equalization, which increases the contrast of image intensities
[1].
Then, we cluster the pollen image into multiple layers of regions. Here, we
use a modified version of the K-means algorithm. To keep layers of regions of
similar pollen consistent, we sort the resulting clusters based on the gray-level
intensity of their means. The final set of regions is given by:

R = {L1 , L2 , . . . , Ld }

(3.3)

where d is the number of layers and L represents an individual layer of a pollengrain image, with Li = {ci , Vi }. Here, ci is the cluster center of the i-th
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Figure 3.5: block diagram of features extraction in the first stage. Each pollen
grain is Convoluted by the filter bank to create 48 responses and then a local
binary pattern histogram is extracted for each response map to construct a
feature vector.

layer, and Vi are the pixels inside cluster i . We re-order set R according to
the intensity of the cluster centers. This sorting process helps keep the order
of the layers consistent, from darker to lighter regions. Feature extraction
is done on each layer individually to create a feature vector for the pollen
image. We use various features to represent the pollen grain sample. Local
binary pattern histogram and fractal dimension are used to describe each layer.
In addition, gray level and histogram statistics are extracted and combined
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to create features. We calculate the fractal dimension of decomposed images
using the Hausdorff algorithm [24]. Here, the fractal analysis is used to measure
the shape complexity and the geometrical boundary of the layers. Figure 3.6
shows a diagram of the feature extraction used in the second stage.
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Figure 3.6: The block diagram of features extraction method in the second
stage. First, histogram equalization is used to to enhance the contrast of the
image and then clustering process is performed to decompose the pollen grain
into layers. Finally, we extract a feature vector from each layer.

Figure 3.7 shows the decomposition results of some samples from our dataset.
However, clustering the pollen grain images using just the intensity is not sufficient to capture the spatial information. Thus, we improve the decomposition
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process by combining spatial information and the intensity together to perform
the clustering process. Polar mapping is used to capture the spatial information of the pollen grain by converting the Cartesian coordinates to the polar
coordinates. This transformation flattens the near-circular pollen region into
a rectangular shape. Figure 3.8 shows an example of the polar mapping of
the pollen grain image after the transformation. Here, each segmented pollen
is represented by a distance-angle map (r, θ), where r is the distance from
boundary pixels to the grain’s estimated centroid, and θ is the angle of vector
r . After the polar coordinates of all pixels are computed, we concatenate the
intensity and the polar information to create vector v = (r, θ, i ). Then, we
repeat the clustering process to decompose the pollen grain image to multiple
layer regions. In this case, each layer is represented by the following:

Li = {cr , cθ , ci , Vr,θ,i }

(3.4)

where Vr,θ,i contains pixels and polar information of each layer. To keep the
consistency of the layers order, we reorder the pollen grain layers according to
the radius center of each layer cr . Sorting process based on radius keeps the
layer’s order consistence from outer layers to inner layers. Finally, we remap
the polar information to get the original geometry of each layer by determining
the Cartesian coordinates. Figure 3.9 shows the results of the decomposition
of some samples after leveraging the polar information.
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Figure 3.7: the decomposition results of some pollen grain samples of four
different types. a) original image, b-e) the resulted layers of the decomposition
algorithm.

3.2.2

The Classification

In this section, we describe the adopted classification algorithms to discriminate the pollen grain. Two types of classification techniques are used: single
multi-class classifier approach, and ensemble of muti-class classifiers approach.
The initial results are implemented using SVM as a single multi-class classifier.
Then, an ensemble-classifier technique is also implemented in this work.
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Figure 3.8: Polar mapping transformation. a)original image, b) transformed
image

Support Vector Machine.

The strong mathematical foundation of the sup-

port vector machine is the main reason why it is a significant and powerful
tool for the classification [23]. To define the classification problem, suppose
we have a training data D, where the given data is a set of n samples of the
following form:

D = {(xi , yi )|xi ∈ Rp , yi ∈ {1, −1}} ,

(3.5)

where x is training samples, y is the class label of the training data, and p is the
dimension of the samples. SVM determines hyperplane (or set of hyperplanes
in high-dimensional space) which can be used to classify the input data into
two categories. This hyperplane can be defined as the following:

F (xi ) = w T xi + b,
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(3.6)
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e

Figure 3.9: the decomposition results of some pollen grain samples of four
different types with polar information. a) original image, b-e) the resulted
layers of the decomposition algorithm.

where w and b are the parameters of the hyperplane, which is determined by
finding the most nearest samples (the confused patterns) to that hyperplane.
These samples are known as support vectors, and the distance among them is
called the margin distance. The solution of such a problem is a classical optimization problem to find the hyperplane which maximizes the margin between
the two classes [49].
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The SVM solution that mentioned above is applicable for binary classification
problems only. In our case, we have 30 classes of pollen grains, Therefore, we
adopted the Error-correcting output codes (ECOC) technique to extend the
classification from binary class problem to multiple class-problem [34]. The
ECOC is a framework which implements multi-class classifier based on multiple
binary classifiers. The ECOC approach can be divided into two stages: the first
stage is the coding, and the second stage is the decoding. In the coding stage,
we adopt a one-versus-one technique to build the codeword for each class. The
number of binary classifiers that should be trained with K class is given by:

L = K(K − 1)/2.

(3.7)

In the decoding stage, we adopt a loss-based function to predict the class label
by minimizing the sum of the binary losses of the trained binary classifiers [36],
i.e.:

k̂ = argmin
k

L
X

|mkj |g(mkj , sj ),

(3.8)

j=1

where k̂ is the predicated label, mkj is the element of the coding matrix, sj is
the score of the trained binary classifier, and g is the binary loss function.

Ensemble of Classifiers.

The ensemble-of-classifiers approach is one of the

best solutions to increase the performance of the single-classifier approach.
Ensemble technique has been referred to in the literature with different names
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such, as mixtures of classifiers, committees of experts, and ensemble of learners
[65]. Researchers in the literature have proved that the prediction of ensemble approach is often more accurate than the single classifier technique [82].
The main idea of the ensemble method is a learning algorithm based on constructing a set of classifiers and then combining the prediction results of these
classifiers in some way [91]. Fusion methods for combining the results of the
learned classifiers include majority voting, weighted majority voting, and even
sometimes a separate classifier is learned to determine the final results [111].
Accuracy and diversity are necessary and required conditions in the ensembleof-classifiers technique to provide performance improvement [94]. The main intuition behind the performance improvement is the diversity or the randomness
of the combined classifiers. For example, if we ensemble of three classifiers f1,
f2, and f3. These classifiers should not be identical in their prediction results;
otherwise, no improvement can be gained [35]. The accuracy is dependent on
the classifiers that are used to construct the ensemble technique. On the other
hand, diversity can be achieved in many ways, such as manipulating the training
data and the features space [92]. In this work, we use the most popular ensemble techniques: Bagging, adaptive Boosting, Random forest, and stacking
technique. Next, we summarize these techniques.

Bagging (Bootstrap Aggregation).

This is the simplest method to achieve

diversity. Bagging or Bootstrap Aggregation is introduced by Breiman [12]. It
re-samples from the original data to generate multiple data to train the base
classifiers. Bootstrap re-sampling creates different copies of training data by
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randomly drawing a subset from the original data with replacement to achieve
the diversity [5]. Each subset of the training dataset is used to train a base
classifier. When a test pattern is applied to all classifiers, multiple predictions
are created, and then these predictions are combined to guess the final decision.

Adaptive Boosting.

This was first introduced by Freund and Schapire [40].

Adaptive Boosting transforms the training data by assigning different weights
to each training data subset. Multiple weak classifiers are learned using different distributed data. The samples that are misclassified using the first weak
classifier are given large weights to increase their opportunity to be more likely
re-sampled in the next classifier, while the correct classified samples are given
small weights [93]. Basically, the predictions of the weak learners are combined
to create a strong predictor which improves the performance over a single weak
learner.

Random forest.

In 2001, Breiman proposed the random-forest technique

[13]. It is based on a decision tree as a base classifier. The random-forest
technique achieves diversity in two ways. Similar to the bagging technique,
bootstrap is used to perform training data re-sampling. However, the main
difference is that random forest uses a random subset of the features. Random
selection of features is also called bagging of features [13]. Random forest
improves the performance using bagging of features by adding one extra layer
of randomness over the bagging technique.
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Stacking.

This is a framework to train different classifiers using the available

training data. Stacking achieves diversity by adopting different classification
algorithms instead of choosing a single predictor as a base classifier of the ensemble technique. It is a method to generalize the idea of ensemble classifiers.
The prediction randomness of different classification algorithms improves the
classification performance. In addition to the majority voting process, a separate learner predictor is trained to combine the output results of the trained
classifiers [110]. Figure 3.10 shows the schematic design of the aforementioned
classification techniques [114].
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Figure 3.10: The block diagram of the most popular ensemble classifiers:
a) Bagging technique b) Adaptive Boosting c) Random forest technique d)
Stacking technique.
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3.2.3

Group-Merging Technique

Two stages of classification are adopted in this work. The grouping procedure is
implemented by combining an agglomerative-clustering algorithm and the SVM
classification technique. The SVM algorithm is used to estimate the distance or
similarity of the pollen grain types, and the agglomerative-clustering algorithm
is used to merge and combine the similar types into one group. First, each
pollen-grain type is considered as one group. Then, we measure the similarity
among the groups to combine the two closest groups together. Using a greedy
approach, we re-measure the similarity of the new groups at each step to
merge the closest two groups until all similar types are merged together. This
technique is similar to that of hierarchical clustering [76]. However, we choose
the confusion matrix as a similarity distance. Algorithm 3.1 summarizes the
steps of the group-merging technique.
Algorithm 3.1: Subgroup categorization from texture features
1: Apply convolution process between pollen grain images and the filter
bank.
2: Create feature vectors by extracting a local binary pattern histogram
from each map response.
3: Define each pollen grain type as a subgroup.
4: Train SVM classifier to build texture classifier.
5: Compute confusion matrix to measure the similarity among the groups.
6: Check all the off-diagonal elements of the confusion matrix to find the
two closest subgroups.
7: Combine the closest two subgroups in a new subgroup.
8: Repeat steps 4,5,6, and 7 until all the off-diagonal elements of the
confusion matrix are zeros (i.e., there is no similarity among the merged
subgroups).
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By using the above grouping procedure, we can divide our pollen dataset into
two subgroups. The first group contains 13 pollen types and the second contains 17 types for LM dataset. On the other hand, the first group contains
9 pollen types and the second contains 21 types for SEM dataset. The major benefit of the grouping technique is revealed when we train the multi-class
classifier according to ECOC technique. Instead of training a 30-type classifier, which needs 435 binary classifiers (Equation 3), we train two types of
classifiers. Figure 3.11 shows the block diagram of the multi-layer hierarchical
classifier method.
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Figure 3.11: Block diagram of the proposed method. In the first stage a
texture classifier is used to pre-classify the pollen species into subgroups. In
the second stage a multiple layers features extraction method is used to give
the final predication.
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3.3

Experiments and Results

To test the proposed method, we divided our dataset into 75% for training
and 25% for testing. Then, we tried to determine the best value of number of
layers experimentally. To achieve that, we increased the number of layers gradually to decompose the pollen grain images. Then, we extracted features to
describe the pollen grain characteristics. Finally, we trained the support vector
machine to classify the pollen images and compute the classification rate. Figures 3.12 and 3.13 show the results of this experiment; we obtained the highest
classification rates at four and three layers for LM and SEM, respectively.
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Figure 3.12: Determining number of layers experimentally for LM dataset.
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Figure 3.13: Determining number of layers experimentally for SEM dataset.

We compared our method with the traditional approaches using our pollen
dataset. These approaches are based on pre-processing the pollen grain image
(i.e, enhancement and segmentation), feature extraction, and classification.
We used the following features:

1. Histogram features (mean and variance of histogram).
2. Gray level statistics (mean,variance, and entropy).
3. Geometrical features (area, perimeter, compactness, roundness, and aspect ratio based on minor and major axises).
4. Fractal dimension.
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5. Gray level co-occurrence matrix (GLCM).
6. Moments invariants.
7. Gabor features.
8. Histograms of Oriented Gradient (HOG) descriptors.
9. Local binary pattern histogram.

Additionally, we compared our method with two approaches in the literature
that combined multiple features: Marcos’s method [73] and Silva’s work [25].
Marcos combined gray-level co-occurrence matrix, Gabor features, local binary
patterns, and discrete moments. Silva decomposed pollen grains into four
layers using wavelets and then computed a gray-level co-occurrence matrix to
create features vectors. Tables 3.3 and 3.4 show the classification rates of this
comparison for LM and SEM dataset.
Table 3.3: Classification rates for LM dataset
Method

Classification Rate

Histogram features,Gray level statistics
Geometrical features,fractal dimension
Gray level co-occurrence matrix
Moments invariants
Gabor features
HOG
LBP
Silva’s Method
Marcos’s Method
Histogram,Gray level statistics,fractal dimension,LBP
Our proposed Method (using one stage)
Our proposed Method (using one stage with polar information)
Our proposed Method (using two stages)
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70.97%
71.97%
51.34%
44.59%
67.36%
62.34%
77.07%
67.36%
78.92%
80.19%
86.94%
88.78%
94.69%

Table 3.4: Classification rates for SEM dataset
Method

Classification Rate

Histogram features,Gray level statistics
Geometrical features,fractal dimension
Gray level co-occurrence matrix
Moments invariants
Gabor features
HOG
LBP
Silva’s Method
Marcos’s Method
Histogram,Gray level statistics,fractal dimension,LBP
Our proposed Method (using one stage)
Our proposed Method (using one stage with polar information)
Our proposed Method (using two stages)

61.20%
60.59%
48.24%
42.63%
60.12%
50.29%
71.49%
59.55%
74.96%
78.11%
81.12%
85.41%
87.98%

In order to emphasize the novelty of this work, we repeated the classification
without the decomposition technique, and also we performed the classification
without adding the pre-classification stage. The improved classification rates
obtained by our method are shown in Tables 3.3 and 3.4. First, we adopted the
layering technique, and as a result of this, we increased the classification rate,
even with using same features. Second, we added another stage to perform an
initial classification by separating the pollen types into two groups. Performing
initial classification based on two stages increased the classification rate over
the direct classification.
To try to increase classification rates and analyze the suitability of the classification algorithms, we repeated the training part using different classification
techniques. In addition to the support vector machine, the random forest classifier was used to classify the pollen grain. Bagging and adaptive boosting
were used to train multiple classifiers of the same type. Finally, stacking was
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implemented to train different classifiers, such as Support Vector Machine, Knearest neighbors, linear discriminate, Neural Network, and Decision Tree. The
majority voting was adopted to classify the test samples in the testing phase.
Tables 3.5 and 3.5 show the classification rate using these classifiers.
Table 3.5: Classification rate using different classifiers for LM dataset
Classification algorithm

Classification Rate

Support Vector Machine
Adaptive boosting
Bagging of Decision Tree
Random Forest
Bagging of SVM
Stacking of SVM, KNN, LDA, DT, and ANN

94.69%
74.11%
93.48%
93.95%
94.78%
95.43%

Table 3.6: Classification rate using different classifiers for SEM dataset
Classification algorithm

Classification Rate

Support Vector Machine
adaptive boosting
Bagging of Decision Tree
Random Forest
Bagging of SVM
Stacking of SVM,KNN,LDA,DT, and ANN

87.98%
68.35%
86.91%
87.05%
87.74%
88.84%

To show that our method is an improvement over traditional approaches, we
compared the multi-layer hierarchical technique with a feature-combination
method that used histogram, gray-level statistics, fractal dimension, and LBP
as features. This method achieved 80.19% and 78.11% classification rates for
LM and SEM dataset, respectively. After we applied a significance test, the
P-values were 7.84 ×10−7 and 1.19 ×10−4 for both LM and SEM respectively,
which means the null hypothesis can be rejected. Additional classification met45

rics are shown in Table 3.7 and Table 3.8 including average of precision, recall,
sensitivity, specificity, and F-score [97]. Figures 3.14 and 3.15 illustrate the
recognition rate of individual species for both the proposed method and one
using features combination. Figures 3.16 and 3.17 show the confusion matrix
of LM and SEM datasets.
Table 3.7: Evaluation Measurements for LM dataset
Method

Precision

Recall

sensitivity

specificity

F score

Features combination
Our Method (one stage)
Our Method (one stage with polar information)
Our Method (two stages)
Our Method (two stages with Ensemble of classifiers)

81.16%
88.40%
89.70%
95.86%
96.56%

79.68%
86.95%
88.03%
94.17%
95.13%

79.68%
86.95%
88.03%
94.17%
95.13%

99.31%
99.56%
99.59%
99.81%
99.84%

79.31%
87.54%
88.41%
94.71%
95.58%

Table 3.8: Evaluation Measurements for SEM dataset
Method

Precision

Recall

sensitivity

specificity

F score

Features combination
Our Method(one stage)
Our Method(one stage with polar information)
Our Method(two stages)
Our Method(two stages with Ensemble of classifiers)

81.03%
83.62%
87.03%
89.48%
89.94%

77.83%
80.75%
84.92%
87.67%
88.50%

77.83%
80.75%
84.92%
87.67%
88.50%

99.24%
99.35%
99.50%
99.59%
99.62%

78.30%
81.42%
85.49%
88.14%
88.87%

3.4

Conclusion and Future Work

We proposed a method to identify pollen grains in images. Our method uses a
two-stage classification approach. In the first stage, the method pre-classifies
pollen species into two broad groups based on texture appearance. This preclassification stage converts the large classification problem into two simpler
sub-problems.
In the second stage, the method classifies pollen using a decomposition technique that creates multiple layers for each sample. A set of features was used
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Figure 3.14: Recognition rate for each pollen type for LM dataset.
to describe each layer to create a features vector that represents pollen grain
images. While layer decomposition increases the dimensionality of the representation, it appears to better capture the visual complexity of pollen grains.
Experimental results showed that our method has a superior performance over
the traditional techniques. For future work, we plan to use different layerdecomposition techniques and add classification stages to create more subgroups.
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Figure 3.15: Recognition rate for each pollen type for SEM dataset.
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Figure 3.16: Confusion matrix of LM dataset.
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Figure 3.17: Confusion matrix of SEM dataset.

Chapter 4
Pollen Grain Recognition Using
Deep Learning

4.1

Introduction

Deep learning is a new promising avenue in the artificial intelligence field. It is
mainly inspired by the human brain’s ability to extract complex representation
from the data and make decisions and analysis. Deep learning algorithms have
offered significant tools to achieve enormous successes in diverse applications of
computer vision [51, 67, 64], speech recognition [26, 27], and natural language
processing [9, 22].
In this chapter, we present a pollen-grain classification system that uses deep
learning to classify 30 pollen types of two image modalities: LM and SEM
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dataset (Figures 3.1 and 3.2). The system learns the discriminative features
automatically to recognize the pollen grain species.
While some degree of automation is currently available to classify the pollen
grains, automatic pollen identification remains an open problem. Current solutions train classifiers using pre-designed measurements of texture and contours;
combining theses features is used widely to describe the pollen grain characteristics. While the combination of visual cues have shown good promise, It
is not optimal for all kinds of data, and it may not provide maximum discriminative power. Additionally, it requires a tuning process to determine the best
combination that gives maximum performance. An alternative approach to using pre-designed features is to try to learn optimal features from training data.
This approach can be implemented using convolutional neural networks (CNN),
a class of pattern-classification methods known as deep learning [77, 6]. Deep
learning has been shown to successfully solve challenging classification tasks
[64, 43].
We propose a pollen-recognition method that learns both features and classifier
simultaneously from training data. Our method uses deep learning for learning
the most distinguishing features by training a convolutional neural network.
To further enhance our network’s classification ability, we use transfer learning
to leverage knowledge from neural networks pre-trained on very large datasets
of images. Our method classified two image modalities dataset of 30 pollen
types, and achieved ≈90% and ≈94% classification rates for LM and SEM
datasets. These rates are among the highest obtained in this problem. The
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obtained results show superior performance over the traditional techniques that
use pre-designed features to present the visual information of the pollen grains.

4.2

Method

This work is partitioned into two phases. In the first phase, we trained convolutional neural network with random initialization of the network parameters;
in the second phase, we used transfer learning to initialize the parameters from
the pre-trained model.
Figure 4.1 shows the architecture of our convolutional neural network. Our
CNN has seven learned layers. The first six layers are convolutional layers,
and the final layer is a fully connected layer. The convolutional layers share
the same architecture, where each convolutional layer includes a filter unit, a
rectified unit (ReLUs), a pooling unit, and a local normalization unit. Network
configuration, such as network depth and filters’ size, determines computational
speed. Although increasing the depth and filters size of CNN improves the
recognition rate, it consumes more CPU and memory.
In our network, image resolution, network depth (i.e., number of layers), filters’ size for each individual layer, and the training window size (i.e., number of
images used in the training process of each step to update networks’ parameters) were determined experimentally by maximizing the classification rate and
using the available resources. For parameter initialization and learning rate, we
followed [64]. The input of the first layer is 274×274 (i.e., the input image)
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with 50 filters of size 19×19. After the response is normalized and pooled, the
second layer takes the output of the first layer and filters it with 75 filters of
size 11×11. The number of filters and their size in the rest of layers are: 100,
8×8; 250, 5×5; 500, 4×4; 2000, 4×4; 30, 1×1. Stochastic gradient descent
was used for the training process with window size of 25 images.
Output
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Feature maps
(50)256x256

Input layer
274x274

Feature maps
(75)118x118
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(100)52x52
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(250)22x22

Feature maps
(500)8x8
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4x4
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Pooling
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Pooling
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5x5

Pooling

Convolution
4x4

Pooling

Figure 4.1: Architecture of convolutional Neural Networks. CNN consists of
seven layers, the input of the first layer is 274×274 (i.e., the input image)
with 50 filters of size 19×19. After the response is normalized and pooled, the
second layer takes the output of the first layer and filter it with 75 filters of
size 11×11. The number of filters and their size of the rest of layers are: 100,
8×8, 250, 5×5, 500, 4×4, 2000, 4×4.

4.2.1

Training

The network has some 20 million parameters. Our dataset is relatively small
when compared to the number of learned parameters of the CNN. Training
directly to learn all these parameters using a small dataset may lead to overfitting. Therefore, a data-augmentation technique was used to artificially in-
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crease our dataset from 1,063 to 14,000 samples and from 1,161 to 15,000
samples for LM and SEM, respectively, by applying different transformations.
Additionally, drop-out layers were attached to the last two layers by a 0.5 factor
to reduce the over-fitting effect. Dropping out some units of a network during
the training process prevented excessive updating of the parameters. The dropout technique has been shown to reduce the over-fitting problem [98, 4]. Our
results showed that data augmentation increased the classification rate by 24%
and 27% for LM and SEM, respectively. A zero-mean Gaussian distribution was
used to initialize the weights in each layer. Biases were initialized with constant
values of 1, and the learning rate equaled 0.001. We trained our network using
the MatConvNet toolbox [104]. We trained our network for 60 epochs using
our dataset which took about three days to converge on a single machine with
core 7 processor and 16G of memory.

4.2.2

Transfer learning

In the second part of this work, we improved classification performance by
adopting transfer learning technique to leverage the learned knowledge from
previous models. Instead of training from the scratch, leveraging learned features from per-trained model has shown promising results over the random
features [115, 7, 83]. A different architecture is used to apply the transfer
learning where the input of the first layer is 294×294 (i.e., the input image)
with 50 filters of size 19×19. The number of filters from the second layer
is 48 filters of size 11×11. Figure 4.2 shows the architecture of the second
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network. The number of filters and their size for the rest of layers are: 100,
5×5; 250, 3×3; 256, 3×3; 2048, 6×6; 30, 1×1. The first two layers are
initialized from the previous model and the rest of the layers are initialized from
ImageNet model [18]. Basically, we select the size for the filter of these layers
to be matched with ImageNet model, but we decrease the number of the filters
because that model has a large number of parameters. We trained the CNN
again to perform fine-tune process to refine the parameters of the network.
Additionally, we increased our dataset from 1,063 to 25,000 samples and from
1,161 to 28,000 samples for LM and SEM, respectively, using data augmentation technique by applying different rotation and scale transformations.
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Figure 4.2: Architecture of the second CNN which consists of six layer, the
input of the first layer is 294×294 (i.e., the input image) with 50 filters of size
19×19. The number of filter of the second layer is 48 filters of size 11×11,
these layers were initialized from the previus model. The number of filters and
their size of the rest of layers are: 100, 5×5, 250, 3×3, 256, 3×3, 2048, 6×6,
these layers were initialized from ImageNet model.
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4.3

Experiments and Results

By using transfer learning, we increased the recognition rate to nearly 90% and
94% for LM and SEM datasets, respectively. Figure 6.2 shows the misclassification error and the objective energy of our convolutional network during
training for LM and SEM images. The error rate and the objective energy
of the network were computed at each epoch and visualized to monitor the
network’s convergence. Figure 6.4 shows the learned filters of the first layer of
our networks.
In the second part of this work, we started our CNN with learned features from
previous models, and then we trained the network to tune the parameters.
In this scnario, our CNN converged after 30 epochs. Figure 4.5 shows the
misclassification error and the objective energy of our convolutional network
through out the tuning process.
Similar to Chapter 3, we compared our results with the traditional approaches
that use the pre-designed features. The results of this comparison are shown
in Tables 4.1 and 4.2.
To prove statistically that our CNNs are significantly better than the traditional
approaches, we computed the P-value. Based on Tables 4.1 and 4.2, we
compared our result with the best method in the traditional techniques that
combined Histogram,Gray level statistics,fractal dimension, and LBP. The Pvalues were 2.56 ×10−4 and 9.76 ×10−6 for both LM and SEM, respectively,
which means the null hypothesis can be rejected. Additionally, we computed
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Figure 4.3: Error and objective energy of the training process. At each iteration, feed forward technique is used to compute the objective function of the
network, and the predictions of the training and testing samples to calculate
the error rate. (a) LM dataset (b) SEM dataset.
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(a)

(b)

Figure 4.4: Learned filter of the first layer of CNNs. Basic features such as
corners, edges, and blobs were learned. (a) LM dataset (b) SEM dataset.
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Figure 4.5: Error and objective energy of the tuning process. At each iteration, feed forward technique is used to compute the objective function of the
network, and the predictions of the training and testing samples to calculate
the error rate. (a) LM dataset (b) SEM dataset.
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Table 4.1: Classification rates for LM dataset
Method

Classification Rate

Histogram features,Gray level statistics
Geometrical features,fractal dimension
Gray level co-occurrence matrix
Moments invariants
Gabor features
HOG
LBP
Silva’s Method
Marcos’s Method
Histogram,Gray level statistics,fractal dimension,LBP
CNN
CNN (with transfer learning)

70.97%
71.97%
51.34%
44.59%
67.36%
62.34%
77.07%
67.36%
78.92%
80.19%
84.47%
89.95%

the average of precision, recall, sensitivity, specificity, and F score in Tables
4.3. Figures 4.6 and 4.7 show the recognition rate of each species for both
LM and SEM datset. Figures 4.8 and 4.9 show the confusion matrix of LM
and SEM dataset.

4.4

Conclusion and Future Work

In this chapter, we proposed an approach to identify 30 types of pollen grain
of two image modalities: LM images, and SEM images. The approach is
implemented using a convolutional neural network. We trained a convolutional
neural network to learn discriminating features such as, corners, blobs, and
edges. The sets of the learned features automatically are used to classify the
pollen grain images. Data augmentation and a drop-out techniques were used
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Table 4.2: Classification rates for SEM dataset
Method

Classification Rate

Histogram features,Gray level statistics
Geometrical features,fractal dimension
Gray level co-occurrence matrix
Moments invariants
Gabor features
HOG
LBP
Silva’s Method
Marcos’s Method
Histogram,Gray level statistics,fractal dimension,LBP
CNN
CNN (with transfer learning)

61.20%
60.59%
48.24%
42.63%
60.12%
50.29%
71.49%
59.55%
74.96%
78.11%
90.56%
93.99%

Table 4.3: Evaluation Measurements of LM dataset
Method

Precision

Recall

sensitivity

specificity

F score

Features combination
CNN
CNN (with transfer learning)

81.16%
85.15%
92.04%

79.68%
84.28%
90.26%

79.68%
84.28%
90.26%

99.31%
99.48%
99.65%

79.31%
83.82%
89.13%

to reduce over-fitting. Moreover, we adopted a transfer-learning technique to
leverage learned features to improve classification rates.
Experimental results showed that extracting features automatically using CNN
has superior performance over the traditional techniques. Even though our
approach offers promising classification rate, the training time of the convolutional neural networks becomes an issue, especially when it runs on standard
PCs. Increased processing speed can be achieved using parallel processing and
GPU architectures.
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Table 4.4: Evaluation Measurements of SEM dataset
Method

Precision

Recall

sensitivity

specificity

F score

Features combination
CNN
CNN (with transfer learning)

81.03%
93.12%
95.00%

77.83%
90.45%
93.92%

77.83%
90.45%
93.92%

99.24%
99.70%
99.79%

78.30%
91.17%
94.05%
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Figure 4.6: Recognition rate for each species of LM dataset
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Figure 4.7: Recognition rate for each species of SEM dataset
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65
Figure 4.8: Confusion matrix of LM dataset.
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Figure 4.9: Confusion matrix of SEM dataset.

Chapter 5
Pollen Grain Recognition Using
Multifocal Image Sequences

5.1

Introduction

Recognizing a pollen grain, whether manually or automatically, requires placing
the pollen grain sample on a slide under a microscope. However, the grain can
land in a number of ways when it settles on the slide, which causes parts of the
grain to be hidden from the viewer. Hence, not all features of the pollen are
visible all the time. Even when grain position is not a problem(e.g., spherical
grains), we must adjust the correct focal plane to see different level of features.
Thus, palynologists examine pollen grains at various focal lengths to observe
the distinguishing visual characteristics of pollen.
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To automate the recognition process and capture the pollen’s features, we can
use sequence of multifocal images. The stacking of images of multifocal planes
has been proposed as a mean to recognize pollen grains [19, 87, 66]. However,
the use of stacked multi-focal images is still under-exploited in pollen-grain
recognition systems. Especially, previous methods concatenated sequences of
features without considering the multifocal images as an actual sequence. Additionally, current methods rely on designed features that describe mostly texture and contours. However, these types of features may not be optimal or
sufficiently distinctive.
In this chapter, we present a novel method to recognize pollen species using a
multifocal image sequence. Unlike the traditional techniques that concatenated
descriptive features and classified blindly, our method uses a sequence alignment
technique to classify a pollen sequence as a series data. We evaluate the
proposed method using ten types of pollen grains of 392 sequences from ten
focal-planes for each sample. Figure 5.1 shows one sample sequence from each
pollen type in our dataset.
We propose a method to classify pollen grains based on multifocal image sequences. First, we process the entire z-stack volume of the mutifocal sequence
using low rank and sparse decomposition to enhance the visual information
related to changes on the pollen’s surface across multiple focal planes. The
inter focal-plane variations will be contained in the sparse component of the
z-stack. We take this sparse volume and extract features from each one of
its planes. Our feature-extraction method further decomposes each slice of
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Bignoniaceae
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Figure 5.1: One sample sequence from each pollen type of our dataset. The
dataset consists of 392 sequences, each sequence is ten images, of 10 pollen
types provided by the our Paleoecology Laboratory. Each row represents one
species, the species, from top row to the bottom.
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the sparse volume into multiple concentric regions by clustering the gray-level
intensity and their associated polar coordinates. Shape and texture features
are then extracted from each layer to present the visual information for each
individual slice. Finally, pollen recognition is performed using Longest Common
Sub sequence (LCSS) matching of the multifocal appearance descriptors and
nearest-neighbor classifier. LCSS matches the multifocal appearance descriptors to measure the similarity distance between two pairs of sequences. Then,
nearest-neighbor classifier is used to estimate the final predication based on
the distance measurement.
We tested the effectiveness of the proposed method using two experiments.
First, we used leave one out classification technique. Then, we divided our
dataset into 75% for training and 25% for testing to compare our results with
related methods in the literature. The proposed method achieved a 99.23%
recognition rate, using leave one out sample technique. The finding shows that
our method has superior results compared to the traditional techniques that
concatenated features from acquired images at different levels of focal-plane.

5.2

Method

We propose a multifocal volume matching method to classify pollen grains using
image sequences of light microscopy images. Our method starts to process the
entire z-stack volume of the pollen grain sequence using low rank and sparse decomposition. We decompose the multifocal volume using low rank and sparse
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matrix decomposition to create low rank and sparse volume. Then, the sparse
volume is used to describe the visual information of pollen grain characteristics.
Instead of performing features extraction directly, we process each focal image
inside the sparse volume to create multiple layers to present the visual appearance of the pollen. Finally, we classify the pollen grain species using matching
sequence alignment method which considers the multifocal volume as a data
sequence. Matching sequence algorithm takes the appearance model of the
entire volume for two pairs of pollen grains and computes similarity measurement between them. The final predication is performed using nearest classifier
based on the distance measurement. Figure 5.2 shows a block diagram of the
proposed method.

5.2.1

Low rank and sparse decomposition

Recently, low rank and sparse decomposition technique has been used widely
in data modeling and analysis. This analysis has become an efficient tool in
diverse applications, such as communication [75], medical imaging [84], video
surveillance, face recognition, and latent semantic indexing [14]. The analysis
is based on decomposing a data matrix into two components: low rank component and sparse competent. Assuming that the data matrix A ∈ Rm×n is
composed from two unknown components. These components are low rank
matrix L ∈ Rm×n and sparse matrix S ∈ Rm×n [17].
Due to the wide range of applications that need this analysis, many algorithms have been proposed to solve these problems, such as robust principal
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Low rank and
sparse
decomposition

Multifocal image sequence

Sparse pollen volume

Multiple layers
features extraction
Longest Common Sub-Sequence
Algorithm (LCSS)

Classification using sequence-alignment

Figure 5.2: Overview of the proposed method. A multifocal image sequence
(Asteraceae pollen shown as an example) is given as input. The whole sequence
images is processed using low rank and sparse matrix decomposition to create
a sparse volume. Then, Each pollen focal plane inside the sparse volume is
represented by multiple features extraction to create a sequence of appearance
models. Finally, the sequence of appearance-model which represents the pollen
is matched to the ones in a database using the sequence-matching alignment
algorithm.
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component analysis(RPCA) [29, 14], matrix completion(CR) [15], subspace
tracking(ST) [48], and low rank recovery(LRR) [38]. In general, these methods solve the problem using optimization analysis to find the lowest rank matrix
from the data matrix and assume A matrix can be decomposed as:

A=L+S

(5.1)

As mentioned before, low rank and sparse decomposition has been used widely
to process a series data such as video. This motivates us to use that technique
to process the frames of pollen grain samples. We use low rank and sparse
analysis to process the whole multifocal sequence to find regions of interest
and decompose the entire volume to stationary and non stationary pixels. We
assume that the change in focus of the whole volume occurs inside the pollen’s
surface. On the other hand, the information of the background and any noise is
a static inside the multifocal sequence. We use LRS library [96] to decompose
the entire volume using robust principal component analysis(RPCA) [112]. The
classical solution to find the lowest rank matrix is done using PCA technique
[41]. PCA approximates the high dimensional space of the data matrix using
the singular value decomposition. However, PCA analysis is applicable when
the sparse components have small magnitude [118].
Robust PCA is an extension form of Principal component analysis to search for
the lowest rank matrix in the data matrix for arbitrary magnitude of the sparse
component. The decomposing analysis RPCA is solved as an optimization

73

problem to minimize the low rank matrix which is created from the data matrix
A. Lagrangian formula is given by the following equation:

min r ank(L) + λkSk0
L,S

subject to L + S = A,

(5.2)

Unfortunately, the above formula is not tractable, and there is no solution that
can find the lowest rank matrix because it is a non convex optimization problem.
To find a tractable solution for equation 5.2, a relaxation formula was suggested
by [112] to replace λ0 − nor m with λ1 − nor m and computing the nuclear of L
instead of the rank. These relaxation conditions transform the above formula
from a non convex optimization problem to a convex optimization problem, as
shown the following equation:

min kLk∗ + λkSk1
L,S

subject to L + S = A,

(5.3)

where A is the observed data matrix A ∈ Rm×n and n is the number of slices of
each sequence, and the m is individual frames which are stacked as columns,
and λ is a parameter that controls the trade-off between sparsity and the rank.
Figures 5.3 and 5.4 show an example of this decomposition of two different
species of the pollen grains.
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Low (a)
Rank (L)

(b) (S)
Sparse

(c)

Figure 5.3: An example of sequence decomposing of Apiaceae species into
sparse and low rank using RPCA. (a) The original sequence (b) Low rank
sequence (c) Sparse sequence.
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Low (a)
Rank (L)

(b)

Sparse (S)

(c)

Figure 5.4: An example of sequence decomposing of Bignoniaceae species
into sparse and low rank using RPCA. (a) The original sequence (b) Low rank
sequence (c) Sparse sequence.
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As shown in figures 5.3 and 5.4, low rank and sparse analysis examines the
whole sequence of a pollen grain to separate pixels into two components by analyzing the changes across the entire volume. Low rank component summarizes
all frames of a sequence by one sample(5.3.b and 5.4.b). Basically, it compresses the entire volume to a single focused plane that describes the shape
and texture of the whole sequence. On the other hand, sparse component
emphasizes the gray level changes across the entire volume and enhances the
region of interest in the pollen grain surface. Even though the low-rank component extracts general information that describes the whole sequence using a
single image, the sparse volume is more beneficial to perform the recognition
of multifocal sequence images because it describes the changes across the sequence. Hence, we use the sparse component to describe the characteristics
of the pollen sequence samples.
Prior to performing features extraction, we prepossess all sequences, using
low rank and sparse matrix decomposition technique. First, we convert all
sequences to gray level. Then, we stack all frames of each sequence to perform
RPCA to decompose the entire volume to rank and sparse components. After
we have the sparse volume of the pollen grain sequence at hand, we extract
features using Multiple layers features extraction method from each individual
focal plane.
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5.2.2

Multiple layers features extraction

To create an appearance model for each pollen grain sequence, we use a similar
technique that used in Chapter 3, except that we repeat the extraction process
on each individual slice. First, we normalize each frame using histogram equalization. Then, we decompose each frame into multiple layers using clustering,
where each cluster represents a layer of pollen grain regions.
We combine spatial information and the intensity together to perform the clustering process. Polar mapping is performed to capture the spatial information
of the pollen grain by converting the Cartesian coordinates to the polar coordinates. After the polar coordinates of all pixels are computed, we concatenate
the intensity and the polar information to create vector. Then, we perform
the clustering process to decompose the pollen grain image to multiple layer
regions. Figure 5.5 shows an example of performing features extraction on the
sixth slice of Osmanthus species.
As shown in Figure 5.5, feature extraction process is performed on each individual layer. We extract shape and texture features to describe the pollen
grain sequences. These features include local binary pattern histogram, fractal
dimension, gray level statistics, and histogram statistics.

5.2.3

Recognition using sequence matching

Instead of performing the traditional classification, we use a sequence alignment method to perform sequence matching to measure similarity between
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Figure 5.5: The block diagram of features extraction method of sixth slice
of Osmanthus type. First, histogram equalization is used to to enhance the
contrast of the image and then we apply a polar mapping to capture spatial
information. After that, a clustering process is performed to decompose the
pollen grain into layers. Finally, we remap the polar coordinates to get the
original geometry of the layers and extract a feature vector from each layer.
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two sequences. Recognizing patterns using this scheme considers the sequence
of multifocal pollen images rather than classifying the concatenated features
blindly. A series data is becoming very popular in real world applications. Recently, measuring the similarity of two pairs of sequences has become a key
solution to diverse applications, such as speech recognition, gene expression
matching, biological object recognition [58], and human motion and action
classification [8]. Longest Common Sub sequence (LCSS) [107] and Dynamic
Time Warping (DTW) [62] are the most popular techniques that are used to
measure similarity of two sequences. However, Dynamic Time Warping is characterized by excessive matching that may distort the actual distances between
two sequences. Additionally, the Longest Common Sub sequence measurement
is more robust in the presence of noise [108]. Hence, we use the Longest Common Sub sequence (LCSS) matching scheme introduced in [106] to compute
a similarity measurement.
We define a distance measure between two sequences. Let V = (v1 , . . . , vm )
and W = (w1 , . . . , wn ) represent two multifocal image sequences for two different pollen grains. The measure used in the LCSS scheme can be defined for
an integer δ and a real number 0 <  < 1 as follows:
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m,n
LCSSδ,
=




0 if m = 0 or n = 0













m−1,n−1

1 + LCSSδ,




if ||vm , wn || <  and |n − m| ≤ δ












m,n−1
m−1,n


, LCSSδ,
,
max LCSSδ,





 otherwise.

(5.4)

i,j
Here, LCSSδ,
= LCSSδ, ((v1 , . . . , vi ), (w1 , . . . , wj )), and ||. , .|| is the distance

between points vm and wn . The parameter  is the threshold on the maximum
distance between a pair of matched points, and δ controls the maximum number of consecutive points without a match. The similarity between the two
sequences is given by:

m,n
LCSSδ,
Dδ, (V, W ) = 1 −
.
min(m, n)

(5.5)

The distance between two focal slices as required by Equation 5.4 is defined
as:

||vi , wj || = χ2 (vi , wj ),
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(5.6)

where χ2 is the chi-square similarity. Given two sequences of pollen grains
V = (v1 , . . . , vm ) and W = (w1 , . . . , wn ), we compute the distance matrix
D ∈ Rm×n between them using equation 5.6. The distance matrix measures
the similarity between two pairs of pollen sequences. For example, if the two
multifocal sequence are similar, the distance matrix D has small (or very close
to zero) elements in the diagonal. The parameter  is determined by computing
the average of the distance matrix D. Then, LCSS uses the distance matrix
to find the maximum number of matches across the sequences. After that,
similarity measurement is computed using equation 5.5. The final classification
is done using of a nearest-neighbor classifier based on the LCSS score.
Pollen identification is achieved as follows. After we create multifocal visual
models for a set of known pollen grains. These models(templates) are stored
to be compared with unknown sequences for identification. Formally, given
templates {Vb1 , . . . , VbM }, the recognition of an unknown test sequence V is
done using the LCSS method and a nearest-neighbor classifier based on the
similarity measure produced by the LCSS algorithm. Algorithm 5.1 summarizes
the steps of our method.
Template sequences Vbi are obtained by performing the first four steps to a set
of known pollen types.
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Algorithm 5.1: Pollen classification using sequence alignment of multifocal images
1: Pre-process image sequence S using low rank and sparse decomposition.
2: Take the sparse volume to represent the model appearance of the pollen
sequence.
3: Perform features extraction on each individual focal plane image using
multiple layers features extraction method.
4: Create sequence representation using the extracted features
V = (v1 , . . . , vk ).
5: Obtain the match cost between V and templates Vbi using the
sequence-alignment method in Equation 5.4.
6: Compute the similarity distance using Equation 5.5.
7: Use a nearest-neighbor classifier to give a final prediction of V based on
the measurements similarity.

5.3

Results

We demonstrated the potential of our sequence-matching method for the identification of pollen on multifocal image sequences using two experiments. First,
we used a leave-one-out classification technique, then we divided our data set
into 75% as a training set and 25% as a testing set.
We started our experiments by applying a leave one out classification technique. We selected one sequence as a test sample and considered the rest of
our data as templates for the training process. Then, we classified the test
sample according to the training templates using a nearest-neighbor classifier
by measuring the distance similarity based on LCSS algorithm. In this case, we
achieved about a 99.23% recognition rate.
Then, we divided our data set into 75% as a training set and 25% as a testing
set to make a fair comparison with the traditional techniques that extracted
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Table 5.1: Classification rates
Classification (%)

Method
Histogram features,Gray level statistics
Geometrical features,fractal dimension
Gray level co-occurrence matrix
Moments invariants
Gabor features
HOG
LBP
Chica’s Method
Lagerstrom’s Method
Histogram, gray-level statistics, fractal dimension, LBP
Our proposed Method

81.92%
80.12%
73.44%
70.35%
76.04%
75.63%
84.73%
86.18%
83.96%
88.88%
98.66%

and concatenated features directly from each individual slice. We extracted the
following features: histogram features (i.e., mean and variance of histogram),
gray-level statistics (i.e., mean,variance, and entropy), geometrical features
(i.e., area, perimeter, compactness, roundness, and aspect ratio based on minor
and major axises), fractal dimension, gray level co-occurrence matrix (GLCM),
moments invariant, Gabor features, histograms of oriented gradient (HOG)
descriptors, and local binary pattern histogram (LBP). Then, a support vector
machine classifier was trained using these features. Additionally, we reproduced
the results of two works in the literature that used concatenated features from
multifocal planes: Chica’s Method [19] and Lagerstrom’s Method [66]. The
obtained results are shown in Table 6.1.
To show the superiority of our method over traditional approaches, we compared the proposed method with a feature-combination method that combined
histogram, gray-level statistics, fractal dimension, and LBP as features. This
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Figure 5.6: Confusion matrix of the proposed method

method achieved a 88.88% classification rate. After we applied a significance
test, the P-value was 9.76 ×10−4 which rejected the null hypothesis. Furthermore, we computed some classification metrics in Table 6.2, including average
of precision, recall, sensitivity, specificity, and F-score. Figure 5.6 shows the
confusion matrix of our method.
Table 5.2: Evaluation Measurements
Method

Precision

Recall

sensitivity

specificity

F score

Features combination
Our Method

89.77%
99.09%

89.07%
99.00%

89.07%
99.00%

98.75%
99.89%

88.98%
99.03%
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5.4

Conclusion and future work

We proposed a recognition algorithm to identify pollen grains using multifocal
sequences of images. The main novelty in our algorithm is twofold. First,
we decomposed the pollen slice to create multiple layer by clustering intensity
and polar information as an extra stage before performing features extraction.
We captured the visual information of each slice by combining shape and texture features from each layer to build the appearance model. Second, instead
of concatenating features form different focal-planes, we identified the pollen
samples using sequence alignment technique to consider the sequence’s effect
in our recognition process. Additionally, our method does not require any specific set up of a focal length, and thus it is applicable for other microscopic
objects based on multifocal sequences.
In the future work, we believe that we should work in two directions: 1) evaluate
the proposed method using a large number of species, 2) use the law rank
volume as prior knowledge to pre-classify types into sub groups.
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Chapter 6
Sequential Recognition of
Multifocal Image Pollen Grain
Sequences Based on Combining
CNN and RNN

6.1

Introduction

In the same direction of Chapter 4, we use deep learning methods to identify
multifocal image sequences. In this chapter, we propose a convolutional neural
network (CNN) and a Recurrent Neural Network (RNN) to recognize pollen
species using multifocal image sequences. Unlike traditional techniques that
use pre-designed features and concatenate them blindly, our method uses deep
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learning to obtain optimal features and classify a pollen multifocal stack as a
series data. We train a CNN to find descriptive features of pollen characteristics. We combine CNN with a RNN to perform the recognition of a pollen
multifocal stack. CNN is used to extract discriminative features and RNN is
used to classify sequential data.
We use deep-learning methods to find the best features to classify different
species of pollen grains. We train convolutional and recurrent neural networks
(CNN and RNN) to learn the optimal features and recognize a pollen grain
represented by a sequence of multifocal images acquired by an optical microscope. Additionally, we use a network that has been pre-trained on a large-scale
dataset to transfer this model’s knowledge to ours to improve its classification
and speed up its convergence. We evaluate our method using 392 stack sequences of 10 types of pollen grains with 10 images for each sequence (Figures
5.1). Our method achieves a remarkable classification rate of 100%.

6.2

Our Method

The idea underlying our method is to combine two different deep learning
networks (CNN and RNN) to perform the recognition. First, we use CNN to
learn and extract optimal features describing the visual characteristics of pollen
grains. Second, we use RNN to classify the multi-focal z-stack of the pollen as
sequential data. RNN is deep-learning network that classifies sequential data
[46]. RNN networks contain memory units to store the history of the previous
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inputs and allow cyclical connection [45]. These connections map the input
sequences to any output of the network, making RNN suitable for sequence
learning. RNN has shown promising results on speech recognition and naturallanguage processing. It has solved challenging problems such as generating
sequences and synthesizing handwriting [44].
Our method is divided into two parts. First, we train a customized CNN to extract the discriminative features. Then, we improve the recognition accuracy
by tuning a pre-trained model VGG16 [95]. Figure 6.1 shows the architecture of our networks. To train and tune any CNN, we need to re-structure
our dataset. Here, we transform each multifocal sequence from 3D space to
2D space. We partition our data into 75% of training and 25% for testing.
Our training dataset has 294 stack sequences and the testing dataset has 98
stack sequences. After re-structuring the dataset, the training dataset becomes
2,940 images and the testing dataset has 980 images.

6.2.1

Training a customized CNN

Our customized CNN is shown in Figure 6.1 (a), it has nine learned layers. The
first two layers are convolutional layers that are followed by two blocks of max
pooling and convolutional layers. All the convolutional layers have the same
architecture, where each convolutional layer includes a filters unit, a rectified
unit (ReLUs), and a local normalization unit. The last two layers are a fully
connected layer and a soft-max layer of 10 types. Network configuration (e.g.,
network depth and filters’ size) determines computational speed.
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Figure 6.1: The designed architectures a) Based on training a customized
CNN. b) Based on tuning VGG16.

In this design, network’s configurations were determined experimentally by maximizing the classification rate. These configurations include image resolution,
network depth (i.e., number of layers), filters’ size for each individual layer, and
the training window size (i.e., number of images used in the training process
of each step to update network’s parameters). For parameter initialization and
learning rate, we followed [64]. The input of the first layer is 224×224 (i.e.,
the input image) with 32 filters of size 17×17. The second layer takes the
output of the first layer and convolves it with 64 filters of size 11×11. The
number of filters and their size of the rest of layers are: 128, 9×9, 250, 5×5,
1024, 1×1, 10, 1×1. Stochastic gradient descent was used for the training
process with window size of 32 images.
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Our customized network has 108,644,625 parameters. Thus, our dataset is
small when compared to the size of the CNN. Using a small dataset to learn
all these parameters may lead to over fitting. To limit over fitting, we used
a data-augmentation technique to artificially increase our training data from
2,940 to 14,700 images by applying 5 different rotation transformations on each
image. Moreover, we added two drop-out layers to the network by a 0.5 factor.
A zero-mean Gaussian distribution was used to initialize the weights in each
layer. Biases were initialized with constant values of 1, and the learning rate
equaled 0.001. We trained our network for 30 epochs using 14,700 samples of
pollen grains on a single machine with core 7 a processor and 24GB of memory.
Two methods were used to classify multifocal sequences of the pollen samples.
First, we de-serialized the predicted labels from CNN and then we applied majority voting to estimate the final prediction. However, taking the majority voting
of 10 labels does not consider the multifocal images as sequential data. Therefore, we de-serialized the extracted features from the CNN to create sequence
of features (10×1024) that describe characteristics of the multifocal images.
Then, we trained a recurrent neural network (RNN) to classify sequence of features. The trained RNN has of 512 units of long-short-term memory (LSTM)
followed by a soft-max layer of 10 types. By using RNN to classify the pollen
z-stack as sequences, we improved the classification accuracy.
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6.2.2

Transfer learning

In the second part of this work, we improved the classification accuracy by
adopting transfer learning to leverage the learned knowledge from pre-trained
models. The idea of transfer learning is simple: instead of training from scratch,
we start from pre-learned models to leverage the learned features. Tuning pretrained models increases the recognition rate and improves the convergence
time of the training process.
There are many available models that have been trained on large scale data
such as VGG16, VGG19 [95], Xception [20], ResNet [50], and Inception [99].
We use VGG16 (Figure 6.1 (b)) because it has the smallest size among these
networks. VGG16 consists of five blocks, the first block has two convolutional
layers. The rest of the blocks have a max-pooling layer followed by convolutional
layers. Finally, the top part of VGG16 has two fully connected layers and a softmax layer of 1,000 types. We removed the final part of VGG16 and connected
to it a fully connected layer of 1×1024 followed by a soft-max layer of 10
types. We retrained the new architecture to fine tune the network parameters
using our training data of 14,700 images. Then, we performed the identification
process as a similar way as done in the first part of the this work. We performed
the majority voting or training RNN.
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6.3

Results

The use of RNN with the transfer learning by tuning VGG16 achieved recognition rate of 100%. Figures 6.2 and 6.3 show the accuracy and the loss of
our models during the training process of the CNN and the tuning of VGG16,
respectively. We computed the accuracy and the loss of our models at each
epoch and visualized them to track network’s convergence. The convergence
of the tuning process of VGG16 is much faster than training the CNN from the
scratch. For example, the accuracy shown in Figure 6.3 became nearly 98% in
the first two epochs. Figure 6.4 shows the learned filters of the first layer of
the CNN.
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Figure 6.2: Accuracy and the loss of the training. At each iteration, feed
forward is used to compute the accuracy of the network, and the loss of the
training.
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Figure 6.3: Accuracy and the loss of tuning process. At each iteration, feed
forward is used to compute the accuracy of the network, and the loss of the
training.
Similar to Chapter 3, 4, and 5, we compared the performance of our networks with traditional approaches that used pre-designed features. We also
reproduced the results of two works in the literature that used concatenated
features from multifocal planes: Chica’s Method [19] and Lagerstrom’s Method
[66]. The results of these comparisons are shown in Table 6.1.
To show statistically that our results are significantly better than traditional
approaches, we compared our method with the best method in Table 6.1 which
achieved a 88.88% classification rate. The P-value was 1.78 ×10−7 , which
rejected the null hypothesis. We also computed the average of precision, recall,
specificity, and F-score.

94

Table 6.1: Classification rates
Method

Classification Rate

Histogram features, Gray level statistics
Geometrical features, fractal dimension
Gray level co-occurrence matrix
Moments invariants
Gabor features
HOG
LBP
Chica’s Method
Lagerstrom’s Method
Histogram, gray-level statistics, fractal dimension, LBP
Customized CNN+Majority voting (Ours)
Customized CNN+RNN (Ours)
Transfer learning+Majority voting (Ours)
Transfer learning+RNN (Ours)

81.92%
80.12%
73.44%
70.35%
76.04%
75.63%
84.73%
86.18%
83.96%
88.88%
91.83%
95.91%
97.95%
100.00%

Table 6.2: Evaluation Measurements
Method

Precision

Recall

Features combination
Customized CNN+Majority voting
Customized CNN+RNN
Transfer learning+Majority voting
Transfer learning+RNN

89.77%
92.07%
96.42%
98.18%
100.00%

89.07%
91.69%
95.83%
97.14%
100.00%

6.4

Specificity

F-score

98.75%
88.98%
99.09%
91.58%
99.54%
95.64%
99.78%
97.33%
100.00% 100.00%

Conclusion and Future Work

In this chapter, we presented an approach to identify 10 types of pollen grains
using a sequence of multi-focal images. The approach used a combination
of two deep-learning networks: a convolutional neural network (CNN) and
a recurrent neural network (RNN). The CNN is used to learn discriminating
features such corners, blobs, and edges. Then, the set of the learned features
were aggregated to create a sequence of features to describe the stack of
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multi-focal images. After that, we trained a RNN network using the extracted
features to classify the pollen as a sequence. We adopted data augmentation
and drop-out layers to reduce the effect of over fitting during the training
process of the networks.
Additionally, we used the pre-trained model VGG16 to leverage learned features
to improve the classification rates (i.e., transfer learning). By adopting transfer
learning, we achieved a 100% classification rate. We compared our results
with traditional techniques that use pre-designed features. These techniques
were largely outperformed by our method. Although, Our approach achieved
classification rate of 100%, the training time of the CNN and RNN can be an
issue. Parallel processing and GPU architectures can be useful to speed up the
training time and overcome this issue.
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Figure 6.4: Learned filter(17×17×32) of the first layer of the customized
CNNs. Primitive features such as corners, edges, and blobs were learned.
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Chapter 7
Conclusions
In this dissertation, we have addressed a real world problem which has been used
in diverse applications. This problem is the automation process of pollen grain
recognition and classification. The identification of pollen grains is a datacollection task needed in many scientific and industrial applications, ranging
from climate research to petroleum exploration. Specifically, we proposed two
different methods based on a single focus plane image for pollen grains recognition using two types of image modalities: light microscopic images (LM)
dataset and scanning electron images (SEM) dataset. Additionally, we proposed two methods to identify the pollen grains using multiple focal image
sequences to represent a single pollen grain sample.
We proposed a novel method to recognize pollen images using two stages of
classifiers. In the first stage, we used texture features captured by Leung-Malik
filter bank to describe the visual appearance of the pollen grain surface. The
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responses of the filter bank contain blob shaped regions and elongated shapes
at various scales and orientations that describe the visual texture of the pollen
surface. Then, a local binary pattern histogram is extracted from the responses
map to build the appearance model. The visual appearance model of the pollen
surface is used to pre-classify the pollen grains into subgroups. In the second
stage, we decomposed the pollen grain image into multiple layers of segmented
regions using a clustering algorithm. Representing the pollen grain sample by
multiple regions improved the visual appearance model and increased the classification performance. The decomposition process is performed by clustering
polar coordinates and intensity pixels information to create multi-layers regions.
Then, we characterized each layer by extraction descriptive features to perform
the recognition. Extracting features for each layer individually improves the representation of the visual information. Finally, we evaluated the effectiveness
of the proposed method using two types of datasets of 30 species with more
than 1,000 samples of LM and SEM images. Furthermore, we used the same
datasets to compare the results with traditional techniques that perform the
recognition by extracting the discriminative features directly. The findings show
the proposed method’s classification rate is higher than those produced by classical techniques, and the multi-layer technique increases the classification rate
over the direct use of the same features.
Instead of using pre-designed features, we suggested a pollen-recognition method
that learns both features and classifier simultaneously from training data. Recognizing the pollen grains using the classical features may not provide maximum
discriminative power. Additionally, it needs a tuning process to find the best
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descriptive features. Thus, we used deep learning techniques for learning the
most distinguishing features by training a convolutional neural network. We
designed a CNN that contains seven learned layers to perform the recognition.
The first six layers are convolutional layers and the last one is a fully connected
layer. We repeated many experiments until we determined the best configurations of the learned network, such as image resolution, network depth, filter’s
size for each individual layer, and the training window size. We started the
training process using LM and SEM datasets by initializing the parameters of
the network randomly. We adopted two techniques to reduce the effect of the
over fitting problem. First, we used a data augmentation to increase our data
dataset artificially by applying different transformations. Second, we added two
drop-out layers to the last two layers of our CNN by a 0.5 factor. To further
enhance our network’s classification ability, we used transfer learning to leverage knowledge from the neural networks of pre-trained model on large scale
dataset of images. The idea of the transfer learning is starting the training
process by initializing the parameters from a learned model rather than initializing them randomly. We used the ImageNet model to initialize our CNN, then
we trained the network to perform a tuning process to shape the final values of
the parameters. We reproduced some results using the traditional techniques
that use pre-designed features to compare with our results. We also provided
additional metrics evaluation factors to compare with our CNN. All experimental results show the superiority of our CNN over the state-of-art pollen grains
recognition. However, the training time is a potential limitation, especially

100

when available resources are limited. We believe that we can overcome this
limitation by adopting parallel processing or GPU architectures.
Additionally, we presented a novel technique for pollen identification from sets
of multifocal image sequences obtained from optical microscopy. Here, each
pollen grain is represented by a multi-focal stack. Our method matches unknown stacks to pre-learned ones using the Longest-Common Sub-Sequence
(LCSS) algorithm. The matching process relies on the variations of visual texture and contour that occur along the image stack, which are captured by a
low-rank and sparse decomposition technique. We want to capture characteristic information of changes in visual appearance that occur on the grain’s
surface across multiple focal planes (i.e., z-stack). Our method commences by
processing the entire z-stack volume using a low-rank and sparse decomposition
to extract the visual changes across focal planes. These changes will appear in
the sparse component of the z-stack. From this sparse volume, we extracted
features from each one of its planes. Our feature-extraction method further
decomposed each slice of the sparse volume into multiple concentric regions by
clustering the gray-level intensity and their associated polar coordinates. Shape
and texture features are then extracted from each layer. These features are
used by a nearest-neighbor classifier that employed the Longest-Common SubSequence (LCSS) algorithm to match the multifocal appearance descriptors.
We tested our method on a dataset of 10 pollen types. The dataset has 392
z-stack sequences with 10 focal-planes for each sample. The proposed method
achieved a remarkable recognition rate of 99.23%.
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Finally, We proposed convolutional neural networks and recurrent neural networks (CNN and RNN) to learn and classify pollen grains represented by stacks
of multifocal images. We trained a CNN using the serialized version of the
multifocal images dataset to learn optimal features that describe the characteristics of pollen grains. We used a data augmentation and drop-out layers
to reduce effect of the over-fitting. The final predication of pollen grain sequences was done in two methods. First, we de-serialized the predicated labels
from the trained CNN and then majority voting technique was used to give the
final predication. However, this approach does not consider the effect of the
multifocal sequences. Second, we de-serialized the extracted features from the
CNN to create a sequence of features which describes the characteristics of
the multifocal images. Then, these sequences of features were used to train a
RNN to perform the final predication and consider the multifocal pollen grain
images as a sequential dataset. Additionally, we used a pre-trained model to
transfer the learned knowledge to our system. Adopting the transfer learning technique with RNN improved the accuracy of our system and achieved a
remarkable classification rate of 100%.
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