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Computer Science and Engineering

In most machine learning pipelines, feature engineering is an important module. The use of
features has become the bottleneck for many learning related tasks, especially fo unstruc-
tured data like images and texts. This thesis researched on the use of features from several
aspects, including feature design, feature selection, and feature learning, on a family of tasks
called fine-grained image classification. Fine-grained classification refers to tasks in which
the class differences are very subtle to observe, for example, to recognize sub-ordinate level
classes like certain animal species, or to identify similar 3D shapes in medical images.

In particular, this thesis covers several different projects. The use of feature selection
algorithm is first explored in analysing similar 3D shapes for a medical problem called
craniosynostosis. Different sparse logistic regression models are investigated, and a new
sparse logistic regression model called clustering lasso is proposed specifically for this prob-
lem. Next, on a specific fine-grained recognition problem — fast food recognition, an image
representation called pairwise feature distribution (PFD) is proposed, which is focused on
capturing the spatial information inside food images, using geometric pairwise features.
The use of feature learning approaches is then explored on the general fine-grained object
recognition problem, and a template model is proposed to improve the state-of-the-art ob-
ject recognition framework by learning of mid-level feature representations for fine-grained
tasks. The effectiveness of these algorithms proposed in this thesis is shown by comparison

with the state-of-the-art algorithms on several publicly available benchmark datasets.
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GLOSSARY

LOGISTIC REGRESSION: a type of regression analysis used for predicting the outcome
of a categorical dependent variable (a dependent variable that can take on a limited

number of categories) based on one or more predictor variables.

LASSO: a regression method that involves penalizing the absolute size of the regression

coefficients.

FUSED LASSO: a generalization of lasso that is designed for problems with features that

can be ordered in some meaningful way.

CLASSO: a generalization of lasso that is designed for problems with highly correlated

features whose correlations are too complicated to specify.

PFD: pairwise feature distribution, an image representation that captures the geometric

information of an image.

SVM: support vector machine, a family of supervised learning models with associated
learning algorithms that analyze data and recognize patterns, used for classification

and regression analysis.

FEATURE LEARNING: to automatically learn a good representation of the input from

unlabeled data instead of hand-engineering feature representation.

FINE-GRAINED OBJECT RECOGNITION: a family of object recognition tasks in which

class differences are subtle and hard to observe.

vi



CRANIOSYNOSTOSIS: a condition in which one or more of the fibrous sutures in an
infant skull prematurely fuses by turning into bone (ossification), thereby changing

the growth pattern of the skull.

SIFT: scale-invariant feature transform, an algorithm in computer vision to detect and

describe local features in images.

SPATIAL PYRAMID MATCHING: a method for recognizing scene categories based on ap-

proximate global geometric correspondence.

KERNEL DESCRIPTORS: a unified framework of feature descriptors that turn pixel level

attributes into patch level features.
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Chapter 1

INTRODUCTION

Nowadays, dealing with large amounts of data is a very hot topic. The world is continu-
ously generating countless data, and how to process them effectively has become one of the
biggest challenges of today. Images make up a large portion of this data, including natural
images, medical images like CT and MRI, and a variety of sensor image data, like satellites
images and infrared images. For example, in the category of natural images alone, there
are 6 billion Flickr photos, 72 hours of videos uploaded to Youtube every minute, and over
one billion smart phone users around the world who take photos every day of the food they
eat, the place they go, and themselves.

However, how to effectively understand and use these data remains a major problem.
Image classification serves as a basic way to organize the images. Specifically, typical image
classification tasks include: object recognition, which classifies images based on the types
of objects within them; scene recognition, which categorizes the scenery in the place where
an image was taken; or classification of medical images based on the type and severity of
the illness of the patients. Automatic systems that perform image classification tasks are

very useful for understanding and processing these image data.

1.1 Fine-grained image classification

This thesis is focused on a special group of problems called fine-grained image classification.
First, let us define what “fine-grained” means.

In object recognition, for example, traditionally there are two types of object recogni-
tion tasks: the basic-level object recognition and the instance-level object recognition. The
first category, the basic-level problem, usually refers to distinguishing very different object
categories, like a bird category and an airplane category, where different bird species are

considered the same class. The second category, the instance-level problem, refers to dis-



Figure 1.1: Examples of the basic-level recognition tasks.

tinguishing images containing different instances which belong to the same object type, for

example face recognition and fingerprint recogntion.

If we use “granularity” to represent the level of subtlety of the cross-class differences for
an image classification task, a significant difference between these two families of problems is
the granularity level. For basic-level problems, such as distinguishing between bird images
and aircraft images as in Figure their difference is very salient. Because the object
types are distinct from each other, it is relatively easy to pinpoint the differences of the
images containing bird and aircraft in multiple aspects, including color, shape and texture.
Therefore, for this family of problems, identifying the distinguishing features is usually not
difficult. Instead, a bigger challenge is how to tolerate the intra-class variety. In such cases,
the granuality of class differences is low, meaning the differences are easy to observe.

On the other hand, for the instance-level problems, for example when distinguishing
the face images of two persons as in Figure [I.2] the differences are very subtle because
these images contain the same object type. Objects from the same type have the identical
structure and possibly very similar object shapes. Their color and texture are sometimes
very close as well. For this type of problem, the class distinguishing features are observed
in very subtle object details, and are usually relatively harder to localize and describe than

in the basic-level tasks. In such cases, the granuality of class differences is high.



Figure 1.2: Examples of the instance-level recognition tasks.

There is another family of problems that connect these two families we just described. In
the new family, the granularity level of class differences lies between the basic-level problems
and the instance-level problems. The objective of classification is still an object category,
but the class differences are not as large as the basic-level tasks. Instead, similarities are
commonly shared among different object classes. This family of problems is called “fine-
grained” object recognition, which usually refers to recognizing sub-ordinate level object
classes, like recognizing bird species, dog species, etc. In this case, different bird species
belong to different classes. When the image classification problem is extended to a fine-
grained level, the number of classes increase significantly, and the task usually becomes

more interesting and useful.

Fine-grained object recognition is an example of the fine-grained classification problems.
A similar concept also applies to other computer vision tasks as well, such as 3D shape
analysis. In comparison with a task of identifying rabbit shape and horse shape, identifying
the shape of a human organ with different illness conditions involves more detailed measure-
ments of the shape deformation. Such fine-grained tasks usually take place in 3D medical
image analysis, for example when distinguishing CT images containing human skulls with

different medical conditions.

While fine-grained tasks are challenging due to the subtlety of their class differences,

they can be very useful when properly addressed. Fine-grained tasks cover a large variety of



problems in the real world, and automatic systems performing fine-grained classification can
be used in many applications. The work presented in this thesis is focused on fine-grained
image classification problems including the two types of fine-grained problems mentioned

above: fine-grained object recognition and fine-grained 3D shape analysis.

1.1.1 Fine-grained object recognition

Object recognition is a major focus of research in computer vision and machine learning. Of
all vision tasks, object recognition is key to understanding image data (or videos) because
understanding what the objects are in an image is the foundation for deriving any deeper
meaning. Object recognition has many direct applications if appropriately addressed, such
as in vision systems for automobiles or mobile phones applications.

In the last decade, most of the existing work has been focused on basic recognition
tasks: distinguishing different categories of objects, such as tables, computers and hu-
mans. Recently, there has been an increasing trend towards working on subordinate-level
or fine-grained recognition that categorizes similar objects, such as different types of birds
or dogs, into their subcategories. The subordinate-level recognition problem differs from
the basic-level tasks in that the object differences are more subtle. Fine-grained recognition
is generally more difficult than basic-level recognition for both humans and computers, but
it will be widely helpful if successfully used in applications.

One typical fine-grained object recognition task is food recognition. For example, dif-
ferent types of sandwiches share many similarities, such as: the structure containing two
buns, the shape, the color and texture of the buns. The differences are very subtle, such as
the stuffing that lies between the buns. Good algorithms that recognize different food types
can be used in health care applications, such as monitoring the diet of people with obesity
problem.

Another example of fine-grained object recognition is clothes recognition. This task has
useful applications for commecial websites, such as helping customers to recognize clothing
or shoe styles from mobile phone images. Plant recognition covers a family of fine-grained

recognition problems, such as: flower recognition, leaf recognition and tree recognition.



These tasks can make very interesting and educational iPhone applications. In fact there is

an existing leaf recognition application on the iPhone call “Leafsnap”.

Last but not least, recognizing animal subspecies is useful in industries, including argri-
culture, fisheries, etc. For example in Seattle, lots of fish are caught each year. However
there are restrictions on certain species, which need to be protected because they are en-
dangered. In this scenario, an automatic system to identify the fish species from images
and videos is very useful. In argriculture, identifying sick farm animals at an early stage is
very important. A sick cow, if not identified early, may die or may be expensive to cure.
Therefore automatic system to recognize sick farm animals is helpful in this scenario.

In practice when humans are perfoming such fine-grained tasks, a lot of them require
expert knowledge to be addressed, such as fish recognition and flower recognition. There-
fore, effective algorithms for these tasks will be especially helpful in comparison with the

algorithms for the basic-level tasks, which are relatively easier for humans.

1.1.2  Fine-grained 3D shape analysis

As we mentioned previously, shape analysis of human anatomy for a particular medical
condition is also a typical fine-grained task. For example, the shapes of human skulls are
very similar, and the differences can only be observed by quantifying the shape details. In
particular, illnesses that cause deformation of human skulls are reflected in the detailed
deformation of the skull shapes.

Craniosynostosis is a common congenital condition in which one or more of the fibrous su-
tures in an infant’s calvaria fuse prematurely, resulting in restricted skull and brain growth.
Because the brain cannot expand perpendicular to the fused suture, it redirects growth in
the direction of the open sutures, resulting in abnormal head shape and in some cases, facial
features. Craniosynostosis results in head deformity that can be severe if it is not corrected
surgically. This condition may result in increased intracranial pressure on the brain and
is correlated with developmental delays, although the cause of such delays is not currently
known [IT1]. It is estimated that the fusion of any one or more sutures occurs in approxi-

mately 1 in 2,000 live births [I08]. In clinical practice, craniosynostosis is diagnosed by a



physician on the basis of head shape and confirmatory CT scan. Automatic analysis of CT
scans, including a measure of shape deformation, would be of great help to both doctors

and medical researchers.
1.2 Existing methods for fine-grained problems

There is relatively limited work focusing specifically on fine-grained tasks. A straightforward
idea is to simply apply the methods used for a general task regardless of the granularity
of the class differences. However, the classical algorithms for the basic-level tasks and the
instance-level tasks are quite different.

At the basic level, because the class difference is very large, classical pipelines are usu-
ally based on the Bag-of-Words model, which accumulates all features to capture the global
difference. At the instance level, because the class differences are usually hard to identify
and the majority of image features are similar, the commonly used methods are focused on
finding an accurate registration of each part of the image. Therefore the detailed differences
can be precisely pinpointed. However, at the fine-grained level where the granularity level
lies in-between, it is hard to apply either of the above approaches. When the basic-level ap-
proaches are applied to the fine-grained tasks, it is very easy to ignore the subtle differences
because of the large number of similar features across different categories. Simply accumu-
lating all features involves too much noise. When the instance level approaches are applied,
however, an accurate registration is almost impossible because the image structures from
different classes are usually not identical. Missing parts for registration become the biggest
obstacle of these approaches. Therefore, new algorithms need to be developed specifically

for the fine-grained tasks.
1.3 Feature engineering

From a high-level perspective, the computer vision research community has made enormous
progress in recent years. There are many systems and pipelines for object recognition, object
detection and medical image analysis. For example in object recognition, the combination
of using SIFT features and Bag-of-Words models has become a standard pipeline that is

successfully used in many applications. Researchers have extended the use of SIFT features



to other feature designs or even machine-learned features; and extended the use of Bag-
of-Words model to other feature pooling approaches, such as spatial pyramid matching
algorithm.

Of all these computer vision systems, one of the most important modules is the ex-
ploration of features, which can be called feature engineering. Traditionally, researchers
have been using design features and image representations. However, manual design is time
cosuming and hard to generalize. One way to automate this process is by automatically
generating large numbers of candidate features and selecting the best. More recently, there
is a trend toward using feature learning algorithms to generate effective image features and
representations, such as kernel descriptors (KDES) and deep belief network (DBN).

The use of automatic feature engineering can be particularly useful for fine-grained
tasks, because fine-grained problems require representing rich features in order to capture
the subtle class differences. Traditional manually designed features, however, can easily
eliminate the important subtle features. In this thesis, different aspects of feature engineer-
ing are explored, including manual feature design, feature selection, and feature learning

algorithms.



Chapter 2

RELATED WORK

2.1 Object recognition

Object category recognition has been a popular research area in computer vision for many
years (see [28] for a comprehensive survey). Some approaches are based on local features
such as the SIFT [73] descriptor or global features such as color histograms or GIST [84]
features; images are typically represented as “bags” of these features without explicit spatial
information. Other approaches, such as the “constellation model” [I7] and its numerous

extensions, model objects as a collection of parts with a predictable spatial arrangement.

2.2 Fine-grained object recognition

An increasing number of papers have focused on fine-grained object recognition in recent
years [16, 506] [32), 119, 122, 131]. In [16], multiple kernel learning is used to combine different
types of features and serves as a baseline fine-grained recognition algorithm; human help
is used to discover useful attributes. In [I31], a random forest is proposed for fine-grained
object recognition that uses different depths of the tree to capture dense spatial information.
In [56], a multi-cue combination is used to build discriminative compound words from
primitive cues learned independently from training images. In [I30], bagging is used to
select discriminative features from the randomly generated templates. In [30], image regions
are considered as discriminative attributes and CRF is used to learn the attributes on a
training set with a human in the loop. Pose pooling [136] adapted Poselets [12] to fine-
grained recognition problems and learned different poses from fully annotated data. Though
the deformable parts model [35] is powerful for object detection, it might be insufficient to

capture the flexibility and variability in the fine-grained tasks considered here [85].



2.3 Feature engineering

At the end of the day, some recognition pipelines succeed, and some fail. The most important
factor that determines the success of a recognition pipeline is the features used, including
local features and image-level representations. From the learning perspective, the raw pixels
in images are not in a form that is amenable to learning, and we need to construct features

and representation from them.

2.3.1 Feature design

Traditionally, researchers put in their efforts to design effective feature and image represen-
tations. Particularly in recent years, there are many effective manually designed features
in computer vision. At the low level for example, the use of the SIFT descriptor, the HOG
features and Textons have been quite successful. At the high level, the color histogram,
Bag-of-Words model and spatial pyramid are very expressive feature representations. The

following sections give some more detailed explanations of some of these feature designs.

SIFT

SIFT (Scale-Invariant Feature Transform) descriptors were proposed by David Lowe in
2005 [73]. This descriptor is used to capture the appearance feature of an image patch
centered at a certain position in an image. The basic idea of SIF'T is to use the statistics of
gradients of different parts of a circular image patch. Specifically, the image patch is evenly
divided into several regions, each of which covers a certain range of angles of the central
pixel (like partitioning a pizza). Then, the histogram of the orientations of the gradient in
each of the regions is formed using 8 or 16 bins, and the concatination of all the histograms

is used as the feature description of this patch.

HOG

HOG (Histogram of Oriented Gradients) [24] is a similar idea to the SIFT feature descriptor,

as indicated by the name. The difference is the method for partitioning an image patch.
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While SIFT partitions an image into “pizza” slices, HOG partitions an image patch into

3 x 3 (for example) grids.

Bag of Words

The Bag of Words (BOW) model [33] was first proposed for natural language processing.
In computer vision, it is used as a way of pooling local features to form an image-level
representation. The idea is very simple. Given a set of local features (like SIFT) extracted
from all over an image, as well as a coding scheme to encode the features, Bag of Words
will count the number of different codewords based on the encoded local features. These

counts (in the form of a histogram) are used as a representation of the whole image.

Spatial pyramid matching

Spatial pyramid matching [62] is an extension of the Bag of Words model. Instead of
pooling features from the whole image, spatial pyramid matching partitions the images into
sub-regions with different resolution, forming pyramid-like layers. Then, local features are
pooled from each of the sub-regions (similar to BOW), and the representations of each of
the sub-regions are concatenated as the global represenation of the whole image.

More specifically in spatial pyramid matching, local features are first extracted, such as
SIFT features for images, then all feature vectors are quantized into M types, each of which
is called a code word in the codebook. It is assumed that features of the same code word
can be perceived equivalent to one another. Spatial pyramid matching works in L levels of
image resolutions. In level 0, there is only one grid for the whole image, in level 1, the image
is partitioned to 4 grids of the same size, and in level 1, the image is partitioned to (2/)?
grids of the same size, and so on. For two images I1 and I, the spatial pyramid matching

kernel K is defined as

L G M
K(I, L) =Y Y wiiKyi(I, L) Ky (In, 1) = Y min(HH (L), B (1)) (2.1)
=1 i=1 m=1

where, wy; is the weight for the i-th grid in the [ level. In[2.T} it is chosen as:

1 1

>0, wy; =
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L is the total number of levels and G is the total number of grids in level I. H]"(I;) is the
number of code word m appearing in i-th grid of [-th level in image I;. In practice, it is

reported that L = 2 or L = 3 is sufficient.

2.3.2 Feature selection

Today there are more and more algorithms that automate the feature engineering process.
One way this is often done is by automatically generating large numbers of candidate features
and selecting the best by some measure, for example their information gain with respect to
discriminating the classes. But features that look irrelevant in isolation may be relevant in
combination. On the other hand, running a learner with a very large number of features to
determine which ones are useful in combination may be too time-consuming, or may cause
overtting.

Feature selection is the process of selecting a subset of relevant features for use in model
construction. The central assumption when using feature selection techniques is that the
data contains many redundant or irrelevant features, and the technique must determine a
subset which is most relevant and represenatative of the data. A variety of methods can be
used for the purpose of feature selection based on mutual information, feature correlation
or some other objective criteria. In our work, we focus on a specific family of embedded
methods using sparse logistic regression models. Specifically, L; regularization [I13] in the
logistic regression model is applied to induce sparsity, which can avoid overfitting. This
method has been rigorously proven to be effective in selecting relevant features when there
are exponentially many irrelevant ones [65]. There are other variations of this model that
further consider constraints over feature relationships, such as the fused lasso [I14] and the

group lasso [76].

2.8.8 Feature learning

In recent years, there is a trend of using feature learning algorithm to automatically generate
representative feature from images. Feature learning is particularly useful for ne-grained

recognition, because rich appearance and shape features are required for describing subtle
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differences between categories. Feature learning approaches provide a natural way to capture
rich appearance cues by using a large number of codewords (sparse coding) or neurons
(deep networks), while traditional computer vision features, designed for basic-level category

recognition, may eliminate many useful cues during feature extraction.

Deep Networks

Deep belief nets [48] learn a hierarchy of features by training multiple layers recursively,
using the unsupervised restricted Boltzmann machine (pre-train). The pre-train avoids the
shallow local minima, and the learned weights are further adjusted to the current task us-
ing supervised information. To make deep belief nets applicable to full-size images, Lee
et al. [64] proposed convolutional deep belief nets (CDBN) that use a small receptive field
and share the weights between the hidden and visible layers among all locations in an im-
age. Invariant predictive sparse decomposition [51], 5] approximated sparse codes from
sparse coding approaches using multi-layer feed-forward neural networks and avoided solv-
ing computationally expensive optimizations at runtime. Deconvolutional networks [134]
reconstruct images using a group of latent feature maps in a convolutional way under a
sparsity constraint. These approaches have been shown to yield competitive performance
with the SIFT based Bag-of-Visual-Words model on object recognition benchmarks such as
Caltech-101 dataset.

Sparse Coding

Recent research has shown that single layer sparse coding on top of SIFT features achieves
the state-of-the art performance on many object recognition benckmarks [63| 127, 121, 13,
22, 132]. Yang et al. [127] learned sparse codes over SIFT features instead of raw image
patches using sparse coding approaches. Their comparisons have suggested that such an
approach outperforms the standard bag-of-visual-words model and convolutional deep belief
networks. Wang et al. [I12]] presented a fast implementation of local coordinate coding that
computes sparse codes of SIFT features by performing local linear embedding on several

nearest visual words in the codebook learned by K-Means. Boureau et al. [I3] compared
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many types of feature learning algorithms and found that the SIFT-based sparse coding
approaches followed by spatial pyramid max pooling works well, and the macrofeatures can
boost recognition performance further. Coates and Ng [22] evaluated many feature learning
approaches by decomposing them into training and encoding phases, and suggested that

the choice of architecture and encoder is the key to a feature learning system.

Kernel Descriptors

Although the hand-designed low-level features such as SIFT and HOG are very successful,
we still lack a deep understanding of the design rules behind them and how they measure
the similarity between image or point cloud patches. Recent work on kernel descriptors [0,
5] tries to understand these questions, and shows that these hand-designed features are
equivalent to a certain type of match kernel over image patches. Based on this insight, a
family of kernel descriptors are proposed, which are able to turn pixel-level attributes such
as gradient, color, size and shape into feature vectors. Kernel descriptors [6] avoid the need
for pixel attribute discretization by adopting a kernel view of patch similarity. Furthermore,
kernel descriptors are extremely flexible, since the distance function between pixel attributes
can be any positive definite kernel, such as the popular Gaussian kernel function. In fact, Bo
and colleagues showed that histogram features such as SIF'T are a special, rather restricted
case of match kernels [6]. The previous experiments have shown that kernel descriptors
obtain superior recognition accuracy to hand-designed features, sparse coding [127] and deep
networks [64] on many object recognition benchmarks [0, [5]. The fact that kernel descriptors
are able to capture pixel-level object cues from raw data make them very suitable for fine-
grained object recognition. In this work, we adapt kernel descriptors as feature extractors

for fine-grained object recognition.

Kernel descriptors [6] provide a unied framework for turning pixel level attributes such as
gradients into patch level features, by highlighting the kernel view of orientation histogram
features such as SIF'T and HoG. Feature extraction using kernel descriptors involves three
steps: (1) designing kernels for matching patches using pixel attributes; (2) learning a com-

pact set of basis vectors using kernel principal component analysis (KPCA); (3) constructing
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kernel descriptors by projecting the innite-dimensional feature vectors induced by pixel at-
tributes to the learned basis vectors. Following the notations in the gradient match
kernel Kgrqq(P, Q) measures the similarity between patches P and @ based on the pixel

gradient attribute:

grad P Q Z Z (ézaéz’)kp(zvz/) (2'3)

zeP Z2'eQ

where z denotes the 2D position of a pixel in an image patch normalized to [0,1] and 0, is

the normalized gradient vector dened as:
0, = [sin(0(z)),cos(0(z))] (2.4)
The position kernel k, and orientation kernel k, are dened using Gaussian kernels as:
kp(z,2) = e—vpl\z—Z'lPko(éz, 0) = o~ ol10=—0[? (2.5)

Based on the patch similarity kernel dened in equation kernel descriptors extract com-
pact low-dimensional features by sampling sucient basis vectors uniformly and densely from
each pixel attribute’s support region, and then learning compact basis vectors using KPCA.

Particularly, the gradient kernel descriptor for a patch P will have the form:

rad Zoza {Z )k0<é(z)7xi>kp(z7yj)} (26)

i=1 j=1 zeP

where {xz} 2y and {y;}; d ? | are uniformly sampled from the corresponding support regions
and d, and d, are the sizes of the basis vectors for the orientation and position kernels

respectively.
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Chapter 3

FEATURE SELECTION FOR FINE-GRAINED SHAPE ANALYSIS

This chapter is focused on classification of human skull shapes. The shapes of human
skulls are generally similar to each other, because they all have the same components and
deformation appearance on the 3D surface. The differences that distinguish different skulls
are usually the degree of deformation of varying parts of the skulls, for example, the width
of the skull, or how pointy the top of the skull is. For this reason, shape analysis of human
skulls is identified as a fine-grained task, in which the class distinguishing differences are in

the details.

3.1 Introduction

Specifically, we have focused on analyzing the shape of human skulls extracted from CT
images for patients with craniosynostosis. In our work, we developed a system to identify
craniosynostosis based on the 3D shape of the skulls. While classification is performed
clinically by doctors, it is important to note that there is a lack of criteria to quantify
the severity of the abnormality for research purposes. For example, when estimating the
relative effects of different surgical methods on craniofacial shape, quantitative measurement
is essential. So the model we developed for classification is also able to retrieve CT images
based on quantification of the severity of the abnormality of the 3D skull shape.

Given a data set containing pre-operative and post-operative CT scans of subjects with
three classes of craniosynostosis (coronal, metopic and sagittal) plus a set of scans from
similar-age control subjects, we conducted a set of experiments in classification, quantifi-
cation and retrieval using four logistic regression methods [129]. Different sparse logistic
regression models were compared in terms of misclassification on whether a skull has cran-
iosynostosis or not. Then a set of CT image retrieval experiments were conducted using

the best model for our data - the clustering lasso, a method developed particularly in this
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work. Finally the abnormality of the skulls of the same patient before and after surgery
were compared using the same quantification criteria. T'wo sparse logistic regression models
were also used for feature selection, the results of which reflect abnormal region localization

on the 3D surfaces of the skulls.

The rest of the chapter is organized as follows. Section summarizes the related
literature on the medical problem of craniosynostosis, Section gives an overview of the
framework of our approach for shape classification, abnormality quantification and abnormal
region localization, Section describes the details on how logistic regression models are

used in this framework, and Section [3.5|shows the experimental results of our work.

3.2 Related literature on craniosynostosis

Calvarial (skull) abnormalities are frequently associated with severely impaired central ner-
vous system functions due to brain abnormalities, increased intra- cranial pressure and

abnormal build-up of cerebrospinal fluid.

There are some previous studies on examining the specific skull shapes of patients. Pre-
viously, we proposed the cluster lasso [129], a logistic regression model, for classification of
three types of craniosynostoses: coronal, metopic and sagittal. Lin et al. [71] developed
symbolic shape descriptors to classify skull deformities caused by metopic and sagittal syn-
ostoses. Ruiz-Correa et al. [97] used a set of scaphocephaly severity indices (SSIs) for pre-
dicting and quantifying head- and skull-shape deformity in children diagnosed with isolated
sagittal synostosis (ISS). In [104], Shapiro et al. introduced several different craniofacial
descriptors that have been used in studies of two craniofacial disorders: 22q11.2 deletion
syndrome (a genetic disorder) and deformational plagiocephaly/brachycephaly. They pro-
vided feature extraction tools for the study of craniofacial anatomy from 3D mesh data
obtained from the 3dMD active stereo photogrammetry system. These tools produce quan-
titative representations (descriptors) of the 3D data that can be used to summarize the 3D
shape as pertains to the condition being studied and the question being asked. This work
is different from the current study in that it analyzed the shape of the midface and back of

the head, while our work focuses on the shape of the skull.
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Figure 3.1: Surface points extraction: the first three modules are the three steps for ex-
tracting surface points; the last image is the distance matrix generated from the surface

points.

3.3 The Pipeline of 3D Shape Analysis

3.3.1 System Design

A system was built for skull shape analysis according to its abnormality. With an input of
3D CT volume data of random pose, our system first extracts the skull and performs pose
normalization, so that it is symmetric with respect to the right and left sides. Then, surface
points are extracted that are evenly spaced all over the skull. After that, a shape feature
called the cranial image [71] is calculated by computing pairwise distances of these points.
Last, learning models are applied to analyze the skulls using the shape feature. Figure [3.1

summarizes the process.

3.8.2  Surface Points Extraction

The first step of the module of surface points extraction is to locate a base plane on the
skull based on two important landmarks: the nasion and the opisthion. The base plane
goes through these two biological landmarks, and is perpendicular to the symmetry plane
that separates the right and left sides.

The nasion is the intersection of the frontal and two nasal bones of the human skull [44].
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Nasion =

Base plane

Figure 3.2: Nasion, opisthion and the base plane of the skull: the nasion is the intersection
of the frontal and two nasal bones of the human skull [44]; the opisthion is the mid-point
on the posterior margin of the foramen magnum on the occipital bone [44]; the base plane
is the plane that goes through the nasion and the opisthion and is perpendicular to the

middle plane of the head.

Its manifestation on the visible surface of the face is a distinctly depressed area directly
between the eyes, just superior to the bridge of the nose. The opisthion is the mid-point
of the posterior margin of the foramen magnum on the occipital bone [44]. The two points
were chosen because of their locations at the front and back of the head, and because they
are stable during the human growth process. The nasion and opisthion are detected as
follows (Figure . First, the plane of symmetry of the left and right sides of the skull on
which the landmarks are expected to be is extracted. Then, the tip of the nose is located as
the point with the smallest horizontal value. The nasion is located as the point closest to
the tip of the nose, which is above it and which has a zero curvature in the vertical direction.
The opisthion is located as the point in the left part of the outline, which has the closest

distance to the nasion of all points below the nasion.

Our shape measure is based on the distances between points on the surface of the skull,

so the second step is to extract a set of planes from which surface points are located.
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These planes are parallel to the base plane. The top plane of the skull is a plane that
has intersection with the skull and which is parallel to the base plane but has the furthest
distance to the base plane. Our system can extract any plane that is parallel to the base
plane and located between the base plane and the top plane of the skull, based on the ratio
of its distance to these two planes. Multiple planes may be selected with equal distances
among them. In the rest of our experiments, 10 planes that are evenly distributed across

the whole skull were used to provide a rich 3D shape descriptor.

In the third step of this module, N points are evenly extracted along the outlines of the

planes from the previous step. N is chosen by the user, and N = 100 in our experiments.

3.5.8  Cranial Image Generation

Our shape feature is a N x N pairwise distance matrix among the surface points from the
previous step. The number at position (i,7) of the matrix represents the distance between
point number ¢ and point number j (the last module of Fig. . The matrix is symmetric.
Such a shape feature is a rich representation of the skull shape, and its dimension is usually

very high (over 10%).

3.8.4 38D Shape Analysis

The task of the system is to analyze skull shapes for abnormality recognition and CT images
retrieval. To recognize skull abnormality, we explore several logistic regression models to
fit the data with the high dimensional shape feature (CI), and perform classification. To
rank the CT images, a qualification criterion for shape abnormality is needed. We use the

models to generate quantification scores that represent the severity of the abnormality.

Geometrically, each feature corresponds to two points on the skull surface; thus selected
features resulting from the models that perform feature selection can represent the skull

regions that contribute most to the shape deformation of the skulls.
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3.4 Sparse Logistic Regression Models for Analyzing CI Features

8.4.1 Sparse Logistic Regression Models

In this work, we explore logistic regression and three sparse logistic regression models for
the purpose of classifying three different types of craniosynostosis. This section describes

our methodology.

Logistic Regression

Logistic regression is a workhorse in machine learning that uses a generalized linear model
for binomial regression. In logistic regression model, the probability of being classified as
one class is a linear function of the features.

1
1+ exp(—y(w'x + wo))

plylx,w) = (3.1)

where vector x contains the feature values of a data sample; y is its class label (for example,
y = 1 refers to coronal and y = —1 refers to non-coronal), w contains the coefficients for
x, and wy is the intercept. Furthermore, wy and w are model parameters, and p(y|x, w) is
the probability that a data sample belongs to a certain class.

We can estimate the optimal parameters wy and w that minimize the following loss

function:
l(wp,w) = Z log(1 + exp(—yi(wlx; +wp))) (3.2)
i=1
{wo, w} = min l(wp, w) (3.3)
wo,wW

where y; is the actual class label of a data sample x;.

L1 Regularized Logistic Regression

Due to the high-dimensionality of the data (i.e. a large number of features and a modest
size of samples), learning the unregularized logistic regression [3.3] will result in overfitting.
To avoid overfitting, L regularization is usually applied to induce sparsity in the solution

w such that many of the coefficients in w are set to exactly zero. L; regularization [113]
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has been rigorously proven to be effective in selecting relevant features when there are expo-
nentially many irrelevant ones [65]. The log-likelihood of L; regularized logistic regression

is as follows.

l(wo, w) =Y log(1 + exp(—yi(w'x; +wp))) + A [w] (3.4)
i=1 i=1

where X is a regularization parameter for the Li-norm of the coefficients.

Fused Lasso

One problem with L regularization is that when features are highly correlated, it arbitrarily
chooses one of many correlated features. Some variations of L; regularization can better
exploit the underlying structure of our feature data. Specifically, the fused lasso induces bias
from prior knowledge such that correlated feature groups will be assigned similar weights.
In this work, the fused lasso [114] places a constraint on the weights of the features that are
geographically related - sharing the same or neighboring surface points.

The loss function of the fused lasso with induced bias is,

l(wy,w) = Zlog(l + exp(—y; (Wl x; + wp)))

i=1
m
A fwl+p 3w - wy) (35)
=1 {’wi,’w]‘}EM
where u is a regularization parameter for the new penalty term. M is a set that contains
all pairs of features that are neighbors, whose endpoints are the same or next to each other.
In equation , AYM Jwi| penalizes large feature weights, and NZ{wi,wj}eM |w; — wj|

penalizes large weight differences between correlated features.

Clustering Lasso

As mentioned before, L regularized logistic regression tends to assign different weights to
highly correlated features. When features are highly correlated, it arbitrarily chooses one
of them and assigns a non-zero weight only to it. The fused lasso is one way to avoid this

problem by placing constraints on the weight differences based on prior knowledge. However,
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this requires the model to know ahead of time the right grouping of the features. An
alternative to using such prior knowledge, is to penalize the weight differences of correlated
features.

We propose a new form of regularization logistic regression, namely the clustering lasso

(or cLasso) [129]. The model for the clustering lasso is:

1
1+ exp(—y(wlx +wel'c+ wyp))

(3.6)

pylx, w, w) =

where x contains the feature values of a data sample; y is its class label (for example,
y = 1 refers to sagittal and y = —1 refers to non-sagittal); ¢ are the cluster centers of x;
w contains the coefficients for x; w® contains the coefficients for ¢; and wq is the intercept.
Furthermore, wy, w and w€ are model parameters, while p(y|x, w,w®) is the probability
that a data sample belongs to a certain class.

The loss function for the cLasso is

o, w, w®) = 3 log(1 + exp(—ps(w"x; + wc; + )
=1

m k
AAY il + v ) ] (3.7)
=1 =1

where ¢; (i € [1, k]) is the centroid of a group of features {z;,,%i,,...,z;, } (its feature value is
their average); wf is the weight for ¢;; and v is the regularization parameter for the weights
of the cluster centers.

This loss function is designed to cluster the features based on their correlation, and
penalize their shared weights (w§) and individual weights (w;,, wi,, ...,
w;, ) respectively. When v is small and A is large, individual weights are penalized, and
features tend to be split into groups based on their correlation and to share the same
weights. When A is large enough, this model is equivalent to the model of L; regularized
logistic regression (equation [3.4]).

Parameter w{ encourages correlated features to share the same weight, and w; allows
unique features to be used. Therefore, the cLasso is equivalent to using only shared weights
(w§) when each centroid ¢; (i € [1,k]) is computed as a weighted average with the weights

(2

determined by (wj,, Wiy, ..., w;, ).
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3.4.2  Abnormality Quantification

Using the models to fit to the data, the predicted probability of a sample data set x being a
certain class p(y = 1|x, w) can be viewed as a quantification measure of skull abnormality.
However, the use of the sigmoid function P(t) = ﬁ in computing the probability does
not work well as a quantification criteria. Because a regression model that fits the data
well tends to assign a value close to 1 to all positive instances, the quantification results are
too similar. Instead, we use the linear function of the features before taking the sigmoid
function to obtain the probability. The second option produces a better quantification
measure, because the linear function differentiates abnormal skulls better, even when they

are classified as the same class.

For the logistic regression, lasso and fused lasso models, the quantification scores are
S(x) = —y(wl'x + wp) (3.8)
For the clustering Lasso, the quantification score is
S(x) = —y(wlx +wT + w) (3.9)
3.5 Experiments

The experiments were designed to show the ability of our system to retrieve CT images
based on skull shape abnormality of different types of craniosynostosis. As a measurement
for performance, we also provide phenotype prediction accuracy by comparing our prediction
with the groundtruth diagnoses of the doctors. Cranial images were generated using our
system with 10 planes and 10 points on each plane. Logistic regression, L; regularized
logistic regression, the fused lasso and the cLasso were compared in terms of phenotype
prediction accuracy, while the quantification measure of cLasso was used as the ranking
criterion in our system. Implementation of L; regularized logistic regression is from the
authors of [65], and implementation of the fused lasso is the machine learning package SLEP
[72]. In our previous work, we did a thorough study on choosing regularization parameter \,
@ and v in equations and for the sparse logistic regression models. We continue

to use these parameters.
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Coronal

Metopic

Sagittal

Control

Figure 3.3: Examples of CT image slices

3.5.1 Medical data

Our system was tested on 3D CT images of children’s heads from hospitals in four different
cities in the US. There are different types of craniosynostosis depending on the affected
suture; the sagittal suture is between the parietal bones, metopic between the frontal bones,
coronal between the frontal and parietal bones, and lambdoid between the parietal and
occipital bones. Our study is focused on three types of synostosis - sagittal, metopic, and
coronal. In total we examined approximately 200 CT image volumes, each comprising a
stack of image slices (approximately 150 slices per volume). About half the data are controls
(normal skulls), and the other half have one of the three types of craniosynostosis. Fig.

shows some examples of slices from the CT image stacks for all four classes.

3.5.2 Parameter Selection

In the second experiment for multi-plane classification, the cranial images were generated
from 10 planes that were evenly spaced across the skull. 10 points were extracted from each
plane, and a cranial image with 10,000 features was used for classification using logistic
regression and its variations with different regularization terms. Misclassification rates were
measured using 3-fold cross validation.

The first problem in conducting these tests was to determine the value of the regular-

ization parameters A, i and v in equations , and . The effect of these regular-
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ization parameters on classification accuracy was explored by testing the misclassification
rate of sagittal versus coronal with fixed training and testing sets. Fig. [3.4] examines the
relationship of A, u, v and the misclassification rate in equation , and . Based
on the observation in the figures, the classification error is the lowest when 0.5 < X < 1,
pw~0.2and v <0.1.

In the classification task, the regularization parameters were found using 10-fold cross
validation on the training set. Specifically, the training set for each test was divided into 10
sub-folds. Nine of them were used for training with certain regularization parameters, and
the other fold was used for testing the misclassification rate. The parameter setting with

the lowest average rate across all 10 sub-folds was chosen.

3.5.8 FEwvaluation on Classification

In the first part of our experiment, we evaluate our approach based on its prediction of
whether a skull is abnormal or not, meaning the misclassification rate of each class. Clas-
sification results using the four different models are shown in Table The results of
logistic regression substantiates the overfitting problem with the large number of features
it uses. The misclassification rate greatly improves when regularization is used in the logis-
tic regression model. Specifically, the clustering lasso exhibits the best results on average.
The misclassification rate of the coronal class is higher than the other two classes. This is
because the coronal class is the most similar to the controls of all three classes. Its shape de-
formation is not immediately obvious as the deformation of the sagittal and metopic classes,

as can be observed from Figure This is consistent with the results from [129].

3.5.4 Abnormality Quantification of Pre- and Post-Operative Skulls

Besides testing our quantification measure on the CT images of patients when they are
diagnosed, we also tested it on their CT scans two years after skull surgery was performed.
Although the skull abnormality is corrected with surgery, it tends to relapse toward the
original deformity with time. Our quantitative severity measure provides an objective mea-
sure for the comparison. Fig. [3.5] shows the comparison results for a set of pre-operative

and post-operative skulls. The pair of skulls in each column are from the same patient. The
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Misclassification Rate Coronal vs Control Metopic vs Control Sagittal vs Control

Logistic regression 37.5% 36.25% 30%

L1 regression 26.3% 8.75% 8.75%
Fused lasso 16.3% 21.3% 8.75%
Clustering lasso 14.1% 7.5% 8.75%

Table 3.1: Misclassification rates using multiple planes for three types of craniasynostosis
versus controlled skulls. Four different logistic regression models are used for comparison.

Classo performs the best on all three types.

abnormality reduction after surgery is according to our scoring method. This shows that

the surgeries resulted in improvement in all cases even after two years of growth.

3.5.5 Fwvaluation of Skull Retrieval

There is no gold standard for evaluating the quantification results, because an objective
judgement of severity of craniosynostosis in the form of a medical test does not exist.
Medical experts are accustomed to providing diagnoses but have no scoring criteria. In
fact, our work was motivated by the need for severity quantification in medical research.
However, we were able to have a craniofacial expert rank a subset of the skulls for each type
of abnormality for our comparisons.

Based on the quantification measure using the clustering lasso, each skull was assigned
a value that represents the degree of severity of the craniosynostosis type to which it be-
longs (coronal, metopic or sagittal). The results for these skulls in each class are shown in
Fig. (The numbers are normalized from -1 to 1; 0 to 1 means a subject is abnormal,
and —1 to 0 means a subject is a control.) This result provides a useful measurement for
physicians and researchers to quantify the severity of individual cases with different types
of craniosynostosis. Our results correlate well with expert measures. Most of the orderings
are only slightly permuted from the expert’s ranking. This is because some of the severity
scores are very similar in themselves, so any of them can be ranked before the others in

a subjective ordering. There are several exceptions on which our system and the expert
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disagree in an obvious way, such as No. 4 in the metopic group and No. 9 in the sagittal
group in Fig.[3.6l Discussion with the expert disclosed that different parts of the skull were
being weighted differently by the system and the expert. For example for No. 4 in the
metopic group, the expert ranked it last because his focus, the pointy shape at the front,
is not obvious in the skull. However, our system ranked it higher because its global shape
is more similar to a typical metopic skull. This discovery reversely inspired the expert to
notice certain shape features that he had previously ignored. The expert also told us that
our quantification captured some shape features that could not be observed from the three
standard views by doctors. This is evidence that our system would be helpful for clinicians

to make more accurate diagnoses.

3.5.6 Visualization of Abnormal Region Localization

Based on the definition of Cranial Image, each feature represents the geometric distance
between two surface points on the skull. The feature selection result from model fitting
can be used directly as abnormal region selection of a certain craniosynostosis. Specifically,
the basic Lasso model selects regions without any constraints, while the fused lasso model
selects regions based on priors placed upon the model - nearby regions tend to be selected

collaboratively.

The interest region localization results using L; regularized logistic regression and the
fused lasso are shown in Fig. and Fig. which show the selected points and their
distances on a skull, both before (using L; regularized logistic regression) and after (using
the fused lasso) the constraint on neighboring features is placed. Fig. shows that the
selected points are scattered all over the skull. As can be seen from Fig. 3.8 penalizing the
group term helps to form local shape regions on the skulls, which shows that the fused lasso
successfully enforces geographically related features to be selected together. The visualiza-
tion of pairwise distances in Fig. [3.8] also shows that these distances are mainly between

points on either side of the skull and points on the back of the skull.
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3.6 Conclusions

In this chapter, we presented a system that performed skull analysis and severity based re-
trieval for patients with craniosynostosis. The system was tested with four different logistic
regression models: logistic regression, L regularized logistic regression, the fused lasso and
the clustering lasso on classifying abnormal skulls from normal ones. The cLasso model
was used for quantification of skull shape abnormality. Our experimental results validated
the model, both by the error rate on the classification task and by comparison with ex-
pert ranks on the retrieval task. This retrieval system provides a convenient tool that can
help medical researchers to quantify craniosynostosis for research studies. For example,
the methods reported here would facilitate studies of the effects of different surgical meth-
ods on cranial shape, associations between severity of cranial deformation and subsequent

neurodevelopmental outcomes and the relation of severity to genetic processes.
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T Cor Cor Cor Met

Pre
0.97 0.92 0.72 1.00

Pos

0.42 0.38 0.39 0.55 0.31 0.55 0.19 0.38 0.49
Rat | 43% 41% 55% 55% 59% 56% 55% 65% 84%

Figure 3.5: Quantification comparison of pre-operative and post-operative skulls: these
images are the superior views of nine skulls (for each symptom type). Under the images
are their severity scores. The upper row contains pre-operative skulls, and the bottom row
are the post-operative skulls of the same subjects as the pre-op ones above it. A subject is

normal if the score is < 0. The larger a number is, the more abnormal it is.




31

1

HEEmEEmEm
Frontier

Superior . . . . . . . .
Lateral . . . . . . . .
score 0.998 | 0.992 | 0.970 | 0.921 | 0.876 | 0.868 | 0.864 | 0.853 | 0.715
ours/expt | 1/1 2/4 | 3/3 | 4/5 | 5/2 | 6/8 | 7/9 | 8/6 | 9/7
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Sagittal
Frontier . . . l . . . . .
Superior . . . . . . . .
Lateral . . . I . . . . .

score 1.00 | 0.638 | 0.583 | 0.579 | 0.501 | 0.462 | 0.394 | 0.357 | 0.351
ours/expt | 1/1 2/3 3/4 | 4/5 5/7 | 6/6 7/9 8/8 9/2

Figure 3.6: Quantification results: nine skulls are shown for each type of synostosis (coronal,
metopic, and sagittal) from three different views. They are ordered by the severity scores
produced by our system for the craniosynostosis type to which they belong. Under the
images are their severity scores, their ranks by our system (ordered 1-9, with 1 being most

severe), and expert ranks for comparison.
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Sagittal

posterior view lateral view superior view

Figure 3.7: Visualization of selected points together with their pairwise distances using L;
regularized logistic regression: the first row are the results for coronal; the second row is the
result for metopic; the third one is the result for sagittal. The left column are the posterior
views of the skull; the middle column are the lateral views; and the right column are the

superior views.
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Figure 3.8: Visualization of selected points together with their pairwise distances using the
fused lasso: the first row are the results for coronal; the second row is the result for metopic;
the third one is the result for sagittal. The left column are the posterior views of the skull;

the middle column are the lateral views; and the right column are the superior views.
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Chapter 4

FEATURE EXTRACTION IN FOOD RECOGNITION
4.1 Introduction

Food recognition, as a typical fine-grained object recognition problem, is emerging as an
important research topic because of the demand for better dietary assessment tools to
combat obesity. The goals of such systems are to enable people to better understand
the nutritional content of their dietary choices and to provide medical professionals with
objective measures of their patients’ food intake [I10]. People are not very accurate when
reporting the food that they consume. As an alternative to manual logging, we investigate
methods for automatically recognizing foods based on their appearance. Unfortunately, the
standard object recognition approaches based on aggregating statistics of descriptive local
features perform poorly on this task [2I] because food items are deformable and exhibit
significant intra-class variations in appearance; the latter is the case even for relatively
standardized items from fast food menus.

This research work was motivated by the observation that a food item can largely be
characterized by its ingredients and their relative spatial relationships. For instance, sand-
wiches are often composed of a layer of meat surrounded on either side by slices of bread,
while salads consist of assorted greens whose spatial layout can vary widely. Our hypothesis
is that although detectors for any given ingredient are likely to be unreliable, one can still
derive sufficient information by aggregating pairwise statistics about ingredient types and
their spatial arrangement to reliably identify food items, both at the coarse (e.g., sandwich
vs. salad) and fine (e.g., Big Mac vs. Baconator) levels. Fig. illustrates how we can
exploit the spatial relationship between ingredients to identify this item as a Double Bacon
Burger from Burger King.

Although this hypothesis has intuitive appeal, applying it to food recognition is chal-

lenging for several reasons. First, even a simple food item can contain numerous visually
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Histogram Representation

Figure 4.1: Exploiting spatial relationships between ingredients using pairwise feature statis-

tics improves food recognition accuracy.

distinct ingredients, not all of which may be visible in a given image due to occlusion or
variations in assembly. In particular, we cannot rely on the presence of distinctive low-level
features nor on reliable edges between ingredients. Second, although perfect accuracy is not
required at the ingredient level, the proposed method does require the pixel-level segmenta-
tion to generate distributions over ingredients from very small local patches. Finally, there
can be significant intra-class variation in the observed sizes and spatial relationships be-
tween ingredients, requiring us to build representations that can cope with this appearance
variability in a principled manner.

Our approach is illustrated in Fig. [5.2] and can be summarized as follows. First, we
assign a soft label (distribution over ingredients) to each pixel in the image using a semantic
texton forest [105]. For instance, the distribution corresponding to a pixel in a red patch
could have a high likelihood for “tomato” and low for “cheese” while another pixel might
have high values for “bread” and “cheese” but not “tomato”. Next, we construct a multi-

dimensional histogram feature where each bin corresponds to a pair of ingredient labels



36

e e e e ~ 7
Food Images Image Pixel Pairwise Image
Soft Labels Local Feature Classification
Distribution

Original

s P, Histogram Representation ,
@ Chicken 1 ]

_- a. £ ; Result:
r ‘ Vegetable Chicken Club
Rl | Safad
Major type:
Salad

Figure 4.2: Framework of proposed approach: (1) Each pixel in the food image is assigned
a vector representing the probability with which the pixel belongs to each of nine food
ingredient categories, using STF [105]. (2) The image pixels and their soft labels are used
to extract statistics of pairwise local features, to form a multi-dimensional histogram. (3)

This histogram is passed into a multi-class SVM to classify the given image.

and discretized geometric relationships between two pixels. For example, the likelihood of
observing a pair of “bread” and “tomato” labels that are 20-30 pixels apart at an angle of
40-50 degrees. Since we use soft labels, each observation from a pair of pixels contributes
probability mass to a number of bins. Thus, the histogram aggregated from many samples of
pixel pairs in the image serves as a representation of the spatial distribution of ingredients
for that image. Finally, we treat this histogram as a feature vector in a discriminative
classifier to recognize the food item. Our representation is not specific to food and could
also be suitable for recognizing objects or scenes that are composed of visually distinctive

“ingredients” arranged in predictable spatial configurations.

4.2 Related work

There has been relatively little work on the problem of food recognition. Shroff et al. [106]

proposed a wearable computing system to recognize food for calorie monitoring. Bolle et al. [11]
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developed an automatic produce ID system called VeggieVision to help with the produce
checkout process. Yang et al. [2I] introduced the PFID dataset for food recognition along
with benchmarks using two baseline algorithms: color histogram and bag of SIFT [73]
features. Russo et al. [98] monitored the production of fast food using video. Wu and

Yang [126] analyzed eating videos to recognize food items and estimate caloric intake.

Of particular interest to food recognition are methods that explicitly address deformable
objects. Shape context [4] picks n pixels from the contours of a shape, obtains n — 1 vectors
by connecting a pixel to the others, and uses these vectors as a description of shape at
the pixel. Felzenszwalb proposes techniques [37] to represent a deformable shape using
triangulated polygons. Leordeanu et al. [67] proposed an approach that recognizes category
using pairwise interaction of simple features. A recent work [52] learns a mean shape of the

object class based on the thin plate spline parametrization.

These approaches work well for many problems in object recognition, but two issues
make them hard to apply to foods. First, these approaches all require detecting meaningful
feature points, such as edges, contours, key points or landmarks. But precise features like
these are typically not available in images of food. Second, shape similarity in food images is

hard to exploit with these approaches, since the shape of real foods is often quite amorphous.

To overcome these challenges, our approach does not rely on the detection of features like
edge or keypoints. Instead, we use local, statistical features defined over randomly selected
pairs of pixels. The statistical distribution of pairwise local features effectively captures
important shape characteristics and spatial relationships between food ingredients, thereby

facilitating more accurate recognition.

4.3 Pairwise local feature distribution (PFD)

In this section, we give the definition of our image representation — the statistics of pairwise
local features, namely the pairwise feature distribution (PFD). Using this representation,

each image can be represented by a multi-dimensional histogram.
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4.8.1 Soft labeling of pixels

Before obtaining the statistics of local features, we classify all image pixels into several
categories based on the appearance of the image patch around the pixels. The local fea-
tures will later be gathered separately based on different pixels categories. We use nine
handpicked categories representing eight common fast food ingredients: beef, chicken, pork,
bread, vegetable, tomato/tomato sauce, cheese/butter, egg/other, plus a category for the
background.

Rather than labeling every pixel as a member of a single category, we use soft labeling to
create a vector of probabilities corresponding to the likelihood that the given pixel belongs
to each of the nine categories. Soft labeling defers commitment about the identity of a
pixel, allowing for uncertainty about the true label for a pixel, and for the fuzzy distinction
between ingredient categories.

Many methods could be used for pixel classification. We chose to employ the Semantic
Texton Forest (STF) [105]. STF is a method for image categorization and segmentation
that generates soft labels for a pixel based on local, low-level characteristics (such as the
colors of nearby pixels). This is achieved using ensembles of decision trees that are each
trained on subsets of manually-segmented images. A pixel is classified by descending each
tree from root to leaf based on low-level features computed around the given pixel. The
leaves contain probabilistic class distributions (over ingredients) that our algorithm uses to
compute its soft labels. We chose to use STF, because it incorporates human knowledge in
the form of manually labeled training images, and because it has proven effective for soft
labeling in other challenging domains like the PASCAL Visual Object Classes (VOC) task.

With STF, each pixel is assigned a vector of K probabilities, where K is the number
of pixel categories. K =9 in our case. Fig. is a visualization of the soft labeling of an

image.

4.3.2  Global Ingredient Representation (GIR)

The simplest way to use the soft pixel labels produced by STF to represent a food image is to

create a single one-dimensional histogram with 8 bins representing how frequently each of the
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8 food ingredient categories appear in the image. To create an overall histogram representing
the distribution of ingredients for the image, we sum up the soft labels for the 8 food
ingredients for all the non-background pixels in an image. Then we normalize the histogram
by the number of non-background pixels in the image. This global ingredient representation
(GIR) is intuitive and easy to compute, but it does not capture the spatial relationships
between ingredients that are important for distinguishing one food from another. It will
serve as a useful benchmark for comparison with the more sophisticated, pairwise local

features described below.

4.3.3 Pairwise Features

We attempt to capture the spatial relationship between pixels of different food ingredients
using pairwise local features. Fig. [£.4] is an explanation of the four pairwise features we
have explored.

Pairwise distance reflects the distance between two pixels in an image. Similar to the
feature descriptors in the Shape Context method [4], the pairwise distance feature is defined
to be greater when the two pixels in the pair are close to each other. We employ Sturges’
formula [112], & = logy[n + 1] and use the log of the distance between the pair of pixels P;
and P.

D(Pl,PQ) =10gHP1,P2|—|—H (41)

Pairwise orientation, O(Py, P»), is defined as the angle of the line connecting the pixel
pair. It ranges in [0°,360°), and positive is counter clockwise.

Pairwise midpoint, M (Py, P,), is a discrete feature defined as the soft label of the pixel
at the midpoint of the line connecting the two pixels. When this feature is added to the
multi-dimensional histogram, the midpoint pixel’s soft label (distribution over ingredient
types) determines the weight of its contribution to the relevant bins.

Like the pairwise midpoint feature, the between-pair feature captures information about
the pixel labels lying on the line connecting the two pixels in the pair. But rather than
picking only the soft label of the midpoint, the between-pair feature incorporates all pixel

soft labels along the line connecting the pair of pixels. So the feature for each pixel pair
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has t discrete values, ¢ being the number of pixels that exist along the line between a pair
of pixels. We use B(P, P») = {T;|i = 1,2,...,t} to represent the feature set for pixels P;
and P».

In addition to these individual features, we also explore joint features that are composites
of the above features, such as a joint feature of distance and orientation, DO(P;, P»), and

a joint feature of orientation and midpoint, OM (P;, P,), as shown in Fig. [4.5

4.8.4  Histogram representation for pairwise feature distribution

Computing the complete set of pairwise features in an image can be computationally ex-
pensive since, for an image with M pixels, we would need to consider (1\24 ) pairs. It suffices
to consider (]\24 ) rather than M? pairs because our pairwise relationships are symmetric; we
convert directed orientation to a symmetric form by averaging counts in both directions.
Nonetheless, (1\2/1 ) can still be prohibitively large for high-resolution images.

Thus, for computational efficiency, we randomly sample N (N = 1000) pixels from
the non-background portion of the image and estimate pairwise statistics using these (g] )
pixel pairs. We use a set P to represent the N pixels we randomly pick from an image:
P = {P,P,,...,Py}. The soft labels of the N pixels are represented as S = {Si|i =
1,2,..,N; k = 1,2,...,8}. We calculate pairwise local features (D(FP;, Pj), O(FP;, P;)),
M(P;, P;) and B(P;, P;j)) for all pixels, and accumulate their values into a distribution.
The distribution is weighed by the soft labels of the two pixels. Specifically, this weight is
the product of the probabilities that a pixel is assigned to the ingredient label corresponding
to the given bin.

We use a multi-dimensional histogram to represent the distribution of pairwise local
features, as detailed in Fig. The first two dimensions of the histogram are the ingredient
labels. The other dimensions are the weighted pairwise features calculated for the given pair
of pixels.

The first and second dimensions of the above multi-dimension histograms have 8 bins,
representing the eight pixel categories (excluding the background). The other dimensions

have either 12 bins for pairwise distance or orientation, or 8 bins for midpoint or between-
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pair category.

4.3.5 Histogram normalization

We normalize the distribution of certain pairwise features to achieve invariance to transfor-
mations such as rotation and scaling. We compute the mode of pairwise distance or orien-
tation, and shift the corresponding dimension of the multi-dimension histogram so that it
is centered on the mode. Since we apply a logarithm to the distance feature, changing the
scale of an image becomes equivalent to shifting its histogram in the distance dimension,
resulting in scale invariance. Similarly, centering the orientation histogram at its mode value
results in rotation invariance. Since we only measure relative distances between pixels, our
representation is also translation invariant.

For joint features, we normalize the joint histogram by centering it at the mode value

of the marginal distributions of each of its continuous dimensions.

4.8.6  Classification with local feature distributions

Using Pairwise Feature Distribution or Global Ingredient Representation, each image is
represented as a multi-dimension histogram. We employ a Support Vector Machine (SVM)
for classification using a x? kernel [09].

The symmetrized approximation of x? is defined as:

i — i)
dy2(r,y) = Z (ﬂsi-i-yyi)7 (4.2)

where x and y represent the PFD histograms of two images, and x; and y; are two bins of
the histograms.

The x? kernel is defined as:

ky2(z,y) = e~ b2 @) (4.3)

With this pre-computed kernel matrix, we apply the SVM to classify images into multiple

food categories. In our implementation, we use the libSVM package [18].
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4.4 Experimental Methodology

In this section, we briefly review our dataset, baseline approaches, and detail the implemen-
tation of the pixel-level segmentation using which we generate our ingredient soft labels.

Experimental results are given in Section [4.5

4.4.1 Dataset

We evaluated our work on the recently-released Pittsburgh Food Image Dataset (PFID) [21]
and compared our proposed approach against their two baseline methods. The PFID dataset
is a collection of fast food images and videos from 13 chain restaurants acquired under lab
and realistic settings. Our experiments focused on the set of 61 categories of specific food
items (e.g., McDonald’s Big Mac) with masked background. Each food category contains
three different instances of the food (bought on different days from different branches of
the restaurant chain), and six images from six viewpoints (60 degrees apart) of each food
instance.

We followed the experimental protocol proposed by Chen et al. [21] and performed 3-
fold cross-validation for our experiments, using the 12 images from two instances for training
and the 6 images from the third for testing. We repeated this procedure three times, with
a different instance serving as the test set and average the results. The protocol ensures
that no image of any given food item ever appears in both the training and test sets, and

guarantees that food items were acquired from different restaurants on different days.

4.4.2 Baseline approaches

We use the two standard baseline algorithms specified by PFID: color histogram 4+ SVM
and bag of SIFT [73] features + SVM, as briefly described below.

Due in part to its simplicity, the color histogram method has been popular in object
recognition for more than a decade. We employed a standard RGB 3-dimensional histogram
with four quantization levels per color band. Each pixel in the image is mapped to its closest
cell in the histogram to generate a 4% = 64 dimensional representation for each image. Then

we used a multi-class support vector machine (SVM) implementation [18] for classification.
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Several studies (e.g., [66]) have demonstrated the merits of using a bag of SIFT features.
The basic idea of this approach is to represent each image as a histogram of occurrence
frequencies defined over a discrete vocabulary of features (pre-generated using k-means
clustering) and then to use the histogram as a multi-dimensional vector in an SVM.

To compare against these baseline approaches, we conducted experiments using the
six pairwise local features and the GIR feature proposed in Section We describe the

experimental details below.

4.4.8 Pre-processing with STF

The initial step in generating the six pairwise local features is to obtain pixel-wise soft
labels for the images. We used Semantic Texton Forests (STF) [105] to generate these as
follows. First, we trained STF using 16 manually-segmented food images, two examples of
which are shown in Fig. We found 16 training images to be sufficient to cover the
appearance of the food ingredients in the PFID dataset. While more data could potentially
generate better STF ingredient labels, using a small training set shows that our algorithm
can operate with a small amount of relatively noisy training data.

After training, we employed STF to soft label all 61 x 6 x 3 food images in the dataset,
creating a 9-element probability vector for each pixel, representing the likelihood of it be-
longing to each of the eight food ingredient types or the background.

The output of the STF is far from a precise parsing of an image. Fortunately, our method

does not require a perfect segmentation of food ingredients nor precise soft labeling results.
4.5 Results

This section summarizes our results, both at the individual food item level (61 categories)

and at the major food type level (7 broad categories).

4.5.1  Classification accuracy on the 61 categories

Fig. summarizes the classification accuracy results on the 61 categories for the two

baselines (color histogram, bag of SIFT), the global ingredient representation (GIR), and
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the six pairwise local features.

The chance recognition rate for each of the 61 categories is below 2% (1/61). The two
baselines (color histogram and bag of SIFT features) reached only about 10%. The GIR
global ingredient histogram method achieved 19%, and the local pairwise features methods
range from 19% to 28%. The latter, achieved with the OM feature, is more than twice the

accuracy of the PFID algorithms [21] and nearly 20x chance.

Fig. [£.9] shows the confusion matrices for four approaches: color histogram, bag of SIFT
features, GIR, and pairwise feature OM. The darker the diagonal line, the more effective
an approach, because it has a higher probability of classifying food of a given category as
itself. Clearly, there is a more salient diagonal line in the matrix of the OM feature than
the matrices for the other three approaches, which indicates that a greater number of food
items are correctly classified as themselves using joint feature OM. In both of the baseline
approaches, we can see straight vertical lines in their confusion matrices, showing that
certain food categories are frequently (and incorrectly) chosen as the classification result;

GIR and OM do not exhibit this problem.

There is a straightforward explanation for why the combination of orientation and mid-
point is the higher-order feature that gives the best accuracy. This pair of features is able
to leverage the vertically-layered structure of many fast foods. This vertical layering is
particularly characteristic of burgers and sandwiches where meat and vegetables are situ-
ated between two (or more) horizontally oriented slices of bread. The orientation feature
relates only two endpoints and therefore by itself cannot capture the three-way relationships
like bread-meat-bread or bread-vegetable-bread that are characteristic of burgers and sand-
wiches. The midpoint feature captures three-way relationships, but without the orientation
constraint, the statistics of the midpoint feature will be dominated by uniform triples like
bread-bread-bread and meat-meat-meat created from horizontal samples, which form the
majority. By combining the orientation and midpoint features, the algorithm is able to
discover and leverage the vertical triplets that are key to accurately discriminating burg-
ers and sandwiches from other food classes (e.g., pizza), as well as distinguishing between

individual burgers and sandwiches (e.g., a Big Mac vs. a Quarter Pounder).
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4.5.2  Classification accuracy into 7 major food types

The relatively low accuracy of even the best method described above is due in part to the fact
that many foods with similar appearances and similar ingredients are assigned to different
categories in the PFID food database, as shown in Fig. Such cases are challenging,
even for humans, to distinguish.

In order to match more closely to the way people categorize foods, we organized the
61 PFID food categories into seven major groups — sandwiches, salads/sides, chicken,
breads/pastries, donuts, bagels, and tacos. Then, we used the baseline methods and our
approach to classify images in the dataset into these categories. Fig. shows the classi-
fication results.

The rankings between algorithms observed in the previous experiment continued to hold
true in this broader categorization task, with OM achieving nearly 80% accuracy. More
interestingly, the category-level confusion matrices (Fig. [4.12]) provide some insights into
the classification errors. We see that sandwiches are often confused with foods whose major

ingredients include bread, such as donuts and bagels.

4.6 Conclusion

Food recognition is a new but growing area of exploration. Although many of the standard
techniques developed for object recognition are ill-suited to this problem, we argue that
exploiting the spatial characteristics of food, in combination with statistical methods for
pixel-level image labeling will enable us to develop practical systems for food recognition.

Our experiments on a recent publicly-released dataset of fast food images demonstrated
that our proposed method significantly outperforms the baseline bag-of-features models
based on SIFT or color histograms, particularly when we augment pixel-level features with
shape statistics computed on pairwise features.

In future work, we plan to extend our method to: (1) perform food detection and spatial
localization in addition to whole-image recognition, (2) handle cluttered images containing
several foods and non-food items, (3) develop practical food recognition applications, and

(4) explore how the proposed method generalizes to other recognition domains. Preliminary
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experiments indicate that pairwise statistics of STF features in conjunction with Gist [82]

perform significantly better than Gist+STF+SVM alone on scene recognition tasks.
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Figure 4.3: Visualization of soft labeling: (a) original food image. In (b), each of the nine
images represents the probability that a given pixel belongs to that category. The brighter
the pixel is, the larger its probability.
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Pairwise

Feature Feature Description Expression Fig.

. The distance between
Distance two pixels P, and P, D(P,P,)  (b)
Orientation The orientation of the line O(PL P,) (©)

between two pixels P, and P,

Midpoint The type of the pixel in the

category  middle of two pixels P, and P, M(P.,P,)  (d)

Between-pair The type of all pixels
category  between two pixels P, and P,

B(P1, P,) (e)

P, (bread pixel)

B(P,, P;)=

P, (cheese pixel) beef 0.7
» beef 0.7 bread 0.1
M(P,, P,)=| bread 0.1 pork 0.2
pork 0.2
< P, (bread pixel < P, (bread pixel)

Figure 4.4: Four pairwise local features. In the table in (a), column 1 is the name of the
feature; column 2 is a description of the feature; column 3 shows the expression of the
feature in the following text; column 4 refers to their illustration figures. (b) (c) (d) (e) are

illustrations of these pairwise local features.



Joint Pairwise

e Feature Description

The conjunction of distance
and orientation feature
between pixels P, and P,

Distance and
Orientation

The conjunction of orientation

Orientationand 5 midpoint category feature

e Bl gy between pixels P, and P,
Figure 4.5: Joint pairwise features
Histogram Type Histogram Description
Distance label x label x distance
Orientation label x label x orientation
Midpoint category label x label x midpoint

label x label

Between-pair category x between-pair

Distance and label x |abel

Orientation x distance x orientation
Orientation and label x label
Midpoint category x orientation x midpoint

Figure 4.6: Histogram representation of PFD

Expression

DO(P,, P,)

OM(P, P,)

Size
8x8x12
8x8x12
8x8x8
8x8x8
8x8x12x12

8x8x12x8

49



50

Beef [ chicken [ rork [
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(a)

Figure 4.7:  (a) shows nine colors that are used to label training images for STF. Each
color represents one of the food ingredient types or the background. (b) shows two samples
of manually labeled images for STF: use the nine labels in (a) to color all pixels of the 16

training images for STF. (Best viewed in color.)
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Color histogram Bag of SIFT

GIR OM

Figure 4.9: Confusion matrix comparison for 61 categories. Rows represent the 61 categories

of food, and columns represent the ground truth categories.
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Figure 4.10: Similar food items in PFID: these two foods are semantically and visually

similar, but are distinct food items and thus appear in different PFID categories. Such
subtle distinctions make fast food recognition inherently challenging for vision algorithms.

(left) Arby’s Roast Turkey and Swiss; (right) Arby’s Roast Turkey Ranch Sandwich.
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Figure 4.11: Classification accuracy for 7 major types
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Figure 4.12: Confusion matrix comparison for 7 major categories. Rows represent the major
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7 food categories, and columns represent the ground truth major categories.
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Chapter 5

TEMPLATE LEARNING IN FINE-GRAINED OBJECT
RECOGNITION

5.1 Introduction

In the previous chapter, the focus was a design of image representation for food recognition
— a specific fine-grained object recognition task. In this chapter, the focus will be on the gen-
eral fine-grained object recognition problem, and our work on learning image representation

for the general recognition tasks will be described.

Cognitive research study has suggested that basic-level recognition is based on comparing
the shape of the objects and their parts, whereas subordinate-level recognition is based on
comparing appearance details of certain object parts [32]. This suggests that finding the
right correspondence of object parts is of great help in recognizing fine-grained differences.
For basic-level recognition tasks, spatial pyramid matching [62] is a popular choice that
aligns object parts by partitioning the whole image into multiple-level spatial cells. However,
spatial pyramid matching may not be the best choice for fine-grained object recognition,

since falsely aligned object parts can lead to inaccurate comparisons, as shown in Figure[5.1}

This work is intended to alleviate the limitations of spatial pyramid matching. Our key
observation is that in a fine-grained task, different object categories share commonality in
their shape or structure, and the alignment of object parts can be greatly improved by dis-
covering such common shape patterns. For example, bird images from different species may
have similar shape patterns in their beaks, tails, feet or bodies. The commonality usually is
a part of the global shape, and can be observed in bird images across different species and in
different poses. This motivates us to decompose a fine-grained object recognition problem
into two sub-problems: 1) aligning image regions that contain the same object part and

2) extracting image features within the aligned image regions. To this end, we propose a
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Figure 5.1: Region alignment by spatial pyramid matching and our approach. Spatial
pyramid matching partitions the whole image into regions, without considering visual ap-
pearance. A 4 x 4 partition leads to misalignment of parts of the birds while a coarse
partition (i.e. 2 x 2) includes irrelevant features. Our approach aims to align the image

regions containing the same object parts (red squares).

template model to align object parts. In our model, a template represents a shape pattern,
and the relationship between two shape patterns is captured by the relationship between
templates, which reflects the probability of their co-occurrence in the same image. This
model is learned using an alternative algorithm, which iterates between detecting aligned
image regions, and updating the template model. Kernel descriptor features [0, 9] are then
extracted from image regions aligned by the learned templates.

Our model is evaluated on two benchmark datasets: the Caltech-UCSD Bird200 and
the Stanford Dogs. Our experimental results suggest that the proposed template model
is capable of detecting image regions that correspond to meaningful object parts, and our
template-based algorithm outperforms the state-of-the-art fine-grained object recognition

algorithms in terms of accuracy.
5.2 Unsupervised Learning of Template Model

This section provides an overview of our fine-grained object recognition approach. We

discuss the framework of our template based object recognition, describe our template
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model, and propose an alternative algorithm for learning model parameters.

5.2.1 Template-Based Fine-Grained Object Recognition

Over the last decades, computer vision researchers have done a lot of work in designing
effective and efficient patch-level features for object recognition [73,63] 127, 1211 [14] 22], 132].
SIFT is one of the most successful features, allowing an image or object to be represented
as a bag of SIFT features [73]. However, the ability of such methods is somewhat limited.
Patch-level features are descriptive only within spatial context constraints. For example, a
cross shape can be a symbol for the Red Cross, Christian religion, or Swiss Army products,
depending on the larger spatial context of where it is detected. It is hard to interpret
the meaning of patch-level features without considering such spatial contexts. This is even
more important for a fine-grained recognition task since common features can be shared by
instances from both the same and different object classes. Spatial pyramid models [62] [14],
15] align sub-images/parts that are spatially close by partitioning the whole images into
multi-level spatial cells. However the alignments produced by the spatial pyramid are not

necessarily correct, since no displacements are allowed in the model (Figure [5.1)).

Here, we use a template model to find correctly-aligned regions from different images,
so that comparisons between them are more meaningful. A template represents one type of
common shape pattern of an object part, while an object part can be represented by several
different templates. Certain shape patterns of two object parts (for instance, a head facing
the left and a tail pointing to the right) can frequently be observed in the same image. Our
template model is designed to capture both properties of templates and their relationships
among templates. Model parameters are learned from a collection of unlabeled images in
an unsupervised manner. See sections [5.2.2] and [5.2.3] for more details.

Once the templates and their relationship are learned, the fine-grained differences can
be aligned based on these quantities. The framework of our template based fine-grained
object recognition is illustrated in Figure In the learning stage, Algorithm [I] is used
to find the templates. In the recognition stage (from left to right in Figure , aligned

image regions are extracted from each image using our template detection algorithm. Color-
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Figure 5.2: The framework for fine-grained recognition: the recognition pipeline goes from
left to right. In the training stage, a template model is learned from training images using
Algorithm [Il In the recognition stage, the learned templates are applied to each test image,
resulting in aligned image regions. Then image-level feature vectors are extracted as the

concatenation of features of all aligned regions. Finally, a linear SVM is used for recognition.

based, normalized color-based, gradient-based, and LBP-based kernel descriptors followed
by EMK [9] are then applied to generate feature representations for each region. The image-
level feature is the concatenation of feature representations of all detected regions from the

corresponding image. Finally, a linear SVM [I§] is used for recognition.

5.2.2 Template Model

We start by defining a template model that represents the common shape patterns of object
parts and their relationships. A template is an entity that contains features that will match
image features for region detection. Let M = {T, W} be a model that contains a group of
templates T = {17, T, ..., Tk } and their co-occurrence relationships W = {wi; wia..., wx K },
where K is the number of templates, and w;; is between 0 and 1. When w;; = 0, the two
templates T; and T} have no co-occurrence relationship.

When a template model is matched to a given image, not all templates within the model
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are necessarily used. This is because different templates can be associated with the same
object part, but one part only occurs at most once in an image. Our model captures
this intuition by making the templates inactive that do not match images very well. To
model appearance properties of templates and their relationships, the score function between
templates and a given image I should capture three aspects: 1) fitness, which computes
the similarity of the selected templates and image regions that are most highly matched
to them; 2) co-occurrence, which encourages selecting templates that have a high chance
of co-occurring in the same image; and 3) diversity, which gives preference to having the
selected templates match separated image regions.

Fitness: We define a matching score sf (T}, 2! ) to measure the similarity between a template

T; and an image region at location atf in image [
s/ (Tiaf) =1 T, = R@])|® st |z] -z <a (5.1)

where R(z!) represents the features of the sub-image in I centered at the location z!; z/

is an initial location associated with the template 7; and « is an upper bound of location
variation. Both xZI and EZI are measured by their relative location in image I. If |mZI —fi[ | > a,
the location is too far from the initial location, and the score is set to zero.

The features describing R(a:{ ) should be able to capture common properties of object
parts. Since the same type of part from different objects usually share similar shapes, we
introduce edge kernel descriptors to capture this common statistic. We first run the Berkeley
edge detector [75] to compute the edge map of an image, and then treat it as a grayscale
image and extract color kernel descriptors [6] over it. Using these descriptors, we compute
s (T;, z1); the higher its value, the better is the match.

Summing up the matching score s/ (T, x; ) for all templates that are used for image I,

we obtain a fitness term

Sf(']I‘,XI,VI ZU s Tz,ib (5.2)

where VI = {v], ..., vf(} represents the selected template subset for image I, viI = 1 means
that the template T} is used for image I, and X! = {a:{, e x%} represents the locations of

all templates on image I. The more templates that are used, the higher the score is.
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Co-occurrence: With the observation that certain shape patterns of two or more object
parts coexist frequently in the same image, it is desired that templates that have a high
chance of co-occurring are selected together. For a given image, the co-occurrence term is
used to encourage selecting two templates together, which have a large relation parameter

w;j. Meanwhile, a L; penalty term is used to ensure sparsity of the template relation.

K K K K
W VI ZZU,{UJI'U)”' — )\ZZ |w,]] sit. 0 S Wy 5 S 1 (53)

i=1j=1 i=1 j=1
Diversity: This term is used to enforce spatial relationship constraints on the locations
of selected templates. In particular, their locations should not be too close to each other,
because we want the learned templates to be diverse, so that they can cover a large range

of image shape patterns. So this term sums up a location penalty on the templates,

shxt vl = ZZvlvldw x) (5.4)

=1 j=1
where d(ml,le) is the location penalty function. We have d(mz,mjl) = oo if |z! — l']]| <p
and d(z?, x]) = 0, otherwise. 3 is a distance parameter.

Summing up all three terms defined above: fitness, co-occurrence and diversity terms
for all images in the image set D, we have the overall score function between templates and

images

S(T, W, X,V,D) =Y (S/(T, &7, V') + 550w, V') + s4x!,vh) (5.5)
IeD

where V = {V', V2, ..., VIPI} are template indicators, X = {X!, &2, ..., XIPI} are template
locations, and |D| is the number of images in the set D. The templates and their relations
are learned by maximizing the score function S(T, W, X,V, D) on an image collection D.

5.2.83 Template Learning

We use an alternating algorithm to optimize (5.5). The proposed algorithm iterates among

three steps:

e updating X',V (template detection),
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e updating T (template feature learning), and

e updating W (template relation learning).

Template detection: Given a template model {T, W}, the goal of template detection is
to find the template subset V and their locations & for all images to maximize equation
(5.5). The second term in S¢ in equation (5.3]) is a constant given W. So maximizing ([5.5)

is reduced to maximizing the following term for each image I respectively:

K K K
s Dol (Tl + 303 ol = deel, ) (5.6)
1= =1 j=

The above optimization problem is NP-hard, so a greedy approach is used: the algorithm
starts with an empty set, first calculates the scores for all templates, and then selects the
template with the largest score. Fixing the locations of all previously selected templates,
the next template and its location can be chosen in a similar manner. The procedure is
repeated until the object function no longer increases.

Template feature learning: The goal of template feature learning is to optimize the
templates T given the relation parameters W and current template detection results V),
X. When maximizing , S% and S¢ are all constants given V, X and W. The optimal

template T; can be found by maximizing

mjaxzvf(l =T = R(z])|1?) (5.7)
* IeD

which can be solved by the closed form equation

Ti= 3 ol Rl)/ Yo (58)

IeD IeD
Eq means that the template T; is updated by the average of the features of all sub-
images in D that are detected by the ¢-th template.
Template relation learning: The goal here is to assign values to the relation parameters
W given all other parameters (T, V and X') for the purpose of maximizing equation .
Since only W are optimization parameters, S¥ and S¢ are both constants. Optimizing
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Algorithm 1 Template Model Learning
input Image set D, maximum iteration maxiter, threshold e

output Template model M = {T, W}.
Initialize {T1,T5, ..., Tk} with training data; initialize w;; = 0; iter = 0
for iter < maxiter do
update X7, V! for all I € D based on equation
update T by: Ty = 3y p o R(xf)/ Yep of (as in (5.8))
update W to optimize
if >, [aTi| < € then
break
end if
iter < iter + 1

end for

is simplified as maximizing

K K K K
mV%XZZwij > ofol =ADI>0D Jwyl (5.9)

i=1 j=1 IeD i=1 j=1

A L regularization solver [I00)] is used for optimizing this formula.

The whole learning procedure is summarized in Algorithm [I] The algorithm starts by
initiating K templates with various sizes and initial locations that are are evenly spaced in
an image. In each iteration, template detection, template feature learning, and template
relation learning are alternated. The iteration continues until the total change of template

{T;}X, is smaller than a threshold e.

5.3 Experiments

We tested our model on two publicly available datasets: Caltech-UCSD Bird-200 and Stan-
ford Dog. These two datasets are the standard benchmarks to evaluate fine-grained object
recognition algorithms. Our experiments suggest that the proposed template model is able

to detect the meaningful parts and outperforms the previous work in terms of accuracy.
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Figure 5.3: Object parts (black squares) detected by learned templates. Each line shows
the parts found by one learned template. The sub-image within the black square has the
highest matching score for a given image. Meaningful parts are successfully detected such

as heads, backs and tails.

5.83.1 Features and Settings

We use kernel descriptors (KDES) to capture low-level image statistics: color, shape and
texture [6]. In particular, we use four types of kernel descriptors: color-based, normalized
color-based, gradient-based, and local-binary-pattern-based descriptorsﬂ Color and nor-
malized color kernel descriptors are extracted over RGB images, and gradient and shape
kernel descriptors are extracted over gray scale images transformed from the original RGB
images. Following the standard parameter setting, we compute kernel descriptors on 16 x 16

image patches over dense regular grids with spacing of 8 pixels. For template relation learn-

"http://www.cs.washington.edu/ai/Mobile_Robotics/projects/kdes/
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ing, we use a publicly available L regularization solver ﬂ All images are resized to be no
larger than 300 x 300 with the height/width ratio preserved.

To learn the template model, we use 34 templates with different sizes. The template
size is measured by its ratio to the original image size, such as 1/2 or 1/3. Our model has
9 templates with size 1/2 and 25 with size 1/3. The initial locations of templates with
each template size are evenly spaced grid points in an image. We observe that the learning
algorithm converges very fast and usually becomes stable around 15 ~ 20 iterations.The
sparsity level parameter A is set to be 0.1. Other model parameters are a = 24 and § =
32 pixels. These parameters are optimized by performing cross validation on training set of
the Bird dataset. The same parameter setting is then applied to the Dog dataset. On each
region detected by templates, we compute template-level features using EMK features [9].
After obtaining these template-level features, we train a linear support vector machine for
fine-grained object recognition.

Notice that there is a slight difference between template detection in the learning phase
and in the recognition phase. In the learning phase, only a subset of templates are detected
for each image. This is because not all templates can be observed in all images, and each
image usually contains only a subset of all possible templates. But in the recognition phase,

all templates are selected for detection in order to avoid missing features.

5.3.2 Bird Recognition

Caltech-UCSD Bird-200 [122] is a commonly used dataset for evaluating fine-grained object
recognition algorithms. The dataset contains 6033 images from 200 bird species in North
America. In each image, the bounding box of a bird is given. Following the standard
setting [16], 15 images from each species are used for training and the rest for testing.

Template learning: Figure visualizes the rectangles/parts detected by the learned
templates. The feature in each template consists of a vector of real numbers. As can
be seen, the learned templates successfully find the meaningful parts of birds, though the

appearances of these parts are very different. For examples, the head parts detected by T3

®http://www.di.ens.fr/~mschmidt/Software/L1General .html
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Table 5.1: The table in the left show the classification accuracies (%) obtained by templates
with different sizes and numbers on a subset of a full dataset. The accuracy is improved
with an increasing template number at the beginning, and become saturated when enough
templates are used. With the best template number choices, the combination of templates
with different sizes are tested. The table in the right shows the accuracies (%) achieved by
different combinations on the full dataset. The combination of 9 templates with size 1/2

and 25 templates with size 1/3 performs best (selected using the training set).

Acc 1 4 9 16 25 36 Combination Acc
T! | 46.1 | 46.1 | 46.1 | 46.1 | 46.1 | 46.1 972 27.1
T3 | 39.6 | 46.8 | 50.7 | 50.7 | 48.9 | 47.5 T 4+ 973 927.4
T5 | 332 | 42.9 | 41.8 | 43.9 | 44.3 | 44.3 9Tz + 25T’ 28.2
Ti | 32.1 | 375 | 40.4 | 40 | 40.4 | 40 T+ 972 + 2575 + 25T'% | 28.2

Table 5.2: Effect of sparsity parameter A: that the best accuracy is achieved when A = 0.1.

A 0 0.001 | 0.005 | 0.01 | 0.05 | 0.1 | 0.5 1

Accur | 48.57 | 48.93 | 49.28 | 49.29 | 49.64 | 50.7 | 50 | 48.57

have quite different colors and textures, suggesting the robustness of the proposed template

model.

Sparsity parameter A\: We tested different values for the sparsity level parameter A on a
subset of 20 categories (from the training set) for efficiency. If A = 0, there is no penalty
on the relation parameters W, thus all weights w;; are set to 1 when the template model
is learned. If A > 1, the penalty on the relation parameters is large enough that all w;;
are set to 0 after learning. In both these cases, the template models are equivalent to a
simplified model without the co-occurrence term in . If A is a number between 0 and
1, test results in Table show that the best accuracy is achieved when A = 0.1.

Template size and number choices: We tested the effect of the number and size of
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the templates on the recognition accuracy. All the results are obtained on a subset of
20 categories for efficiency. When the template size is 1, the accuracy is the same with
an arbitrary template number, because template detection will return the same results.
For templates whose size is smaller than 1, the results obtained with different numbers of
templates are shown in Table left. Based on these results, we selected a template number
for each template size for further experiments: one template with size 1, 9 templates with
size 1/2, 25 templates with size 1/3, and 25 templates with size 1/4. The results obtained by
the combinations of templates with different sizes (each with its optimal template number)
on the full dataset are shown in Table right. The highest accuracy is achieved by the
combination of 9 templates with size 1/2 and 25 templates with size 1/3. Our further
experiments suggest that adding more templates only slightly improves the recognition

accuracy.

Running time: Our algorithm is efficient. With a non-optimized version of the algorithm,
in the training stage, each iteration takes 2 ~ 3 minutes to update. In the test stage, it
takes 3 ~ 5 seconds to process each image, including template detection, feature extraction

and classification. This is fast enough for an on-line recognition task.

Comparisons with the state-of-the-art algorithms: We compared our model with
four recently published algorithms for fine-grained object recognition: multiple kernel learn-
ing [16], random forest [I31], LLC [131], and multi-cue [56] in Table We also compared

our model to KDES [6] with spatial pyramid, a strong baseline in terms of accuracy.

We observe that KDES with spatial pyramid works well on this dataset, and the proposed
template model works even better. The template model achieves 28.2% accuracy, about 6
percents higher than the best results reported in the previous work and about 2 percents
higher than KDES with spatial pyramid. This accuracy is comparable with the recently
proposed pose pooling approach [I36] where labeled parts are used to train and test models;

this is not required for our template model.
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Table 5.3: Comparisons on Caltech-UCSD Bird-200. Our template model is compared to
the recently proposed fine-grained recognition algorithms. The performance is measured in

terms of accuracy.

MKL [16] | LLC [131] | Rand-forest [I31] | Multi-cue [56] | KDES [6] | This work

19.0 18.0 19.2 224 26.4 28.2

Table 5.4: Comparisons on Stanford Dog Dataset. Our approach is compared to a baseline
algorithm in [57] and KDES with spatial pyramid. We give the results of the proposed

template model with two types of templates: edge templates and texture templates.

Methods SIFT [57] | KDES [6] | Edge templates | Texture templates
Accuracy (%) 22.0 36.0 38.0 36.9

5.3.8 Dog Recognition

The Stanford Dogs dataset is another benchmark dataset for fine-grained image categoriza-
tion recently introduced in [57]. The dataset contains 20, 580 images of 120 breeds of dogs
from around the world. Bounding boxes of dogs are provided for all images in the dataset.
This dataset is a good complement to the Caltech-UCSD Bird200 due to more images in
each category: around 200 images per class versus 30 images per class in Bird200. Following
the standard setting [57], 100 images from each category are used for training and the rest

for testing.

Comparisons with the state-of-art algorithms: We compared our model with a base-
line algorithm [57] and KDES with spatial pyramid on this dataset. For the dog datasets,
we also tried using the local binary pattern KDES to learn templates instead of the edge
KDES due to the relative consistent textures in dog images. Our experiments show that the
template learning with the edge KDES works better than that with the local binary pattern
KDES, suggesting that the edge information is a stable cue to learn templates. Notice that

the accuracy achieved by our template model is 16 percent higher than the best published
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results so far.
5.4 Conclusion

In this chapter, we have proposed a template model for fine-grained object recognition. The
template model learns a group of templates by jointly considering fitness, co-occurrence and
diversity between the templates and images, and the learned templates are used to align
image regions that contain the same object parts. Our experiments show that the pro-
posed template model has achieved higher accuracy than the state-of-the-art fine-grained
object recognition algorithms on the two standard benchmarks: Caltech-UCSD Bird-200
and Standford Dogs. In the future, we plan to learn the features that are suitable for
detecting object parts and incorporate the geometric information into the template rela-

tionships.
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Chapter 6

CONCLUSION AND FUTURE WORK

Fine-grained image classification, including fine-grained object recognition and fine-
grained shape analysis, covers a variety of important and useful problems in computer
vision. This research focused on the exploration of different problems in this family. We
proposed algorithms and pipelines for fine-grained image classification, including both spe-
cific tasks like food recognition and skull shape analysis for craniosynostosis, and general

fine-grained object recognition tasks.

The key contribution of the pipelines we proposed are the modules on feature engineering.
Our proposed algorithms cover different aspects of feature engineering, including feature
design, feature learning and feature selection. The performances of each of the algorithms
proposed are demonstrated on one or more benchmark datasets, on which they outperformed

the state-of-the-art algorithms.

Although multiple aspects of feature engineering are covered in this thesis, there are
still many to be explored in the future work. For fine-grained object recognition, a unified
framework that performs both object detection and recognition is lacking. In the human
visual system, the processes of detection and recognition cannot be clearly separated. A
human usually alternates between the two processes to jointly optimize the outcome of both
detection and recognition. A pipeline that performs both object detection and recognition
is needed for a computer vision system to work in a real world application. Therefore, it
is necessary to develop algorithms that are able to jointly address these two problems. For
example in the template model we proposed, the matching of templates and image regions
can also be used to locate the position of objects in an image. So this model can be improved

for such a unified system.

Furthermore, the current recognition accuracy is not good enough to be used in real

world applications. Multiple aspects of the current pipeline can be improved for better
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performance. First, from the feature learning perspective, richer features can be applied in
this pipeline, such as features learned by Deep Belief Network, which is the new state-of-
the-art feature learning method. Second, the objective of our template learning model is
straightforward and considers some basic matching criteria in template fitness and template
relationships. More comprehensive criteria can be explored for improvement of region align-
ment. For example when considering template relationships, besides template co-occurrence,
the spatial relations between two templates have important information as well, such as the
relative location of two templates including distance and orientation. Including this infor-
mation would change the relation term of the objective of template matching, thus a new
learning algorithm for optimizing the model will also be needed. Third, more data needs to
be collected and tested. Having more data may affect the performance of the pipeline either
in a good way, because of the larger size of the training data, or in a bad way, because new
data can potentially introduce new problems.

For fine-grained shape analysis problems, especially in the domain of medical imaging, it
is worthwhile to generalize the current framework to the analysis of other parts, for example
the face and the feet, as well as to other illness types. It is also worthwhile to use feature
learning algorithms for 3D shape features in fine-grained shape analysis.

From a more general perspective, the feature engineering modules covered in this thesis
are focused on capturing the spatial information in images. The 3D shape analysis project
is aimed at selecting features corresponding to important regions on the 3D shape that dis-
tinguish different class types; in the food recognition project, the new image representation
proposed is aimed at capturing spatial relationship of multiple food ingredients inside the
food images; the template model proposed in the previous chapter is targeted at more accu-
rate alignment of meaningful image regions that contain corresponding object parts. Spatial
information in images is one of the most important cues to their meaning, as well as one
of the most difficult signals to represent. In order to capture such spatial information, the
design and learning of mid-level features, which can bridge the gap between low-level cues
and image-level representations, can be key. The templates we proposed are an attempt at

such mid-level features. More exploration needs to be done in this direction.
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