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Abstract

The thesis contributes to fine-grained recognition of plant and fungi species from images,
ranging from scans and photos of leaves and bark taken in controlled conditions to un-
constrained observations of plants and fungi “in the wild” with complex background and
clutter in the scene. The constrained tasks of bark and leaf identification are approached
as a texture recognition problem. For more complex species recognition tasks with large
scale datasets available, we take a deep learning approach. In many instances of the
species recognition problem, test-time categorical priors di[ed from the training set. We
address the problems of adjusting outputs of probabilistic classifiers to new priors and
estimating the new priors. In particular, we note that training a neural network by cross
entropy minimization leads to a model whose outputs should be an estimate of the poste-
rior probabilities. We experimentally validate related statistical properties of the outputs
of Convolutional Neural Network (CNN) classifiers. For estimation of test-time categorical
priors, a Maximum Likelihood estimation approach is compared with a proposed Maxi-
mum a Posteriori estimation, adding a hyper-prior favouring dense prior distributions. We
show that adding such hyper-prior increases the reliability of the estimate and increases
the classification accuracy in several fine-grained classification tasks.

The proposed texture recognition method, Fast Features Invariant to Rotation and
Scale of Texture (Ffirst), achieved excellent results in leaf and bark classification, as well
as in standard texture classification. The deep learning approach presented in the thesis
has scored first in several species recognition competitions on “in the wild” plant and fungi
identification, where the views of the observed specimen vary significantly and the di [culty
is increased by occlusions and background clutter. The results confirm the benefits of
practices such as combining predictions from an ensemble of models, filtering potentially
noisy data, data augmentation, and using the moving averages of the trained variables.
An experimental comparison with human experts in plant identification shows that the
best ensembles of deep CNNs reach the human expert accuracy in image-based plant
identification. The competition-winning model for fungi recognition is applied in a citizen-
science project and assists the collection of fungi observations, valuable for several research
fields including mycology and biodiversity research.






Abstrakt

Tato prace se zabyva rozpoznavanim druhd rostlin a hub z obrazu, od rozpoznavani sken(
a fotografii listl a kliry v kontrolovanych podminkach az po neomezena pozorovani rostlin
a hub “ve volné pfirodé” s komplikovanym pozadim a zméti rlznych objekt ve scéné.
hadm rozpoznavani druh( rostlin a hub s velkym mnozZstvim trénovacich dat jsme pouZili
hluboké uceni neuronovych siti. V Glohach rozpoznavani druhd se apriorni pravdépodob-
nosti tF¥id na trénovaci a testovaci sadé Gasto lisi. Vénujeme se problémdm prizplsobeni vys-
tupl pravdépodobnostnich klasifikatorli novym apriornim pravdépodobnostem a odhadu
téchto pravdépodobnosti. Poukazujeme, Ze uceni neuronové sité minimalizaci kFizové en-
tropie vytvari model, ktery by mél odhadovat aposteriorni pravdépodobnosti. Experimen-
talné ovéfujeme nékteré statistické vlastnosti takovych modeld. Pro odhad novych apri-
ornich pravdépodobnosti porovnavame metodu maximalni vérohodnosti (MLE) a navrzeny
pristup metodou Maximum a Posteriori (MAP), v niZ pFfidavame hyper-prior upfednostiu-
jici pravdépodobnostni rozdéleni blizsi rovnomérnému rozdéleni. Ukazujeme, Ze takovy
hyper-prior zvySuje spolehlivost odhadu a pfesnost klasifikace na nékolika klasifika¢nich
tlohach. Navrzena metoda pro rozpoznavani textury, Fast Features Invariant to Rota-
tion and Scale of Texture (Ffirst), dosahla vynikajicich vysledkd v klasifikaci listd a kiry,
jakoz i ve standardnim rozpoznavani textur. Hluboké konvoluéni sité prezentované v této
praci se umistily na prvnim misté v nékolika mezinarodnich soutézich v automatickém
rozpoznavani druhd rostlin a hub “ve volné pfirodé”, s rliznorodymi pohledy na sledované
jedince, Casto s prekryvem a komplikovanym pozadim. Vysledky potvrzuji vyhodnost pos-
tupl jako jsou kombinace predikci souboru nékolika modeld, filtrovani potencialné chybné
anotovanych dat, rozsifovani (augmentace) dat, nebo pouzivani plovouciho priiméru tréno-
vanych proménnych. Experimentalni porovnani s lidskymi experty v rozpoznévani rostlin
ukazuje, ze nejlepsi soubory hlubokych neuronovych siti dosahuji v rozpoznavani ros-
tlin z obrazu presnosti lidskych expertll. Model, ktery vyhral soutéZ v automatickém
rozpoznavani hub, byl aplikovan do projektu ob¢anské védy (citizen-science), kde asistuje
pfi sbéru dat o pozorovani hub, ddlezitych pro fadu obor( jako napf. mykologie ¢i vyzkum
biodiverzity.
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Introduction

The aim of this thesis is to study, develop, and apply computer vision and machine learning
algorithms for automating identi cation of plants and fungi from images photos or scans.

Recognition of natural objects in their natural environment has been of great impor-
tance for the humankind since time immemorial. The skills of plant, fungi and animal
species identi cation were crucial for survival throughout the human history: Until ap-
proximately 12 000 years ago, virtually all humanity lived as hunters and gatherers [113]
for whom foraging was the only source of food. Recognizing edible species from poisonous
species or identi cation of dangerous predators was a matter of life and death. The transi-
tion from forager to producer societies, enabled by plant and animal domestication, known
as the Neaolithic revolution, caused a major demographic shift [16]. Agriculture and its con-
tinuous improvement allowed demographic growth from around 6 million individuals [14]
at the beginning of the transition to agriculture to around 7.7 billion today [36]. Without
the basic human skill of plant and animal identi cation, the great shift towards producer
societies would never be possible.

Precise identi cation of plant and fungi species is still important for many areas of
human activity other than agriculture. For example, herbs have been used for medical
purposes since the prehistoric times. Chemicals derived from herbs and other plants, phy-
tochemicals, are commonly used by modern pharmaceutical industry. Textile and cosmetics
industries have traditionally heavily relied on speci ¢ plant species. More recently, species
incidence and biodiversity observations have been used to study di erent environmental
factors [24], including climate change [47]. Such studies heavily rely on the collection of
data on appearance and occurrence of species and annotations of such data, often with
the help of citizen scientist communities [46,86]. Recent publications stress that tens of
thousands of plant species are currently threatened with extinction [38,191].

The scienti ¢ approach to describing living nature lead biologists to grouping indi-
viduals into species, organizing them hierarchically into larger groups, and giving those
groups names. This theory and practice form the eld ofbiological taxonomy[92], and
the categorization into taxa, i.e. groups of organisms, is commonly denoted dsiological
classi cation. The modern systematics for grouping organisms and naming them with bi-

1



2 CHAPTER 1. INTRODUCTION

Figure 1.1: Examples of traditional species identi cation handbooks and encyclopedias
[21,105,143]

nomial nomenclaturée' is based on the works of Carl von Linné - Species Plantarum [120]
and Systema Naturae [121]. Contemporary biological taxonomies include enormous num-
bers of categories and species. For illustration, while von Linné's Species Plantarum [120]
describes 5 940 plant species, currently the number of published and accepted plant species
is over 310 000 [27]. The seven main taxonomic ranks arkingdom phylum, class order,
family, genusand species

Assigning an observed specimen (organism) a species name is calgpcies identi -
cation. The traditional form of species identi cation relied on guidebooks. For example,
books with an identi cation key (see Figure 1.2) represent a decision tree, where each
guestion o ers several answers leading to a lower level of the decision tree or directly to
a (candidate) species. Indichotomous keys each question about the organism has two
possible answers (thereforelichotomousg. Other popular forms of traditional species iden-
ti cation literature include encyclopedias and atlases of species.

Figure 1.2: Examples from an identi cation key for woody plants [106]: The identi cation
process starts from level questions (left) and ends with species identi cation (right).

!Binomial nomenclature is the two-term naming system: The rstterm the generic name identi es
the genus and the second term the speci c name identi es the species within the genus.



Modern approaches to species identi cation include specialised mobile apps and citizen-
scientist community websites, such as Encyclopedia of Life (EoL) [2,142], iNaturalist [5],
Pl@ntNet [7,65], and Atlas of Danish Fungi [1]. Users of such services provide images of
the observed specimens, optionally supplemented with additional information such as GPS
location, to query for the matching species. The species recommendations are provided by
other users - citizen-scientists and biologists - or by a computer vision algorithm.

Through user observations, the aforementioned citizen-science projects bring valuable
data back to scientists: collection of data on appearance and occurrence of species and
annotations of such data are crucial pillars for biological research focusing on biodiversity,
climate change and species extinction [46, 86]. Involvement of citizen communities is a
cost e ective approach to large scale data collection. Citizen science contributions provide
about 50% of all data accessible through the Global Biodiversity Information Facility [26].
This data has a strong taxonomic bias towards birds and mammals [192], leaving data gaps
in taxonomic groups such as fungi and insects where species identi cation is considered non
trivial. Species observation datasets collected by the broader public have already proven
to add signi cant value for understanding both basic and more applied aspects of biology
(e.g. [10,138,197]), and with growing participation in such programs the research potential
will increase.

Correct species identi cation is a challenge in citizen science projects focusing on bio-
diversity. Some projects handle the issue by simply reducing complexity in the species
identi cation process, e.g. by merging species into multitaxa indicator groups (e.g. [57]),
by focusing only on a subset of easily identi able species or by involving human expert val-
idators in the identi cation process. Other projects involve the citizen science community
in the data validation process. For instance, iNaturalist regards observations as having
research grade if three independent users have veri ed a suggested taxon ID based on an
uploaded photo.

The task of species identi cation is di cult even for human experts with the support
of literature. Belhumeur et al. [11] note that the process of identifying a single organism
using dichotomous keys may take hours or days, even for specialists (especially in locations
with high biodiversity), and is exceedingly di cult to impossible for non-scientists. They
propose to assist and speed up the plant identi cation process with a computer vision
based search system.

We are interested inautomatic visual identi cation of plants and fungi using
computer vision methodology. From the machine learning point of view, the tasks of
image-based plant and fungi recognition represent challenging cases of ne-grained clas-
si cation 2. Cui et al. [40] de ne ne-grained classi cation as distinguishing subordinate
categories within an entry-level category. While this de nition is rather subjective, de-
pending on what we consider entry-level , recognition of species the most speci c major
taxonomic rank is often used as an example of a ne-grained recognition task. Fine-
grained classi cation often deals with high intra-class variability and very small inter-class

2Note the inter-disciplinary discrepancy in terminology: In biology, the term  classi cation is used for
the categorization (grouping) of living organisms, i.e. de ning the classes and their hierarchy. In machine
learning, classication has a dierent meaning, and is de ned [130] as the mapping from inputs x to

data point(s) x in our case image(s) of an organism. This thesis will by default use the term classi cation
in the later, machine learning, meaning.
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Figure 1.3: A shortlist of species suggestions in the Atlas of Danish Fungi mobile applica-
tion, using the recognition system described in Chapter 5.

di erences. This holds in our case: the appearance of specimens of the same species may
vary signi cantly depending on age, genotype, local conditions, etc.; on the other hand,
two species may have similar visual characteristics.

1.1 Problem Formulation

The thesis deals with di erent species identi cation tasks: from constrained tasks of recog-
nizing a speci ¢ plant organ (leaf, bark) in controlled conditions (leaf on white background,
cropped photo of tree bark) to a more complex in the wild scenario with unspeci ed view
or organ type, natural background, possible clutter in the scene, etc.

We formulate each of the species identi cation tasks as a single-label classi cation
problem on a closed set oK classes (in our case, specie§)= f1;2;:::;Kg. That means
we assume that each observation (photox belongs to exactly one class (single-label)
and that class belongs toC (closed set). Note that we are formulating the task as a
at classi cation of species, not a hierarchical classi cation (e.g. following the taxonomic
hierarchy).

corresponding class labelg; 2 C, our goal is to train a classi er that predicts the unknown
class labelsy 2 C for new observationsx. In cases where human supervision of the
result is possible (e.g. in a mobile eld guide), the classier can return a scored list
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of species recommendations, sorted from the most likely prediction. The user can then
display additional information for each species and choose the correct result. See Figure
1.3 for illustration.

We adopt the common metrics and loss functions used in machine learning and in the
species recognition benchmarks, such as the top-1 error or the tdp-error, i.e. for how
many images in the test set is the correct species not among the tdppredictions. For all
the metrics used within this thesis, the losses are the same for every species.

Note that while the assumptions we make are quite common for machine-learning
de nitions of classi cation problems, they introduce several limitations:

The classi er does not recognize observations depicting a specimen of an unknown
speciesy®62 Cand returns the most similar species fromC instead.

The classi er does not recognize observations without a specimen (e.g. plant or
mushroom). In the practical application of the fungi recognition system, described

later in Chapter 5, we observe that many users test the system by uploading out-of-
domain images. See examples in Figure 1.4.

In practical species recognition applications, the cost for misclassi cation may be
species-dependent. For example, misclassi cation of two decorative plants is probably
not as serious as misclassi cation of a poisonous fruit for an edible one, which may
have very serious consequences.

In some applications, the loss may depend on the correctness of higher classi cation
ranks and may bene t from a hierarchical classi cation approach : e.g. if thespecies
is not recognized correctly, but at least thegenusis correct, the loss may be lower
than when even a higher taxonomic rank is incorrect.

Figure 1.4: Examples of out-of-domain images users are submitting to the fungi recognition
service described in Chapter 5. A number of images contain scenes without a mushroom.
Some photos include mushrooms displayed on a computer screen or in a book.
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(a) Tree bark (b) Leaf scans/photos (c) Plants in the wild (d) Fungi in the wild
on white background

Figure 1.5: Examples of inputs for the considered species recognition tasks.

With this formulation of species classi cation, this thesis deals with the following tasks,
di ering in the considered set of specie€ and in the constraints on the content of images:

1. Recognition of tree species from a photo of tree bark. We assume the input picture
is cropped so that it only captures the bark. See Figure 1.5a for illustration.

2. Recognition of plant species from images of leaves. We assume the input picture
contains a leaf scan or a photo of the leaf on white background. See Figure 1.5b for
illustration.

3. Recognition of plants species from photos in the wild . We only expect the plant or
its part (e.g. leaf, fruit, ower,...) is pictured in the photograph. The scenes may
contain complex natural background including di erent forms of clutter. See Figure
1.5c¢ for illustration.

4. Recognition of fungi species from photos in the wild . Similarly to the previous task,
we only expect the fungus is pictured in the photograph and do not place any further
assumptions on the scene. See Figure 1.5d for illustration.
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The listed tasks can be further extended by providing a set images of the same specimen
observation, with or without the information about the view type (e.g. specifying the
photographed plant organ). Additional meta-information such as the GPS coordinates or
timestamp can bring useful information for plant identi cation. Mac Aodha et al. [125]
propose a spatio-temporal prior that estimates the probability that a given species occurs
a given geographical location and time.

We propose a texture recognition approach to the constrained tasks of leaf and bark
recognition; and a deep learning approach to species recognition from in the wild photos,
where a more complex model is needed. We focus on the problem of possible di erence
between training- and test-time class categorical priors, where species identi cation serves
as an example of a challenging recognition task with highly unbalanced image datasets. For
instance, training examples - images labeled with a species name - can be downloaded from
an online encyclopedia, but the number of photographs of a species in the encyclopedia
may not correspond to the species incidence in a given geographical location or to the
frequency the species is queried in a plant identi cation service.

1.2 Contributions

The rst contribution of the thesis relates to the problems of adjusting the outputs of prob-
abilistic classi ers to new categorical prior probabilities (di erent from the training set)
and estimating the new priors from an unlabeled set of images. In particular, the problem
is addressed in the context of deep Convolutional Neural Network (CNN) classi ers. We
discuss the interpretation of CNN classi ers trained by cross entropy minimization as esti-
mators of posterior probabilities and experimentally validate some of their properties. For
estimation of the new categorical priors, a Maximum Likelihood estimation approach is
compared with a proposed Maximum a Posteriori estimator, adding a hyper-prior favouring
dense prior distributions. We show that adding such hyper-prior increases the reliability
of the estimate and increases the classi cation accuracy in several ne-grained classi ca-
tion tasks. The results suggest that calibration of over-con dent classi ers by temperature
scaling impairs some statistical properties of the posterior estimate, decreasing the perfor-
mance of the prior estimation methods.

The second contribution is the development and evaluation of the state-of-the-art ne-
grained classi ers for visual identi cation of plants and fungi, achieving the best results
on several large scale datasets of recent international challenges: ExpertLifeCLEF 2018,
FGVCx Fungi 2018, FGVCx Flowers 2018, PlantCLEF 2019. The results conrm the
bene ts of practices such as combining predictions from an ensemble of models, dealing
with noisy labels in the data, data augmentation, saving the moving averages of the trained
variables, and adjusting the predictions to new categorical priors. The accuracy of the
proposed automatic plant recognition system has been compared against human experts
in plant recognition. Experimental results show that the proposed classi ers achieve the
human expert level of accuracy.

The third contribution is the application of the competition-winning method in a
citizen-science project for fungi recognition, allowing users to get instant species recom-
mendations and increasing the involvement of users in biodiversity data collection.

The fourth contribution of this thesis are the Fast Features Invariant to Rotation and
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Scale of Texture (F rst) - an extension of a texture recognition method proposed in the
author's master thesis [175], introducing new rotational invariants, and additional exper-
iments on texture-based recognition. At the time of publication, the method achieved
state-of-the-art results in texture classi cation as well as in its applications to plant leaf-
scan and bark recognition.

As the fth contribution of the thesis, we studied the importance of color in standard
texture-classi cation datasets and the color-bias of the textures. A proposed improvement
to the global color descriptors Color Names [196] and Discriminative Color Descriptors [101]
noticeably increased the classi cation accuracy.

1.3 Structure of the Thesis

The following chapters of the thesis describe di erent tasks and problems:

Chapter 2 focuses on the constrained tasks of plant species from leaf and bark. We
review and extend our previously proposed texture recognition method [174, 175], Fast
Features Invariant to Rotation and Scale, for recognition of tree bark and plant leaves.
Experiments showed state-of-the-art results among non-CNN-based methods on a number
of leaf and bark datasets. The performance of the method is also evaluated on texture
recognition datasets and the importance of missing color information is discussed and
validated. A comparison with our later deep learning approach shows that the texture-
based descriptor still provides competitive results for the constrained tasks of tree bark
and plant leaf recognition, as well as the standard texture recognition task.

Chapter 3 introduces a deep learning approach to ne-grained visual classi cation of
plants and fungi in the wild and studies the problem of adjusting the output of proba-
bilistic classi ers, including Convolutional Neural Networks, to new a-priori probabilities
on the tested data. Recent CNN classi er architectures are reviewed in Section 3.1. A
probabilistic interpretation of the classi er outputs and the calibration of over-con dent
predictions are discussed in 3.2. Section 3.3.1 highlights the importance of adjusting the
classi ers in case the new categorical prior probabilities are known. Test-time class prior
estimation is addressed in Sections 3.3.2 and 3.3.3, describing an existing Maximum Like-
lihood approach and a proposed Maximum a Posteriori estimation using the Dirichlet
distribution as a hyperprior. The methods are used in our competition submissions in
Chapter 4 and evaluated in more detail in Chapter 6.

Our submissions to international challenges are described chronologically in Chapter 4,
including the best results in PlantCLEF 2018, FGVCx Flowers 2018, FGVCx Fungi 2018
and PlantCLEF 2019. Sections 4.3 and 4.4 contain a comparison against human experts,
showing that CNN classi ers are reaching the human expert level of accuracy in plant
identi cation. Chapter 5 describes the application of the competition-winning method in
a citizen-science project for fungi recognition, allowing users to get instant species recom-
mendations and increasing the involvement of users in biodiversity data collection.

The technical overlap between methods based on hand-crafted features and the recent
CNN classi ers is negligible. For the sake of clarity and readability of the thesis,the
related work is reviewed separately in the corresponding Chapters



CHAPTERZ

Texture Recognition Approach
to Plant Recognition

We rst focus on the recognition of speci ¢ plant organst, namely tree trunk (bark) and
plant leaves. We choose to leverage the textured nature of these organs, and propose to
approach plant identi cation from bark and leaves by texture recognition. While the choice

of texture analysis is straightforward for tree bark recognition, it was rather uncommon
for the recognition of leaves, where - prior to our work - shape-based approaches were
dominating. Note that with uniform background, our texture descriptor also encodes the
shapes at the border of the leaf at multiple scales. Related works in leaf recognition, bark
recognition and in texture classi cation are reviewed in Section 2.1.

In order to describe texture independently of the size (distance) of the patterns and
of the orientation in the image, a description invariant to rotation and scale is needed.
For practical applications, we demand computational e ciency of the texture encoder and
classi er. To satisfy the requirements on the method, we rst proposed a multi-scale texture
recognition method based on Local Binary Patterns and applied it to bark recognition [174],
and later further extended and improved it into Fast Features Invariant to Rotation
and Scale of Texture (F rst) [176,177]. The proposed method is described in detail in
Section 2.2.

2.1 Related Work

2.1.1 Leaf Recognition

Before the deep learning era opened the door to the more complex in the wild recognition
tasks, leaf recognition was by far the most popular approach to plant recognition and a wide
range of methods has been reported in the literature [8,11,53,93,94,95,96,97,104,112,132,
150,171,203, 205]. Recognition of leaves usually refers only to recognition of broad leaves,
needles are treated separately. Several techniques have been proposed for leaf description,

IPlant organs include the leaf, stem, root, and reproductive structures.

9
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often based on combining features of di erent character (shape features, color features,
etc.).

A Bag of Words model with Scale Invariant Feature Transform (SIFT) [124] descriptors
was applied to leaf recognition by Fiel and Sablatnig [53]. Several shape methods have been
compared on leaf recognition by Kadir et al. [93]. Of the compared methods - geometric
features, moment invariants, Zernike moments and Polar Fourier Transform - the last
performed best on an unpublished dataset.

Kumar et al. [104] describe Leafsnafy a computer vision system for automatic plant
species identi cation, which has been developed from the earlier plant identi cation system
by Agarwal et al. [8] and Belhumeur et al. [11]. Kumar et al. [104] introduced a pre- Iter on
input images, numerous speed-ups and additional post-processing within the segmentation
algorithm, the use of a simpler and more e cient curvature-based recognition algorithm.
On the introduced Leafsnap database of 184 tree species, their recognition system nds
correct matches among the top 5 results for 96.8% queries from the dataset. The resulting
electronic Leafsnap eld guide is available as a mobile app for iOS devices. The leaf images
are processed on a server, internet connection is thus required for recognition, which may
cause problems in natural areas with slow or no data connection. Another limit is the need
to take the photos of the leaves on a white background.

A publicly available plant leaf database named Flavia was collected by Wu et al. [205],
who designed a Probabilistic Neural Network for leaf recognition using 12 Digital Morpho-
logical Features, derived from 5 basic features (diameter, physiological length, physiological
width, leaf area, leaf perimeter).

Karuna et al. [97] claim that the most valuable features for object recognition are
shape and color, and design combination of hand-crafted shape and color features for leaf
recognition, achieving 96.5% recognition accuracy on the Flavia dataset.

The Foliage dataset collected by Kadir et al. [94] consists of 60 classes of leaves, each
containing 120 images. The best reported result on this dataset reported by Kadir et
al. [96] was achieved by a combination of shape, vein, texture and color features processed
by Principal Component Analysis before classi cation by a Probabilistic Neural Network.

Soderkvist [171] proposed a visual classi cation system of leaves and collected the so
called Swedish dataset containing scanned images of 15 classes of Swedish trees. Qi et
al. [6] achieve 99.38% accuracy on the Swedish dataset using a texture descriptor called
Pairwise Rotation Invariant Co-occurrence Local Binary Patterns [150] with Support Vec-
tor Machine (SVM) classi cation.

A leaf recognition system, using Fourier descriptors of the leaf contour normalised to
translation, rotation, scaling and starting point of the boundary, was designed by Novotny
and Suk [132]. The authors collected a large leaf dataset called Middle European Woods
(MEW) containing 153 classes of native or frequently cultivated trees and shrubs in Central
Europe. Their method achieves 84.92% accuracy when the dataset is split into equally
sized training and test set. MEW and Leafshap are the most challenging leaf recognition
datasets.

One possible application of leaf description is the identi cation of a disease. Pydipati
et al. [149] proposed a system for citrus disease identi cation using Color Co-occurrence

2http://leafsnap.com/  Last accessed 2nd Apr 2020.
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Method (CCM), achieving accuracies of over 95% for 4 classes (normal leaf samples and
samples with a greasy spot, melanose, and scab).

2.1.2 Tree Bark Recognition

The problem of automatic tree identi cation from photos of bark can be naturally formu-
lated as texture recognition.

Several methods have been evaluated on datasets which are not publicly available. Chi
et al. [30] proposed a method using Gabor Iter banks. Wan et al. [200] performed a com-
parative study of bark texture features: the grey level run-length method, co-occurrence
matrices method, histogram method and auto-correlation method. The authors show that
the performance of all classi ers improved signi cantly when color information was added.
Song et al. [172] presented a feature-based method for bark recognition using a combi-
nation of Grey-Level Co-Occurrence Matrix (GLCM) and a binary texture feature called
Long Connection Length Emphasis. Huang et al. [82] relied on GLCM together with Frac-
tal Dimension Features for bark description. The classi cation was performed by arti cial
neural networks.

Since the image data from in the experiments discussed above is not available, it is
di cult to assess the quality of the results and to perform comparative evaluation.

Fiel and Sablatnig [53] worked on automated identi cation of tree species from images of
the bark, leaves and needles. For bark description, they created a Bag of Words with SIFT
descriptors in combination with GLCM and wavelet features. The vectors were classi ed
by SVM with radial basis function kernel. The authors introduced the Osterreichische
Bundesforste AG (Austrian Federal Forests) bark dataset consisting of 1182 photos from
11 classes. We refer to this dataset as the AFF (Austrian Federal Forests) bark dataset.
Recognition accuracy of 64.2% and 69.7% was achieved on this dataset for training sets
with 15 and 30 images per class respectively.

Fiel and Sablatnig describe an experiment with two human experts, a biologist and a
forest ranger, both employees of Osterreichische Bundesforste AG. Their classi cation rate
on a subset of the dataset with 9 images per class, 99 images in total, was 56.6% (biologist)
and 77.8% (forest ranger). This means that the human experts, who probably have much
better recognition accuracy in situ, usually identify the species based on other features
than solely the bark texture.

Boudra et al. [19] review and compare di erent variants of multi-scale Local Binary
Patterns based texture descriptors and evaluate their performance in tree bark image
retrieval. The results show that multi-scale Local Binary Patterns (LBP) descriptors,
including our variant of MS-LBP [174], outperform the basic LBP and Multi Resolution
LBP [134], and that the best results are achieved at the low scale space levels.

2.1.3 Texture Recognition

Texture information is an essential feature for recognition of many plant organs. Texture
analysis is a well-established problem with a large number of existing methods, many of
them being described in surveys [29, 123,129, 145, 209]. The notion of texture is hard to
de ne. As noted by Liu et al. [123], the concept oftexture may have di erent connotations

or de nitions depending on the given objective. Existing de nitions of visual texture often
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lack formality and completeness. For illustration, let us quote an informal de nition by
Hawkins [76]:

De nition 1.  The notion of texture appears to depend upon three ingredients: (1) some
local order is repeated over a region which is large in comparison the order's size, (2) the
order consists in the non-random arrangement of elementary parts, and (3) the parts are
roughly uniform entities having approximately the same dimensions everywhere within the
textured region.

Because of the number of existing surveys mentioned above, here we only review some
of the most popular and best performing textural features and texture recognition methods.

Several recent approaches to texture recognition report excellent results on standard
datasets, many of them working only with image intensity and ignoring the available color
information. A number of approaches is based on the popular Local Binary Patterns (LBP)
[135, 136], such as the recent Pairwise Rotation Invariant Co-occurrence Local Binary
Patterns of Qi et al. [150] or the Histogram Fourier Features of Ahonen et al. [9, 210].
A cascade of invariants computed by scattering transforms was proposed by Sifre and
Mallat [169] in order to construct an a ne invariant texture representation. Mao et al. [128]
use a bag-of-words model with a dictionary of so called active patches: raw intensity patches
that undergo further spatial transformations and adjust themselves to best match the image
regions. While the Active Patch Model does not use color information, the authors claim
that adding color will further improve the results. The method of Cimpoi et al. [32] using
Improved Fisher Vectors (IFV) for texture description shows further improvement when
combined with describable texture attributes learned on the Describable Textures Dataset
(DTD) and with color attributes.

Cimpoi et al. [33, 34] pushed the state-of-the-art in texture recognition using a new
encoder denoted as FV-CNN-VD, obtained by Fisher Vector pooling of a very deep Con-
volutional Neural Network (CNN) lIter bank pre-trained on ImageNet by Simonyan and
Zisserman [170]. The CNN Iter bank operates conventionally on preprocessed RGB im-
ages. This approach achieves state-of-the-art accuracy, yet due to the size of the very deep
VGG networks it may not be suitable for real-time applications when evaluated without a
high-performance Graphics Processing Unit (GPU) for massive parallelization.

Bello-Cerezo et al. [12] compared several hand-crafted texture descriptors against o -
the-shelf CNN-based features for (color) texture classi cation in 2019. In terms of clas-
si cation accuracy, most experiments indicate the superiority of deep networks, however,
hand-crafted descriptors still performed better than CNN-based features in cases with lit-
tle intra-class variability or in cases where the variability can be modelled explicitly (e.g.
rotations handled by rotation-invariant texture descriptors). Liu et al. [123] remark that
while CNNs generally outperform classical texture descriptors, it remains to be seen which
approaches will be most e ective in resource-limited contexts.

Note that most of the methodology in this chapter was developed prior to the publi-
cation of results with CNN-based features [12,33,123]. However, Section 2.4.3 contains a
comparison of the proposed method with a state-of-the-art CNN classi er, that achieves
almost perfect leaf recognition accuracy.
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2.2 Fast Features Invariant to Rotation and Scale of Texture

2.2.1 Completed Local Binary Pattern and Histogram Fourier Features

The F rst description is based on the Local Binary Patterns [134,135,136]. The common
LBP operator (later denoted as sign-LBP) locally computes the signs of di erences between
the center pixel and itsP neighbours on a circle of radiudgR. With an image function f (x;y)
and neighbourhood point coordinateg(Xp; yp):

K 1
LBPpr(xy) = s(f(xy) f(Xp;yp)2P;
0 (2.1)
s(z) = 1, ifz O
0; otherwise.

To achieve rotation invariance?®, we adopt the so called LBP Histogram Fourier Features
(LBP-HF) introduced by Ahonen et al. [9]. LBP-HF describe the histogram of uniform
patterns using coe cients of the Discrete Fourier Transform (DFT). Uniform LBP are
patterns with at most 2 spatial transitions (bitwise 0-1 changes). Unlike the simple rotation
invariants using LBP" [134, 146], which maps all uniform patterns with the same number
of 1s into one bin, the LBP-HF features preserve the information about relative rotation
of the patterns.

Denoting a uniform pattern U{,‘", wheren is the orbit number corresponding to the
number of 1 bits and r denotes the rotation of the pattern, the DFT for given n is
expressed as:

K 1
H(n;u) = hi (Up")e 2= (2.2)
r=0
where the histogram valueh, (Up"" ) denotes the number of occurrences of a given uniform
pattern in the image.
The LBP-HF features are equal to the absolute value of the DFT magnitudes, and thus
are not in uenced by the phase shift caused by rotation).

q
LBP-HF (n;u) = jH(n;u)j= H(n;u)H(n;u): (2.3)

Sinceh; are real, H(n;u) = H(n;P u) foru = (1;:::;P 1), and therefore only
% +1 of the DFT magnitudes are used for each set of uniform patterns witm 1 bits
for 0<n <P . Three other bins are added to the resulting representation, namely two
for the 1-uniform patterns (with all bins of the same value) and one for all non-uniform
patterns.

The LBP histogram Fourier features can be generalized to any set of uniform patterns.

In F rst, the LBP-HF-S-M description [210] is used, where the histogram Fourier features

3LBP-HF (as well as LBP ") are rotation invariant only in the sense of a circular bit-wise shift, such as
rotation by multiples of 45 for LBP g.;r . However, with some image rotations, sampling from other pixels
may break the rotation invariance.



14 CHAPTER 2. TEXTURE RECOGNITION APPROACH

of both sign- and magnitude-LBP are calculated to build the descriptor. The magnitude-
LBP [71] checks if the magnitude of the di erence of the neighbouring pixe(Xp; yp) against
the central pixel (x;y) exceeds a threshold:

K 1
LBP-Mpr(xy) = s(f (xy) f(xpiyp) tp)2": (2.4)
p=0
We adopted the common practice of choosing the threshold value (for neighbours at
p-th bit) as the mean value of all m absolute di erences in the whole image:

tp = Xjf(xisy)  f (Xip; Yip)i. (2.5)
. m
i=1
The LBP-HF-S-M histogram is created by concatenating histograms of LBP-HF-S and

LBP-HF-M (computed from uniform sign-LBP and magnitude-LBP).

2.2.2 Multi-scale Description and Scale Invariance

A scale space is built by computing LBP-HF-S-M from circular neighbourhoods with ex-
ponentially growing radius R. Gaussian ltering is used* to overcome noise.

Unlike the MS-LBP approach of Maenpé&é and Pietikainen [126], where the radii of the
LBP operators are chosen so that the e[?(itive areas of di erent scales touch each 'S)@er,
F rst uses a ner scaling with a step of = 2 between scales radiR;, i.e. Rj = R; 1 2.
This radius change is equivalent to decreasing the image area to one half. The rst LBP
radius used isR; = 1, as the LBP with low radii capture important high frequency texture
characteristics. Figure 2.1b displays the scale space of MS-LBP [126] and the scale space
of Frst.

(a) Scale space from [126] (b) Scale space used in Frst

Figure 2.1: The e ective areas of Itered pixel samples in a multi-resolution LBPg.r oper-
ator.

4The Gaussian ltering is used for a scale i only if ; > 0:6, as ltering with lower ; leads to signi cant
loss of information.
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Similarly to [126], the Iters are designed so that most of their mass lies within an
e ective area of radiusri. We select the e ective area diameter, such that the e ective
areas at the same scale touch each other; = R; sin 5.

LBP-HF-S-M histograms from ¢ adjacent scales are concatenated into a single descrip-
tor. Robustness to scale changes is increased by creatingonc multi-scale descriptors for
one image. See Algorithm 17 for the overview of the texture description method.

Algorithm 1 The F rst descriptor method in pseudocode.
1: function descriptor (img, N¢one, €)

2: Ry :=1;

3 for all scalesi :=1;:::;(Ngonc+ ¢ 1) do
4: i == Rising=L:3

5: if ;> 0:6then

6 imgB := gaussBlur(img, i)

on the original image

7: end if
8 extract LBP p.r,-S and LBPp.g,-M
: build LBP p.g,-HF-S-M
10: for j :=1;:::;N¢onc dO
11: if i jandi<j + c then
12: attach LBP p.g,-HF-S-M
to j -th multi-scale descriptor
13: end if
14: end for
15: Ris1 =R, 2

16: end forreturn  descriptors
17: end function

2.2.3 Support Vector Machine and Feature Maps

In most applications, a Support Vector Machine (SVM) classi er with a suitable non-
linear kernel provides higher recognition accuracy then with a linear kernel, at the price of
signi cantly higher time complexity and higher storage demands (dependent on the number
of support vectors). An approach for e cient use of additive kernels via explicit feature
maps is described by Vedaldi and Zisserman [199] and can be combined with a linear SVM
classi er. Using linear SVMs on feature-mapped data improves the recognition accuracy,
while preserving linear SVM advantages like fast evaluation and low storage (independent
on the number of support vectors), which are both very practical in real time applications.
In F rst we use the explicit feature map approximation of the histogram intersection kernel,
although the 2 kernel leads to similar results.

The One versus All classi cation scheme is used for multi-class classi cation, imple-
menting the Platt's probabilistic output [117, 147] to ensure SVM results comparability
among classes. The maximal posterior probability estimate over all scales is used to deter-
mine the resulting class.

In our experiments we use a Stochastic Dual Coordinate Ascent [165] linear SVM solver
implemented in the VLFeat library [198].
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