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Abstract

Humans receive an enormous amount of information or stimulus from the environment.

The interpretation, reaction, or behavior toward the current situation relies specifi-

cally on the useful information refined from the environmental stimulus by humans’

brain processing. Yet, not only the refining process but also the transformation toward

output behavior remains hidden or partially discovered. Researchers in various fields

are interested in understanding this information transition and transformation flow, in

which this knowledge can be widely applied or inserted to many research or applications

for improvement. For example, computers may improve their efficiency in computing

by taking advantage of understanding what the critical elements from the incoming

information are. Also, a robot may be designed to simulate this information flow and

produce a corresponding reaction by processing the incoming scenes from the webcam

or environmental change from different sensors.

This dissertation focused on the flow between the visual stimulus and interpretation

with the observable eye movement data involved. We aim to simulate the overall visual

information flow as a user model and seek the connection of how the user model can

associate with machine learning and human-computer interaction. By using the user

model, we are able to provide insights on designing intelligent interfaces for filtering

and collecting useful information. The user model can also provide improvement to the

machine learning methods. We discuss this visual information flow and discriminate our

research projects into these three themes: intelligent interface for understanding user

modeling, model-driven machine learning, and applications of the learned user model.

Based on the human eye movement on images, we introduce the concept of Interest-

based Regions, which indicates regions that get more attention or interest while viewing

an image. This innovative representation method acts as critical information (hidden

states) in the user model between input information and output behavior. By using this

representation, we present the feasibility of how to collect further interpretation, how

to connect with the viewing behavior updates, and how to use in real-life applications

such as non-invasive aid on diagnosing psychological symptoms.
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Chapter 1

Introduction:

A Roadmap to each Chapter

It’s natural for humans to understand and interact with an enormous amount of infor-

mation from the surrounding environment. But it is much more difficult for computers

to process incoming information intuitively. To make a computer acting more like

humans, researchers in Artificial Intelligence (AI) give a direction to computers that

simulate how a human understands the world, which could lead to the development of

new computer technology. For instance, when visual information such as colors, lights,

shapes, is received by eyes, this information will pass to the brain and be processed into

something meaningful such as ”a red flower,” or some interactions or behavior like ”I

need to wear sunglasses since it’s too bright.” This human visual system is interesting

to the researchers because it receives a huge amount and variety of visual information

through the eyes and creates a conscious understanding or reaction to this information.

However, what exactly is happening between the input (visual) information and

the output human understanding or behavior remains concealed, which is critical for

simulating the information processing procedure of humans by computers. Consider

the scene showing in figure 1.1: if a person is about to enter this scene, this person

may first recognize this is a conference room possibly based on seeing the furniture and

room setting. And people here dress formally, and most of them have a glass of wine

in their hands, probably for celebrating something. The person’s brain processes all

1
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Figure 1.1: Comparison between traditional object labels and our interpre-
tative labels. Compared to the object-based image labeling methods, our labeling
method involves human eye movements to generate regions that people are interested in
for labeling. This way, our resulting regions and annotations consider both objects and
the interaction or relation between objects that help on interpreting the whole image.

these observation and information, and then enter the room with a proper reaction.

Yet, this ”brain process” stage is hidden and nontrivial to unwrap and simulate by the

computer. If the same scene in figure 1.1 is entered as an input to a computer system,

it is unachievable that the computer system provides a similar interpretation above

without any information processing and learning.

To understand the relationship between input information and output interpretation

or behavior, a hidden user state in between is proposed in this dissertation. This hidden

user state processes the incoming data and then digest it into the outcoming behavior or

interpretation. Take the procedure of understanding an incoming image as an example

of how to involve the hidden user state between information and interpretation. This

procedure sounds straightforward to a human: humans view an image as the informa-

tion resource. Then, they describe both the content and what happened in the image
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after processing the information through their brains. In contrast, it is not explicit for

computers to know what to do with the incoming image. One way to understand the

image content is to construct a model that can recognize objects existing in the image.

For example, Alexnet [7] is one of the state-of-the-art deep neural networks for retriev-

ing the information from the ImageNet dataset [3], which contains thousands of object

classes, and performing well on object detection and recognition tasks. The neural net-

work used in Alexnet can be considered as their version of the hidden state between

images and human understanding. The example of object detection is shown at the

top row of figure 1.1. Applying object detection methods such as [8, 9] would result in

several person objects and their positions in this image. But ideally, we would want to

focus on regions beyond the objects, such as those regions that are corresponded to the

description of ”two people shaking hands at the front” or ”The man is holding a glass of

wine” (the lower row of figure 1.1.) Factors such as where humans are interested in or

paying attention may be more critical for interpretation; choosing a more correspondent

factor as the hidden user state is also helpful for computers to simulate how humans

understand an image.

With the hidden user state involving between input information and output be-

havior or interpretation, the flow of information that illustrates the whole process is

formed. And modeling this flow of information is referred to as User Modeing gen-

erally. Knowing the user model corresponding to different problems leads us to have a

better understanding and solution to the problem itself. To develop an adequate user

model, collecting useful information related to the hidden user state from the input

resource is necessary, which requires associated background knowledge. Therefore, de-

veloping an interface is essential to collect this information from the input data. By

involving knowledge from the machine learning field, an intelligent interface can be de-

veloped. This intelligent interface could lead to not only a better collection of useful

information but also a more efficient way to uncover the critical hidden user state. On

the other hand, with some prior knowledge of the connection between the input data

and output behavior from humans observation, designing a learning method from the

data would be more straightforward and grounded. Involving background knowledge

of the overall user model of the problem could also improve the learning method, such

as having a better performance, avoiding complex structures along with the possibility
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Figure 1.2: This dissertation seeks to find the interaction and inter-improvement be-
tween human computer interaction (HCI) and machine learning (ML) with the user
model involved.

of data overfitting, and having a better simulation of how humans process the input

data. For instance, driver fatigue detection problem can gain more accuracy and gen-

erality by finding the relation between fatigue behavior and critical measurements such

as blinking rate or pupil diameter. Such learning methods can also be referred to as

Model-driven Machine Learning since they applied the knowledge of the related users

or subjects while constructing our learning method for the problem.

In this dissertation paper, I will introduce each of my research projects with how

they are corresponding to the concepts introduced above. To be more specific, each of

my projects falls into one or more of the following themes.

1. Intelligent Interface for understanding User Modeling.

2. Model-driven Machine Learning

3. Applications of the Learned User Model

Research projects that are referenced in these themes were conducted solely by myself,

with the exception of the ODDS project, which was done in collaboration with other
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researchers in BOSCH North America Research Center, and the psychological symptoms

diagnostic classifier, which collaborating researchers in clinical psychology department

did the data collection.

To have a better understanding of the user model and the input data, designing an

intelligent interface is necessary for better information retrieval. In the ODDS project

introducing in chapter 3, RGBD image data (three color and one depth channels) is

collected to avoid privacy issues while using in the smart building applications. In addi-

tion to the raw RGBD image data, the goal object detection or further application also

needs the annotated data. Therefore, I developed an intelligent annotation interface

by involving multiple instance learning (MIL) detector. This interface allows people to

change the annotation types such as objects or events flexibly and efficiently generates

the desired annotations such as a bounding box of an object. The annotation provided

from this interface is critical for understanding the user model and becomes one of the

key elements for constructing an object detector using in the smart environment appli-

cation. Other than the ODDS project, in chapter 4, an interest-based region annotation

interface is developed. This interface seeks to capture the most natural interpretation of

the given image from humans based on the interest-based regions with a well-designed

set of questions. These regions represent the place that people are most likely to be

interested, which are generated from the human eye movement data while viewing the

image. With the descriptive data collecting from the annotation interface, the connec-

tion between a given scene and human interpretation is more precise to establish.

In addition to the intelligent interface, model-based machine learning provides a

more explicit way of representing the connection between input data and output goal

with the hidden user state involved. Chapter 2 described a method of predicting the

monkey’s fatigue behavior during the experiment based on their recorded eye move-

ment data. By recognizing the useful patterns from the eye movement data and the

characteristic differences between standard and fatigue behavior, the designed model

provides reasonable performance on prediction and numerical explanation of the hidden

user state generated from the eye movement data that is critical to fatigue prediction.

On the other hand, chapter 6 describes how to predict the next eye movement based

on the information retrieved from the previous eye movement history and interest-

based regions. By setting the human interest as the critical hidden state and using the
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Figure 1.3: Concept Map of how Humans interpret an Image. Image under-
standing, human interest, visual attention and related looking behavior form a system
of human viewing process that runs through time and iteratively updates information
of each stage. Given an image, the information of the region that the person is viewing
is obtained and being interpreted by his or her brain (stage 1 to 2). Then the region
interpretation would affect his or her interest toward this image for understanding more
contents in the image (stage 2 to 3). After deciding what is interesting after knowing
this region, the visual attention would change as well and affect the next eye movement
(stage 3 to 4 and 4 back to 1).

interest-based regions to form a representation of the eye movement, scanpath predic-

tion becomes relatively straightforward with a temporal series data analysis using LSTM

(Long Short-Term Memory Network). Moreover, the data collected and processed from

chapter 4 and the learning structure provided from 6 form an overall user model that

simulates the process of how human interpret an image. Figure 1.3 provides an overview

of how humans’ eye movement, visual attention, and interpretation come together as a

knowledge-updating loop with the red cloud in the lower part of the figure represented

as the hidden user state and the upper part as the observable data.

With the user model being constructed, multiple applications can be established.
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By collecting the annotation from the interest-based regions described in chapter 4, a

measurement of how much information people extracted from the image content can be

calculated. This measurement, or so-called interest complexity, can provide new devel-

opment of improvement of a variety of applications. For instance, designing the adver-

tisement with images that have lower or higher interest complexity becomes potentially

useful when facing different groups of people. On the other hand, the representation

based on interest-based regions can also be applied to supporting the diagnosis of psy-

chological characteristics. In chapter 5, a probability classifier is constructed based on

this representation to differentiate between bipolar, schizophrenia, and control groups.

The performance of the classification shows that involving interest-based regions rep-

resentation as a hidden user state forms a feasible user model between humans’ eye

movement and psychological symptoms.

In the following chapters, I will introduce each research project separately in each

chapter with a thorough description of the background literature, data, methods, and

results as a complete study.



Chapter 2

Automatically Discovering

Fatigue Patterns from Sparsely

Labelled Temporal Data

In many problems, we would like to find relation between data and description. However,

this description, or label information, may not always be explicitly associated with the

data. In this chapter, we would like to understand the relationship between viewing

behavior and current visual attention. By finding the relation in between, our method

would help to predict human behavior based on eye movements. Generally, in the

problems that involved machine learning as a solution, the learning process can be

roughly split into two stages: 1) feature extraction or data preprocessing, 2) learning

methods such as classification, clustering, or neural network. Our approach seeks to

optimize between the feature extraction step and learning step iteratively to discover

the best representation of the data along with the best predictor. Moreover, we would

like to find a latent factor that is not explicitly observable but critical for the prediction,

which can also be considered as an interpretation of the representation and the predictor.

We would like to see how this hidden factor, which may be fatigue or some emotion

states, for instance, influences the occurrence of the behavior.

Because of the fact that we cannot recognize where exactly the quit behavior happens

in a long data trial, we cannot apply any conventional supervised learning method,

8
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Figure 2.1: Illustration of monkey fatigue and how the monkey’s eye movement looks
like during the experiment.

which usually requires one-to-one data points and labels. Thus, we integrate Multiple

Instance Learning (MIL) into our approach and learn the specific time that the quit

indicator happened. MIL is a way of processing the data with the label-incomplete

property. By applying MIL to our iterative learning process, we automatically pick out

the critical features corresponding to the problem. Also, with this iterative-updated

structure, we can find the optimal feature description and parameters for the predictor

together automatically. In this project, we are interested in how we could detect quit

behavior based on the monkey fixation data when the monkeys were involved in the

experiment [10, 11]. We applied our algorithm to the monkey fixation data to predict

the monkeys’ quit behavior. Our algorithm outperforms other standard classification

methods such as binary classifier and one-class classifier. In addition, the microsaccade

is interpreted from a large set of features using our method. We find that it is the most

effective element to predict the quit behavior.

Accordingly, we can generate the most descriptive feature and the most suitable

learning method corresponding to the input data. Generally saying, given feature pool

and learning methods, our method can find the optimal algorithm to apply for our se-

lected goal. Moreover, our approach provides numerical reasoning for selecting a specific
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(a) Overview of our proposing methods. (b) The feature extractor described as a rein-
forcement learning process

Figure 2.2: Approach Overview: (a) Our method can mainly be described as the
iteration between the three stages: feature extraction, training classifier, and parameter
updating. Bk is a bag that contains instances xki ∈ Rd; Θ is the updatable parameters
corresponding to feature extraction function F . (b) Specifically, the feature extractor
can also be described as a reinforcement learning process by treating the choices of
feature as actions. xi indicates the original input data, at is the current chosen action
at time t, and rt is the prediction error, which can be considered as a reward function.

feature while training. This numerical reasoning can be considered as an interpretation

of how the selected feature related to the behavior or goal we would like to predict or

achieve, which falls to Theme 2: Model-driven Machine Learning.

This work is published in the International Conference of Machine Learning Appli-

cation in 2015 [12], and all the work including model design and data analysis are done

and written by myself.

2.1 Introduction

In our daily life, we receive a lot of information from different resources, such as vision,

sound, smell, etc. Our neural system processes this information and extracts useful

parts in order to decide the next action we are going to. In the neural research of

Bundesen et al. [13], they mentioned the possible route of visual processing across the

human brain. The visual information went through the eyes and entered a specific brain

area to be processed. After several processes through different brain areas, we receive
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the object information and its weight. The object information indicates that which

part of the input scene would be the most possible to be an object. The weight is used

to represent the possibility that this object information is the given object. With this

processed object information, humans then determine what exactly the object is and if

the object is what they want to find.

Similarly, in order to make computers to analyze information we input, these com-

puters need to have a series of learning processes. Lots of learning algorithms and tools,

either for supervised or unsupervised problems, have been recently generated. In these

methods, the very first step is to preprocess the input data and transform them into

”features” or ”descriptors,” which are the meaningful data extracted from the original

clutter data. In addition to generating features, some researchers would do dimensional

reduction in case their input data was too large to be processed, or they wanted to get

rid of redundant/repeated parts in the input data. After these preprocess steps, com-

puters applied the learning method, which depends on what kind of problem they want

to solve, on the preprocess data in order to get the analysis results or decide the fur-

ther action. Therefore, in order to make computers have similar processing ability and

accuracy as the human brain, researchers made improvement on either find a features

with better data-described ability, or generate a learning method with better accuracy

or efficiency.

However, there is fewer researches that discuss how features affect the learning re-

sults, and how learning error can back-propagate and then affect the process of gen-

erating features. Also, the problems we deal with in our common lives are not just

supervised or unsupervised problems. There is uncertainty either within the labels or

the data from real life. In order to deal with this data from real life, in this paper

we consider the multiple instance learning problem and use those corresponding

methods to deal with the uncertainty of labels. Multiple instance learning (MIL) was

first introduced to solve a problem of biochemistry by dietterich et al. [14]. They used

axis-parallel rectangles to solve the drug activity prediction problem. Their system

needed to decide whether the drug is good or not given a molecule. The drug is good

if it can strongly bind with some sort of cavity in the molecule. The difficulty of this

problem is that a molecule can adopt multiple conformations, but only one or a few of

these conformations can bind well with the cavity. Therefore they described a complete
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molecule by using a bag X = { ~x1, ..., ~xn}, which is the set of descriptions of n possible

conformations, where ~xi, i = 1, ..., n is a feature vector describing the i-th conformation.

Extending from this biochemical problem, in MIL task we want to learn a classifier

based on a training set of bags, where each bag contains multiple feature vectors (called

instances in MIL). In addition, each bag has its label, but we don’t know the label for

each instance. Furthermore, each instance may or may not relate to the label of the

bag, and there may not be relevance between instances in the same bag. Therefore, MIL

problems cannot be solved directly by supervised learning methods since the labels are

unreliable. We will discuss more details of MIL in the Literature Review section and

how we integrated it to our method in the Approach section.

In this paper, we propose a hypothesis to iteratively optimize between preprocessing

step and learning step. In order to have a more general and robust representation of

large scale data, we first apply dimensional reduction to reduce the scale without los-

ing important information and structural relation of data. Also, the preprocessing step

usually can extract useful information from noisy data, and the next step of features

generation can therefore use this information to produce a more representative feature.

By applying these features to the learning method, we have the result along with the

error. These errors then back-propagates to the preprocessing step to affect the pa-

rameters of dimensional reduction and the parameters of features selection. Therefore,

we can generate the most descriptive feature, and the most suitable learning method

corresponding to the input data. In this way, given feature pool and learning methods,

we can always find the optimal algorithm to apply for our selected goal.

In the following sections, we introduce related methods in each step of learning.

Then we describe our approach to solve the problem we mentioned above. We show our

current results derived on the monkey’s fixation data in order to learn the quit behavior

pattern in the following section. And we give our discussion and future works at the

end of the chapter.

2.2 Literature Review

In order to represent data and reach the goal of classification, clustering, or other

learning results, the learning process of different data usually falls into a system with
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(a) Gabor Filters

(b) Scenes and Surface representations

Figure 2.3: Examples of Gabor Filters and their application to different scenes: a)
skyscrapers, b) an highway, c) a perspective street, d) view on a flat building, e) a
beach, f) a field, g) a mountain and e) a forest. These images come from[1]

two components [15]: a feature extractor and a learner. The feature extractor takes raw

data as input and transforms into the features that are suitable to the learning goal.

The learner may be a classification method, a clustering method, or any other methods

that take features as input and output the results that are fitted to the learning goal.

Though the feature extractor may differ as the goal changes, it is usually generated

by experience. On the other hand, the learner is the only part that is trainable, using the

training data. This two-step system is restricted and is not general enough to deal with

more complicated data and goals. Therefore, we proposed a hypothesis with an iterated

structure between feature extractor and learner, which is illustrated in Figure 2.2. This

structure makes the feature extractor trainable by treating it as a reinforcement learning

problem. In addition, we use a method called multiple instance learning (MIL) instead

of either supervised or unsupervised methods, which we will compare their difference

in the Learning Methods section. While this method is not normally used, using the

iterated structure with MIL methods allows the methods to be more flexible of choosing

parameters. In the following subsection, we will discuss these two components, the

feature extractor and the learner, separately along with their impact to our research.



14

2.2.1 Feature Extractor

In order to sufficiently describe an image or any other data, we generate features (or

”descriptors”) to represent it. [16, 17, 18, 19] Simple Features such as the spatial and

temporal information and the color, contrast, saturation, etc. are commonly used in

different application. For example, in the scene analysis model proposed by Itti and

Koch [16], they use color, intensity, and orientation to be their basic features in their

neural network structure in order to find the salient region in an image, and then analyze

details of the scene.

Other than the simple and straightforward features, many papers [20, 1, 21] generate

their own filters or existed filters to apply to the original data in order to better describe

their characteristics. For instance, in [1], oliva et al. use filters of different orientations to

generate their description. These filters, named Gabor filters (Figure 2.3), can detect the

distribution of different orientations and therefore are effective in discriminating images

of different scenes. Another well-known feature is SIFT [21]. The largest characteristic

of SIFT is the invariance of shifting and distortion since it applies difference-of-Gaussian

(DoG) function in different scales to the input images and aggregates them together to

generate the SIFT feature.

In addition to applying low-level filters, there are many high-level features generated

with their own meanings. [22, 23, 24, 25, 26] The salient maps generated above can also

become another kind of features to describe the important area in an image. Therefore,

it’s used in many image processing methods such as image retrieval and image search.

Another example is to use sparse coding to present data in a more sparse form. [23,

24, 25, 26] In order to use sparse coding features, they first need a dictionary, which

means a large set of descriptions for the data. To generate this dictionary, they use

training data to train it. Then they use the dictionary to project both training data

and test data into a sparser representation (sparse coding). Other than focusing on

certain high-level features, LeCun et al. [27, 15, 28] proposed a more general feature

extraction method called convolution netwok. In this method, they use a multiscale

pyramid to extract features from low-level to high-level from images. In this way, most

of the features mentioned above are included in their method.

Our feature extractor would be closer to the feature category of convolution neural
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Figure 2.4: Standard multiple instance assumption of positive and negative

network generated by LeCun et al. [15]. Our extractor also generates a pool of different-

level features. However, we update our feature extractor by back-propagation of errors

from the learner and thereby generate features efficiently and robustly. In addition to

the flexibility of the feature extractor, we chose a learner whose training is based on the

data with unreliable labels rather than supervised training dataset with correct labels.

To contextualize our choice of learner, we discuss relevant research in the following

section.

2.2.2 Learning Methods

In artificial intelligence [29] and machine learning [30] fields, there are three main prob-

lems involving learners: supervised learning, unsupervised learning, and reinforcement

learning. Supervised learning problems, also named parametric learning problems, con-

tain a training step and a testing step. For the training step, supervised learning

methods assumed the labels of training data are given. Therefore, they can train a

classifier by finding the parameters of the classifier based on the relation between these
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labels and training data. After generating the classifier, it takes testing data as in-

put and find the labels corresponding to the input data. Lots of classifiers (such as

SVM[31, 32, 33, 34], decision tree/random forest [35, 36, 37, 38, 39], boosting[40, 41],

neural networks[42, 43, 44, 45]) are generated and widely applied to different approaches.

In contrast to supervised learning, unsupervised learning problems, or non-parametric

learning problems, don’t have the training step. The original input data in these prob-

lems doesn’t have a corresponding label. Because of the lack of labels, unsupervised

learning makes its decision about the new-coming data directly based on their origi-

nal data. Learning methods such as K-means[46, 47, 48], hierachical clustering[49, 50],

expectation-maximization[51, 52] are usually applied to this kind of problem.

Other than supervised and unsupervised learning, more and more people in the field

of Artificial Intelligence are interested in the reinforcement learning problems [53, 54,

55, 56]. They consider an agent interacting with its environment and want to find the

agent’s action at the next step. By the incoming parameter status st, which includes

observation ot and reward rt, given time step t, the agent can choose an action at so

that the reward rt+1, which is received after transition (st, at, st+1), would be optimized.

Therefore, the reinforcement learning model, which is different from the previous two

learning models, tries to decide the optimal action a∗t in order to receive the optimal

reward and head to the optimal state. Algorithms using value function approaches

[55, 57] and direct policy search [56, 58] have been developed recently and have become

more and more popular.

Most research involving the learning process falls into these three fields. However,

supervised learning only considers training data with corresponding correct labels, and

unsupervised learning considers data without any label information. These two situ-

ations sometimes not match the real life situation. In order to deal with data with

noisy information, we apply multiple instance learning (MIL) as the learner instead

of either supervised or unsupervised learning methods. Multiple instance leaning con-

siders a special problem between supervised and unsupervised learning. It was first

introduced to solve a biochemistry problem [14] and then was applied to different fields,

such as classification of text documents (information retrieval) [59], scene classification

[60], and object recognition [61, 62]. The concept of MIL is to learn a classifier based on

a training set of bags/trials, and each bag contains a variety of feature vectors, which
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are called instances in MIL problems. In addition, each bag in the training dataset has

an associated label. This label is, however, not guaranteed to be the same as the label

of each instance in the bag. Moreover, instances in the same bag do not have to be

relevant to each other. Thus, many assumptions come up considering the relationship

between bag and instances. Among these assumption, the standard multiple instance

assumption is commonly used. Under this assumption, the bag with a positive label is

defined as containing one or more positive instances. And the bag with negative label is

defined as containing no positive instance. [63] The figure 2.4 above illustrates this as-

sumption of positive and negative bags. Many methods have been generated since 1997

[64, 65, 60]. They can be roughly categorized into two parts: bag-based methods and

instance-based methods [63]. Bag-based methods treat each bag as a whole ”object”

and find the learner based on the information from the whole bag. For example, the

MI-SVM method in [64] is a bag-based method. In contrast, instance-based methods

consider each instance inside the bag to be a separate data vector. Thus the information

of one bag is aggregating from instances of this bag. Methods such as mi-SVM from

[64]and EM-DD from [65] are examples of instance-based methods.

In our approach, we use multiple instance learning methods as our learner because

it is more general and flexible. The methods can deal with noisy and partially incor-

rect information. Also, these methods have more updatable variables because of their

iterated training structures. We will describe the training structure more specifically in

the Approach section.

2.3 Approach

2.3.1 Data Description

In this paper, we use the monkey fixation data to detect quit behavior. This data

comes from the experiments of training two monkeys to perform a ten-choice saccadic-

choice task [2, 66]. This task asked monkeys to predict the most likely position of the

rewarded target based on results of previous trials (see figure 2.5 for details). During

this experiment, the authors recorded lots of data including neural signals and eye

fixation related data (eye fixation position, fixation duration, size of pupil, etc..) They

also recorded how well the monkey performed the task, which could be found by the
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Figure 2.5: Monkey Experiment illustration from [2]

difference between the rewarded target labels and the chosen labels. The data has 1633

valid trials. Within a trial, there are raw records of 5-10K eye positions and a label

indicating whether quit behavior happened in the trial or not. Therefore, the monkey

fixation data fitted to the MIL paradigms with each trial as a bag Bk, k = 1, ..., 1633.

Each Bk contains nk eye positions records as instances and a label Y k and can be

represented as:

Bk : {(pxi, pyi, ti)|i = 1, ..., nk}; pxi, pyi ∈ R,

in which pxi, pyi is the position of eye fixation at time ti, and the label Y k ∈ {−1, 1}
with 1 indicating that the quit behavior happened. Figure 2.6 shows two trials with

different labels. We can observe that the positive trial has a straight line toward bottom-

left direction that is different from original trace. This big change indicates the monkey

felt bored or frustrated and turned its head away from the monitor. However, this

quit behavior may be triggered by different situations in addition to turning head away.

Thus we apply our learning method to explore the possible reasons that triggered the

quit behavior.
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(a) Positive (quit) trial (b) Negative trial

Figure 2.6: The eye fixation maps from the original data

2.3.2 Feature Extraction

From the time-series data Bk described in the previous section, we generate feature

vectors that are used to learn the quit detector. In order to generate the features, we

first generate saliency maps as an intermediate feature from the original fixation data.

A sliding window with size Ts is applied on the time axis and truncate the original data

into several small intervals. Then, we combine all positions that have fixation points

within each interval and apply Gaussian blur with parameters σs to generate saliency

maps ski . The saliency maps extraction can be represented using the following equation:

ski = `(xk∆i,Θs) ∈ Rds (2.1)

where xk∆i is the instances within interval (i, i + Ts), Θs is the parameter that can be

updated. This Θs represents the whole parameter set including Ts and σs.

Then we collect all intermediate features ski ,∀k, i and use dimensional reduction in

order to decrease the computation complexity and extract more representative features.

First we apply principal components analysis (PCA) to these intermediate features

and generate a projection matrix M = [m1,m2, ...,mds ],mk ∈ Rds×1, where each mk

indicates one principal component. Each mk can also be seen as a column vector for

projection. To do the dimensional reduction, we choose c column vectors from M

and form a new projection matrix Mc. This new matrix Mc is then used to form a

new representation of the intermediate features within a lower dimension. The whole
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(a) Three-stage feature extractor (b) Illustration of each step

Figure 2.7: Our feature extractor is composed by three components: intermediate fea-
ture generator, dimensional reduction, and (optional) time-frequency representation
generation. The mode response vectors are stacked up into a data matrix in order
to be the input of mi-SVM.

process of generating fki can be represented as:

fki = projection(ski ,M, c) ≈MT
c · ski ∈ Rc (2.2)

Combining equations 2.1 and 2.2, we can then represent our overall feature extractor

as:

fki = F(xki ,Θ), (2.3)

in which Θ is the collection of all tunable parameters including Θs and c, and fki is

the final feature generated from function F . The whole feature extraction process is

illustrated in figure 2.7.

2.3.3 Multiple Instance Learning

After generating feature vector fki , it becomes the input of our learning process. Because

of the ambiguity of monkey fixation data, we use the multiple instance learning method

to find the quit behavior detector. Specifically, we chose multiple-instance support

vector machine (mi-SVM) algorithm proposed by Andrews et al. [64] and linear SVM
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(a) Saliency Map Examples (b) PCA modes examples

Figure 2.8: Illustration of preprocessing steps

from libSVM toolbox generated by C.-C. Chang and C.-J. Lin [31]. We choose our

training data from the instances of the first 20 positive and negative trials. Each instance

is labeled as positive or negative considering which trial it comes from. By applying

mi-SVM to these training data, we can generate an optimal model C
(t)
opt corresponding

to current features and solve the constrained equation:

min
{yki }

min
w,δ,ξki

1

2
||w||2 + δ

∑
i

ξki (2.4)

s.t. ∀i : yki (w · fki + δ) ≥ 1− ξki , ξki ≥ 0, yki ∈ {−1, 1}

where yki is the label of instance feature fki , w is the weight parameters of model C
(t)
opt, δ

and ξki are the variables related to SVM margin. This model C
(t)
opt is then used to predict

the label of each instance from the rest of trials. By calculating the number of positive

labels in each trial, we can set a threshold between quit trials and non-quit trials.

After training and predicting by mi-SVM, we can calculate the difference between

predicting labels and ground truth. This difference can then be back-propagated as the

prediction error to the feature extraction stage and update Θ. However, the calculation

of redoing feature extraction and training mi-SVM costs a lot of time. In order to

make the computation efficient, we would like to find the optimized update method of

features before back-propagated and then apply it back in the feature extraction stage.

Therefore, the updating process would be much faster then running through the whole

process of feature extraction and mi-SVM several times.

We use Theorem 1 to prove that the optimization without retraining several different

classifiers would have the same result as the optimization among the whole process.

Theorem 1. Suppose we use a linear model as our classifier. If we apply dimension
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reduction to the original features to generate the updating features, the prediction result

of the updating ones can be reproduced without retraining.

Proof. Suppose F+ is the feature matrix containing all training data from positive trials

and C is the model. Since the linear learner assumption, the prediction of the feature

matrix can be represented as

L = wT ·X+

where w is the weight parameter of discriminant function in C and L is a vector that

contains all instance labels L = [yk1 , y
k
2 , ..., y

k
nk

]T .

In order to optimize the feature, the feature vector f is projected into a lower

dimension feature vector f̂ . Let Ω+ ∈ RN×c is the new data matrix that contains all

the positive instances predicting by C from F+. The projection matrix Um ∈ Rc×m is

generated by applying dimension reduction to Ω+. Thus the update of feature can be

represented as

f̂ = Um · f, f̂ ∈ Rm, f ∈ Rc,m < c

In this way, we can apply this matrix Um to the original feature matrix F and generate

a reduced feature matrix F̂ for training.

Let Ĉ is the new model trained on the reduced feature matrix F̂ and ŵ is the weight

parameter. Then ŵ can be represented as a projection of w because of the linearity of

classifier:

ŵ = Um ·w

Under this assumption, the new prediction result can be formulated as below:

L̂m = ŵT · F̂

= (Umw)T · (UmF )

= wTUTmUmF (2.5)

which is the same as applying the original model C with parameter w to UTmUmx.

Therefore, we can produce the result L̂m without retraining the new model Ĉ.
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By Theorem 1, we produce several different instance label vectors L̂m corresponding

to the projection matrix Um with different m. The bag label Y k is decided by using the

number of predicted positive instances in bag Bk as predicted score. The higher score

means the higher probability of Y k = 1. We apply Area Under Curve (AUC) on the score

to numerically evaluate the performance of classifiers with different parameters. The

details of evaluation is described in the next section. By comparing the performances of

different L̂m, we find the optimal m∗. Then the optimal update feature is generated by

f̂ki = UTm∗Um∗fki . This feature f̂ki is used to redo the training and update process until

the performance is converge or doesn’t have significant change. Therefore, the optimal

feature fki
opt

is the latest feature f̂ki generated in the last iteration. In addition, the

optimal bag label Ŷ k is determined by the predicted instance label in the last iteration.

Algorithm 1 shows the pseudo code of our overall feature extraction and iterated learning

method. In our approach, our performance converge in the first iteration with m∗ = 8.

These 8 features cover 98% covariance of original features and are used to predict the

quit behavior. The performance and comparison of our method to other classification

method is shown in the next section.

2.3.4 Multiple Instance Learning

After generating feature vector x̂ij , it becomes the input of the learner. In our approach,

we use the multiple instance learning method as our learner. Specifically, we chose the

method mi-SVM proposed by Andrews et al. [64]. In order to initialize our learner,

we need to decide what are the positive and negative part from all the data. Since the

labels we have are for the bags of instances instead of individual instance, we first assign

positive labels to all the instances in the positive bag, and negative labels for those in

the negative bag. With these positive and negative instances, we train an initial learner

C0. Then we can apply C0 to all the positive instances to estimate if they are positive or

negative instances. This way, C0 will separate the instances that are positively labeled

into positive and negative labels. We then form the new positive training data D+ with

these positive instances found by C0, and the remaining instances belong to the negative

data. Since the number of negative instances may way more than positive instances,

we randomly select negative instances from all of them to form the negative training

set D− in order to deal with imbalance problem. With the new positive and negative
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training data being formed, we can train an updated learner C1. The above process will

iterate until the learner achieve a converge state and form a stable learner Copt. The

algorithm of mi-SVM is described in the following block:

Algorithm 1: Pseudo code of our feature extraction and iterated learning process.

Input : Bags of data Bk = {xki ∈ Rd|i = 1, 2, ..., nk}

• Feature Extraction

– For each instance xki , generate feature fki by fki = F(xki ,Θ)

1: while Performance not converges or the change is larger than a certain threshold

do

2: Training Classifier:

3: Use mi-SVM to train classifier C with weight w that fulfilled equation (2.5)

4: Predict the label of each instance yki by sgn(w · fki + δ).

5: Predict the bag label Y k by the number of predicting positive instance in the

bag.

6: Calculate AUC as performance evaluation.

7: Parameters Update:

8: Find projection matrix Um by applying Theorem 1.

9: Use UTmUmf
k
i as the new feature f̂ki .

10: Find the smallest m that preserve the performance.

11: fki = f̂ki and retrain the classifier.

12: end while

Output: Predicted bag label Ŷ k with optimal features fki
opt

and classifier Copt.

From the above algorithm, we generate an optimal model Copt and then apply this

model to test data for prediction.

2.4 Experiments and Results

We can see the convergence of mi-SVM on training data in the following figures.

After the convergence of mi-SVM, we picked a learner from one of the convergent

iterations and applied on the test data. To evaluate the performance of predictors

with different parameters, we use Receiver Operating Characteristic (ROC) curve with
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(a) Number of changed data (b) Number of positive data

Figure 2.9: The convergence of mi-SVM algorithm

two axes represented false positive (FP) and true positive (TP). These two number

are determined based on the predicting labels from the predictor we proposed above

and the ground truth labels given in the monkey fixation data. The performances

are evaluated numerically by AUC (Area Under Curve). Figure 2.10 (a) shows the

performance of test data before updating parameters. We assigned saliency map window

size as 10 milliseconds and chose 471 features that can cover 99% covariance of the data

after projection in this case. The performance of our method reached 87.19% before

parameters updating, which is much larger than applying SVM directly on the data and

having a result of about 50% that is nearly random guess.

Table 2.1: AUC of different parameters updating
Before update (ws = 10,m∗ = 471) ws = 20 m∗ = 8 m∗ = 5

0.87192 0.58134 0.87194 0.70977

In this case, the performance should remain the same or become better after we

find the optimized features. For the optimization, We applied a variety of parameters

updating and compared their corresponding performance, which is shown in Table 2.1.

By increasing the time interval applied in generating saliency maps, the performance

decrease to 58.13%. This shows that the prediction is affected by details of the original

data rather than the overview of the whole trial. Also, we change the coverage of

the covariance of data by modifying the number of PCA modes m∗. For instance,
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(a) Resulting ROC curve before optimizing the
features.

(b) The X-axis is the dimension of features,
and the Y-axis is AUC. From this curve, we
can observe that decreasing the coverage of
covariance of data by PCA from positive in-
stances doesn’t affect the performance until
only 5 components left.

Figure 2.10: The original ROC curve and the change curve after optimizing.

m∗ = 8 corresponds to 98% of the covariance, and m∗ = 5 corresponds to 95% of

the covariance. We can see from Table 2.1 that the AUC of m∗ = 8 does not decrease

the performance and further decreasing would makes the performance worse. Therefore,

these 8 features can represent the elements that is critical in predicting the quit behavior.

The performance trend can also be seen in figure. 2.10 (b).

To interpret these features, we applied a backpropagating visualization on both

positive and negative data using the features and the PCA modes to find the positive

and negative pattern. Then we subtracted these two patterns and generated figure 2.11.

This visualized pattern shows that the difference between positive pattern and negative

pattern happens not only at the center point, but also the area around the center point.

This uncertainty within the center area is called microsaccade, which can be viewed as a

shivering eye movement, and it is the element that affect the most in the quit behavior

prediction.

In addition to analysis on our method, we also apply standard binary classification

(quit and not quit) and one-class classification (quit or not) to the same features to

predict the quit behavior. The comparison is shown in Table 2.2. We can see from the

table that standard binary classifier cannot deal with the data with incomplete label
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(a) Positive Pattern (b) Negative Pattern (c) The difference between pos-
itive and negative instance pat-
tern

Figure 2.11: Visualization from PCA modes

information. Even the one-class classifier, which is usually used to deal with imbalance

data, cannot have better result in predicting quit behavior. Thus, our selecting of

learner performs the best comparing to other standard classification methods.

Table 2.2: AUC by different learning method
Our method linear binary class linear one-class RBF one-class

0.87194 0.72702 0.20229 0.67343

2.5 Discussion

In this chapter, we describe our learning process considering the vague information

from data, and applied it to the monkey’s fixation data. The results show that our

approach performs well when dealing with data with ambiguous label information. In

addition, we extract the most effective and meaningful feature from a large amount

of features without user-defined background knowledge. Moreover, if we do dimension

reduction directly on the fixation data, the details within the data would be removed and

cause a bad classification result since the microsaccade is removed in this preprocessing

step. Thus, our method is invariant to noisy data that may have several uncorrelated

information in it.

The learning process can be applied to different fields that include time-series data,

such as music, video and stock data. For example, in order to track an object in a video,
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lots of methods are developed in the computer vision field. However, these papers usually

make an assumption that the tracking object is obvious at the foreground instead of

obscured in the background. By applying this method, it is possible for us to track

any object either in the foreground or background of a video even if the object doesn’t

appear in some frames.

In addition, our approach can also be applied to some other problems in computer

vision such as object recognition, scene classification, and co-segmentation. Take object

detection as an example: multiple instance learning has been applied on finding objects

in an arbitrary image. However, their feature of representing the image usually is

predefined by users based on their experience. Our approach can not only construct a

complete structure to learn and detect the object, but also offer a numerical reasoning

in order to select a specific feature.

Moreover, from the experiment we can see that our approach has potential to detect

and predict human behavior patterns. We can extend this concept to crowdsourcing,

which is a popular concept of data collection recently. Using the data that can be

manually labeled as ”reliable,” we can use our approach to train a classifier. Therefore,

the classifier can distinguish whether the answer is reliable or not. For example, consider

someone creates a poll on google forms and ass some questions in it. Individuals may

answer the poll without reading the questions. These randomly selected answers don’t

address the poll’s purpose. Our approach may allow us to separate randomly selected

answers from genuine ones. By treating the poll result from one user as a trial of data

and manually giving each trial a label, we can train the classifier. Then we can use the

classifier to check if the newly incoming answer is a randomly selected answer or not. In

this way, we can collect data from online crowdsourcing and automatically discriminate

reliable from unreliable data.



Chapter 3

ODDS: real-time object detection

using depth sensors on embedded

GPUs

In our daily life, detecting objects that are carried by people when they enter or exit a

room is useful information by its extensive application related to smart building, such as

safety, security, and energy efficiency. While there has been a significant amount of work

on object recognition using large-scale RGB image datasets, few of them consider the

issue of privacy invasiveness from the RGB cameras in many smart building applications.

Also, the detection power of RGB cameras can be affected significantly due to the

change of illumination. In this chapter, we generate an RGBD image dataset, in which

the images are top-down rare-view to protect privacy. Each image contains a person

walking underneath a Kinect camera with an object being carried. In addition to

the collected images, we provide a semi-automatic annotation interface that provides

bounding boxes for each given object. The annotation interface involves the online

Multiple Instances Learning (MIL) tracker [67], which can deal with any shape while

given the first frame of the object. This way, the annotation interface can process not

only the objects but also any general concept such as an event like “a person carrying

a laptop” or an interpretation like “a person is leaving the office.” With the generating

RGBD image data and annotation, we can then build the object detection framework for

29
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smart building applications with the consideration of privacy issues. The conventional

object detection methods may not be applied in this case because of the differed data

type and low accuracy from rare-view images. Moreover, current deep neural networks

for object detection usually require an enormous amount of computation power along

with expensive GPUs. Here we propose a novel system ODDS (Object Detector using

Depth Sensor) that can detect objects in real-time based on data from the depth camera

along with an embedded GPU. This way, our system is much less privacy-invasive and

less expensive while maintaining a comparable accuracy comparing to state-of-the-art

methods. Specifically, we trained a deep convolutional neural network on the depth

images along with curriculum-based learning to improve the accuracy by considering

the complexity and imbalance of data from different object classes. By applying a

sparse-coding based technique to the trained model, the system speeds up 2x with

minimal loss of accuracy. Based on our implementation and real-world evaluation of our

system, ODDS achieves a mean average precision (mAP) of 80.14% in object detection

in real-time (5-6 FPS) on NVIDIA Jetson TX1, which is a kind of embedded GPUs.

This chapter represents a collaborative project with BOSCH North America Re-

search and Technology Center, where I focused on setting up the data collection pro-

cedure and designing intelligent interface for data preprocessing and semi-automatic

annotation, and Niluthpol concentrate on the convolutional model training and imple-

mentation on embedded GPU. This project is published in the International Conference

on Information Processing in Sensor Networks in 2018 [68], and the following contents

are rewritten from this publication by myself.

3.1 Problem Introduction and Contribution

Recently, smart environment that provides convenience for people becomes more and

more popular. Specifically, detecting objects carried by people while going inside or

outside of a room is interesting by its wide rage of smart building applications related

to security and energy efficiency. One of the straight forward applications is to remind

people that there is someone’s umbrella or laptop being left in the room. In addition,

if the object is a box and the box is not taken back, it could also be detected and be

considered as a possible security threat. Moreover, with gun violence rising in the United
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(a) Depth Sensor (b) ODDS Software Architecture

Figure 3.1: Hardware and Software setting of ODDS system: (a) Placement of a depth
sensor (Kinect for XBOX One) at the ceiling near a doorway. (b) Overall ODDS software
architecture

States, if the system detects someone entering a room with a gun, it could also alert

the neighboring people and local police for further movement. Other than the security

applications, such object detection can also be applied to controlling Heating Ventilation

and Air Conditioning (HVAC) systems for energy saving. The HVAC systems may have

different behavior considering different detection results. For instance, if someone is

leaving his office with a backpack in the afternoon, it may mean he is leaving for the

day, whereas if he is leaving with a laptop, it may mean he is going out for a meeting,

and leaving empty handed may mean that he is leaving for a restroom/lunch break.

Relating the detection result with human contextual information can be helpful for

designing and controlling the HVAC and any other energy systems efficiently.

In order to detect the objects that are corresponding to the smart environment,

the first thing we may think of is to apply state-of-art object detection such as [69]

and [70]. The state-of-art object detection framework provides a fairly high detection

power, yet this high accuracy performance is constrained by the objects with regular

view direction. Within the regular view images, not only the objects but also human

faces are easily recognize, which may result in identity issues while applying to the small
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Figure 3.2: Examples of collecting data with carrying backpack and laptop.

environment applications. Therefore, in this paper we would like to consider images that

are from a top-down rare-view to avoid facial data whereas the objects still can be seen

in these rare-view images. Moreover, we would also like to include the depth images

since they contain less details for identity recognition while maintaining the shape and

characteristic of an object or a person. After Kinect camera is developed, more and

more RGBD image data is collected for its helpful and easily accessible information from

the extended-dimension of depth. In the RGBD dataset review paper [71], the authors

go through the state-of-the-art RGBD datasets with different applications. But none of

them consists of the images from top-down rare-view, or considering about the possible

privacy issue while applying detection. Therefore, the construction of RGBD dataset

considering about privacy and smart building application is required. We collect RGBD

data of people entering and leaving office with different objects in hands under a door by

a Kinect (Figure. 3.2). In this case, we may consider applying regular object detection

framework to top-down rare-view data. However, they can only result in randomly-

guessing performance, not mentioning most of the object detection frameworks work

only for RGB, or RGBD data instead of depth image data only.

In order to create a RGBD image dataset that can be trained for detection, an

annotation with both object labels and related bounding boxes is required. Instead of
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Class Name Person Backpack Box Cup Gun Laptop Phone Umbrella

Total No. of Images 65084 21948 1059 777 19379 20693 558 670

Table 3.1: Number of depth frames per class in our dataset.

fully manually annotated the bounding boxes with crowd workers, we proposed a semi-

automatic annotation interface by including an object tracker in the system. Specifically,

we use the multiple instance learning (MIL) tracker [67] for the bounding box annotation

since the person and carried objects are relatively small or even overlapped with each

other in the image, and the objects can also change their shapes and sizes dynamically.

These issues result in a bad tracking and annotation results while using regular tracking

methods such as [72]. In addition, the MIL tracking is an online learning tracker,

which means the tracker learns the shape by given the starting frame. This property

provides lots of flexibility of annotation on different objects with simply one tracker and

minimized manual input. Since the labels are given manually while annotating and with

the online MIL tracker, the annotation interface allows a large flexibility of creating a

dataset with either detailed labels of object or object parts, or a general event labels

such as “a person carrying a laptop” or “a person with a backpack.”

We proposed a system called ODDS (Object Detector using a Depth Sensor). This

system requires mounting of a depth sensor at a doorway looking downwards as shown

in Figure 3.2. This mounting way not only has a closer viewing angle to surveillance

camera comparing to regular camera, but also helps avoiding occlusion to a great extent.

For prototyping, we use the depth sensor of Microsoft Kinect for Xbox One. Since we

use raw depth data for training, all other depth sensors with similar functionality will

work. For object detection task, we use an existing network SSD [73] that is built for

RGB images as a base tool and show how transfer learning can be applied on a different

sensing modality (depth). Due to the property of strong noise and low resolution of a

depth frame, it is a core question whether objects can be detected under the privacy

non-invasive setting that they are a few feet way from the sensor on an embedded GPU

in real-time. We address several realistic challenges while developing ODDS, from the

rare-view image data type and class imbalance issue, to the training details such as

determining the order of samples for training to improve accuracy and techniques for
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Figure 3.3: An overview of how ODDS works.

size minimization and speed boosting that are feasible to run on an embedded GPU. We

also show that these techniques work in a completely different sensing modality (depth).

In addition to training our model based on the SSD architecture [73], we also involve

curriculum learning path in order to achieve higher accuracy. By including curriculum

learning path for training, we can utilize our prior knowledge of training data as an

order and selection method of data and help the model reach a better local minimum

of the goal. Moreover, we propose a sparse coding based filter-level network pruning

algorithm that concurrently speeds up and compresses CNN models to improve speed.

Our novel system ODDS makes several contributions as following:

Novel Dataset with General Annotation System: In this project, we collect a 21 GB

dataset from a commercial space containing 200K depth frames. Among these frames,

around 65K depth images include meaningful objects, where we annotate the positions

of each object for the smart building related categories. To the best of our knowledge, no

depth dataset exists for these objects where the depth sensor is mounted at the ceiling

looking downwards, and we make the dataset available in [74]. In addition to the novel

RGBD image data collection with rare-view and smart building-related objects, detailed

annotations and labels for learning the desired goals are also necessary. Integrating the

object tracker in our annotation interface allows us to minimize the manually labeling

cost and maximize efficiency. Moreover, the online MIL tracker provides the flexibility

of choosing various interpretations from a single object to an event involving multiple

instances for the detector we want to learn.

Adapted Model for Depth images: Instead of developing another heavyweight generic

object detection solution requiring extensive computation, we only consider a handful of

classes relevant to smart buildings, or more specifically, with those related to commercial
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and academic buildings. Within this setting, ODDS is the first system that can detect

the smart building related objects with an embedded GPU (e.g., NVidia Jetson TX1)

in real-time.

Efficiency and Real-Time Performance: In order to improve both the accuracy and

speed of ODDS, several novel strategies are applied during the data representation and

learning process. In order to maintain accuracy while learning from the depth frames,

we include the concept of curriculum learning while training ODDS. The curriculum

learning detects and learns objects from simple to complex shapes step by step instead

of feeding the training samples altogether to our detector. Moreover, in order to keep the

real-time property with less effect on the detection results, we introduce sparse coding

based representative filter selection using group l2,1 norm. This representative filter

can be used with any off-the-shelf deep learning libraries, in contrast to most existing

approaches that require changing the implementation of underlying frameworks. Based

on extensive evaluation using over 13000 depth frames, our ODDS achieve 80.14% mean

average precision (mAP) with real-time detection (5-6 FPS) on the embedded GPU

Jetson TX1. We also benchmark the performance in two powerful GPUs (GTX 1080

Ti, K40) and another embedded GPU (Jetson TK1). In the following sections, we will

describe more details about the data collection, annotation, and the training process,

along with the evaluation results.

3.2 Literature Review

RGB and RGBD Dataset: Recently, solving object detection and recognition tasks

become one of the most intriguing topics. Most of the pioneer image datasets, such as

Caltech 101 [75] and PASCAL Visual Object Classes (VOC) [76], have a monotonous

background and precisely one object in an image. With the increasing of model com-

plexity and computation power, more and more complicated image datasets are gener-

ated. For example, ImageNet: Large Scale Visual Recognition Challenge (ILSVRC) is a

huge-scale contest for classification, detection, and segmentation applying to ImageNet

Dataset [3]. This competition is similar to the earlier challenge on PASCAL VOC, yet

the images are more complicated with clutter background and more objects. Also, the
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number of object classes is increasing in an attempt to simulate various objects appear-

ing in our daily lives. There are around twenty-four thousand categories and fourteen

million images in the ImageNet dataset. The dataset also provides the location, bound-

ing box, and detailed segmentation boundary of each object in an image. Tons of papers

use this dataset for different further applications since 2009.

Other than the regular image dataset with RGB image data, more and more RGBD

image datasets being constructed after Microsoft Kinect camera [] is developed. Lots

of these RGBD datasets consider the reconstruction of the 3D shape or model of an

object. For instance, Choi et al. [77] constructed a dataset of objects scanned in the

real world with the size ranging from books to cars along with their 3D model of each

object. Another big category of RGBD image applications is detection and simulating

human actions and gestures. Guyon et al. proposed one of the largest RGBD datasets,

which contains 50000 videos of hand and arm gestures for body language and other com-

munication learning [78]. However, none of them consist of images from the top-down

view, and few of them consider privacy issues while collecting.

Image Classification, Object Detection, and Multiple Instance Learning:

Other than the dataset, no matter it contains general categories or specific classes

for a particular application, a model is required to solve image classification or ob-

ject detection task. Image classification can detailedly be split into two subcategories:

hand-designed feature extractors and feature learning. Hand-designed features can be

further divided into local features (e.g., SURF [79]) and global features (e.g., GIST

[80]). After extracting features from images, machine learning is used to map the fea-

tures into categories. Recently, however, feature extraction methods involve learning

visual representations directly from pixels using deep neural networks, e.g., AlexNet [45]

and VGGNet [8]. These deep CNNs have been trained on millions of images, and hence,

they are highly capable of capturing generic features from images. These deep CNN

features are now the state-of-the-art image features and show remarkable performance

in most recognition tasks.

Object detection is a more challenging task than image classification. Unlike image

classification, to train a model that could detect the object, the model needs to localize

(likely many) objects within an image and assigning each object a label. As the training

data for object detection is costly, the object detection networks usually initialize from
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CNNs that are trained on the image classification task. It has been shown that a CNN

trained on image classification task can lead to dramatically higher object detection

performance as compared to those with hand-crafted features. These deep CNNs have

been used as a starting block by almost all state of the art deep neural network-based

object detection approaches for obtaining a high-capacity model as the quantity of an-

notated detection data is limited.

Similar to image classification, methods for object detection can be divided into two

main categories: hand-designed feature extractors and feature learning. In [81], authors

detect contours on depth images for segmentation and quantize the outputs as features

for classifying a scene. In [][9], the authors use quantized local features for detecting

and segmenting objects. Current state-of-the-art relies on transferring and fine-tuning

CNN trained on RGB to depth data [82, 83, 84]. In [85], CNN is trained on patches

in an unsupervised way and combined with a recurrent neural network for RGB-D ob-

ject classification. In [82], Region-CNN has been used to detect objects from depth

images. In [82, 84], authors propose to fine-tune CNN jointly based on RGB and depth

image pairs. In [84], authors jointly fine-tune both the RGB and depth CNN utilizing a

multi-modal fusion layer, which considers both inter and intra-modal correlations. Al-

ternatively, transferring the RGB CNN model to the depth CNN based on RGB-depth

image pairs was proposed in [82].

Other than image classification and object detection, in real-lives, it’s more common

to encounter uncertain events. It’s also more applicative to detect relatively rare ob-

jects or events in a scene. With this kind of task, regular supervised methods would

usually result in bad performance. To deal with this task category, we consider the

multiple instance learning problem and use those corresponding methods to deal

with the relatively uncommon event, which in our project is the small or partial hidden

object in the image. Multiple instance learning (MIL) was first introduced to solve the

problem of biochemistry by [14]. They used axis-parallel rectangles to solve the drug

activity prediction problem. Their system needed to decide whether the drug is good

or not given a molecule. The drug is good if it can strongly bind with some cavity

in the molecule. The difficulty of this problem is that a molecule can adopt multiple

conformations, but only one or a few of these conformations can bind well with the

cavity. Therefore they described a complete molecule by using a bag X = { ~x1, ..., ~xn},
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which is the set of descriptions of n possible conformations, where ~xi, i = 1, ..., n is a

feature vector describing the i-th conformation. Extending from this biochemical prob-

lem, in MIL task we want to learn a classifier based on a training set of bags, where

each bag contains multiple feature vectors (called instances in MIL). In addition, each

bag has its label, but we don’t know the label for each instance. Furthermore, each

instance may or may not relate to the label of the bag, and there may not be relevance

between instances in the same bag. Therefore, MIL problems cannot be solved directly

by supervised learning methods since the labels are unreliable.

Curriculum Learning: Curriculum learning is a training strategy [11, 41], where

the complexity of training data is taken into ac-count in training by distributing/dividing

training samples based on complexity. Based on this strategy, network training usually

starts on simple tasks/examples and training is done progressively on more difficult

tasks/examples. Curriculum learning has been shown to be effective in guiding the

training process to achieve better performance in different tasks [25]. Adding a pre-

defined learning curriculum [25] to the training can take into account the helpful knowl-

edge known before training and improve model performance. Inspired by this, we design

a task-specific learning curriculum and construct a self-paced curriculum learning based

model specifically for our task.

Network Pruning: DeepIoT [54] compresses neural network structures into smaller

dense matrices by finding the minimum number of non-redundant hidden elements while

maintaining application-level accuracy. In [23], authors suggested removing weights

below a threshold, followed by fine-tuning to recover its accuracy. How-ever, the model

loses universality and flexibility [34]. There are some data-driven approaches, e.g., [21,

34], where authors use randomly sampled feature maps or data points in pruning net-

works which may make model biased towards sampled data-points. Group-sparsity

regularization with loss function has been used in [30] to regularize the structure of

the network and to create a sparse network. l1 norm based pruning was introduced in

[6, 23], which generates a sparse model. However, specialized software is required for

efficient inference from these sparse models and most of these models are not perfectly

supported by off-the-shelf deep learning libraries. In contrast to these approaches, we

propose an l2, 1 norm based representative filter selection and pruning method. Our

approach does not require any data at the time of pruning and also retains the original
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model structure. Our approach is perfectly supported by any off-the-shelf libraries.

Other Solutions: FORK [86] uses a depth sensor mounted at a ceiling to de-

tect humans on an ARM processor. It detects heads and shoulders by leveraging the

anthropometric properties of human bodies.

3.3 Smart Building Depth Dataset Construction

To the best of our knowledge, there is no depth dataset for our proposed mounting

position considering privacy issue. Acquisition of such a depth dataset is more chal-

lenging than that of an RGB dataset since RGB images are much easier to obtain from

several resources such as internet. For the depth data specifically from the top view

position, specialized setup for data collection along with annotation is required. Since

the bounding box annotation of each object in each image is necessary for training

process and with the huge amount of image data, the annotation process would be

labor-intensive if it is manual, we come up with an automatic annotation method along

with optional professional calibration that minimizing the time and cost of manually

annotation. In this section, we describe how we collect our depth dataset and how we

annotate depth frames in an efficient way using multiple instance learning (MIL) based

tracking algorithm.

We use the depth sensor in Kinect for XBOX One (Figure 3.1(a)) in this work. We

mount the depth sensor at the ceiling looking downwards near a doorway. It has a 0.5 -

8 meters range and 70◦ × 60◦ field-of-view (FOV). The range is good enough to detect

objects through doorways as the average height of a floor is 10 feet. In addition, we

collected data from two different settings:

• A Kinect mounted at a 9.3-foot ceiling near to a 6-foot wide door.

• A tripod with a horizontal extender holding the Kinect at a similar height looking

downwards.

With these two hardware settings, we asked 20 volunteers to enter and exit 9 times

underneath each Kinect in different directions (3 times walking straight through the

center, 3 times walking towards the left side, 3 times walking towards the right side)

holding chosen object category in many different ways and poses. In addition, each
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subject was using his/her own backpack, purse, laptop, etc. to ensure the varieties

in each object category. For instance, we considered Macbooks, HP laptops, Lenovo

laptops of different years and models for the laptop category. In addition, for the

backpack category, we not only considered backpacks, but also the side bags and purse

of women are belonging to this class.

In addition to the varieties of object categories, we also considered the pose variation

within different situations. Thus, we asked the subjects to walk and hold the object in

different positions with the same walking procedure. For instance, for the position of

carrying laptop, the laptop could be fully open, partially closed, or fully closed while

being carried. Also, people could hold their laptop in the front, side of their bodies,

or underneath their elbow based on their most comfortable pose. Another example is

how people carrying their bags. The subjects carried their backpacks in their back,

in their side at different levels from foot to shoulder. Figure 3.2 shows an example of

people carrying backpacks or laptop in both RGB and depth camera with top-down

viewing direction. We also wanted to collect data with real guns for constructing safety

and security alarm system in the future. However, bringing real guns to the office is

prohibited. To show an substitution but sufficient detection example for gun detection

while being carried, we obtained a few Nerf guns and asked subjects to carry these

guns pointing it to front, side, up, and down while walking. Table 3.1 shows the object

categories and number of images in each category we collected. Since it is hard to

recognize these objects based only on the depth frames, we also show the corresponding

RGB images in Figure 3.2. The frame rate for data collection was around 15 FPS.

3.3.1 Intelligent Annotation Interface: MIL Tracker

Though these collected images were labeled with a given class, the location of the car-

rying object in each image was not given. We applied the conventional object detection

methods to each image for annotation, but the resulting bounding boxes usually involve

the person only instead of the carried objects. The reason for this detection result is

because the carried object is relatively small in the image or partially hidden from the

camera. To preprocess these images into an annotated image dataset with a proper

bounding box for each object, we first clear most of the background of each image by

the depth channel. Then we developed a labeling system based on an online object
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Figure 3.4: An overview of our intelligent semi-automatic annotation interface.

tracker to find the bounding box of each object automatically given the first annota-

tion manually. With the online object tracker involved, the manual annotation cost

is minimized, and the efficiency is maximized. Our designed interface is based on the

OpenCV tracking API [87] with its availability of various tracking methods. We test

our interface with several trackers such as TLD [88], KCF, Boosting, Median Flow,

and MIL that are fitted to our requirement of continuously and automatically tracking.

We also test with other trackers that are not included in OpenCV tracking library like

PixelTrack [72] and BHTracker [89]. But most of them encounter at least one of the

following issues: 1) frequently missing bounding boxes while automatically annotating;

2) forming a bounding box that only covers only part of the object, or is much larger

than the object; 3) detecting the wall or the uncleared background (noise) instead of

the object; 4) generating bounding boxes that cannot change the size. Some examples

are shown in the figure. 3.5. Among all the trackers, multiple instance learning (MIL)

tracker provides a reasonable bounding box that would guarantee including the whole

object without missing annotation of any frame in the video.

Multiple instance learning (MIL) based tracker [67] is one of the most stable trackers

and is capable of handling ambiguously labeled samples that are provided to itself. The

foundation of MIL is to deal with the rarely happened positive event. The positive label

is redefined as a bag of instances that contains one or more positive instances (depends

on applications), whereas the negative label as a bag of all negative instances. Given

an image, the MIL based approach extracts a bag of potentially positive image patches
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(a) BLVC-RCNN [90] with
background

(b) BLVC-
RCNN with
removed back-
ground and
cropped

(c) OpenCV Tracker
(Boosting)

(d) OpenCV Tracker
(TLD)

Figure 3.5: Common Issues of Object Tracker: In this figure we show some example
images of how the issues would object trackers encounter while dealing with our top-
down rare-view RGBD data. (a) (b) show that the trackers would regularly detect the
person with or without background removal or cropped. (c) (d) show that tracker would
generate the bounding box either covers only part of the object, or way larger than the
object, which both cases are not what we desired.

and has the flexibility to pick out the best one. All these properties of MIL provide a

reasonable solution for the annotation of the relatively small object region in our image

data. By applying the MIL algorithm, we train a classifier with an online manner to

separate the object from the background based only on the bounding box of the desired

object in the first frame. Additionally, the algorithm is simple to implement and can

run in real-time. More details and the corresponding application of MIL can also be

found in Chapter 2.

We describe our full annotation process below. For all sequences, the annotator

starts the process by drawing the bounding box of the object in the first frame. Then,

the MIL tracker learns the object accordingly by the information given from the first

frame. After this real-time online learning process, the tracker starts tracking the object

and generating the bounding box frame by frame while the subject is entering/exiting

through the door. The MIL tracking system would come out with all the bounding

boxes of this object in the following frames until the object disappears in the video.

The system also allowed people to manually optimize the bounding box by giving a new

one in the intermediate frame for refining the following bounding boxes. The annotator

can pause te tracker if he or she observes the bounding box has drifted significantly away
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from the actual object during the annotation process. Then the annotator creates a new

bounding box around the object of the current frame and restarts the tracking procedure

This process continues until the end of the sequence (the subject entered/exited). For

each generated bounding box, we store the coordinates and sizes as the annotation for

future object detection. A quick overview of the intelligent interface is shown in figure.

3.4. Using MIL in labeling decreases the tracking time significantly, while slight noise

may include in the annotation. We believe that small noise in annotation could provide

a better generalization of our detection model. The dataset statistics are shown in Table

3.1, which includes a person in 65084 frames. There was a backpack, laptop, gun in

21948, 20693, and 19379 frames, respectively. In contrast to the thousands of images

of the previous categories, only 558, 670, 777, and 1059 frames contain a phone, an

umbrella, a cup, and a box. Because of this imbalance property of our dataset, we

apply curriculum learning and some fine-tuning methods to our model to minimize the

effect on detection results.

3.4 Network Structure

We perform an empirical study of directly using existing pre-trained CNN models that

are trained using RGB images to see how they perform on our data. We find that the

performance is extremely poor (accuracy less than 1%) and they are hardly able to

classify or detect any object. We believe this is because of significant difference in RGB

and raw noisy depth images. Moreover, no object detection dataset of depth images is

available for our setting, where the sensor is mounted at the ceiling looking downwards.

Hence, we collect data and build our own dataset [74]. Inspired by the success of CNN

based single shot object detectors, we construct an object detection CNN and train

it utilizing our dataset. Our depth dataset has limited variety and data imbalance

between classes. To help the network reach its potential in spite of these constraints, we

develop a training strategy which helps the model to achieve better performance. To

help the network achieve higher accuracy, we design a fixed path curriculum learning

strategy based on the complexity of training images and use that to guide the training

process. Inspired by the success of sparse coding in representative subset selection and

regularizing deep networks [16, 35, 58], we propose a sparse coding based approach to
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improve the speed of detection process, which works on retaining most representative

filters and prune redundant ones. We also perform extensive data augmentation, which

is a common and good practice in deep network training with limited data.

The object detection network is built on top of a base pre-trained CNN, which we use

atrous VGG-16 [91] in this project. Series of progressively smaller convolutional layers

are added to the base network with monotonically decreasing spatial resolution feature

maps. Different layers within a CNN are used to predict objects of different scales.

Here we use 6 different scales feature maps (see Figure 3.3) (e.g. 16 x 16, 8 x 8, 4 x 4

etc.), which allows the system to identify objects across a large range of scales. Feature

map with the highest spatial resolution is responsible for detecting smallest objects and

vice versa. A small set of default boxes of different aspect ratio (e.g., 1, 2, 3, 12, 13

) is evaluated using a 3x3 convolutional filter at each location in each of these feature

maps. At each location, 4 shape offsets and the confidences for all object categories are

simultaneously predicted for each default box. Hence, for each input depth image, the

net-work ultimately produces a constant number of bounding boxes and classification

scores of all categories for each box. Combining predictions from all locations of feature

maps for the default boxes with several scales and aspect ratios allows the model to

predict objects of different sizes and shapes with high accuracy. Finally, the detecting

objects are post-processed by non-maximum suppression to produce the final detection

results. Non-maximum suppression groups together overlapping boxes and only the box

with highest confidence score is kept from each group.

3.4.1 Curriculum Learning for Training ODDS

We have presented a supervised object detection approach for detecting bounding boxes

and object classes from an image based on CNN. However, to achieve optimal perfor-

mance, we need to take care of some practical issues such as the imbalanced number of

images in different classes, the complexity of training examples in different classes, and

the limited number of training examples in the dataset. To handle the issue of imbalance

in object classes and complexity, we introduce a specialized curriculum based training

strategy that follows the natural complexity and imbalance found in our dataset.

In deep neural networks, the model parameters are learned in an iterative fashion

using stochastic gradient descent and its variations. As the objective function in deep
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networks has a highly non-convex shape, the order of sample presentation for such

networks is important. It has been shown that appropriate curriculum strategies guide

the learner towards better local minimal [11]. Curriculum learning allows the model to

learn simpler instances (e.g., cleaner examples, simpler shapes)first so they can be used

as building blocks to learn more complex ones, which leads to a better performance in

the final task.

In our work, we propose to extend the concept of curriculum learning for object

detection. Utilizing the prior knowledge of easy and hard examples in our dataset, we

design a curriculum learning strategy for our task, which improves the model perfor-

mance significantly. We find that person class is the most complex one in our training

set. The person class has more varied shapes than

Algorithm 2: Training CNN with Curriculum Learning

Input : Input Dataset D = {D1, D2}, where D1 contains all samples without

Person class and D2 contains only samples of Person class.

1: i = 1

2: Dtrain = Φ

3: Initialize network parameters W using a pre-trained CNN and Xavier algorithm

4: while (i ≤ 2) do

5: Dtrain = Dtrain ∪Di

6: while not converged do

7: Perform training, train(Dtrain,W )

8: end while

9: Select best W ∗

10: Update learning rate;

11: i = i+ 1

12: end while

Output: Optimal Model Parameter W ∗

3.4.2 Model Pruning with Sparse Coding

After our model is trained, we perform sparse coding based channel pruning and fine-

tuning (retraining using Algorithm 2) so that ODDS can run on a low cost embedded

platform in real-time. The goal of model pruning is to find a smaller representative filter
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set from then filters of a layer. In particular, we are trying to represent the filters of a

layer by selecting only a few representative filters. Our representative filter selection is

based on sparse representative selection approach [14, 16]. The basic idea behind this

is to utilize the self-expressiveness property, which states that each point in the set can

be described as a linear combination of a few of the selected representative points.

Let X ∈ RB×N be the matrix representing all the filters in a layer, where X =

{xi ∈ RB, i = 1, . . . , N}. Each xi represents the components of a flattened filter in the

current layer, which is B-dimensional. N denotes the number of filters in the layer. For

example, in VGG-16, conv1 1 layer has 64 filters of dimension 3 × 3 × 3. We flatten

the filter to make it 1-dimensional for easier calculation. After flattening, the size of

filter matrix of conv1 1 is 27 × 64. Now, the natural goal is to establish a filter level

sparsity which can be induced by performing l1 regularization on rows of the selection

matrix Z ∈ RN×N . By introducing the row sparsity regularizer, the problem can now

be succinctly formulated as

min ||X −XZ||2F s.t.||Z||2,0 ≤ τ, (3.1)

where ||Z||2,0 gives the number of nonzero rows of the matrix Z. τ is a tradeoff param-

eter. Solving Eq. (3.1) is an NP-hard problem since it requires searching over every

subset of the τ columns of X. A standard relaxation to the constraint 2 is given by

min ||X −XZ||2F s.t.||Z||2,1 ≤ τ, (3.2)

where Z ∈ RN×N is the sparse coefficient matrix and ||Z||2,1 ,
∑N

i=1 ||zi||2 is the row

sparsity regularizer, which is the sum of l2 norms of the rows of Z.

Minimization of Eq. 3.2 leads to a sparse solution for Z in terms of rows, i.e., the

sparse coefficient matrix Z contains a few nonzero rows that constitute the representative

set. Optimization of Eq. 3.2 attempts to obtain a sparse set of representative filters.

We solve the optimization by using an Alternative Direction Method of Multipliers

(ADMM) framework describing in [92].After pruning is done, we fine-tune the pruned

model to regain the performance.

Optimization: Optimization: Here, we briefly describe the strategy to solve the

convex optimization problem in Eq. 3. We solve the optimization using an Alternating

Direction Method of Multipliers (ADMM) framework [12]. Using Lagrange multipliers,
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optimization problem in Eq. 3 can be written as

min
1

2
||X −XZ||2F + λ||Z||2,1 (3.3)

where λ is trade-off parameters associated with sparsity and diversity regularization.

Using ADMM with an auxiliary variable A, Eq. 3.3 can be equivalently expressed as

min
1

2
||X −XA||2F + λ||Z||2,1s.t.A = Z (3.4)

Now, we can form the augmented Lagrangian Lρ(A,Z,Λ) with both linear and

quadratic terms as following,

Lρ(A,Z,Λ) =
1

2
||X −XA||2F + λ||Z||2,1 + ΛT (A− Z)|ρ

2
||A− Z||2F (3.5)

The above Lagrangian is a function of two primal (Z,A) and one dual () variable.

Thus, ADMM involves the minimization of Eq. 3.5 alternatively with respect to these

three variables.

After performing the derivatives with respect to each variable and equating to zero, we

find the ADMM consists of following iterations,

A(t+1) := (XTX + ρI)−1(XTX + ρ(Z(t) − Λ(t)/ρ))

Z(t+1) := Sλ/ρ(A
(t+1))

Λ(t+1) := Λ(t) + ρ(A(t+1) − Z(t+1))

(3.6)

In Eq. 3.6, the minimization respect to l2,1 norm is defined as,

Sµ = max{||Z||2 − µ, 0}
z

||z||2
(3.7)

We choose columns of X corresponding to the nonzero rows of final Z as the

representative filter and denote the matrix of the representative filters as Y . Here,

Y ∈ RB×K is the feature matrix for all selected representative filters, where Y =

yi ∈ RB, i = 1, . . . ,K. yi represents the components of ith representative filter which is

B-dimensional. K denotes the number of filters in representative set. After pruning is

done, we fine-tune the pruned model to regain the performance.
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3.5 Evaluation

In this Section, we evaluate the performance of ODDS for precision and speed. We ran-

domly split the dataset for training (80%) and testing (20%) and evaluate performance

on the testing set. Note that this 20% split is done per class.

We train several different models to find an optimal network in terms of accuracy

and speed. The networks vary based on 3 factors:

• Base pre-trained CNN used (ZFNet, ThiNet, or VGG16),

• Usage of curriculum learning

• Usage of sparse coding based filter selection

In addition, we try two different pruning network, i.e., low pruning and high pruning.

The mAP (mean Average Precision) of different methods is shown in Table 3.3. The

base network and technique used for training can be identified based on the name of

the network. For example, ODDS-VGG16 is trained using the atrous VGG16 [91] as

the base network and a single training step, without the pruning step and curriculum

based training strategy being used. The detailed statistics of the number of filters and

parameters in the ODDS with no pruning, ODDS with low pruning, and ODDS with

high pruning model is shown in Table 3.2 for VGG16 based models.

From table 3.3, we can observe that the curriculum based training guides ODDS

to achieve better accuracy. ODDS with curriculum based training achieves the highest

mAP of 84.94%. The performance increases significantly for small objects with curricu-

lum based training (e.g. 68.42% from 35.89% for phones, 71.57% from 63.32% for cups),

whereas the mAP remains almost the same for large objects. It is also worth indicat-

ing that when using a smaller base network initially, the mAP is low, e.g., 49.88% for

ODDS-ThiNet. ThiNet is a reduced VGG model for better speed. However, our pruned

model, which we set to achieve same network structure of ThiNet achieves significantly

Table 3.2: Number of parameters of ODDS-VGG16 network with and without pruning.
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Table 3.3: Object detection results in mAP. The best score is indicated as bold and the
second best score is underlined.

Table 3.4: Speed, Accuracy, Model-Size trade-off chart for the 5 best performing models
of Table 3.3

higher mAP with higher frames per second. After applying pruning, the mAP reduces

to 80.14%, which is close to the highest mAP. However, it speeds up 2x as described

later. If we keep pruning the network, the performance drops significantly as we see the

mAP drops to 71.35% after applying high pruning.

The computation time of complete object detection process is shown in Table 3.4

for the five best performing models of Table 3.3. We run ODDS on two powerful

GPUs: GTX 1080 Ti and K40, and on two embedded GPUs: Jetson TX1 and TK1.

We see that FPS gets almost doubled after applying low pruning across all GPUs,

which means a 1.75-2x speed-up in execution time by keeping the similar mAP. This

is because the pruned model has 79% parameters of the original model (76.36 MB

vs. 96.43 MB). On the other hand, by applying high pruning, we get a 2.5-4x speed

up but the mAP dropping to 71.35% from the original ODDS-VGG16+CurrLearning

model, based on the fact that the high pruning model has only 23% parameters of

the original model(23.02 MB vs 96.43 MB). Note that 3 FPS is reasonable enough

to track people for such a setting as shown in [93].Hence, Jetson TX1 can be used

with ODDS-VGG16+CurrLearning+Pruning (Low) model that can detect objects with
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Figure 3.6: Example of randomly selected 6 depth frames and corresponding detection
output. The paired RGB frames with depth noise are shown to the left to give a better
understanding of the object in the image and noise in raw depth frames. Note that no
data have been collected from these two doors during dataset construction.

80.14% mAP at 5.94 FPS. If the application requires a cheaper solution where lower

accuracy is permitted, ODDS-VGG16+CurrLearning+Pruning (High) model can be

used on a Jetson TK1 with 71.35% mAP at 3.79 FPS. We could not perform a real-

time evaluation of ODDS as the speed of ODDS starts to degrade significantly if we

start saving depth frames to a disk due to I/O. Here for evaluation and comparison, we

need to save depth frames to compare the bounding boxes of the detected objects with

those of ground truth. By default, ODDS does not store any depth frames for privacy

concerns. Table 3.4 provides an insight regarding the real-time performance of ODDS

as it shows the number of frames processed per second by ODDS.

Figure 3.6 shows a few frames demonstrating objects and associated bounding boxes

detected by ODDS. Note that ODDS can detect multiple people and objects in a frame,

even though none of the training samples had multiple objects in it. Initially, we experi-

enced an issue with detecting multiple humans. ODDS was detecting multiple objects,

e.g., multiple backpacks, multiple laptops, multiple backpacks and laptops in a frame.

But, it was not detecting multiple people in a frame. By going through the training set,

we realized that there were 400 frames where there were multiple people, but only one

human was annotated. As a result, ODDS assumed the rest as background. Removing
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these frames and retraining of ODDS enabled the detection of multiple people simulta-

neously. Also, the solution generalizes to other doors. We run ODDS in two different

doors, where no data have been collected during dataset construction and it seems to

perform accurately (see Figure 3.6).

3.6 Conclusion

In this paper, we present the whole process of resolving the tasks in smart building ap-

plications, from the data collection and annotation to the object detector construction.

Our novel dataset involves both RGB and depth images from the rare-view camera,

which s much less privacy-invasive than using an RGB camera. Moreover, we propose

a semi-automatic annotation intelligent interface to flexibly annotate the bounding box

of the desired goal in an image. With this intelligent annotation interface, the manually

labeling time decreases significantly and still maintains the flexibility of the label types

given manually. Also, we introduce a novel system called ODDS, which is the first

object detector that (i) uses only depth data, (ii) runs on an embedded GPU, and (iii)

performs the entire processing in real-time. Our solution is significantly cheaper than

using a powerful GPU while maintaining comparable accuracy with the state of the art

solutions. In the future, object detection and tracking could be a useful primitive in

many smart building applications to enhance safety, security, the productivity of the

occupants, and to improve the energy efficiency of the building. ODDS takes a critical

step towards realizing that vision. Furthermore, the flexibility of the whole process of

solving the task from the intelligent annotation interface to the ODDS detector sug-

gests that the system can provide a general solution to more sophisticated detection

tasks such as relational event detection.

Constructing this image dataset with the RGBD camera in this Bosch RTC project

gives me a deeper understanding of the process from setting up raw images collection

to the image dataset with annotated image regions (objects). Moreover, our intelligent

annotation interface is based on the understanding of the user model happening in the

smart building, e.g., office or school. In other words, the interface provides the relation,

or say, the interpretation of the detected objects, which provide the required information

for further applications such as the HVAC system. This project also well-demonstrates
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how the understanding the user model helps providing a general design of an annotation

interface, which falls to the Theme 1: User Modeling for Intelligent Annotation of this

dissertation. A more thorough going-through of this theme will be described in the

following Chapter 4.



Chapter 4

Interest-based Regions

Annotation Interface and Image

Interest Complexity

In this paper, we would like to discuss the connection between visual processing and the

understanding of an image. While the information of image viewing can be obtained

from subjects’ eye fixation, the understanding of an image can be obtained from the

subjects’ description of the given image. Furthermore, we proposed a new image labeling

method based on the connection between eye fixation and image description by humans.

By generating this new kind of labeling method, we can construct an image dataset

with labels that are closer to how humans understand the incoming image. In addition,

we would like to discuss the proof that the proposed labels better describe the image

compared to other types of labeling systems.

Research about the relationship between images and human descriptions can be ap-

plied to several different applications. For instance, by analyzing the pairwise similarity

of user descriptions, we could have a measurement of the complexity of image content.

Another possible application is to use this dataset as a criterion to find the difference

in visual processing of individuals with or without certain psychological characteristic.

This work is published at Explaniable Smart System (ExSS) workshop in Intelligent

User Interfaces internation conference (IUI) in 2018 [94].

53
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Figure 4.1: Overview of the data collection concept. Comparing to the previous image
labeling methods, our method considers both objects and the interaction or relation
between objects. Moreover, our annotation results are more helpful in understanding
the whole image since we consider human eye movement while located these regions.

4.1 Introduction

Understanding an image is straightforward for a human: humans view an image and

describe both the content and what is happening in the image. Teaching the computer

to learn to understand an image the way that human does is an interesting question

since there are lots of potential applications in artificial intelligence fields. One of the

most well-known image understanding methods is to recognize objects existing in the

image. For example, ImageNet [3] is an image dataset that contains thousands of object

classes and is used to train the computer to detect and recognize these objects. And

Alexnet [7] is one of the famous deep neural networks for retrieving the information

from the dataset and performing well on object detection and recognition tasks. This

method uses one aspect of human visual processing: object recognition.

However, human understanding of an image is not limited to the object recognition
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in the image. Humans consider not only the objects in the image but also the details

or distortion of them. Moreover, humans may also focus on the interactions or the

relations between objects or smaller entities. Take figure 4.1 as an example, if we apply

an object recognition method such as [8, 9] to this image, these methods result in several

person objects and their positions in the image. But ideally, we would want to focus

on descriptions beyond the objects, such as ”the crowd in the convention room” or ”the

shaking hands of two people at the front.”

In this paper, we introduce a procedure of collecting image information from a more

natural perspective of human visual processing. In comparison with an object-oriented

dataset, we asked subjects to describe the whole image before labeling partial regions

in the image. This way, we could simulate the order of human visual processing while

a new scene incoming. Moreover, we involve eye fixation data as visual attention prior

to labeling process. Both the information from feature extraction and the eye fixa-

tion traces of the image are included to calculate the important regions of the image.

Therefore, these regions are more critical for understanding the image. After regenerat-

ing the region-need-to-annotate, we construct an annotation interface for crowdworkers

considering the balance between efficiency and fatigue, and simulation of human vision.

Our annotation result is closer to how we view an image than previous datasets. These

descriptions we collected provide not only the name of entities but also the relations

between entities with an overall and natural understanding of the image.

In the following sections, we will discuss the details of our annotation methods and

the potential applications based on our dataset.

4.2 Literature Review

Traiditional Image Dataset and Class Labels

The understanding of the human visual system is always a primary topic to AI and

robotic fields, especially in the computer vision field. In order to understand and simu-

late our visual system, computers need different kinds of images to learn and recognize.

Therefore, several datasets have been collected to reflect various aspects of applications.

For instance, one of the well-known datasets is MNIST [95], which contains thousands
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(a) (b)

Figure 4.2: Example images with object labels and bounding boxes from ImageNet [3]

of images of handwritten numbers. These images are used not only for digits recogni-

tion but also as a benchmark for testing different methods of learning visual patterns.

Another common application based on images is the face detection task. One of the

datasets used by the well-known face detection method Viola and Jones [96] is the

MIT+CMU dataset [97]. This dataset contains faces from different angles to general-

ize the training process. These datasets mainly focus on the desired categories. They

are used to train the classifier that finds the characteristic feature for these desired

categories.

Recently, lots of datasets appear for solving problems and applications related to

object detection and recognition tasks. Most of the earlier image datasets, such as

Caltech 101 [75] and PASCAL Visual Object Classes (VOC) [76], have a monotonous

background and usually one object in an image. With the increasing of model complexity

and computation power, more and more complicated image datasets are collected. For

example, ImageNet: Large Scale Visual Recognition Challenge (ILSVRC) is a huge-scale

contest for classification, detection, and segmentation applying to ImageNet Dataset [3].

This competition is similar to the earlier challenge on PASCAL VOC, yet the images

are more complicated with clutter background and more objects. Moreover, the number

of object classes is also increasing in an attempt to simulate enormous objects showing

in our daily lives. There are around twenty-four thousand categories and fourteen
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(a) Sample results from MS-COCO dataset website. (b) Visual Genome Sample

Figure 4.3: Example images with object labels or relational descriptions and bounding
boxes from MS-COCO [4] and Visual Genome [5] datasets.

million images in the ImageNet dataset, compared to the 20 object classes providing by

VOC. The dataset also contains the location, bounding box, and detailed segmentation

boundary of each object in an image. Tons of papers use this dataset for different further

applications since 2009. However, the relation or the interaction between objects is not

considered in most of the previously mentioned image datasets. Humans can recognize

the name and shape of entities, as well as the relation between entities while viewing

an image.

MSCOCO and Visual Genome Dataset

To discover the information that helps humans understand the scene in addition to

objects, Lin et al. proposed the Microsoft Common Objects in Context (MS-COCO)

dataset [4]. This dataset aims to understand visual scenes more thoroughly with the

context in it. The dataset also emphasizes on collecting non-iconic view of object seg-

mentation, subdividing objects’ categories, and segmenting multiple instances in addi-

tion to single objects. In this way, not only the object categories but also the amount

and co-occurrence of different objects can be stated by this dataset. Moreover, the

co-occurrence of different objects can be further analyzed to find the relation between

them. However, MS-COCO still focuses on single entities or objects. The interaction

between objects such as the position of each object and the relationship between each

pair of objects is still not directly stated or labeled in MS-COCO.
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To ensure collecting various aspects of information in the image, Krishna et al.

proposed the Visual Genome dataset [5]. The Visual Genome dataset considers not

only the objects but also the relationships and attributes while annotating. It could

be considered as a much denser representation for the image than any image dataset

we mentioned before. Therefore, it could be used for analysis in a variety of research

with different goals. Although Visual Genome provides a dense representation of the

image, information that involves any human consciousness or human interest is neither

analyzed nor included in this dataset. Nevertheless, Visual Genome provides us a high-

quality database with an enormous amount of detailed annotation we are interested in

and are helpful when analyzing visual attention shifts between contents in the image. It

is possible that we could combine their dense image representation with visual attention

shifts to form a more human-friendly representation dataset. A comparison between the

information and regular labeling process that traditional datasets go through and the

information and annotation process our method goes through is shown in figure. 4.4.

In the following sections, we will discuss how we develop our dataset that involves

human visual attention and generates a more human representation called interest-based

annotation.

4.3 Data Annotation

In this section, we introduce how we combine subjects’ eye fixation and their descrip-

tions upon an image to generate our new labeling on the image. Our stimuli images for

annotation are coming from the dataset generated by clinical psychology department.

Images of this dataset are collected from both IAPS (International Affective Picture

System) [98] and other public domain websites with a variety of contents and back-

grounds such as face-included or face-excluded images and clutter or clean background.

Due to the limit of time and other resources for collecting data, we can only obtain a

sufficient amount of annotation data that is treated as a pilot dataset for analysis.
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(a) Traditional Detection Task Annotation

(b) Our Image Annotation Task

Figure 4.4: Comparing our image annotation procedure with traditional image anno-
tation for object detection task, our resulting attributes contain more information such
as the overall image description.
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Figure 4.5: Image after bluring and the curser (red circle) that user moves to see the
clear part (image reference to [6])

4.3.1 Visual Attention Clusters

The collection of large scale attention data is always a main reason of prohibiting analysis

on different aspects and attributions. Huang et al. introduced an approximation method

to visual attention via the mouse trace [6] and a crowdsourcing platform to collect large

scale of attention data. They first applied Gaussian blur filter on the images from

the MS COCO dataset [4] (Figure. 4.5). Then these images were uploaded to the

platform of Amazon Mechanical Turk to collect large-scale mouse-tracking data. The

collected mouse traces on the blurred images can be transformed into simulated eye

movement maps on the images (Figure 4.6 (b)). In this way, the visual attention map

of an image can be approximated from a large amount of subjects’ mouse traces instead

of using an eye tracking machine (Figure 4.6 (c)). From their analysis, these mouse-

tracking resulting attention maps can simulate the same or even better attention map

comparing to the one simulate by other saliency detection algorithms. In addition to

the contribution on large-scale attention data collection, they also introduce their new

algorithm of generating saliency map [99]. Since the data collection is scaled, their

algorithm is able to include the deep neural network structure. Moreover, they apply

the structure to two different scales of image (fine and coarse) and then fuse two results

together to generate the final saliency map. From their analysis in [6], these maps

are closer to the real visual attention of human than the attention maps generated by
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Figure 4.6: The procedure of generating descriptive regions from human visual attention
for image annotation.

image-oriented saliency detection methods such as [100] and [101].

To involve human eye movement to our annotation method, we first recorded 100

subjects’ mouse traces on given images with SALICON to simulate their eye movements

(Figure 4.6 (b)). Additionally, to emphasize on the eye fixation on an image, we collected

”fixation points” from the mouse traces. These fixation points are defined and filtered

by the length of time that the mouse stays at the certain position. We also apply

a Gaussian blur filter to fuse all fixation points in an image and generate the overall

visual attention map, or so called saliency map. (Figure 4.6 (c)) From these saliency

maps, we could see that there would always be some brighter regions, which means

these regions include major parts of fixation points inside and have certain contents

or information that attract most people’s visual attention. However, the definition of

these ”attention-focused” regions remains unclear. Therefore, we propose a clustering

method to generate these informative regions explicitly. We assume that these points

belong to some regions where humans would focus to within their viewing processes.

We approximated these regions with a mixture Gaussian model and clustered these

fixation points into regions. This way, we generated a set of regions, or interest-based

regions, that include information related to human visual attention while viewing and

understanding an image. The detailed algorithm of generating interest-based regions is

listed below:
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Algorithm 3: Generating Interest-based Regions

Input : Average Fixation points {xj} of Image j

Output: A set of Interest-based Regions {kji } of Image j

1: for all Image j do

2: Generate Saliency Map M j ← {xj}
3: Find the peak Ctri ← maxx∈RM

j ,R = local region around x with width ρ

4: Assign each fixation point xj to the closest peak Ctri → {xji}
5: Find the Mixture Gaussian Model Gj that represent these groups {kji }
6: for group i of Image j do

7: Mean: µi = Ctri

8: Covariance: Σ = covariance of the fixation points in group i

9: end for

10: end for

4.3.2 Crowdworkers’ Annotation and Postprocessing

After discovering the descriptive regions from aggregating fixation points, we next de-

signed an annotation interface for these regions. Our instructions in the annotation

interface lead users to describe the whole image first. Then the interface provides users

these descriptive regions in the given image for labeling. With this questions order,

we ensure that the descriptions are similar to human natural viewing process. Here

we uploaded our annotation interface to Amazon Mechanical Turk (Mturk), which is a

crowdworker platform, and collect users’ descriptions on it.

In order to refine the descriptions collected from Mturk, we use natural language

processing (NLP) tools to postprocess descriptions of each image. Currently one of the

NLP tools we use is Wordnet [102]. Wordnet is an English dictionary dataset that has a

tree-like structure for every word. By applying a dictionary to the collected descriptions,

we clear the incomprehensible descriptions and merge nouns that have similar meaning,

which is defined by both the nouns and their hypernyms that are related by wordnet.

Figure 4.7. shows an example of 10 subjects’ descriptions from Mturk and one refined

description of the red box in the image. With more descriptions collected and more

NLP tools involved in the future, we could generate more detailed and informative

annotations for these descriptive regions.
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Figure 4.7: The procedure of generating descriptive regions from human visual attention
for image annotation.

4.4 Discussion and Numerical Analysis

Our annotation method represents a different way for computers to learn and understand

an image. Currently, we have collected 10 subjects’ annotation results on 113 images

as a pilot dataset. As more images are annotated using this novel method, computers

can learn to generate a more human-like description for a new image by applying neural

network methods with structures such as [70] and [103]. Furthermore, this dataset

can be used for multiple applications such as object detection, foreground-background

separating, scene recognition and image caption generation. Moreover, deep learning

methods can exploit these new annotations with both directed and generative models.

Given the interest-defined regions R, labels L and a set of images I, a computer can

learn the mapping between them and make complex predictions between R, L and I.

For example, we can learn to predict what is interesting in an image, or generate novel

image from labels and/or regions. We could also find related images using a single

input region after we learn the relation between R and I. This connection can also aid

in recognizing different objects from a more contextual view.

In addition to direct applications in computer vision fields, we also want to identify

human interest in an image. People may naturally gravitate toward only a few regions

of interest in some objectively complex images. We want to quantify this Interest

Complexity, as we believe it is a better measure of how much information people actually

extract from an image, independent of the image’s objective complexity. In order to

generate this Interest Complexity (Ω), we consider the users’ descriptions (or labels L)
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Figure 4.8: The procedure of generating interest complexity given an image.

collected for regions R from the Mturk platform. Different subjects’ descriptions of each

image can vary widely, providing considerable information for the annotation procedure.

Comparing the content of subjects’ descriptions of the same image pairwise is a way to

retrieve information. We could not only know whether a subject is answering correctly,

but also know how many subjects give simultaneous descriptions. In our analysis, We

use spectral clustering to find the description groups that the belonging subjects have

similar descriptions. If the image has more sparse groups, the image has descriptive

regions or content that is hard to describe with the same words. Following this criterion,

we generate Ω for each image based on the collected descriptions from the crowdworkers.

Figure 4.10. shows Ω generated from our current pilot dataset with 10 subjects for each

image. In Figure 4.10. (b), the image contains only one woman with a golf club and the

background is clean, which results in a higher magnitude of the simplicity weight. On

the other hand, Figure 4.10. (c) contains an enormous amount of information as it has a

cluttered background. The sample description of one descriptive region can be found in

Figure 4.7. Since there are many different descriptions among subjects for one region,

the resulting Ω has a lower magnitude. Figure 4.10 (a) contains an overall example
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Ω of 20 images. Generally speaking, there maybe two set of ambiguous descriptions

of an image, but most user descriptions fall into these two groups, which suggests an

objectively complex image and results in a concentrating interest (higher Ω). There

may also be 10 sets of different descriptions with each set containing only one user,

which would be a case of lower Ω. With more and more user descriptions collected, we

could stably generate this interest complexity measurement Ω.

Algorithm 4: Generating Interest Complexity of an Image

Input : Input Dataset D = {D1, D2}, where D1 contains all samples without

Person class and D2 contains only samples of Person class.

1: i = 1

2: Dtrain = Φ

3: Initialize network parameters W using a pre-trained CNN and Xavier algorithm

4: while (i ≤ 2) do

5: Dtrain = Dtrain ∪Di

6: while not converged do

7: Perform training, train(Dtrain,W )

8: end while

9: Select best W ∗

10: Update learning rate;

11: i = i+ 1

12: end while

Output: Optimal Model Parameter W ∗

After measuring the interest complexity Ω of each image, a variety of applications

in different fields can be developed or improved. For example, we could explore choices

for the design of a new user interface based on the testing groups, such as using a

simpler image set when the test has a time limitation for users to understand the image.

This can also be used as an objective measurement of detecting a certain psychological

characteristic. For instance, we could collect eye movement data from individuals with

and without a psychological characteristic. By comparing and analyzing these data

with our annotated dataset, we could find a more numerical way to distinguish whether

a new individual has this characteristic. It could also aid in some clinical tests that

currently required clients to take a subjective test, the results of which need to be scored
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by experienced professionals. Through the above-mentioned process, we could run an

objective measurement and facilitate professionals testing. This could also possibly

simplify the testing pipeline if image viewing is accessible and more comfortable for

clients.

4.5 Conclusion

In this paper, we present an image annotation method that includes information from

human visual processing. This annotation method shows a novel concept for a computer

to understand an image using different aspect from current image processing methods.

By using human interest to guide annotations, we get annotations that focus on the

naturally interesting aspects of an image and the relations between them. Our annota-

tions are designed to be closer to the way people generate explanations for the content

of images. We elicit fixations and annotations based on the user explicitly looking at

an image to explain what is happening. We also discuss different applications and ef-

fects in a variety of fields to show that this distinctive annotation concept is useful and

required for future development of fields such as artificial intelligent, user interface, and

psychology. With more and more data being collected within our method and analyzed,

computers can learn and achieve a more human-like perspective of the surrounding

entities and how they interact or relate to each other.

Figure 4.9: The procedure of generating interest complexity given an image.
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(a) Interest Complexity Ω generated from subjects’ descriptions.

(b) Ω = −0.46 (Simple) (c) Ω = −0.12 (Complex)

Figure 4.10: simplicity weight for an image: the image with a lower weight magnitude
means that the image contains more complicated content and has less similarity among
the subjects’ descriptions.



Chapter 5

Objective Psychological

Symptom Diagnosis Aid by Eye

Movement-based Probability

Classifier

Understanding individual differences in interpreting and understanding the world around

us provides insights into social conflict, better instruction, and even diagnostic assess-

ments of problems. Measuring interpretation without affecting it is a major challenge.

In this chapter, we take a non-invasive approach to measuring interpretation by re-

lating looking behavior to a database of semantic annotations, allowing us to predict

differences in interpretation from short segments of looking behavior. We propose an

application of providing a reference for categorizing psychological symptoms based on

the collected eye movement data. This eye movement data on the image dataset de-

scribed in chapter 4 [94] is collected from several groups of people. Each group of people

holds a specific psychological symptom in common. By relating the information from

the eye movement to the interpretation of images, the user model is created and can be

used as a reference of individual (group) difference. Integrating the variation of infor-

mation retrieval of each image by different groups provides us a categorizing standard

between groups. Moreover, it can produce a numerical overview of the importance of

68
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distinct elements or images, such as how different between a scene with crowded people

and a natural scene would affect a particular psychological characteristic. The resulting

system also has the potential to predict more reliable individual interpretations, which

have applications to not only clinical diagnosis, but also automated tutoring, reading

comprehension, and other domains.

This is a study that collaborated with researchers from the clinical psychology de-

partment, where they mainly focus on communication with potential participants and

data collection, and I focus on the data annotation and analysis design afterward. Due

to the difficulty and cost of finding participants and high-quality annotation, our analy-

sis is applied to a smaller set of data as a pilot study for setting up the system and testing

the feasibility. The pilot result of this project indicates that our system has the power to

find the variation between groups and apply it as the critical component to distinguish

different groups. By involving interest-based regions posterior as the representation, our

system provides adequate performance with the Bayesian classifier, which simplifies the

computation without overfitting. By collecting more data, we can construct a system

that represents the user model better and can be more robust in categorizing groups

and also provide a better insight into different groups and individuals.

This project is submitted and received the CLA (College of Liberal Arts) seed grant

at the University of Minnesota in 2019 and ensures the future complete set of data

collection to construct a public dataset and future applications.

5.1 Introduction

Humans live in a very visually stimulating world, and they process incoming visual

information in a unique way. However, we still don’t know how people process incoming

visual information. Various methods are proposed, such as object detection or scene

recognition, to understand what and how people extract from viewing an image. One

of these approaches is the image saliency generated from the eye movement and has

been extensively used in computer vision applications since 1998 [104]. For instance,

saliency is applied to aid on multiple object recognition [105] and image classification

in [106]. Eye movement is broadly applied in applications directed to images, yet the

rich and meaningful information extracted from it can also provide an implicit insight
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toward human behavior. For instance, Want et al. applied saliency detection from the

eye movement of autism spectrum disorder (ASD) and found that they have a stronger

image center bias no matter what objects are included in the image [107]. In the research

conducted by Pavisic et al., they explored the relationship between eye-tracking data of

Young-onset Alzheimer’s disease (YOAD) and the standard visual cognition tests [108].

With proper information extraction from the eye movement, the user model between

incoming data and output behavior or goal can be established.

In this chapter, we perform an analysis of the eye movement on given images from

three groups of people with different psychological characteristics. Our goal is to find a

way to provide a numerical measurement as an objective reference for identifying these

characteristics. The images they viewed are from the dataset introduced in chapter 4

[94], and this dataset contains annotations and a text description of their interpretation

on both the whole image and the interest-based regions of the image. Interest-based

regions are areas of an image that are automatically identified as reliable targets for gaze

shared across people. By having this interpretive representation of an image, we can

transform our eye movement data, which contains the coordinates of viewing position,

into a region-based probability distribution. This probability distribution is treated as a

descriptive feature representation and indicates the importance or interest level of each

region in an image. By learning the common representation within a group and the

difference between groups, we can apply a classification model to discriminate between

groups.

With the probability generated from the interest-based regions, our system provides

a non-invasive way to assess humans’ interpretation and achieve the ability to distinguish

people with or without various psychological characteristics by accessing their eye move-

ments on images. The result also approves the well-descriptiveness of the interest-based

regions, which implicitly describe the key components that help humans to interpret

the image. With more data from participants being collected and form a larger dataset,

its validity is ensured. The extensive dataset can be used to learn a more general repre-

sentation within a group and between groups and build a more robust group classifier.

Moreover, this non-invasive method for providing numerical measurement and difference

between groups is not limited to groups with or without different psychological charac-

teristics. The overall system can also be applied to distinguish groups that potentially
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(a) Object regions and labels by LabelMe[109] (b) Interest-based regions and annotations

Figure 5.1: Comparison between different representations of images: Consider
the description of the whole image given by one worker from Amazon Mechanical Turk:
“A man wearing a black polo is playing a musical instrument in front of a shop on a street
at daytime. He is lightly smiling and has a guitar back next to him too.” Comparing
this description with the regions and annotation of objects and interest-based regions,
the object regions tend to include those that are large and explicitly recognized as an
individual thing. On the other hand, interest-based regions is not intended to include
an individual thing, but more focusing on any possible relation in between, such as
“playing the instrument” happening between the instrument and hands.
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have diverse interpretations of images, such as finding possible customers from their

interpretation of an image that contains commercial advertisements.

In the following sections, we will first review some literature corresponding to various

representations between eye movement and images. Then the overall methods from

retrieving information from the eye movements to applications of several classifiers will

be described and followed by the results of discrimination between groups.

5.2 Literature Review

Various methods have been proposed to simulate visual attention because of its wide

applicability in different tasks. Specifically in computer vision fields, this simulation,

or so-called saliency map, provides an efficient approximate solution to problems corre-

sponding to high-level visual concepts. For example, this concept has been applied in

[110, 100] as a prior probability distribution in object detection. Similar concept is used

for finding the coexistence of specific objects in a set of images [111], video compression

[112], foreground-background separation [113], and other visual tasks.

From the previous overview of training process for different applications, we find that

the feature selection step plays an important role considering the final result. Therefore,

several researchers proposed different features and methods of selecting methods to

achieve a better performance. In 1998, Itti et al. [16] used the three basic components

of an image as their features: intensity, color, and orientation. In addition to these

three components, Treisman and Gelade [114] – using feature integration theory (FIT)

– and Borji et al. [115] proposed and overview different features to simulate attention

and solve visual tasks. For instance, Oliva and Torralba [80] and Torralba [116] used

the components of scene such as horizontal line and gist to be their main features.

As the depth camera becomes accessible, depth cue is also considered as an important

component that affects attention when considering distance [117].

In addition to the elementary components of image, many papers also incorporate

features that are more complicated, global, or content-aware. Zhang et al. test both

Different of Gaussian (DoG) filters and linear ICA filters on their Bayesian framework

for generating saliency maps [118]. In [119], the authors use the dissimilarity of pre-

generated feature maps as the key feature in their graph-based model. Goferman et al.
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Figure 5.2: Overview of the Guassian Mixture Model of an image: Given an
image and a set of pre-collected average fixation points, we apply Gaussian Mixture
Model to approximate these groups of fixation points. The resulting clusters can then
be shown as the reference of interest-based regions.

apply feature extraction within images of different resolution and combine them to form

a global context of the image [100].

To be general, low level features works well on including all the details in the im-

age, while high level feature tends to describe what is happening considering the whole

scene or relating to task. Thus some papers integrate both low and high level features

together in order to represent the information from the image thoroughly. For example,

Judd et al. consider various features such as face detection and horizontal line as high

level features, and color and orientation as low level features [120].

5.3 Methods

In this section, we state our data representation along with the selection between dis-

criminating methods.
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5.3.1 Inerest-based Regions Representation and Bayesian Classifier

Considering the eye movement of each subject viewing our set of images as {xj}, where

j is the index of subject, we would like to first find a proper representation to better

informatively describe it than the original representation as a set of coordinates. To

generate a representation including information that is useful for humans while inter-

preting the image, we involve interest-based regions as our basis for generating features.

Given the image Imgi, a set of interest-based regions {r(i)
k , k = 1, . . . ,K(i)} is intro-

duced in [94], where K(i) as the number of regions in image i since each image may

include different cluster number based on the content complexity of the image. With

the regions involved, the first straightforward representation is to indicate whether and

which region each data point xj falls into. This representation efficiently transform and

compress the coordinates data into a compilation of regions, yet this forcibly region

assignment as an 1-hot vector may eliminate the detailed information given by each

fixation point. Therefore, a vector that represented the probability of the fixation point

falls in each region becomes the next option. Here each set of interest-based regions in

an image is approximated by a Gaussian Mixture Model (GMM) G(i) along with mean

(central point) µ
(i)
k and variance σ

(i)
k for each cluster k. Therefore, the representation

of a fixation point x of image i can be written as:

x̂ = G(i)
(
x|{µ(i)

k }, {σ
(i)
k }
)
, k = 1, . . . ,K(i)

With the representation or feature x̂ from a point being defined, we could also define

the overall representation of the eye movements made by subject j viewing image i as

the following if there are positive and negative classes typically:

f(X(i),j) =
∏

x∈X(i),j

G(i)
(
x|{µ(i)

k }, {σ
(i)
k }
)

On the other hand, consider the multiple (patient) groups we would like to classify

with, we could use a conditional posterior probability function to represent how likely

the data would fall into group c:

P (C = c|x) =
P (x|C = c)P (C = c)∑
c P (x|C = c)P (C = c)

∝ P (x|C = c), (5.1)
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where C is the patient group, and x is the input data (feature). Since we do not directly

know the value of the likelihood function P (x|C = c) in equation 5.1, we could split it

into clusters to approximate it:

P (x|C = c) =
∑
k

P (x|k)π{k, i, c}

=
∑
k

P (x|k)P (k|c), k = 1, . . . ,K(i), (5.2)

where i is the image index, c is the group (patient/health control) that the data point x

belongs to, and k is the cluster index in image i. And the value of each P (x|k) can then

be approximated by a Gaussian Mixture Model G(i) with each Gaussian distribution

represented the likelihood of being in cluster k:

P (x|k) = N (x|µik, σik),

where µ is the mean or center of the cluster, and σ as the variance of the cluster. In

addition, with the GMM model involved, we can rewrite the conditional probability

P (k|C) of cluster k given group c as:

P (k|c) = πck =
qck∑K(i)

k=1 q
c
k

,

where

qck =
∏

xs∈group c
P (xs|k)

=

Npoints/group c∏
s=1

N (xs|µik, σik) (5.3)

This results in a normalized k × 1 weighting vector πc = [πc1, . . . , π
c
K(i) ]

T for clusters in

image i of group c. With this weighting vector being generated, we could then apply it

to a set of new data points from a subject and produce a weighted measurement that

indicates how likely this subject is included in each group. This vector also provides a

numerical measurement of the correspondence between regions and each group.
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5.3.2 Probability Classifier Validation

To validate the feasibility of our probability classifier, we follow the similar procedure

stated in equation 5.1 with learned weight πck and new input. Consider a set of data

points Xj that belongs to subject j, we could first split these points into subsets X(i),j

that belongs to image i. Then the likelihood of the data belongs to group c can be

formulated as following with the learned weighting vector πc:

P (X(i),j |C = c) =
∏

xs∈X(i),j

∑
k

P (xs|k)P (k|c)

=
∏

xs∈X(i),j

K(i)∑
k=1

N (xs|µik, σik) πck

 (5.4)

Since each image may have different group prediction, we need to find a way to integrate

likelihood from different images to determine the final prediction of the subject j. Here

we provide two ways: directly product and boosting.

For the directly product across images, the overall log likelihood of the subject j

being in the group c is represented as:

Ldirect(subject j|C = c) =

Nimage∑
i=1

logP (X(i),j |C = c)

=

Nimage∑
i=1

 ∑
xs∈X(i),j ,k∈K(i)

logP (xs|c)

 (5.5)

with P (X(i),j |C = c) defined in equation 5.4 and i as the image index.

On the other hand, we could also apply the similar process to the data but with a

boosting method involved. Boosting is a kind of classification method that uses a set

of weak learners to construct a strong classifier. The question of weak learners was first

proposed in 1989 by Kearns and Valiant [121], and first being confirmed its feasibility by

Schapire in 1990 [122, 41]. Here we treat the likelihood P (x|C) of each image i as a weak

learner that provides a small correlation with the true classification. By aggregating

these classifiers across images with a weight, we form a stronger boosting probability
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(a) Cluster Masks generated by GMM and the
background mask as the (K + 1) cluster

(b) Example eye movement data from one sub-
ject

Figure 5.3: Illustration of how the Gaussian Mixture Model G(i) acts on an image, along
with a concrete example of input eye movement data Xj from a subject.

classifier:

Lboost(subject j|C = c) =

Nimage∑
i=1

wc
i

 ∑
xs∈X(i),j ,k∈K(i)

logP (xs|c)


=

Nimage∑
i=1

wc
i

( ∑
xs∈X(i),j

log
(K(i)∑
k=1

N (xs|µik, σik) πck
))

(5.6)

where wc
i is the weight for each image i and group c. If we set these weight to be the

same such as wc
i = 1,∀i, c, the resulting classifier from equation 5.6 is exactly the same

as the directly product classifier in equation 5.5. Here we use a stochastic gradient

descent along with XGBoost method [123] to find the weight.

After the overall likelihood being defined, we can then go back to the posterior

probability (eq. 5.1) and use softmax to find the prediction result for subject j:

P (C|{x}) =

1
|C| expLboost(x|C)∑|C|
c=1

1
|C| expLboost(x|C)

, (5.7)

where |C| indicates the number of groups, and 1
|C| as the uniform prior P (C) in eq. 5.1.

The overall algorithm of learning and applying the Bayesian Probability Classifier
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is stated in algorithm 5.

Algorithm 5: Probability Classifier for Groups Discrimination

Training: Given the eye movement data for each group c and GMM model G(i)

for each image i

1: Generate posterior probability as the representative of the eye movement.

2: for Data in Group c = 1, . . . , |C| do

3: for Image 1, . . . , Nimage do

4: Find the weight of each image wc
i .

5: for k = 1, . . . ,K(i) do

6: Find the weight πck of cluster k in image i:

7: πck = P (k|c) =
qck∑K(i)

k=1 qck
8: end for

9: end for

10: end for

Testing : Given the Bayesian Classifier along with weights πck and wc
i

1: Overall Log Likelihood L(x̂|C = c) for a new data x̂

2: The group prediction is by maxmize the posterior: ĉ = maxc P (c|x̂)

5.4 Results

In this project, we’ve collected fixation data from three groups of people: bipolar (BP),

schizophrenia (SCZ), and a health-control (HC) group viewing the 113 images provided

by the researchers from clinical psychology department [94]. Images of this dataset are

collected from both IAPS (International Affective Picture System) [98] and other public

domain websites with a variety of contents and backgrounds such as face-included or

face-excluded images and clutter or clean background. The wide variety of these se-

lected images also has the potential of being the critical factor of diagnosing bipolar,

schizophrenia, or other psychological symptoms. The health-control group contains five

subjects, whereas bipolar and schizophrenia have 11 subjects each. This is a preliminary

sample set since the data collection from each group of specific psychological symptoms

is extremely difficult. Also, there is no stable grant funding mechanism provided to

collect more samples currently. Due to the lack of data, we only consider validating
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(a) Train/Validation by splitting data using ran-
domly partitioned eye movement.

(b) Train/Validation by leave-n-subject (n ≤ 5
since the minimal number of subjects in a group
is 5.)

Figure 5.4: A comparison of the accuracy trend by using different criteria of deciding
training and validation data. Red dots and blue lines indicate the mean and variance of
accuracy by considering whether the subjects in test set are categorized to the correct
group during 50 iterations. (a) With more percentage of data being involved in training,
the prediction of the rest data can achieve over 80% of accuracy. This provides that
even we have limited samples, our classifier well-predicted subjects’ group by including
characteristics and individual differences while training. (b) On the other hand, if the
data of validating subject(s) are fully involved in the testing instead of having the
possibility of partially involving in training, the accuracy of predicting the group of
validating subject(s) drops significantly and more like guessing. This may occur due to
our limited amount of data for forming a general classifier that recognizes characteristics
from each group.

our method at this stage to prove the feasibility of recognizing subjects from different

groups with a sufficient number of data. We also conduct a series of analyses to de-

scribe the pros and cons of our current mechanism with this small amount of data, and

how collecting more data would help on increasing performance in the following sessions.

Different ways of dividing training and validation data

It is common to select training and testing data randomly from the whole data pool for

test and validation. Because our study was a preliminary assessment of the feasibility of

our diagnostic method, we currently have a very limited number of subjects. Choosing

a sample across all subjects ensures we have a sample representative of all subjects.
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However, our subjects may have large individual differences in behavior, which could

lead to low generalization if we train on a subset of the subjects, due to low represen-

tativeness of a classifier trained on only a few people. To assess for these issues, we

separate our data into training and validation sets with the following two criteria: 1)

Randomly Partitioned, and 2) Leave-n-subject for validation.

For the randomly partitioned rule, we randomly select q% fixation points from each

group regardless of which subject or image each point belongs to and the rest (1− q)%
fixation points as the validation data. These (1−q)% fixation points are then separated

by which subject they belong to, and the prediction process is performed subjectwise.

With more than 50% data involved while training, the accuracy can achieve 85% or

more during validation. Figure 5.4 (a) shows the monotonically increasing accuracy

with an increasing percentage of training data. And the accuracy slightly decreases

after 80% data involved in training, which may due to the overfitting of the classifier.

This result suggests that with a representative sample, our classifier will be able to

accurately predict subjects’ group by including characteristics and individual differences

with partial information while training.

To assess how individual differences in the training set might affect performance, we

partitioned the data into training and test subjects. We performed a Leave-n-subject

procedure which randomly selects n subjects and treats all of their fixation points as the

validation data, and the rest Nsubject−n subjects are the training data. The resulting ac-

curacy dropped significantly compared to the performance of randomly partitioned data

(Figure 5.4 (b)). This dropping accuracy is consistent with the small data sample not

providing a representative sample. The individual difference of each subject stands out

significantly within this small number of data, which may also increase the possibility of

the data of each subject being an outlier. Thus, the performance of the classifier relies

significantly on how well and general the training data can represent each group. With

the small scale data and the imbalance problem between healthy-control and patient

groups, the performance of leave-n-subject criteria would be significantly affected by in-

dividual differences or outlier data. Randomly partitioned criterion provides validation

of our classifier could produce high performance by involving individuals’ characteristics

from partial data. To design a working system, we will need 10 to 100 times the amount

of data currently available. With more and more data being collected and involved in
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(a) Uniform Weights (Groupwise Accuracy= (0, 0.22, 0.75)) (b) Weights decided by XG-
Boosting (Groupwise Accuracy=
(0.01, 0.23, 0.73))

Figure 5.5: Here we apply leave-1-subject method to split data and apply different
weighting methods to find the weight wc

i for each image described in eq. 5.6. The x-
axis indicate the subject index used for validation, and the y-axis indicates the average
accuracy of predicting this subject’s group by randomly changing the two subjects in
the other two groups excluded to the training process. Both methods provide similar
average accuracy as 0.39, yet the XGBoost method provides a slightly more general
performance without favoring or skipping specific group.

this process in the future, we will be able generate a more general classifier that includes

characteristics of each group and achieve similar or better performance from figure 5.4

(a).

Weighted Probability Classifier

The results shown above use looking behavior equally weighted across all the images.

However, some of the images are much more diagnostic than others. Here we see whether

we can improve our performance by boosting over images. XGBoost [123] was used to

learn weightings across images that maximized performance for Leave-n-subject predic-

tion, shown in figure 5.5 (a). The overall accuracy is 0.39, with each group accuracy as

0, 0.22, 0.75. Moreover, more than half the number of subjects have zero accuracies,

which means the classifier regularly considers the subject as the outlier. To improve the

situation of favoring only one group, we substitute the uniform weights of each image

describing in 5.5 to be adjustable weights. We determine the image weights wc
i for

each image i described in eq. 5.6 by applying XGBoost. We use the leave-1-subject
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(a) Euclidean Distance Metric (b) Correlation Distance Metric

Figure 5.6: Subject-wise Second-order (dis)similarity analysis: Here we use sev-
eral different distance metrics to generate the second-order similarity matrix subject-
wise, where subject 1-5 belongs to the health-control group, 6-16 belongs to the bipolar
group, and 17-27 belongs to the schizophrenia group. The largest similarity, which
means the distance = 0 is shown in black, and the smallest similarity or the largest
distance is 1, which is shown in white. The HC group shown in (a) is distinctive to
other group, yet the distance within-group remains large. There’s a significant bound-
ary between BP and SCZ groups in (b), which indicates the better performance on
discriminating between these two groups.

criteria for training and validation, with one subject being specified for validation and

randomly selected one subject from the other groups. The resulting performance of pre-

dicting each subject’s group using XGBoost weights is shown in figure 5.5 (b), with the

average accuracy as 0.39. Though the average accuracy does not change, the average

accuracy of each group becomes 0.01, 0.23, 0.73, with only five subjects having zero

accuracies. This change indicates that XGBoost provides another potential avenue to

improve performance - learning a diagnostic set of images which aid to detect character-

istics from each group. This learning solution helps overcome the fact that the stimulus

set may be inadvertently favoring specific groups, decreasing representativeness. With

more data being involved in learning the weights and training the classifier, fewer sub-

jects will be left out and prediction will be substantially easier with less need for data

collection (fewer test images).

Discussion of data property using subjectwise second-order similarity
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From the previous sessions, we have observed that the probability classifier cannot gen-

erate a high performance while predicting a specific subject with a limited amount of

data. To have a more objective understanding of how data of each subject varied be-

tween groups and within groups, we applied a second-order similarity analysis described

in [124]. Here we use distance metrics as the definition of negative similarity. The dis-

tance metrics we use are Euclidean, Squaredeuclidean, Cityblock, Minkowski, Chebychev,

Cosine, Correlation, Hamming, and Jaccard. This way, we can visualize these negative

similarity scores within-group and between-group. The resulting distance matrices be-

tween subjects can roughly be split into two categories: Euclidean and Correlation. The

visualization of these two categories is shown in figure 5.6 with subject 1-5 belongs to

the health-control group, 6-16 belongs to the bipolar group, and 17-27 belongs to the

schizophrenia group. The black part indicates zero distance (the most similar) between

these two subjects, and the white part symbolizes the normalized one-distance, which

means the least similar between the two subjects. Both the Euclidean family and the

Correlation family show each subject in the HC group has the least similarity to any

other subject. Though this significant distance between HC and other groups may help

distinguishing people in HC from others, the substantial individual differences between

subjects in HC make the classifier harder to find a general representation for the HC

group. On the other hand, from the correlation distance matrix, we observe an explicit

boundary between BP and SCZ groups. This boundary also explains the better per-

formance of predicting subjects from BP and SCZ group in figure 5.5. By using the

second-order similarity, we explicitly know the significant individual differences of each

subject in the health-control group, and the correspondence of subjects in the other

two groups. The results clearly indicate that healthy-subject behavior is more variable

within the tested image set than patient behavior. Using image weights from XGBoost

and possibly new stimuli will help us to find representative healthy-subject behavior,

which emerges as the key limitation in the feasibility data.

5.5 Conclusion and Future Works

This study represents the feasibility of applying the user model constructed based on

the representation of the interest-based region to applications that are directly related
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to current society requirements. The overall system described in this study provides

a non-invasive method for providing numerical measurement and prediction of groups.

The pilot result indicates that our system has the power to find the variation between

groups and apply it as the critical component to distinguish different groups. Also,

the patient group classification problem has the possibility of extending to more real-

life applications such as potential commercial groups distinction. Our method reveals

that discriminating different patient groups based on a weighted Bayesian probabil-

ity classifier on the representation is adequate. Other than the Bayesian probability

classifier, we could also apply to various methods to approach the user model of each

group. For instance, document analysis such as TF-IDF (term frequency-inverse doc-

ument frequency), association analysis, and correspondence analysis that tries to find

shared components row-wise (subject) and column-wise (image) is also applicable for

this question. Yet, the data size is insufficient to form a general classifier with better

prediction power for these groups. Currently, the data collection process from differ-

ent groups of subjects is still ongoing. With more eye movement data being collected

along with other diagnostic measurements, a robust probability classifier that better

described the user model could be formed and produce a better performance on predic-

tion. Also, the relationship between eye movement data and groups can be grounded

with the diagnostic measurements being involved.



Chapter 6

Accurate Prediction of Human

Looking Behavior Using

Interest-based Image

Representations

Human looking behavior allows us to understand and interact with an enormous amount

of information, a capacity challenging to replicate in AI systems. While extracting basic

image properties are essentially solved problems, attempts to model human looking

have had much more limited success. Scan-path prediction accuracy has been only

moderately above chance, and as a result many researchers have foregone temporal

prediction to focus on predicting likely fixation locations independent of time.

One of the core elements of this work has been an effort to predict scan-paths from

a combination of image information and past behavior, implicitly assuming that this

information would provide a sufficiently rich representation for prediction. Here we

show that changing representations dramatically simplifies and improves predictions

of looking behavior. We introduce a representation of looking behavior that centers

around interest-regions in images, defined by natural, collective looking behavior. These

regions can be used to partition images for semantic labeling and to provide a basis for

shared representation across observers. Using this interest-based image representation

85
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Figure 6.1: Comparison between traditional object regions and our interpre-
tative regions. Compared to the object-based image labeling methods, our labeling
method involves human eye movements to generate regions that people are interested in
for labeling. This way, our resulting regions and annotations consider both objects and
the interaction or relation between objects that help on interpreting the whole image.

makes scan-path prediction a relatively simple problem. Without any additional label or

image information, we achieve highly accurate sequence prediction. This demonstrates

a surprisingly structured and consistent strategies within and across observers while

free-viewing images, which has been masked by the use of feature-based and object-

based image representations that don’t capture the interpretative structure underlying

human looking. By capturing this interpretative structure, interest-based models should

dramatically improve applications which can capitalize on looking behavior, including

image captioning, advertisements and diagnostics.

6.1 Introduction

Currently, one of the most well-known representation ways for an incoming image in

computers is that the computer can recognize objects existing in the image. For example,

ImageNet [3] is an image dataset that contains thousands of object classes and is used
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to train the computers to detect and recognize these objects. And Alexnet [7] is one of

the famous deep neural networks for retrieving the information from the dataset and

performing well on object detection and recognition tasks. While object recognition

provides a representation way of image information, teaching the computer to learn to

understand what is happening in an image the way that human does, and apply it to

predict human looking behavior is still an open problem. Humans consider not only

the objects in the image but also the details or relation among them. The viewers

will correspondingly change their eye movement based on where in the image they are

interested in and which part of the image provides information that could benefit their

interpretation.

In this paper, we propose a new representation way that centers around interest-

regions in images. These regions can be used to partition images for semantic labeling

and to provide a basis for shared representation across observers in order to predict their

looking behavior. We formulate the looking behavior as a partial-observable Markov

decision process (POMDP) and define a state space as a belief vector over the set of

interest regions, represented by occupancy distributions over the image. We show that

using an interest-based image representation makes scan-path prediction a relatively

simple problem. Without any additional label or image information, we achieve highly

accurate sequence prediction. These results show that observers use highly structured

and consistent strategies while free-viewing images. This consistency has been masked

by the use of feature-based and object-based image representations that don’t capture

the interpretative structure underlying human looking. Based on their ability to ac-

curately capture looking behavior, interest-based models should dramatically improve

applications which can capitalize on looking behavior, including image captioning, ad-

vertisements and diagnostics.

6.2 Related Works

6.2.1 Visual Saliency for Images

Various methods have been proposed to simulate visual attention because of its wide

applicability in different tasks. Specifically in computer vision fields, this simulation,
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or so-called saliency map, provides an efficient approximate solution to problems corre-

sponding to high-level visual concepts. For example, this concept has been applied in

[110, 100] as a prior probability distribution in object detection. Similar concept is used

for finding the coexistence of specific objects in a set of images [111], video compression

[112], foreground-background separation [113], and other visual tasks.

Other than using feature for categorizing these attention models, it is also common

to separate models with Bottom-up and Top-down [125, 101, 115]. They can also

be also stated as stimulus-driven and goal-driven considering the process of how they

solve their task. Since bottom-up models fuses features extracted from the image and

generate the saliency map, what feature to extract and how to integrate these features

together become important. The very first model by Itti et al. is an example of fusing

intensity, color, and orientation together [16]. Harel et al. propose a Markov-chain

graph model to integrate different feature maps together [119]. Overall, the mechanism

of bottom-up model simulates the behavior of information retrieval while looking at a

new scene since the only information source is a single image. Nevertheless, attention is

also driven by the task and the knowledge that the person has in addition to information

extracted from the image or the scene.

On the other hand, top-down models simulate the behavior toward goal based on

the background knowledge. The model considers saliency maps as the desired goal

based on the previous known attention related to the goal. If considering the task

as a classification problem, then the given ground truth saliency map would be the

labels of the given image. One of the most famous top-down models is from Judd et

al.[120], which considered the saliency detection as a classification task and applied

support vector machine after extracting features from training images. Other than

classification methods, Yang et al. [101] presented a conditional random field (CRF)

model to formulate the relation between images and given target saliency maps. They

applied sparse-coding techniques to extract common dictionary features from training

images and then updated the parameters of the CRF model. This process was iterated in

order to learn the sufficient representation of an image and the relation between images

and saliency maps. Once a new image being inputed into the model, the pretrained

dictionary and CRF model are applied to generate features and fuse them to generate

the predicted saliency map.
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Figure 6.2: Formalization of Image Interpretation as a Partially Observed
Decision Process. Graphical schematic of the structure of the optimal policy for
image interpretation. We will use this structure to focus our policy learning methods.

6.2.2 Scanpath Prediction

While people are making changes to their gazes, it is intuitive and well-known from

abundant physiological experiments that the temporal structure of gazes is controlled

by what people intend to do in the domain or are requested during the task. How-

ever, computer vision approaches of predicting gazes are mostly static. Most methods

compress visual attention across time to get an average attention map (e.g. saliency

map), which loses not only the temporal information but the implicit knowledge flow

during the temporal movement. People are missing one of the most important aspects

of human gaze allocation; there are characteristic patterns of allocation over time, which

are shared across people and driven by task domains even if they are viewing a static

image.

Rather than predicting static attention maps on images or incoming visual scenes,

dynamically predicting visual attention over time would be an approach that is much

closer to the mechanism of human cognitive behavior while viewing. Literature that is
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related to dynamic visual attention prediction is growing within the topic of scanpath

prediction. Scanpath prediction is a problem that focusing on developing methods for

generating eye fixation sequences based on the given image. Starting from the early

2000s, Lee and Stella [126] introduced an information maximization framework during

the targeted eye movements. Later on, Wang et al. [127] proposed a computational

model that predict the eye saccadic movement on natural images. The model generates

sequential saliency maps based on integrating the responses from designed filters apply-

ing on each eye movement. The concept of representing the fixation points with regional

or local feature were used in [128]. They used superpixel to indicate fixation points and

applied least-squares policy iteration for learning. In addition to the above-chance per-

formance, which was better than previous models, the combination and comparison of

several features show that representation of image and fixation point actually takes a

significant place for solving scanpath prediction problem.

6.3 Modeling Human Looking Behavior

Previous approaches to scanpath prediction that have tried to predict looking behavior

based on image features or objects have had little success. Here we start with for-

mulating human looking behavior as a decision process on interpreting an image and

introducing our new representation of eye fixation as a belief state over a set of interest

regions.

6.3.1 Partially Observable Markov Decision Process

Before getting into modeling human looking behavior, we first introduce the model and

prerequisites we are going to apply in the following.

Partially Observable Markov Decision Process (POMDP) was first described by Karl

Johan strm in 1965 [129]. POMDP is normally defined by the tuple: (S,A, T, V, Z,O, γ),

where

• S is a set of latent states s,

• A is a set of actions a,

• T is the transition probability function T (s′|s, a),
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Figure 6.3: Overview of POMDP model

• V : S ×A→ R is the value (reward) function,

• Z is a set of observations z,

• O is the observation probability function O(z|s′, a),

• γ ∈ [0, 1] is the discount factor.

While the environment is in a state s ∈ S, the agent takes an action a ∈ A, transitioning

the state from s to s′ with probability T (s′|s, a) at each time step. The agent also receives

an observation z ∈ Z, related to the state by the observation probability O(z|s, a). In

addition, the agent receives a reward signal signal v = V (s, a) and then this process

repeats.

Since POMDP contains latent states S that cannot be directly observed, the agent

must makes its decisions with uncertainty of S. Therefore, it is common to formulate

a POMDP as a belief MDP with a new-defined observable belief. Belief b is defined as

a probability distribution over the state space S, and b(s) denotes the probability that

the environment is in state s.
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(a) POMDP in temporal order (b) Merging observable states (c) Marginalizing latent states

Figure 6.4: Marginalization of the iterated process described in figure 6.2 in order to
form a temporal-series data analysis with observable states.

Following this state transition method, belief MDP can thus be defined as a tuple

(B,A, f,Ψ, γ) where

• B is a set of non-latent beliefs b(s) of states s,

• A is a set of actions a,

• f is a belief state transition function: b′ = f(b, a, z); f ∝ O(z|s′, a)
∑

s∈S T (s′|s, a)b(s),

• Ψ : B×A→ R is the reward function on belief states: ψ = Ψ(b, a) =
∑

s∈S V (s, a)b(s),

• γ ∈ [0, 1] is the discount factor the same as original POMDP.

This way, the original POMDP is reformulated into a MDP with observable belief states

b.

With the above definition, we can then connect some notations in MDP with fixa-

tions and interpretations on an image in table 6.1. By the definition in table 6.1, we

describe the whole iterated image interpretation process of human looking behavior as

following:
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Variable Descriptions

xt a set of Fixation points: proxy for at

rt
Inferred region of fixation xt
based on interest regions ki

dt
(Local) interpretation of rt

Belief vector over interest regions ki

St
(Global) current understanding of I

based on former beliefs

at
Movement from the previous
fixation point to the next one

Table 6.1: Variables that are related to viewing process and are updated across time.

Given an image I, the subject was asked to view the image simply for understanding

the content without any background question being asked. Therefore, the subject’s

initial knowledge of the image would be empty. While starting viewing the image, the

subject may have his or her eyes wondering around the image to gain more knowledge

of this image. Consider their current fixation point is xt, the interpretation surrounding

the observation xt is denoted as dt, which is not observable. This local interpretation

around xt provides knowledge for the further understanding of the whole image. Let

the current understanding of the image is St, this would then be the (latent) knowledge

state that is updating while a new xt is observed.

In addition to the directly observable fixation sequences {xt}, the observer’s fixations

in an image also give us indirect information about their local interpretation. We treat

the problem of estimating the local interpretation as having two parts. First we infer

which annotations are relevant by a probabilistic weighting of the annotated regions

intersected by fixation xt. Second we marginalize the latent interpretation state to

focus on prediction of subsequent belief probability and fixations. By marginalizing

the dependency between bt and other variables, we preserve only observable variables

and simplify it to a temporal-series data analysis problem. In the next section, we

introduce Interest-Based Region as the basis for belief vector of local interpretation

of an image.
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6.3.2 Interest-based Regions Representation

In order to involve human eye movement as a way to provide information from human

visual attention, we first recorded 100 subjects’ mouse traces on given images with

SALICON [6] to simulate their eye movementsAdditionally, to emphasize on the eye

fixation on an image, we collected ”fixation points” from the mouse traces. These

fixation points are defined and filtered by the length of time that the mouse stays at

the certain position. We also apply a Gaussian blur filter to fuse all fixation points

in an image and generate the overall visual attention map, or so called saliency map.

From these saliency maps, we could see that there would always be some brighter

regions, which means these regions include major parts of fixation points inside and have

certain contents or information that attract most people’s visual attention. However, the

definition of these ”attention-focused” regions remains unclear. Therefore, we propose

a clustering method to generate these informative regions explicitly.

Our method starts with the input of overall fixation points {xj} of an image j. With

the generated saliency map M j , our goal is to find the most outstanding region centers

to separate the fixation points into meaningful groups. We first use a sliding window

with given width r to find the peak points in M j . This way, we could find the centers

{Ctri} as the center of each group in the image. To choose a proper width r, we also go

through a convergence and overfitting test, which is defined by the difference between

negative log likelihood of two randomly selected sets of data from training data. The

resulting comparison is shown in figure 6.5 and we observe that the convergence and

overfitting situation do not change significantly with r change. Therefore, choosing

r with a number that is not significantly small or large (like covering a big part of

image) would be sufficient for finding representative centers. With these centers {Ctri},
we assign each fixation point x to a certain group by distance: xi and calculate the

Gaussian Mixture Model Distribution with mean µi as Ctri and covariance from all

fixation points {xji} assigned to the group i of image j. With the groups and the model

Gj being generated, we separate all the fixation points into distinct regions that include

major amount of visual attention and meaningful contents. We call the resulting regions

Interest-based Regions because these regions are not only simply just the clustering

results of fixation points, but also the parts that most subjects decide to focus on while

viewing the image and understanding the contents inside.
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Algorithm 6: Generating Interest-based Regions

Input : Average Fixation points {xj} of Image j

Output: A set of Interest-based Regions {kji } of Image j

1: for all Image j do

2: Generate Saliency Map M j ← {xj}
3: Find the peak Ctri ← maxx∈RM

j ,R = local region around x with width ρ

4: Assign each fixation point xj to the closest peak Ctri → {xji}
5: Find the Mixture Gaussian Model Gj that represent these groups {kji }
6: for group i of Image j do

7: Mean: µi = Ctri

8: Covariance: Σ = covariance of the fixation points in group i

9: end for

10: end for

6.3.3 Gaussian Mixture Posterior as Belief Vector

By having the Mixture Gaussian Model Gj for each image j, we are able to assign each

fixation point to the closest region. However, instead of having the one-hot vector as

a representation of a fixation point, we would like to consider a representation method

with a continuous property that allows derivative and reconstruction of original point.

Therefore, we use the a posterior function generated from the normalization between

the Gaussian mixture model Gj and an uniform distribution as background. Let Ljk(x)

is the likelihood of group k and point x from the model Gj in image j, we combine Ljk

with the uniform distribution and generate H(x) as following:

H(x) = [Lj1(x), Lj2(x), . . . , LjK(x),
1

#pixels
], x ∈ Ij , (6.1)

where K is the number of regions in image j. Then the posterior can be written as:

P (x) = [p1(x), . . . , pK(x), b], pi(x) =
Lji (x)∑K+1
s=1 Hs(x)

(6.2)

where b is the value of normalized background uniform distribution. This way, we can

reconstruct the fixation point x from the posterior P (x) by giving the posterior maps

M j
i for each group generated from each component in Gj . The reconstruction y of a
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(a) Overfitting number of data with the overfitting threshold falls in [0, 0.05] considering radius = [23, 43]

(b) Average convergence of the number of clusters with radius = [20, 80]. x-axis represents the number
of iterations.

Figure 6.5: An overview of tracing the performance of generating interest-based regions
by changing the radius of local regions R while determining the centers Ctri described
in algorithm 6. The results show that the performance remains similar with radius that
is not extremely small or large.
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(a) Average Fixation Points (b) Cluster Masks generated
by GMM and the background
mask as the (K + 1) cluster

(c) Interest-based Regions in
rectangle form.

Figure 6.6: Illustration of how the Gaussian Mixture Model G(i) acts on an image, along
with a concrete example of input eye movement data Xj from a subject.

fixation point x can be formulated as the following:

y = argmin
y

K∏
i=1

(expP (x)−M j
i (y))2 (6.3)

With the posterior as representation of each fixation point, we could flexibly include

the relation between these Interest-based Regions and map the representation as a

belief vector over the interest-based regions. This way, the posterior not only provide a

informative representation way of fixation points, but also generate the belief state that

can be formulated in the belief MDP described in the previous section.

6.4 Experiments and Results

In this section, we describe the detailed setting and results of applying our framework

mentioned in the previous section to the free-viewing eye movement upon a set of

stimuli images. Our stimuli images are coming from the dataset generated by the

clinical psychology department. Images of this dataset are collected from both IAPS

(International Affective Picture System) [98] and other public domain websites with

a variety of contents and backgrounds such as face-included or face-excluded images

and clutter or clean background. To generate interest-based regions and their posterior

distributions, we use the eye movement data collected from 104 subjects by SALICON

[6].
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Our goal is to show that is it possible to predict the next interest-based region

based only on the previous history of fixated interest regions. Interest regions can then

be viewed as a sufficient way of representing where people exactly look at and their

current interests. Our framework is flexible to receive more information such as image

or semantic features while training, yet here we focus on using sufficient representation

for the human-looking behavior. With only the minimal information being involved,

our framework provides high performance on prediction, which infers a lower bound of

the performance if including more information. Also, since the input and output of our

framework are defined and evaluated differently from the traditional scanpath prediction

methods (e.g., fixation points and image features as the input and another fixation

point as the output), the resulting accuracy is not comparable with these methods. We

detailedly list the common-use input (features), output, and the comparison of involving

information of two state-of-the-art scanpath methods with our framework in Table 6.2.

This table also explicitly explains the difference between current scanpath prediction

methods and our method, which makes the comparison unlikely to be applied. In the

following parts, we will cover the detailed setting of framework training, the evaluation

methods, and results.

Input Output

Methods Fixations
Image

Features

Semantic
(linguistic)

features

Attention
(interest-regions)

Features
Points Regions

[130] X X × × X ×
[131] X X X × X ×
Ours X × × X × X

Table 6.2: Comparison of different scanpath prediction methods and our
methods with the problem setting: Instead of applying features from images or
multiple resources, we apply features directly generated from information related to
human attention, which is interest-based region representation. In addition, our input
(regions probability) and output (region probability) formats are different from tradi-
tional scanpath prediction (points to points), which makes the problem distinctive. This
setup difference is also one of the reasons that the accuracy comparison between our
work and other traditional scanpath methods is inapplicable.
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6.4.1 Experimental Setting and Results

We have shown that our image interpretation problem can be formulated as a POMDP

model in the previous section. Furthermore, by marginalizing the states that are not

observable, we can treat the POMDP model as a temporal-series data analysis problem.

Therefore, we can use temporal related methods such as RNN or LSTM to construct

our framework. Here we use a stack of Long Short Term Memory (LSTM) to predict

the next state so that the framework has the flexibility by involving forget gate layers.

We use the historic set of posterior probability {P (xi), i ∈ [1, w]} described in equation

6.2 as the input state of LSTM and the belief state of current viewing behavior for

predicting the next state, where w indicates the length of look-back posterior. Since the

input data is in the form of probability distribution, we use KL-divergence be our loss

function and calculate the prediction error of GMM posterior and iteratively update

our framework until convergence. We apply the average binary accuracy of all the

eye movements to evaluate how accurate our prediction of interest-based regions. A

comparison of accuracy with or without historical information, and of different w is

shown in the first row of table 6.3. From the table, we can see that by involving at least

one historical information piece in training (i.e., w ≥ 2), the accuracy of our predictor

can be above 90%. The accuracy without any previous information included is way

lower than randomly guessing.

Figure 6.8 provides a sample of how the original image being categorized into object

regions and interest-based regions, and how accurate our interest-based region prediction

is (figure 6.8 (d) (e)) with reasonable predicted eye movement track falling in the same

regions. More examples of regional predictions with reconstructed eye movement are

shown in Figure 6.9. These results present a concrete instance that the interest-based

regions are informative and provide substantial information that helps to boost the

prediction of where people are interested in and going to look.

6.4.2 Object versus Interest-based Regions

We also try to replicate and evaluate our framework by applying the same temporal

model to object-based representation, which generated from the LabelMe object seg-

mentation [109] of each image, to see how the accuracy may differ from our interest-based



100

Metric \Window Size (w) 1 2 10

Accuracy (Pos) 0.1393 0.9184 0.9269

Exact Match Ratio (obj) 0.2283 0.7824 0.7992
Precision (obj) 0.2079 0.8166 0.8236

Recall (obj) 0.2678 0.8151 0.8264
F1 (obj) 0.2097 0.8117 0.8215

Table 6.3: A list of evaluation results of Interest-based Regions and Object-based Re-
gions as a multi-label problem with different historic data length w.

region representation. Since the object-based representation is viewed as a multi-label

classification problem, we apply the metrics corresponding to the multi-label task de-

scribed in [132]: Exact Match Ratio, Precision and Recall, F1 measure, instead of the

average binary accuracy using with our representation. The comparison of each evalu-

ation metric by considering different lengths of historical information is listed in table

6.3. Moreover, the example prediction result by using object-based region representa-

tion can be viewed in Figure 6.7 (a). The predicted object regions (red line) is hard

to match the ground truth (blue line) and provide a weaker performance compared to

our image-based region representation. Figure 6.7 (b) provides an overall comparison

among different representations and the corresponding evaluation metric(s). The red,

green, and blue solid lines indicate the performance with different window sizes w (or

history length w − 1.) We observe that without history involved (w = 1), any methods

would generate low performance as randomly guessing. Yet the performance increases

a lot after increasing w (involving historical fixation data). Most of them reach the

performance of 75% or higher. The performances of w = 2 or w = 10 do not change

much, showing that our framework works with minimum historical data involved while

training. The x-axis indicates the evaluation metrics with representation (pos: posterior

probability from interest-based regions; obj: object-based regions.) With the dashed

lines from the accuracy with our interest-based region representation, we observe that

our method forms an upper bound of all the performance. This comparison shows

that interest-based region representation provides additional privilege while training

and critical information for prediction.
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(a) Original object classes (blue)
and predicted object classes (red) of
the scanpath.

(b) Each solid line (red, blue, green) represents the resulting
evaluation results with different window sizes w = 1, 2, 10 (his-
tory sizes as 0, 1, 9.). The points lies on x = ‘Accuracy(Pos)’
are the performance of using posterior probability (interest-
based regions) with the evaluation metric accuracy and dif-
ferent window sizes. The points lies on the next four x with
‘(obj)’ involved are the performance using corresponding eval-
uation metrics for multi-label: exact match ratio, precision,
recall, F1 score.

Figure 6.7: Object-based Regions Representation: In addition to the interest-
based regions, we represent each fixation point in the given scanpath with object-based
regions and use them as the source and target data of our LSTM model. (a) shows an
example of how the resulting prediction is hard to evaluate with the multi-label situation
and the lower prediction performance compared to ours. From (b), we could view the
results of each evaluation metric vertically with different history lengths. With w ≤ 1
(no history involved), the result of any metric with any representation methods only
provides randomly guessing. All the methods and metrics reach 75% or higher perfor-
mance after increasing w, indicating that involving history matters in our framework.
The results of w = 2 and w = 10 do not differ a lot, showing that any w ≥ 2 (involving
history) includes a similar amount of information for predicting. Moreover, the green
and blue dashed lines, which are the same height as the interest-based regions’ accuracy,
showing that our representation provides additional privilege and critical information
for our framework.
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(a) Original Image (b) Object regions and labels
given by LabelMe [109].

(c) Interest-based Regions
given by our algorithm

(d) Sample Interest-based Regions of an im-
age along with the predicted scanpath from
the posterior (red) and the original scanpath
(blue). (KL-divergence of groundtruth and
predicted posterior=0.1240)

(e) Original GMM clusters (blue) and pre-
dicted GMM clusters (red) of the scanpath.
(Accuracy=0.9740)

Figure 6.8: Sample prediction results: We represent each fixation point in the given
scanpath with object-based regions and our interest-based regions and use them as the
source and target data of our LSTM model. The result shows that interest-based regions
representation not only has a better performance on predicting when and which region
to update, but also provides a simulated scanpath that performs similar behavior as
human while scanning the image.
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6.5 Conclusion and Future Work

In this work, we show that using an interest-based image representation makes human

eye movement prediction a relatively simple problem. Without any additional semantic

or image information, we achieve highly accurate sequence prediction. These results

show that observers use highly structured and consistent strategies while free-viewing

images. This consistency has been masked by using feature-based and object-based im-

age representations that don’t capture the interpretative structure underlying human-

looking. This work also fulfills the interpretation process described in Figure 1.1 with

the interpretative information representation extracted from where people look that is

sufficient to predict the next interpretation. Based on the ability to accurately cap-

ture looking behavior, interest-based models should dramatically improve applications

that can capitalize on looking behavior, including image captioning, advertisements,

and clinical diagnostics. Our method also has the flexibility of including different infor-

mation. The resulting accuracy additionally provides a lower bound of the prediction

performance, which indicates potentially higher performance by incorporating more in-

formation with interest-based region representation while training.

Overall saying, our framework, along with the strong interest-based region represen-

tation, achieves high performance of viewing prediction and provides the potential of

cooperating with different kinds of information that complete the understanding of the

human interpretation process.
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Figure 6.9: Other samples of prediction results.



Chapter 7

Conclusion

In this dissertation, I explore the association between the incoming visual information

and the output, which are humans’ interpretation or behaviors. The communication

among the user model, machine learning, and human-computer interaction performs a

critical role while investigating this information-behavior connection. This information-

behavior connection is not readily understandable. However, by involving a hidden user

state in the middle, this connection becomes interpretable and possible to simulate by

computers. In chapter 3 and 4, the intelligent interfaces are developed for transforming

human knowledge into the relation of observable information and hidden user state that

is critical for learning. With the machine learning tools such as MIL tracker included

while designing the interface, the interface can collect the desired information efficiently.

On the other hand, how to exploit the connection between input information (mon-

keys’ eye fixation data) and their (fatigue) behavior is discussed in chapter 2 by ob-

taining the critical element in between as a hidden variable that affects the user model

of being fatigued. The designed model produces reasonable performance on predicting

the fatigue behavior, which also establishes the importance of involving machine learn-

ing method to aid in representing the user model. A similar process of exploiting the

connection is established in chapter 6. The eye movement data of a person viewing an

image is treated as the information, and the interest-based regions’ representation is

used as one of the critical elements that are related to the image interpreting process

by humans. By including the time-series data analysis into the learning step, the it-

erated communication between eye movement data and the image understanding can

105
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be well described and simulated. Moreover, combining the data collection, annotation,

and representation described in chapter 4 and the learning process for simulating the

next action provided in chapter 6 creates a closed loop of delivering information and

transferring to output behavior. This closed-loop can be viewed as an extensive system,

where the whole system provides a comprehensive demonstration of simulating the hu-

man visual process while interpreting an image, which is described in figure 1.3. The

practicability of this interpretation process is approved in chapter 5 with the applica-

tion of categorizing subjects with or without a particular psychological characteristic.

Applying the process also provides a numerical measurement of how likely a person

belongs to a specific group.

All in all, user modeling is necessary in order to simulate the procedure of how hu-

mans process information through their brains and produce the output action, knowl-

edge in machine learning, human-computer interaction, and user modeling is necessary.

This study show that the novel interest-based region representation we conduct and

use in the user model support the connection between information and behavior. By

acknowledging the importance and communication of knowledge from various fields, we

are able to have a broader understanding of the flow between incoming information and

output behavior.
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