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Abstract 

We present a novel user interface based on arm/hand gestures for interactive applications 

with small or large-scale displays. We have shown that combining mouse with arm and 

finger gestures provides more interesting and immersive ways to perform typical desktop 

operations using 3D data of the scenes. 

We have developed a vision-based HCI prototype to be employed as the basis for our 

comprehensive usability study on the use of arm/hand gestures for interaction with 

computers. Using the Kinect depth camera and OpenNI we secured our system with high 

stability and efficiency by decreasing the ambient disturbing factors such as noise or light 

condition dependency. In our prototype, we designed a capable algorithm using NITE 

and OpenCV to recognize arm and finger gestures. Finally, through a comprehensive user 

experiment we compared our natural gestures (finger and arm) to each other and also to 

the conventional input devices (mouse/keyboard), for simple and complicated tasks, and 

in two different situations (small and big screen displays) for precision, efficiency, ease-

of-use, fun-to-use, fatigue, naturalness, and overall satisfaction to verify the following 

hypothesis: on a WIMP user interface, the gesture-based input is superior to 

mouse/keyboard when using big screen; and the finger-based gesture input is superior to 

arm-based in the long term of use. Our empirical investigation also proves that gestures 

are more natural and pleasant to be used than mouse/keyboard. However, arm gestures 

cause more fatigue than mouse. This drawback is diminished when using finger gestures 

for input. 
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Chapter 1: Introduction 

1.1. Human-Computer Interaction 

Human-Computer Interaction (HCI) studies, plans, and designs the interaction between 

human and computing devices. HCI essentially aims to improve this interaction by 

making computers more practical and responsive to the user's requests, and in the long 

run its goal is to propose systems that minimize the difficulty between the human's 

cognitive model and the computer's ability to understand and respond properly. The 

relevant techniques on the machine side are implemented in operating systems, 

multimedia frameworks, development tools, and programming languages. The relevant 

topics on the human side, however include design disciplines, communication theory, 

social science, cognitive psychology, linguistics, and human factors e.g. user satisfaction 

[55]. 

1 



Professional designers/researchers in HCI are generally concerned with the realistic 

application to real-world problems, and are involved in developing novel design 

methodologies, testing with innovative hardware devices, prototyping latest software 

systems, investigating new patterns for communication, and developing models and 

theories of interaction. New interaction technologies are among the most active areas of 

research in this regard. 

1.1.1 Gesture Recognition 

Lately the research in HCI is showing a significant focus on creating interfaces that are 

more user-friendly, by applying natural communication and human skills in the user 

interface design. The new wave of input systems in video game consoles (such as 

Nintendo Wii, Xbox Kinect, and PlayStation Move) are examples of the trend toward a 

more "natural" interfaces, where computers adapt to human behavior rather than the other 

way around. Ubiquitous Computing (also called Ambient or Pervasive Computing) is the 

extension of such trend where computing devices are integrated into "everyday" objects. 

Input/output techniques, interaction styles, and evaluation methods are mainly the 

challenging fields of research in gestural applications improvement [30]. 

Gesture recognition is an integral part of natural user interfaces used in order to interpret 

human gestures through mathematical algorithms. These gestures can be performed by 

different body parts (face or arm/hand in particular) to express human's emotion/posture, 

or interpret a sign language [1,6]. Machines can naturally interact and understand human 

body language/behaviors using gesture recognition and without the need to use 

mechanical devices like mouse and keyboard. For example if the user can control the 
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screen pointer by pointing a finger, it could potentially make the conventional input 

devices such as mice, keyboards and even touch-screens redundant [7-12]. Computer 

vision and image processing techniques play the active roles in gesture recognition [2-5]. 

The scope of gesture recognition adoption includes, but is not limited to, the following: 

Immersive game technology: Providing immersive and interactive controls in game 

design [80]. 

Control through facial gestures: Controlling an application using facial gestures, and 

particularly gaze tracking for people with physical disabilities [8-12]. 

Virtual controllers: Offering a useful time saving controlling system e.g. in a television 

set or a car device [13]. 

Affective computing: Identifying emotional expression in a computer system [8-12]. 

Remote control: Remotely controlling various devices through a system [14-16], 

1.1.2. Input Devices 

A gesture recognition application should depend on its related input devices. With these 

devices the system can track the user's movements and eventually perform an action by 

recognizing the gestures. Employing a proper input device and environment in such a 

system demands suitable hardware and a proper Application Programming Interface 

(API) to provide software facilities. 

Single regular camera is a conventional vision based input device to capture the image 

where is not necessarily as effective as depth-aware/stereo cameras while still is more 

demanding through simple applications [21]. 
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Stereo cameras are a combination of two cameras represents a 3D data of the scene. 

Using a positioning reference such as infrared emitters provides the camera's relations 

[18]. 

Gesture-based controllers capture the motion of body parts in the area of interest, to be 

recognized and perform a linked task, e.g. the Wii Remote [19] [20]. 

While traditional computer vision has been mostly dependent on standard cameras, using 

depth-aware cameras, as a new generation of inexpensive 3D cameras, one can generate 

the scene's depth map to produce a 3D view for further processes, e.g. detection of hand 

gestures [17]. 

1.1.2.1 Microsoft Kinect Depth Camera 

Microsoft Kinect (originally known as Project Natal) is a motion sensing input device for 

Xbox 360 video game console. It enables users to interact naturally through gestures and 

spoken commands with their games without a need of handheld controllers. Selling over 

8 million units just in the first two months after its release in November 2010, caused a 

new record of "fastest selling consumer electronics device" in the Guinness World 

Record. Microsoft released its non-commercial SDK for Windows in June 16, 2011 

which enables the developers to write their programs with C++, C#, and Visual Basic 

.NET. 
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Figure 1.1. Kinect camera. 

More details about the technology in Microsoft Kinect depth camera can be found in 

Appendix A. 

How does the Microsoft Kinect controller work? 

In spite of the fact that a Kinect unit is double price of two webcams, calibrating two 

single cameras are a bit harder, plus Kinect uses the more stable methods. Kinect uses 

some very useful techniques such as: background removal (no matter how busy the 

environment is), image segmentation and skeletonizing (a connected set of bones and 

joints at the bend-points), depth and connectivity detection (a possibility to find 

overlapping portions of the skeleton), automatic face detection using Haar filters, and 

hand gesture recognition. 

Last but not least, Kinect also works well in an extensive variety of lighting conditions 

which itself helps in reducing the need for a high power of CPU. Having all these features 

enables Kinect to simulate a number of controllers properly [63]. 
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1.1.3. Natural Interaction, Graphics and Vision API's 

The concept of Natural Interaction (NI) addresses to the human-based type of HCI, 

mainly on vision and hearing senses. Some examples of human and machine natural 

interaction are such as: speech and command recognition to instruct devices, pre-defined 

hand gesture recognition to control the home electronic units, and body motion tracking 

to interact with a computer game. 

OpenCV 

OpenCV (Open source Computer Vision) is a library of programming functions for real 

time multidisciplinary computer vision. It has C, C++, and Python interfaces running on 

Windows, Linux, Android and Mac, with over 2500 optimized algorithms. The OpenCV 

library includes a variety of algorithms and provides many applications: contours, image 

parts and segmentation, histogram and matching, projection and 3D vision, tracking and 

motion (background subtraction, corner finding, optical flow, motion templates), camera 

calibration (functional to map the depth and RGB outputs of Kinect), structure from 

motion, SURF, face detection and Haar classifier. 

OpenNl 

OpenNl (Open Natural Interaction) designed by PrimeSense - the co-creator of Kinect 

[79] - is an open source, multi-language, and cross-platform framework that classifies 

APIs using natural interaction, in application development processes. OpenNl structures a 

standard API that can communicate with both vision/audio sensors (e.g. depth sensor of 

6 



Kinect) and vision/audio perception middleware (e.g., NITE gesture analyzing software) 

independently. This standard API allows developers to write their natural interaction 

based applications regardless of middleware/sensor providers, and manipulate the 3D 

scenes of real life using the data collected from various sensors. A three-layered view of 

the OpenNI concept is shown in Figure 1.2. 

Application 

(Came, TV Portal, Browser, etc.) 

Middleware 
Components 

> (e.g. hand 
gesture 
tracking) 

Middleware 

Hardware Device 

(Sensors) 

Figure 1.2. OpenNI: Abstract layer view (re-created based on [57]). 

Microsoft Kinect SDK vs. PrimeSense OpenNI 

According to the studies from Appendix B, Table 1.1 summarizes a comparison between 

Microsoft Kinect SDK and PrimeSense OpenNI SDK: 
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Table 1.1. A comparison between Microsoft and OpenNI SDK's [64]. 

• 
• with skeletons and/or audio • when working on color point-clouds 

• on non-Windows 7 platforms 

• for commercial projects 

• when the sensor only sees the upper-

body/hands 

• when there is a preference of an 

existing framework to start with 

NITE 

NITE is a closed source toolbox that enables applications to translate the user's hand 

movement in traceable gestures (i.e. circle, push, swipe, etc.). Having additional 

interfaces located on top of OpenNI, NITE provides higher level results such as tracking 

a hand-point/skeleton, and analysing the scene. 

C o n t r o l s  

C "ontrol Management 

( ) p e n N  I  I n  i V a s t r u c l u r e  

OpenNI Modules 

Figure 1.3. NITE Block Diagram (re-created based on [58]). 
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OpenGL 

OpenGL (Open Graphics Library) is a cross-language, cross-platform API for writing 2D 

and 3D graphic applications. The interface consists of over 250 different function calls 

which can be used to draw complex 3D scenes from simple primitives. 

Allegro 

Allegro is a cross-platform library that mainly aims at multimedia programming, and 

handles common, low-level tasks such as accepting user input, creating windows, loading 

data, drawing images, playing sounds, etc. 

1.2. Problem Definition and Challenges 

Traditional HC1 using mouse/keyboard presents a narrow variety of actions to the user, 

while its interaction metaphor is not easy to apply in smaller devices. Moreover, in some 

HCI applications, communication between human and machine using conventional 

controllers becomes cumbersome and unsuitable, whereas employing direct sensing and 

understanding of human hand gesture is a capable natural HCI tool. Vision-based studies, 

hand modeling, tracking, and gesture recognition are highlighted in this recent input 

modality [59]. 

On the other hand, accuracy and usefulness of gesture recognition software have 

remained a challenging issue. Noise, inconsistent lighting, items in the background, 

distinct features, and equipment limitations can be named as the constraints associated 

with image-based gesture recognition. 
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Technological incompatibility may also cause difficulties in the general usage to match 

various image-based gesture recognition systems. For instance, a calibrating algorithm 

for one camera might not work properly for another different camera. 

To achieve a required accuracy in outcome of some gesture recognition systems (i.e. hand 

tracking, hand posture recognition, gaze tracking, facial expressions, or head movements 

capturing), employing also robust computer vision methods are highly needed [22-30]. 

Finally, a consolidated and reliable usability analysis is essentially required to improve 

the ongoing research in HCl, particularly for gesture-based input. Such a study has not 

been fulfilled as it deserves yet to shed light on designing a practical interaction between 

human and machines, and determining the application domains where gesture-based input 

is more suitable. 

1.3. Research Objectives and Methodology 

1.3.1. Objectives 

Phase 1: 

• To develop proper algorithms to detect arm gestures using the Kinect sensor and 

existing API's 

• To compare two input methods (mouse-based and gesture-based inputs) in two 

different situations (small and big screen displays) for precision, efficiency, ease-

of-use, fun-to-use, fatigue, naturalness, and overall satisfaction to verify the 

following hypothesis: 

For usability, and on a WIMP UI, the gesture-based input is superior to 

mouse/keyboard when using big screen. 
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Phase 2: 

• To develop proper algorithms to detect finger gestures using the Kinect sensor 

and existing API's 

• To compare two input methods (arm-based and finger-based gestures) in two 

different situations (simple and complex tasks) for precision, efficiency, ease-of-

use, fim-to-use, fatigue, naturalness, and overall satisfaction to verify the 

following hypothesis: 

For usability, and on a WIMP UI, the finger-based gesture input is superior to 

arm-based in the long term of use. 

1.3.2. Questions 

To design our HC1 system we need to answer some questions such as: 

1. What desktop actions do we want to control? 

2. What gestures do we need to detect? 

3. Should we use OpenCV library? Does it add much value in our case? 

4. Can we add some new functionality with Kinect to OpenCV? 

5. What hypotheses should be studied to compare the mouse/keyboard traditional 

inputs to the arm gestural inputs, and the arm-based gestures to the finger-based 

gestures inputs? 

We have answered these questions in the following sections and chapter 5. 
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1.3.2.1. Hypothesis Discussion 

Table 1.2 and 1.3 compares advantages and disadvantages of the three types of input in 

two different phases (mouse vs. arm gesture, and arm gesture vs. finger gesture) in a pre-

assumption way. We expected to acquire more experimental facts during the technical 

process and also our hypothetical study. 

Table 1.2. Mouse/keyboard vs. arm gesture. 

• • 

12 



Table 1.3. Arm gesture vs. finger gesture. 

Arm «estlire inner izesture 

l ;  in tier set 
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1.3.3. Methodology 

1.3.3.1. User Interface Design 

The point of communication between the user and the machine describes the human-

computer interface. This project uses a simulated WIMP interface which includes the 

following main parts in its user interface design: 

• W: Windows 

• I: Icons 

• M: Menus 

• P: Pointers 

Novice users can learn WIMP user interfaces easily, as they are very good at abstracting 

workplaces due to their analogous paradigm to documents like paper sheets or folders. 

Having a rectangular region on a 2D flat screen makes them preferable to system 

developers while their generality also makes them a good fit in multitasking 

environments [81]. 
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Selectable Icons 

Draggable comers 
for resize 

Draggable 
scrollbar 

F-tznza Smaller menu 

Figure 1.4. WIMP user interface design. 

In a typical WIMP interface, as shown in Figure 1.4, upon opening an icon, a window 

appears as pictured, which the user can then resize, scroll, or close. A smaller menu can 

be good for a test of input control accuracy. 

The design is kept as simple and minimalistic as possible, with neutral colors to reduce 

user error or bias. 

We have used a combination of Kinect sensor, OpenCV, Allegro, OpenNI, and NITE to 

create a simulated desktop interface and interact with users. 

1.3.3.2. User Experiments 

In our usability experiments we have focused on common desktop tasks to be relatively 

general, and have included ratings by typical university users and also objective measures 

by observation, such as number of trials, errors, etc. 
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1.4. Contributions 

• Choice of natural gestures: 

We first studied the possible natural gestures suitable for a WIMP user interface, and 

then defined the best matches of the predefined gestures to our prototype. 

• Usability study for gesture-based input: 

Through a comprehensive and hypothetical user experiment we have studied 

significant factors and usability in human-computer interaction concept, with 

comparing our natural defined gestures to each other and also to the conventional 

input devices (e.g. mouse/keyboard), along with evaluating different settings of 

desktop and big-screen, which can be a good source for further research in the field of 

NHCI. Our empirical investigation proves that gestures are more natural and pleasant 

to be used on big-screen displays than using mouse/keyboard. However, arm gestures 

cause more fatigue than mouse. This drawback is diminished when the gestural inputs 

are finger-based. 

• System design (UI and gesture recognition) and relatively novel use of API's: 

Using Kinect unit (as a commonly used vision-based input device) enables us to 

identify the depth of every single pixel in the frame by projecting a pattern of dots 

with the almost infrared laser over the scene, and establishing the parallax shift of the 

dot pattern for each pixel in the detector. In addition, using OpenNI and NITE has 

helped us to secure our system with a higher stability and efficiency, and to develop a 

capable algorithm to recognize the arm and finger gestures. 
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Using the above explained method on our simulated desktop interface we can 

conserve the developing (no need for making samples and efforts in training, and 

testing sessions) and running time for gesture recognition and user interaction 

comparing to learning-based traditional method. 

• The result of this work has been presented in Toronto Digifest 2011 as an invited 

guest speaker [77]. 

1.5. Thesis Structure 

In the course of this text, the complete process of construction of the system explained 

earlier will be discussed. 

In Chapter 2 a review of some key literature in the field of gestural HCI, including 

technical and usability studies, is carried out. 

Chapter 3 deals with the gesture recognition and its data types proposed in this research. 

Predefinition and the final selection process of the proposed gestures are discussed in this 

chapter as well. The last part of this chapter provides the algorithms we 

designed/developed to control our user interface objects by recognizing the arm and 

finger gestures. 

Chapter 4 addresses more detail of the components engaged with our UI and experiment 

design. It reviews the hardware settings, our gestures and their relative actions. The 

experiment process and our evaluation method including the questionnaire and the 

observation are discussed in this chapter as well to facilitate our hypothetical studies on 

which the following chapter exploits the experimental results. 
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Finally in Chapters 5 the experimental results are discussed and analyzed. This chapter is 

divided to two major phases: 

• Phase 1- Arm gestures vs. Mouse/keyboard 

• Phase 2- Finger gestures vs. Arm gestures 

This chapter elaborately discusses the results, and analyzes them to verify our 

hypothetical objectives. 

In Chapter 6 the concluding remarks and the potential areas and problems for future work 

are presented. This is followed by an overview on participants' comments and other 

supplementary documents which were utilized for this research, in appendixes. 
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Chapter 2: Related Work 

2.1. Introduction 

The first hand gesture detectors that were developed used mechanical devices to capture 

information from a hand gesture [33]. One example of this early technology includes data 

glove devices, which collected the information generated from the movement of the 

fingers and transmitted it to a computer system [34] [35]. Over the past ten years, the 

performance of computer hardware has become significantly enhanced while units have 

steadily decreased in price. This improvement in technology has resulted in the gradual 

replacement of data glove devices by vision-based hand gesture technology. Vision-based 

technology does not require users to wear a device, making their gestures more natural 

because there are no limitations in the movements of the hand. It is also very user-

friendly, which is essential in any human-computer interaction. Given that vision is one 

of the six physical media, vision-based technology is more desirable than wearable 

devices, such as the data glove device, in hand gesture recognition systems [31]. 
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2.2. Technical 

Recent studies have demonstrated that hand gesture systems are not only technical and 

theoretical in nature but are also very practical since they can be implemented into 

numerous types of application systems and environments. For example, Ahn et al. [46] 

developed a method for virtual environment slide show presentations. 

Another example is the study by Jain [47], which describes a way to estimate hand poses 

for mobile phones that only have one pointing gesture based on a vision-based hand 

gesture approach. The sign language tutoring tool developed by Aran et al. [48] is also 

very practical because it is designed to interact with users to teach them the fundamentals 

of sign language [52]. 

As illustrated in Figure 2.1, hand gesture recognition systems are commonly divided into 

three phases including image pre-processing, tracking and recognition. Some theoretical 

background can also be found in Appendix F. 

Tracking 

Recognition 

Image pre-processing 

Figure 2.1. Three common phases employed by gesture recognition systems [36]. 
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Several researchers have conducted similar studies in tracking, such as the Viola-Jones-

based cascade classifier, which is typically used for face tracking in rapid image 

processing [37] [38] and is regarded as more robust in pattern recognition against noise 

and lighting conditions [39]. Other researchers have shown that cascade classifiers can 

also be utilized to recognize hands and various parts of the human body [39-43]. 

In order to detect gestures, Marcel et al. [44] proposed a method of hand gesture 

recognition based on Input-Output Hidden Markov Models that track variations in the 

skin color of the human body. Similarly, Chen et al. [45] applied the hidden Markov 

model in training method to enable systems to detect hand postures, even though it is 

more complex than Cascade classifiers in training hand gestures. 

In another study, Liu et al. [50] described a hand gesture recognition system aimed at 

enhanced Human-Computer Interaction. The AdaBoost algorithm was revised and used 

to automatically recognize a user's hand from the video stream, which is based on Haar-

like features as a representation of hand gestures. A Multi-class Support Vector Machine 

was employed to train and detect the hand gesture based on Hu invariant moments 

features and the Human Computer Conversation was then implemented for hand gesture 

interaction instead of a traditional mouse and keyboard. A simple Human-Computer 

Interactive system that could detect predefined hand gestures for the numbers 0 to 6 was 

proposed by Liu et al. This system could better implement the Number Input 

Management in Word documents. 

In order to translate the hand gestures, El-Bendary et al. [54] have studied on an 

automatic translation system of gestures for the alphabet that is used in the Arabic sign 

language. Their proposed Arabic Sign Language Alphabets Translator (ArSLAT) system 
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does not rely on glove devices or visual markings. It uses images of bare hands, allowing 

the user to interact with the system in a natural manner. The ArSLAT system, as shown 

in Figure 2.2, employs five main phases. Their results indicate that the proposed ArSLAT 

system could detect the 30 hand gestures of the Arabic alphabet with an accuracy of 

91.3%. 

Pre-processing \ Best frame s Category 
.^_|^ia$e detection phase detection phase 

Feature 
extraction 

Classification 
phase 

Figure 2.2. ArSLAT System Architecture [54]. 

The other research, by Yu et al. [53], proposes a hand gesture feature extraction method 

that employs multi-layer perception. Their studies demonstrate that two of the five 

common color spaces (i.e., RGB, HSI, HSL, YCbCr, and YUV) for object segmentation, 

YCbCr and HSI, are more appropriate for hand gesture image recognition and 

segmentation than the RGB color space. Hand color in the YCbCr color space is utilized 

to detect hand gestures. By binarizing the image and enhancing the contrast, the 

silhouette and distinct features of the hand are accurately and efficiently extracted from 

the image. Merging median and smoothing filters is their proposed approach to reduce 

background noise since the median filter removes the impulsive noise from the image and 
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preserves sharp edges and the smoothing filter can reduce neighborhood radius to 

preserve the quality of the image. The Gauss-Laplace edge detection approach has been 

utilized to get the hand edge. A feature vector that can recognize hand gestures is 

developed from combinational parameters of Hu invariant moment, hand gesture region 

and Fourier descriptor. Their results demonstrate that the detection system (with a dataset 

of 3500 images) is significantly robust, as 97.4% of the hand gestures were accurately 

recognized. 

On the other hand, Raheja et al. [51] have used Principal Component Analysis (PCA) 

method in their pattern matching. The PCA method is used because it is: (i) suitable for 

pattern matching since the human hand is used for gesture expression and its features 

(e.g. fingers, palm, and fist) are large enough compared to the background noise, and (ii) 

very fast compared to the neural network method, which necessitates high computation 

power and requires more time due to database training [51]. 

In above mentioned related works, accuracy and usefulness of gesture recognition 

software have remained a challenging issue. Noise, inconsistent lighting, items in the 

background, distinct features, and equipment limitations can also be named as the 

constraints associated with some of those image-based gesture recognition systems. 

Technological incompatibility may also cause difficulties in the general usage to match 

various image-based gesture recognition systems. For instance, a calibrating algorithm 

for one camera might not work properly for another different camera. In our gesture 

recognition prototype, however we have processed the 3D coordinates and RGB data 

provided by a Microsoft Kinect unit. The Kinect uses some more stable methods and very 
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useful techniques such as: background removal, image segmentation, depth and 

connectivity detection, and hand gesture recognition. Last but not least, Kinect also works 

well in an extensive variety of lighting conditions which itself helps in reducing the need 

for a high power of CPU. Having all these features enables Kinect to simulate a number 

of controllers properly. Using Kinect unit enables us to identify the depth of every single 

pixel in the frame and ultimately conserve the developing (no need for making samples 

and efforts in training, and testing sessions) and running time comparing to the learning-

based traditional methods that have been used in the above mentioned related works. 

Moreover, we have applied a depth thresholding, which removes the wrist and its 

unwanted defects from the depth map, based on Z (creates a binary image). Cropping the 

wrist out of the frame can also help in improving accuracy. In terms of natural gestures 

selection, we have also studied all possible natural gestures, and then selected the best 

matches of our predefined gestures to our prototype. Using OpenNI and NITE we have 

secured our system with a high stability and efficiency by decreasing the effect of 

ambient disturbing factors such as noise and improper light conditions. In addition, 

programming with NITE provides some gesture detector options, e.g. Velocity or Angle 

features in a push detector in order to make a desirable setting for the push gesture 

recognition. 

The objective of research in hand gesture recognition is to develop ways in which the 

human's hand can be utilized as an interface for human-computer interaction (HCI). The 

shape, position and/or movement of the hand are parameters that are analyzed by vision-

based hand gesture recognition systems. Specifically, hand gestures can be described by 
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four main characteristics including hand configuration, palm orientation, hand position 

and hand movement. The flex angles of the fingers and the orientation of the palm are 

used to model static hand gestures whereas hand trajectories and orientation are also 

needed to model dynamic hand gestures. Therefore, to accurately model dynamic hand 

gestures, it is critical that the interpretation of dynamic gestures based on hand 

movement, shape and position is appropriate [49]. 

A series of hand gestures that in their entirety bear some meaning are defined as 

continuous gestures. The first step towards recognition includes the separation of a 

continuous gesture sequence into its component gestures, which is a complicated process 

because of "co-articulation". Co-articulation is a phenomenon by which one hand gesture 

influences the hand gesture that is next in a temporal sequence and is a very significant 

issue in recognizing hand gestures in fluent sign language. In an attempt by Bhuyan et al. 

[49] to resolve this issue, key frames in a sequence of gestures were selected and/or 

associated motion features were used during trajectory guided recognition. They 

examined how co-articulation can be detected and omitted from their proposed key

frame-based gesture recognition process. They proposed an acceleration feature that 

detects co-articulated hand gestures from other significant hand positions during 

trajectory-guided recognition of hand gestures since co-articulation involves fast hand 

movements compared to slower gestures. 

Our algorithm, however has fixed the co-articulation issue through the flow controls such 

as session manager, broadcaster, flowrouter, steady detector, etc. (components of OpenNl 

and NITE) by updating the sessions on any changes to the current depth data. 
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2.3. Usability 

The hands and line of sight (LoS) combination is considered by the authors in [68] as the 

interaction method. This method can lessen the fatigue that a one hand pointing 

interaction can cause and concurrently enhance the effectiveness of a task. Additionally, 

if we make use of the area cursor to the two hands based pointing and to the LoS based 

one hand pointing, greater results can be anticipated. 

As for the multimodal interfaces, Cabral et al. [69] discuss numerous usability issues 

associated to the use of gestures as an input mode. A simplistically strong 2D computer 

vision based gesture recognition system was introduced by the authors and was 

successfully used for interaction in VR environments, such as CAVEs and Powerwalls. 

Three different scenarios were employed to test the interface: as a regular pointing device 

in a GUI interface, as a navigation tool, and as a visualization tool. Their results 

illustrated that it is more time consuming, as well as more fatiguing to complete simple 

pointing tasks than using a mouse. However, several advantages are revealed by the use 

of gestures as a substitute in multimodal interfaces. These include immediate access to 

computing resources using a natural and intuitive way, and that balances properly to joint 

applications, where gestures can be used infrequently. 

A proposition by Villaroman et al. [70] suggests that using Kinect to classroom training 

on natural user interaction creates a prospect and innovative method. Examples are 

presented to demonstrate how Kinect-assisted instruction can be utilized to accomplish 

certain learning results in Human Computer Interaction (HCI) courses. Moreover, the 

authors have confirmed that OpenNI, in addition to its accompanying libraries, are 

adequate and beneficial in enabling Kinect-assisted learning activities. For students, 
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Kinect and OpenNI offer a hands-on experience with its gesture-based, natural user 

interaction technology. 

On the other hand, a promising interaction technique for distant displays is the free hand 

interaction as opposed to traditional input devices. The adaptation of three menu 

techniques for free hand technique is put forward by Bailly et al. [71]: Linear menu, 

Marking menu and Finger-Count menu. In their first study, which concentrates on 

Finger-Counting postures in front of interactive television and public displays, it 

demonstrates that the subjects do not opt for effective gestures. After improvement on 

their prototype, more precise and adequate gestures were used. This accomplishment was 

due to the fact that they developed a Finger-Count recognizer. As well, the experiment 

illustrated that Finger-Count is more mentally demanding than other techniques. 

In a study on 3D applications using Kinect, Kang et al. [72] introduced a control method 

that naturally regulates the application with the use of distance information and joints' 

location information. Furthermore, the recognition rate was more successful, as well as 

the use of the proposed gestures in the 3D application, which was 27% quicker than a 

mouse. 

Code Space, introduced by Bragdon et al. [73], is a system that combines touch + air 

gesture hybrid interactions to jointly carry small developer group meetings. This method 

enables access, control and sharing of information through several different devices such 

as multi-touch screen, mobile touch devices, and Microsoft Kinect sensors. In a formative 

study, professional developers were positive about the interaction design, and most felt 

that pointing with hands or devices and forming hand postures are socially acceptable. 
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A gesture user interface application, titled Open Gesture, is available for standard tasks, 

for instance making telephone calls, operating the television, and executing mathematical 

calculations [74]. This prototype uses a television interface to carry out various tasks by 

using simple hand gestures. Based on a usability evaluation, Bhuiyan and Picking [74], 

recommend that this technology can improve the lives of the elderly and the disabled 

users by creating more independence while some challenges still remain to be overcome. 

During a study, on touch-free navigation through radiological images, analyzed by Ebert 

et al. [75], ten medical professionals tested the system by rebuilding a dozen images from 

a CT data. The experiment measured the response period and the practicality of the 

system compared to the mouse/keyboard control. An average of ten minutes was required 

for the participants to be at ease with the system. The response time was 120 ms, and the 

image recreation time using gestures was 1.4 time longer than using mouse/keyboard. 

However it does remove the potential for infection, for both patients and staff. Moreover, 

users with OsiriX experience, who rated the system 3.4 out of 5 in comparison to the 

mouse/keyboard, completed the tasks considerably easier while using a mouse/keyboard. 

Designing a suitable user interface for the following usability studies is crucial. Novice 

users can learn WIMP user interfaces easily, as they are very good at abstracting 

workplaces due to their analogous paradigm to documents like paper sheets or folders. 

Having a rectangular region on a 2D flat screen makes them preferable to system 

developers while their generality also makes them a good fit in multitasking 

environments. 
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In order to have more accurate results in our usability study, we have designed a simple 

and minimalistic as possible simulated desktop interface with neutral colors to reduce 

user error or bias, while we focused on common desktop tasks to be relatively general. 

Our algorithm also recognizes point finger and thumb, with a possibility of orderly 

detecting all five fingers. 

Moreover, natural gestures definition and recognition methods that we have created in 

our research investigate new patterns for communication. 

Furthermore, we have used more features in our usability study than those have been 

studied in above mentioned related works. Through a comprehensive and hypothetical 

user experiment we have statistically analyzed and compared our natural defined gestures 

(finger and arm) to each other and also to the conventional input devices 

(mouse/keyboard), in two different situations (small and big-screen displays), and in two 

different settings (simple and complex tasks) for precision, efficiency, ease-of-use, fun-

to-use, fatigue, naturalness, and overall satisfaction. We believe that this study develops 

the models and theories of interaction. 

29 



Chapter 3: Gesture Recognition 

3.1. Selecting Gestures 

Our research has two main phases: 

1- Arm gestures: 

a) Designing a UI to be controlled by mouse and some arm gestures. 

b) Developing arm gesture recognition module. 

c) Running a user experiment to compare/analyze the new applied approaches 

and the possible future improvements in remotely controlling of a customized 

system by arm gestures and its conventional competitor of mouse/keyboard 

input devices. 

2- Finger gestures: 

a) Designing a UI to be controlled by some arm gestures (already designed in 

phase 1) and some finger gestures. 

b) Developing finger gesture recognition module. 
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c) Running a user experiment to compare/analyze the new applied approaches 

and the possible future improvements in remotely controlling of a customized 

system by finger gestures and arm gestures as the input devices. 

3.1.1. Finger set vs. Arm/Hand set 

3.1.1.1. Predeflnition 

In our first gesture design study we defined the finger and arm gestures as shown in Table 

3.1.a) and b). 
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Table 3.1.a) Initial design for finger set vs. arm/hand set. 

vV. "PI 
Possibilities: 

Moving finger/hand in space (pointer follows the hand) 

f. * 

Action 

Selecting Running 

Mo\ ing cursor 

Grabbing/Dragging 
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Table 3.1.b) Initial design for finger set vs. arm/hand set (continued from last page). 

Fin tie r Action 

Resi/inu 

Scrolling 

\tra options 

Deselecting/Closing 

Arm 

i 1 
Possibilities: 

A finger/hand gesture combined with whole arm 

movement 

B Possibilities: 

Perhaps a fist or the same idea as having a second arm 

motion, or pulling the hand backward to deselect/close 
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3.1.1.2. Final Definition 

Studying the natural body languages and considering some predefined features of applied 

APIs, e.g. OpenNI and NITE, led us to finalize our gesture definitions as shown in Table 

3.2. 

Table 3.2. Final design option for finger set vs. arm/hand set 

(uv: user view, cv: camera view). 

Processes Finger Arm 

Sclcctine'Runniim/C'losiii" 

Finger moving Hand moving 

Movinu cursor 

(irabhi nsi-'Rcsi/insz 

Multi fingers Open palm 

\tra options 

Control releasing 
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3.2. Fingertips Detection 

We use OpenCV, specially in coding our prototype for phase 2 (finger gestures) where 

the fingertips are needed to be recognized. This will be done by the following algorithm: 

t 5 
w 

Depth tresholding 

Contour extraction 

Approximate contours 

• Assume vertices of convex hull to be fingertips if 
their interior angle is small enough 

Figure 3.1. Fingertips detection algorithm in OpenCV. 

The method of thresholding the depth map in OpenCV is as follows: 

1 - Store depth map in an array. 

2- Iterate over each pixel in the array. 

3- Create a binary image: set all pixels outside of the depth range to 0 and all of 

those within the depth range to 1. 

4- Find contours/connected components. 

5- Detect convexity hull/defects. 
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The convexity defects method is not completely robust in that the defects in the convex 

hull will change from frame to frame depending on hand orientation/position. In the case 

of fingertip tracking, we would need to have our hand in a relatively stable position over 

time for the convexity defects to remain stable. 

Cropping the depth map can help in order to remove the wrist from the depth map which 

can cause unwanted defects. In terms of hand gesture recognition, cropping the wrist out 

of the frame can also help in improving accuracy. 

Following the algorithm in Figure 3.6, we have calculated the threshold angle through the 

following equation: 

>  - 1  i v x x v ,
x )  +  ( v y x v ' Y )  

angle = cos 1 , , ,, y,—y— 0) 
Ml»|M| 

With a robust method and using convexity defect, if needed we can also approximately 

detect the fingers' joints using the location of palm's centre point, the fingertips 

coordinates, and the distance/angle between fingertips in different positions, along with 

bringing the respective depth of these points to the computation. 

Our algorithm also recognizes point finger and thumb, with a possibility of orderly 

detecting all five fingers. 

3.3. Algorithm 

We have designed an algorithm as shown in Figure 3.4, to control our user interface 

objects by recognizing the arm and finger gestures (Circle and Push are replaced by Pinch 

and Tap in finger algorithm) during the controlling sessions of OpenNI and NITE APIs. 
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A r m :  
M u ' . f  R e s i z e  C i r  > l e  n | i  . t i n  +  P u s h  i d i  o p )  
0 | ) f - n  C l o s ^  -  •  P u s h  

F i n c j e i s :  
O p e n  C l o s e  - > T a p  
M o v e  R e s i z e  • >  Pi ih h  ( < | f  a b )  +  T a p  ( c i r  o p )  

Ar m: 
M o v e  R e s i z e  C i r  t  l e  i ' | i  . 1 1 ) i  +  P u s h  i d r  o p i  
O p e n  C l o s e  -  •  

F i i K j e i s :  
0 | ) e n  C l o s e  - >  T a p  
M o v e  R e s i z e  - >  P u n  h  ( f j r a t ) )  +  T a p  ( d r o p )  

Figure 3.2. Finger/Arm detection steps. 
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Ann :  
M n ' . f  R e  s i r e  C i t  i  I t *  ( < ) !  , i b i  +  P u s h  i d r  o p i  
O p e n  C l e S e  -  •  P u s h  

F i n g e r s :  
Open  C lose  ->  Tap  
Move  Res ize  -=•  Pi ik h  K j i a h i  +  Tap  (d rop )  

Ai m: 
r.i l i v e  R hslv C i r c l e  ( f  j r  a t )  i  +  P u s h  i d r  o p i  
O p e n  C l o S e  -  •  P u s h  

F inge rs :  
Open  C lose  ->Tap  
Move  Res ize  ->  P ine  h  (c j r  a t ) )  +  Tap  (d r  op )  

Figure 3.3. Finger detection steps. 
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Wave happens 

Run update 

Pointer moves 

Click? Circle? 

Run funcs. 

e.g. files, 
folders. Based 
onobj[nID] 

Delay 

Run funcs./ 
Transfer data 

Distance deviation 
compare to a 

distance threshold. 
Actions on some 

object clan 
memben(e.g. 

resile, mm bml 

Run update Run update 

Save l9 and current 
locations (x,y) then 
move objects based 

on distance ^ I 
deviation 

Push? 

Push? 

Run funcs./ 
Select options 

Select extra options 
(assign and ron an 
•my of controls) 

N 

Select obj. 

Keep the objects' 
names tod numbers 

(e.g. otrifOl is desktop) 

Steady? 

Run update/ 
Show options 

Show and scroll on 
extra options (e.g. 

Figure 3.4. The algorithm controlling UI using arm gestures recognition (similar to 

finger gestures with replacing Push and Circle to Tap and Pinch). 
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Each action can control some object's class members (e.g. centre of object, file, folder, 

resize, minimize, maximize, zoom, close, scroll-bar, and some extra options such as copy, 

rename, etc.). 

Timeout expired Focus gesture recognized 

11 i r 

No active points 

No 

Focus gesture recognized 
Quick refocus recognized 

Quick 
refocus is 
enabled? 

Yes 

Swipe Detector 

Flow Router 

Steady Detector 

Push Detector 

Broadcaster 

Not in Session 
• Tracking is off 

• Focus gesture is on 
• Quick refocus is off 

In Session 
• Tracking is on 
• Focus gesture is off 
• Quick refocus is off 

Quick Refocus 
• Tracking is off 
• Focus gesture is on 
• Quick refocus is on 

(a) (b) 

Figure 3.5. NITE algorithm to detect arm gestures: (a) session state automation, 

(b) compound control (re-created based on [62]). 
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Chapter 4: UI and Experiment Design 

4.1. Settings 

We have run the system under the following settings/ availabilities: 

1- Operating System: 32-bit or 64-bit Windows XP, Vista, 7 SP 1. However the 

system itself has the capability of working under multi platforms. 

2- Camera: Microsoft Kinect depth camera, or PrimeSense depth camera, located at 

about one meter (finger phase) and one to three meters from the user (arm phase) 

for the best results. 

3- Development tools: Microsoft Visual Studio (C++), OpenNI, NITE, OpenCV, and 

Allegro libraries. 

4- Display: To compare a traditional input device with our HCI natural input device, 

availability of a video projection system or a big screen HDMI TV is needed. In 

our case we have used a projector (resolution: 480p, screen size: 92 inches) 

located at about five to eight meters from the user. 
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4.2. Gestures and Actions 

In this prototype we have provided some actions such as run, move, resize, or close 

which can be performed by recognizing our defined gestures e.g. push, or a combination 

of gestures e.g. pinch + move + tap, as shown in Table 4.1. 

Table 4.1. (a) Arm and (b) Finger gestures' definitions, mouse analogies, and 

actions. 

push dbl-click run/close objects 

circle + move + push drag & drop move/ resize 

(a) 

tap dbl-click run/close objects 

pinch + move + tap drag & drop move/ resize 

(b) 

After detecting the hand and the palm centre in OpenNI (through a process of creating the 

context, depth/image/hand generator nodes, session manager, 

initializing/registering/updating the sessions/controls, and 3D mapping), we have used the 

predefined classes of gestures in NITE, for "circling" and "pushing". 

42 



After detecting the fingertips in OpenCV, as explained earlier, and through a process of 

3D mapping we can extract the fingertip's coordinates. The "tapping" gesture in finger 

phase has been defined based on the depth change of point finger's tip (Zp ) comparing to 

the centre of hand's/palm's depth (Z^), and a proper threshold (D) .  

Tapping happens when : zh- zp> D (2) 

•••••• 

•Q 

Hnl 
••• 

Figure 4.1. Finger tapping gesture. 
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The "pinching" gesture in finger phase has been defined based on the distance between 

the point finger's tip (xp, yp, zp) and thumb's tip (xt, yt, zt). 

Pinching happens when 

X p ~ X t <  8  

y P - y t < £  
Z p ~ Z t < £  

(3) 

A im:  
Mt iY t *  Cn  I  l e  I  < 11  , ' l h l  +  Push  | ( I l  op i  
Open  C lose  ->  Push  

I! 

F inge rs :  
Open  C lose  ->  Tap  
Move  Res i ze  ->  P i n t  h  (c j r  a t ) )  +  Tap  (d i  op )  

Figure 4.2. Finger pinching gesture. 

44 



4.3. User Experiment 

Variables, evaluation criteria, questions, and measurements are listed in the following 

tables: 

Table 4.2. List of variables in our user experiment. 

Gestures (phase 1: arm, phase 2: finger) 
Device 

Setting 

Task 

Desktop 

Primitive 

Resize 

Complex 
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Table 4.3. Evaluation criteria and their replying contexts (questions and 

measurements). 

How much fatigue did it 

cause? 

How pleasant was it? 

Required Time 

4.3.1. Process 

4.3.1.1. Training session 

Phase 1 - Training session using mouse and arm: 

• Thirty minutes of practicing the tasks. This is for two reasons: 

1- To get used to the application in order to run the main test precisely. 

2- We use this part to get the users' evaluation for some questions, 

arm/mouse fatigue, naturalness, etc. 
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• Try the following four primitive tasks to get used to the application in order to run 

the test session precisely: 

a. Open window (Run icon) 

i. Mouse: Left-click on the icon and press enter. 

ii. Arm: Push towards the icon. 

b. Close window 

i. Mouse: Point on "X" sign on the window, and left-click on it. 

ii. Arm: Point on "X" sign of the window, and push towards it. 

c. Move objects (icon/window) 

i. Mouse: 

1) On icon: Left-click on the icon, and move a bit simultaneously 

(drag), then release the mouse key to drop it. 

2) On window: Left-click on the title bar (name tag) of the window, 

and move a bit simultaneously (drag), then release the mouse key 

to drop it. 

ii. Arm: 

1) On icon: Draw a circle around the icon, and move a bit (drag), then 

push to drop it. 

2) On window: Draw a circle around the middle of the title bar (name 

tag), and move a bit (drag), then push to drop it. 

d. Resize window 

i. Mouse: Left-click on the bottom-right corner of the window, and 

move a bit simultaneously (drag), then release the mouse key. 
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ii. Arm: Draw a circle around bottom-right corner of the window, and 

move a bit (drag), then push to release. 

2 - Training session using finger and arm: 

Thirty minutes of practicing the tasks. 

Try the following four primitive tasks to get used to the application in order to run 

the test session precisely: 

a. Open window (Run icon) 

i. Finger: Tap towards the icon. 

ii. Arm: Push towards the icon. 

b. Close window 

i. Finger: Point on "X" sign on the window, and tag towards it. 

ii. Arm: Point on "X" sign of the window, and push towards it. 

c. Move objects (icon/window) 

i. Finger: 

1) On icon: Pinch towards the icon, and move a bit (drag), then tag to 

drop it. 

2) On window: Pinch towards the middle of the title bar (name tag), 

and move a bit (drag), then tag to drop it. 

ii. Arm: 

1) On icon: Draw a circle around the icon, and move a bit (drag), then 

push to drop it. 
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2) On window: Draw a circle around the middle of the title bar (name 

tag), and move a bit (drag), then push to drop it. 

d. Resize window 

i. Finger: Pinch towards the bottom-right corner of the window, and 

move a bit (drag), then tap to release. 

ii. Arm: Draw a circle around bottom-right corner of the window, and 

move a bit (drag), then push to release. 

+ 
• 

B 
\ DIM#*"-

Figure 4.3. Training session. 

4.3.1.2. Test session 

Comparing two tasks (simple and complex), two devices (mouse and arm, or arm and 

finger), and two types of screens (desktop and big-screen) makes eight states of sessions 

in each phase. Some test session samples are as following: 
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Test Session 1: Simple task, using mouse, on desktop 

Task 

The users are asked to include their physical actions along with the verbal definitions of 

each action (underlined words), e.g. left-click or enter, in order for the testing person to 

count the number of errors in gesture recognition. 

1. Start the program. 

Figure 4.4. UI: start session. 

2. Left-click on "Pic.jpg" icon and press enter. The window "Pic.jpg" is opened. 

3. Left-click on bottom-right corner of the window, and move a bit simultaneously 

(drag), then release the mouse key. The window "Pic.jpg" is resized. 

4. Left-click on the title bar (name tag) of the window, and move a bit simultaneously 

(drag), then release the mouse key to drop it. The window "Pic.jpg" is moved. 

5. Point on "X" sign on the top-right corner of the "Pic.jpg" window, and left-click on it. 

The window "Pic.jpg" is closed. 

Computer Documnti 
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Test Session 3: Simple task, using arm, on desktop 

Task 

The users are asked to include their physical actions along with the verbal definitions of 

each action (underlined words), e.g. push or circle in order for the testing person to count 

the number of errors in gesture recognition. 

1. Wave (about five times fast waving) to start the program. The pointer appears. 

2. Push towards "Pic.jpg" icon. The window "Pic.jpg" is open. 

3. Draw a circle around the bottom-right corner of the window, and move a bit (drag), 

then push to release. The window "Pic.jpg" is resized. 

4. Draw a circle around the title bar (name tag) of the window "Pic.jpg", and move a bit 

(drag), then push to release. The "Pic.jpg" window moves. 

Computer Docuimnis 

Figure 4.5. UI: Pic.jpg is open. 
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5. Point on "X" sign of the "Pic.jpg" window, and push on it. The window "Pic.jpg" is 

closed. 

Test Session 6: Complex task, using finger, on big-screen 

Task 

The users are asked to include their physical actions along with the verbal definitions of 

each action (underlined words), e.g. tap or pinch in order for the testing person to count 

the number of errors in gesture recognition. 

1. Wave (about five times fast waving) to start the program. The pointer appears. 

2. Tap towards "Documents" icon. The "Documents" window is open. 

Computer Doctmnlt 

Figure 4.6. UI: Documents is open. 

3. Tap towards "Pic2.jpg" icon. The "Pic2.jpg" window is open. 
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Computer Docimnla 

PteJM 

PK2KM 

Figure 4.7. UI: Pic2.jpg is open. 

4. Point on "X" sign of the "Pic2.jpg" window, and Tap towards it. The "Pic2.jpg" 

window is closed. 

5. Point on "X" sign of the "Documents" window, and Tap towards it. The 

"Documents" window is closed. 

6. Tap towards "Computer" icon. The "Computer" window is open. 

JiaL G 
Computar Docunwnh H 

Computer 

Figure 4.8. UI: Computer is open. 
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7. Pinch towards the title bar (name tag) of the window "Computer", and move a bit 

(drag), then tap to release. The "Computer" window moves. 

8. Point on "X" sign of the "Computer" window, and tap towards it. The "Computer" 

window is closed. 

9. Pinch towards "Computer" icon, and move a bit (drag), then tap to drop it. The 

"Computer" icon moves. 

1- inter*** 

Q 1 DocunwnU y 

. H 

Hem 1 

a 

i 

Computer 

Figure 4.9. UI: Computer icon moves. 

10. Press esc to finish. 

4.3.2. Questionnaire and Observation 

During the test sessions the users are requested to rate their satisfaction on a scale of 1 to 

5 (1 for absolutely unsatisfied and 5 for extremely satisfied) on eight respective task 

tables (Table 4.5 and 4.6 show the samples), and to answer some extra questions on the 

questionnaire while the testing persons measure the observations (Table 4.7 shows a 
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sample, where the number of trials for push/circle recognition are entered in the empty 

cells for Push# and Circle#, and the duration of entire task is entered in the cell for Time). 

Table 4.4. Task table for Complex/Finger/Big-screen. 

Complex task, using finger, on big-sereen 

How light (non-fatiguing) was it? 

H How pleasant was it? 

Table 4.5. Questions for four primitive tasks, here for arm and finger 

(the same for mouse and arm). 
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Table 4.6. Observation for Complex/Arm/Desktop. 

Gestures 

Complex task, using arm, on desktop 

2- "Documents" opened? 

3- "Pic2.jp"" opened? 

4- "Pic2.jpg" closed? 

5- "Documents" closed? 

6- "Computer" opened? 

7- "C omputer" window moved? 

8- "Computer" closed? 

"Computer" icon moved'. 

N/A N/A 

N/A N/A 

N/A N/A 

N/A 

N/A 

Appendix C shows a compressed version of the main questions answered by the users 

and the observation data collected by the testing persons, whereas Spatial resolution 

(control's accuracy) is accuracy/error rate, and Temporal resolution (control's speed) is 

speed rate assessed in observation process. 
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Chapter 5: Results and Discussions 

5.1. Introduction 

The subjects included a mix of students and professionals. The student participants are 

from the Ottawa region universities and elementary school, and the professional 

participants are staff from the Ontario Centre of Excellence (OCE) and Ottawa hospitals. 

Participants were instructed to do a simple and a complex task in two different ways once 

using the desktop and once using the big screen. A stopwatch was used to track how 

much time it takes to complete each task. Through two phases (phase 1: arm gesture vs. 

mouse - phase 2: finger gesture vs. arm gesture), the outline of the experiment details and 

the methodology of our study are further elaborated in the following sections. Then we 

present the results and discussions, and lastly, we summarize and conclude the study with 

some remarks for both phases. 
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5.2. Phase 1: Arm Gestures vs. Mouse/Keyboard 

5.2.1. Study details 

This study is conducted using 20 participants (10 males and 10 females). Nineteen 

participants were right-handed and one was left-handed. The researcher randomly 

selected 10 of the participants to do the arm gestures first and the mouse next, vice versa 

for the other 10 of the group. Using the desktop and the big screen was selected randomly 

as well. Participants include students from Carleton University and elementary school, 

and professionals from the OCE and Ottawa hospital. Student participants were Masters 

and PhD students from different departments including Information Technology, 

Computer Science, Systems and Computer Engineering, Electronics, and fifth year of an 

elementary school. They ranged in age from 11 to 40 years. The average age of 

participants was 29 years old. All participants were familiar with the use of 

mouse/keyboard, but have not experienced on arm gesture interface before. The 

participants first read the experiment instructions and were given introductions to the task 

they were to complete during the trial. 

Twenty participants completed the trial at Interactive Media Group lab (iMG) at Carleton 

University. At first participants were introduced to the steps they had to follow to 

complete the tasks. A stopwatch registered the time taken to do each task. Each 

participant completed an individual 30 minute trial. 

The trial was divided into two phases: 

• Training phase 

• Test phase and satisfaction phase to complete a paper questionnaire 
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Computer Documtntt 

«eJ» 

Figure 5.1. Interface. 

Figure 5.2. A participant is interacting with the big screen using arm gesture. 

In the Satisfaction phase, participants were asked to complete a paper questionnaire. The 

aim of the questionnaire was to get the opinions of the group on using the two test 

methods and what they perceived as difficulties while completing the task. 
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Figure 5.3. A participant is interacting with the desktop using arm gesture. 

5.2.2. Results and Evaluation 

5.2.2.1. Hypotheses and Statistical Analyses 

For the different factors being studied, 3-way repeated analysis of variances (ANOVA) is 

carried out for three independent variables: 

1 - Difficulty (simple task vs. complex task) 

2- Input device (mouse vs. arm gestures) 

3- Output device (desktop vs. big-screen) 

All analysis are concluded at p < 0.05 significance level and for 20 participants. Our 

ANOVA analysis is accompanied by an extra t-test analysis particularly for naturalness 

and fatigue. This redundancy is carried out in order to confirm our multi-factor analysis 

with a single-factor analysis. The results of the t-test support the ANOVA analysis. 
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Time: 

One researcher was taking the time with a stopwatch and one researcher counting the 

errors. 

Table 5.1. Task duration. 

Participant# 1 I 2 I 3 

• 17j0 37.7 Mil 27.2 134 112 23J 2410 14.7 14.4 19.3 12.7 21J ISO 2M 22J 1»J 33J 124 11.9 21.7 

21.0 3*4 25 2 3k 6 31J 20.7 1*2 II* 123 143 31J 1*7 110 HI 214 l«I 191 21.1 134 124 21.# 

• US 324 »• 143 22.1 32] 44.1 21 4 1*3 21.5 3* 4 211 214 411 223 37 ] 3(1 314 32J 2(3 31-2 

Table 5.1 shows the times taken to complete the simple task and the complex task once 

using arm gesture and once with the mouse/keyboard. 
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Figure 5.4. Temporal MAX/MIN/MEAN/ST DEV facts (D-desktop, B big-screen). 
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Hypothesis- usine a mouse is faster than using arm sestures as inputs. 

The analysis illustrates that for variable 1, F( 1,2504.306) = 66.994, P = 0.0000 (MSimpie = 

17.83, SDSimpie = 7.67 vs. Mcompiex = 25.74, SDcompiex = 9.80). This illustrates that task 

complexity has significant effect on time. This effect is as expected since the two tasks 

were initially designed to illustrate different difficulty levels for using the system. For 

variable 2, F(l,3820.070) = 41.163, P = 0.0000 (Mmouse = 16.90, SDm0Use = 7.0868 vs. 

Mgesture= 26.67, SDgesture= 9.3749), which implies that using gestures also has significant 

effect on time. For variable 3, F(l,10.404) = 0.646, P = 0.4316 which illustrates that the 

screen type does not have a significant effect on time. Moreover, the analysis shows no 

significant effect on time for variables 1 and 2 combined F( 1,29.929) = 1.371, P = 

0.2562, variables 1 and 3 combined F( 1,28.392) = 1.641, P = 0.2156, and finally 

variables 2 and 3 combined, F(l,37.056) = 1.131, P = 0.3008. Combination of the three 

variables (1,2, and 3) F(l,0.121) — 0.006, P = 0.9370 also do not show any significant 

effect on time. Based on the above, the initial hypothesis is confirmed meaning gesture 

inputs are significantly slower than using a mouse. 

Easiness: 

Hypothesis- Usine arm sestures as inputs is easier than mouse. 

Analyzing the feedback from participants regarding easiness of experiments given the 3 

variables defined earlier shows that the only significant effect is caused by variable 2, 

F( 1,19.600) = 23.059, P = 0.0001 (Mmouse = 4.3750, SDmouse = 0.8325 vs. Mgesture = 

3.6750, SDgesture = 0.9517). This means that according to participants, the only variable 

with significant effect on easiness is the input device (mouse vs. gesture). For variable 1, 
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F(l,0.100) = 0.134, P = 0.7181 and for variable 3, F(l, 1.225) = 2.730, P = 0.1149. For 

combination of variables 1 and 2, F( 1,0.100) = 0.409, P = 0.5303, variables 1 and 3, 

F( 1,0.225) = 0.371, P = 0.5497, variables 2 and 3, F( 1,4.225) = 4.219, P = 0.0540, and 

finally for variables 1, 2, and 3, F(l,0.225) = 0.609, P = 0.4449 which indicates that there 

is no significant effect. According to the provided statistics, the initial hypothesis is 

rejected which indicates that using a mouse is significantly easier than using arm 

gestures. 

Fatigue: 

Hypothesis- Usine arm gestures produces more fatisue compared to mouse. 

In this experiment the participants have been asked to rank higher if more fatigue is 

experienced. The feedback obtained from participants indicates that similar to easiness, 

variable 2 is the only one with significant effect F(l,45.156) = 31.813, P = 0.0000 (Mm0Use 

= 1.4000, SDmouse = 0.7730 vs. Mgesture = 2.4625, SDgesture = 0.9929). This indicates that 

the input device is the only determining parameter in fatigue. For variable 1, F( 1,1.406) = 

3.065, P = 0.0961 and for variable 3, F(l,0.506) = 1.351, P = 0.2595 respectively. For 

combination of variables 1 and 2, F(l,0.006) = 0.015, P = 0.9050, variables 1 and 3, 

F( 1,0.006) = 0.018, P = 0.8949, variables 2 and 3, F( 1,0.756) = 0.657, P = 0.4276, and 

finally variables 1, 2, and 3, F(l,0.756) = 1.322, P = 0.2645. Based on the above 

mentioned figures, the initial hypothesis is approved, meaning arms gestures significantly 

causes more fatigue compared to using a mouse. 
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Table 5.2. Fatigue for simple task using desktop and results of t-test. 

HiHHHHHH BHHi 

Table 5.3. Fatigue for simple task using big-screen and results of t-test. 

HHHHHHHHH HHHHH 

Table 5.4. Fatigue for complex task using desktop and results of t-test. 

HHHHHHHH HHHHH 

Table 5.5. Fatigue for complex task using big-screen and results of t-test. 

64 



(a) (b) 

(c) 

Figure 5.5. Mean and SD of fatigue comparing 1- mouse/keyboard and 2- arm 

gesture using a) desktop for simple task, b) big-screen for simple task, c) desktop for 

complex task, and d) big-screen for complex task. The dots on the boxplots 

represent the outliers. 
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Naturalness: 

Hypothesis- Usine arm vestures is more natural than using a mouse. 

For this factor, none of the variables shows any significant effect. The calculated 

statistical values for variable 1, F(l,0.000) = 0.000, P = 1.0000, for variable 2, 

F(l,10.000) = 4.153, P = 0.0557, and for variable 3, F(l,0.225) = 0.851, P = 0.3679. 

These results indicate that variables 1, 2, and 3 do not have any significant impact on 

naturalness of tasks. However, combination of variables 2 and 3 show significant effect 

F(l,5.625) = 6.628, P = 0.0186 (MmoUse-desktop = 3.4500, SDmoUse-desktoP = 1-1082, vs. Mm0Use-

bigscreen — 3, SDm0use-bigscreen — 1.1983, VS. Mgesture-desktop - 3.5750, SDgesture-desktop — 0.9306, 

vs. Mgesture-bigscreen = 3.8750, SDgesture-bigscreen = 0.8530). This means that the input device 

when combined with a particular output device will show significant effect on 

naturalness. Multiple one-way ANOVAs further indicate that mouse when used on 

desktop is significantly more natural than mouse used on big-screen. Moreover, gestures 

used on big-screen are significantly more natural than mouse used on both desktop and 

big-screen. Combination of variables 1 and 2, F(l,0.400) = 0.910, P = 0.3520, variables 1 

and 3, F( 1,0.225) = 0.533, P = 0.4744, and finally variables 1, 2, and 3 , F( 1,0.625) = 

1.067, P = 0.3145, show no significant effect. According to the above mentioned figures, 

the hypothesis is rejected, meaning arm gestures as inputs do not feel significantly more 

natural compared to mouse. However, it is shown that using arm gestures on big-screen 

is significantly more natural than using a mouse on both the desktop and the big-screen. 
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Table 5.6. Naturalness for simple task using desktop and results of t-test. 

HHHHHHH BHHHI 
Table 5.7. Naturalness for simple task using big-screen and results of t-test. 

HHHHHHH HHHHH 
Table 5.8. Naturalness for complex task using desktop and results of t-test. 

HHHHHHH HHHHH 
Table 5.9. Naturalness for complex task using big-screen and results of t-test. 
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(a) (b) 

(c) (d) 

Figure 5.6. Mean and SD of naturalness comparing 1- mouse/keyboard and 2- arm 

gesture using a) desktop for simple task, b) big-screen for simple task, c) desktop for 

complex task, and d) big-screen for complex task. The dots on the boxplots 

represent the outliers. 
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Pleasantness: 

Hypothesis- Using arm gestures as inputs is more pleasant than using mouse. 

When analyzing the participant feedback for pleasantness, a similar trend to that of 

naturalness is observed. Variable 1, F(l,0.006) = 0.016, P = 0.9020, variable 2, 

F( 1,6.806) = 3.824, P = 0.0654, and variable 3, F( 1,0.506) = 1.351, P = 0.2595 show no 

significant effect. Combination of variables 1 and 2, F(l, 1.056) = 3.055, P = 0.0966, 

variables 1 and 3, F( 1,0.306) = 1.347, P = 0.2601, and variables 1, 2, and 3, F(l,0.506) = 

1.572, P = 0.2251 show no significant effect as well. Similar to naturalness, the only set 

of variables which illustrate an effect are combination of factors 2 and 3, F( 1,8.556) = 

7.716, P — 0.0120 (Mmouse-desktop — 3.7250, SDmouse-desktop ~~ 0.9868 VS. Mm0use-bigscreen = 

3.1500, SDmouse -bigscreen 1.0266, VS. Mgesture-desktop 3.6750, SOges|Ure„(]es^j0p 0.8590, vs. 

Mgesture-bigscreen 4.0250, ^L^gesture-bigscreen 0.8317). Therefore there is significant 

interaction between input and output device when pleasantness is being analyzed. 

Multiple one-way ANOVAs further indicate that mouse when used on desktop is 

significantly more pleasant than mouse used on big-screen. Furthermore, arm gestures 

used on big-screen is significantly more pleasant than mouse used on desktop, mouse 

used on big-screen, and arm gestures used on desktop. Based on these results, similar to 

naturalness, the initial hypothesis is rejected. But again, it is revealed that the hypothesis 

does hold true on big-screens, meaning using arm gestures is significantly more pleasant 

than mouse when performed on big-screens. Also it is shown that arm gestures used on 

big-screen is significantly more pleasant compared to when it is used on desktop. 
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Overall Satisfaction: 

Hypothesis- Overall using arm gestures as inputs is a more popular experience 

compared to mouse. 

In the overall ranking obtained from participants, no particular variable shows significant 

effect. This can be due to the fact that while some parameters such as naturalness are 

ranked higher for gesture on the big-screen, the fatigue level is increased at the same 

time. This experience, we believe leads to an overall insignificant ranking. The calculated 

values are as follows: For variable 1, F( 1,0.006) = 0.019, P = 0.8928, for variable 2, 

F(l,0.306) = 0.341, P = 0.5662, and for variable 3, F(l,0.306) = 0.721, P = 0.4063. 

Similarly for combination of variables, no effect is observed since for variables 1 and 2, 

F(l,0.156) = 0.704, P - 0.4120, variables 1 and 3, F(l,0.006) = 0.022, P = 0.8833, 

variables 2 and 3, F( 1,3.906) = 4.249, P = 0.0532, and finally for all three variables 1, 2, 

and 3, F(l,0.006) = 0.035, P = 0.8531. Based on this analysis, the hypothesis is rejected, 

meaning neither input hold a significant popularity over the other. 

5.2.2.2. Number of Errors 

The following tables show the average number of trials before all participants 

successfully perform a task (average number of errors in each mouse/gesture task for all 

20 users). 
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Table 5.10. Observation for simple task using mouse on desktop. 

Mouse 

N/A N/A N/A 

1 N/A 1.05 

1 N/A N/A 

• 

H 
H 

Table 5.11. Observation for simple task using mouse on big-screen. 

Mouse 

N/A N/A N/A 

1.1 N/A 1.15 

1 N/A N/A 

H 

H 
H 
H 
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Table 5.12. Observation for simple task using gesture on desktop. 

Gestures 

N/A N/A 1 

1.05 2.5 N/A 

1.85 N/A N/A 

H 

H 

Table 5.13. Observation for simple task using gesture on big-screen. 

Gestures 

N/A N/A 1 

1.2 1.75 N/A 

2.3 N/A N/A 

H 

H 
H 



Table 5.14. Observation for complex task using mouse on desktop. 

complex/mouse/desktop 

1- Program Started? 

Mouse 

N/A N/A N/A 

2- "•Documents" Opened? 

3- "Pic2.jpg" Opened? 

4- "Pic2.jpg" Closed? 

5- "Documents" Closed? 

6- "Computer" Opened? 

7- "Computer" window Moved? 

8- "Computer" Closed? 

9- "Computer" icon Moved? 

Table 5.15. Observation for complex task using mouse on big-screen. 

•H Bi HH 
N/A N/A N/A 

1 1 N/A 

•••••• 
0.8 N/A N/A 

1 N/A 1 .05 

iii 
1 N/A 1.2 



Table 5.16. Observation for complex task using gesture on desktop. 

Gestures 

complcx/gcstu re/desktop 

I - Program Started? 

2- "Documents" Opened? 

3- "Pic2.jp"" Opened? 

4- "Pie2.jpg" Closed? 

5- "Documents" Closed? 

6- "Computer" Opened? 

7- "Computer" window Moved? 

8- "Computer" Closed? 

9- "Computer" icon Moved? 

Table 5.17. Observation for complex task using gesture on big-screen. 

1 1 ••I HHH 
• N/A N/A 1 

HHI HHI mi M 
B i N/A N/A 

H HHI — m • 
1.45 N/A N/A 

HHI HH Ml i 
H i 2.25 N/A 

Hi 
H 1.05 1.5 N/A 



5.2.3. Discussion 

5.2.3.1. Hypotheses Verification 

According to the provided statistical analyses, we summarize our hypotheses verification 

as follows: 

The time and the fatigue factors analyses support our initial hypotheses, meaning gesture 

inputs are significantly slower and more fatiguing than using a mouse. The initial 

hypotheses for the easiness and overall satisfaction factors are rejected which indicate 

that using a mouse is significantly easier than using arm gestures whiles neither inputs 

hold a significant popularity over the other. For the naturalness and the pleasure factors, 

the hypotheses are rejected as well, meaning arm gestures as inputs do not feel 

significantly more natural or more fun to use compared to mouse. However, it is revealed 

that using arm gestures on big-screen is significantly more natural and more pleasant than 

using a mouse on both the desktop and the big-screen. Also it is shown that arm gestures 

used on big-screen is significantly more pleasant compared to when it is used on desktop. 

5.2.3.2. Extra Observations 

Timing: 

Using mouse on big-screen is slower than on desktop. As expected, due to not being 

familiar with controlling a UI using gestures, the result with mouse is faster than with 

gestures. However, we believe that having more practice and getting used to the gesture 

application, allows the users to perform the tasks almost as fast as using a mouse. 
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Satisfaction: 

Most of the participants preferred "equally use of mouse and gesture" as a combination of 

gesture and mouse inputs. User satisfaction data can be found in Appendix F. 
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s/m/d s/m/b s/g/d s/g/b c/m/d c/m/b c/g/d c/g/b 

Easy 4.75 4.1 3.6 3.75 4.5 4.15 3.6 3.75 

Fatigue 1.1 1.5 2.45 2.3 1.45 1.55 2.5 2.6 

Natural 3.3 3.05 3.65 3.9 3.6 2.95 3.5 3.85 

Pleasent 3.65 3.05 3.65 4.2 3.8 3.25 3.7 3.85 

Overall 4.1 3.7 3.75 4 4.15 3.75 3.7 3.9 

Figure 5.7. Satisfaction comparison (s^simple, (.^complex, m^mouse, g^gesture, 

d^desktop, b=big-screen). 
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Easy Fatigue Natural Pleasant Overall 

Figure 5.8. Best/Worst satisfactions (s^simple, c=complex, m^mouse, g=gesture, 

d=desktop, b=big-screen). 

As shown in Figure 5.8, doing simple-task with gestures on desktop caused more fatigue 

than on big-screen, although it is reverse in doing complex-task. Performing simple-task, 

using mouse on desktop is the easiest and the lightest (least fatigue) and on big-screen is 

the least pleasant and the least overall satisfactory, while using gestures on big-screen is 

the most natural, and the most pleasant. In addition, the complex-task using gestures on 

desktop is the most difficult and the least overall satisfactory. In other words, a short time 

usage of mouse on big-screen, and a long term usage of gesture on desktop have the least 

popularity from users' feedback. Doing complex-task, using mouse on desktop is the 

most overall satisfactory and on big-screen is the least natural, while using gesture on 

big-screen is the heaviest (most fatigue). 
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As shown in Figure 5.9, opening a window (Running action) using gesture was the 

easiest task overall. 
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Figure 5.9. Four primitive tasks. 

This study compared arm gestures with mouse/keyboard in two different settings 

(desktop and large-scale displays), and two different task difficulties (simple and 

complex). Combined UI makes more attentive and immersive than the conventional UI. 

There are still remaining issues to solve such that users feel fatigue while using arms in 

the air, which will enable the gestural interaction to be commonly used. 
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5.3. Phase 2: Finger Gestures vs. Arm Gestures 

5.3.1. Study details 

This study is conducted using 10 participants. We performed this experiment just on big-

screen. However, it is on our future plan to expand the experiment by having more 

participants (at least 20), and testing on desktop as well as big-screen. Participants 

include students from Carleton University, and professionals from the OCE and Ottawa 

hospital. Student participants were Masters and PhD students from different departments 

including Information Technology, Computer Science, and Systems and Computer 

Engineering. They ranged in age from 26 to 36 years. The average age of participants was 

30 years old. Some participants were familiar with the use of arm gestures (from the 

experiment in phase 1), but have not experienced finger gestures before. The participants 

first read the experiment instructions and were given introductions to the task they were 

to complete during the trial. They completed the trial at Interactive Media Group lab 

(iMG) at Carleton University. First, participants were introduced to the steps they had to 

follow to complete the tasks. A stopwatch registered the time taken to do each task. Each 

participant completed an individual 30 minutes trial. 

The trial was divided into two phases: 

• Training phase 

• Test phase and satisfaction phase to complete a paper questionnaire 
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JQ O 
Computer Documents 

PteJM 

Figure 5.10. Interface. 

In the satisfaction phase, participants were asked to complete a paper questionnaire. The 

aim of the questionnaire was to get the opinions of the group on using the two test 

methods and what they perceived as difficulties while completing the task. 

5.3.2. Results and Evaluation 

5.3.2.1. Hypotheses and Statistical Analyses 

For the different factors being studied, 2-way repeated analysis of variances (ANOVA) is 

carried out for two independent variables: 

1 - Difficulty (simple task vs. complex task) 

2- Input device (finger gestures vs. arm gestures) 

All experiments were carried out on the big-screen and at p < 0.05 significance level and 

for 10 participants. 
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Time: 

One researcher was taking the time with a stopwatch and one researcher counting the 

errors. 

Participant# 

Table 5.18. Task duration. 

IBHBBB 10 A\c; Mill Max STDEV 

Am 15.8 14.2 9.1 13.4 11.6 15.6 12.7 11.9 12.9 13.1 13.03 9.1 15.8 1.96 

Complex  

Am 29.2 19.3 15.7 19.6 20.2 24.9 21.1 18 21.3 20.7 21 15.7 29.2 3.73 

Table 5.18 shows the times taken to complete simple task and complex task once using 

arm gestures and once the finger gestures. 

Simple Complex 

I MAX 

IMIN 

I MEAN 

Figure 5.11. Temporal MAX/MIN/MEAN/ST DEV facts. 
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Hypothesis- Using finger gestures is faster than using arm vestures as inputs. 

The analysis shows F(l,617.0102) = 202.5032, P = 0.0000 for variable 1, meaning task 

complexity has significant effect on time (Msimpie = 13.3550, SDSjmpie = 2.3027 vs. 

Mcompiex = 21.2100, SDCompieX = 3.4385). Similar to the first set of experiments, this trend 

is anticipated since the experiments were designed to maintain different complexities, 

thus durations. Variable 2 shows no significant effect on time, F(l,2.8622) = 0.3104, P = 

0.5910. Combination of variable also show no significant effect, F(l,0.1323) = 0.0503, P 

= 0.8275, meaning there is no interaction between variables 1 and 2. Based on the above, 

the hypothesis is rejected, implying that in terms of time, finger and arm maintain similar 

performances. 

Easiness: 

Hypothesis- Using finger gestures is easier than using arm gestures as inputs. 

When analyzing participant feedback, for easiness, variable 1 shows F(1,0) = 0, P = 1 and 

variable 2 shows, F(1,0) = 0, P = 1. This means according to participants, neither variable 

has significant effect on easiness. For variables 1 and 2 combined, F(l,0.1000) = 2.2500, 

P = 0.1679 which indicates there is no effect for combination of variables and for 

easiness, there is no interaction between the two. According to the analysis, the 

hypothesis is rejected meaning neither finger gestures nor arm gestures are significantly 

easier than the other. 

Fatigue: 

Hypothesis- Using finser gestures causes less fatigue than using arm gestures as inputs. 

82 



In this experiment the participants have been asked to rank higher if less fatigue is 

experienced. The results for variable 1 shows no significant effect F(1,0) = 0, P = 1. 

Variable 2, the input, shows significant effect F(l,4.9000) = 12.2500, P = 0.0067 (Mnnger 

= 4.5000, SDfmger = 0.6070 vs. Marm = 3.8000, SDarm = 0.6959). This indicates that using 

fingers rather than arm significantly reduces the fatigue caused to participants. Finally 

variables 1 and 2 combined show no significant effect F(1,0) = 0, P = 1. According to the 

figures mentioned above, the hypothesis is confirmed implying that the fatigue caused by 

arm is significantly higher than that of fingers. 

Naturalness: 

Hypothesis- Using finger gestures is more natural than usins arm gestures as inputs. 

For this parameter, variable 1 shows F(l,0.0250) = 1.0000, P = 0.3434, indicating no 

significant effect. Variable 2 results in F( 1,11.0250) = 441.0000, P = 0.0000 (Mfjnger = 5, 

SDfinger = 0 vs. Marm = 3.9500, SDarm = 0.2236) indicating that use of fingers feels 

extremely more natural to participants. For interaction of the two variables shows no 

significant effect with F( 1,0.0250) = 1.0000, P = 0.3434. According to the analysis, the 

hypothesis that finger gestures are more natural as inputs compared to arm gestures is 

confirmed. 

Pleasantness: 

Hypothesis- Using finser gestures is more pleasant than using arm gestures as inputs. 

Analyzing the feedback for pleasantness according to participants, it is revealed that 

neither variables have an advantage over the other in this regard. For variables 1, 
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F(l,0.4000) = 6.0000, P = 0.0368 (Msimp,e = 4.8000, SDsimpie = 0.4104, vs. Mc0mpiex = 

4.6000, SDCompiex = 0.5026) indicating that simplicity has significant effect. For variable 

2, F(1,0) = 0, P = 1, meaning there is no significant effect. For variables 1 and 2, 

F( 1,0.4000) = 6.0000, P = 0.0368, indicating there is significant interaction between the 

two. Multiple one-way ANOVAs further indicate that finger gestures are significantly 

more pleasant for simple tasks rather than complex ones (Mfinger-simpie = 4.9000, SDfinger-

simpie — 0.3162 vs. MfingeMomp|ex - 4.5000, SDfinger-compiex — 0.5270). Therefore, the 

hypothesis that finger gestures compared to arm gestures are more pleasant to employ as 

inputs is rejected. 

Overall Satisfaction: 

Hypothesis- Overall, using finger gestures as inputs is a more popular experience 

compared to arm gestures. 

The overall experience by participants shows no significant effects for variable 1, 

F( 1,0.4000) = 3.2727, P = 0.1039 and variable 2, F( 1,0.4000) = 3.2727, P = 0.1039. 

Moreover, there is no interaction between variables 1 and 2, F( 1,0.1000) = 2.2500, P = 

0.1679. Accordingly, the hypothesis is rejected, meaning that both experiences maintain 

similar popularities among participants. 

5.3.2.2. Number of Errors 

The following tables show the average number of trials before all participants 

successfully perform a task (average number of errors in each gestural task for all 10 

users). 
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Table 5.19. Observation for simple task using finger on big-screen. 

bhihihi 
1 N/A N/A 

Table 5.20. Observation for simple task using arm on big-screen. 

Gestures 

simple/arm/bi«-sereen 

1- Program Started? 

2- "Pic.jpg" Opened? 

3- "Pic.jp«" Resized? 

4- "Pic.jpg" window Moved? 

5- "Pic.jpo" C losed? 
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Table 5.21. Observation for complex task using finger on big-screen. 

Gestures 

complex/finger/big-screen 

1- Program Started? 

2- "Documents" Opened? 

3- "Pic2.jp«" Opened? 

4- "Pic2.jp»" Closed? 

5- "Documents" Closed? 

6- "Computer" Opened? 

7- "Computer" window Moved? 

8- "Computer" Closed? 

9- "Computer" icon Moved? 

Table 5.22. Observation for complex task using arm on big-screen. 

1 1 HHI HHI 
• N/A N/A i 

HH — 
H i N/A N/A 

H HH BBHH HHI 
1.7 N/A N/A 

B HH HHB HH 
B i . i  1.2 N/A 

Hi MM 
1.1 1.2 N/A 



5.3.3. Discussion 

5.3.3.1. Hypotheses Verification 

According to the provided statistical analyses, we summarize our hypotheses verification 

as follows: 

In general, the main result of this experiment (phase 2) is that fatigue is less with finger 

vs. arm gestures. To elaborate on, the naturalness and the fatigue factors analyses support 

our initial hypotheses, meaning the finger gestures significantly are more natural and 

cause less fatigue as inputs compared to the arm gestures. 

The initial hypotheses in terms of time, overall satisfactory, and easiness are rejected, 

implying that finger and arm maintain similar performances and popularities among 

participants, and neither finger gestures nor arm gestures are significantly easier than the 

other. Moreover, for the pleasure factor, the initial hypothesis is rejected as well, meaning 

the finger gestures compared to the arm gestures are not significantly more pleasant to 

employ as inputs. However, it is revealed that finger gestures are significantly more 

pleasant for simple tasks rather than complex ones. 

Anecdotal evidence of natural grabbing: Before disclosing the defined gestures to the 

participants, we have asked them to try grabbing an object (here an icon) naturally and 

based on their common sense. The result was surprising: 85% of them in their first guess 

could correctly pick an object on screen by Pinching gesture. This survey illustrates that 

how successfully we have defined our natural finger gestures. 
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5.3.3.2. Extra Observations 

Satisfaction: 

Most of the participants preferred "mostly finger" as a combination of arm and finger 

gestures. User satisfaction data can be found in Appendix F. 

As shown in Figure 5.13, using arm is easier in short time. However, it is easier to use 

finger in the long run. In addition, using finger in the short time (simple task) is the most 

pleasant, and in the long term (complex task) is the least pleasant. The overall satisfaction 

had its highest level on the simple task using finger gestures, and its lowest level on the 

complex task using arm gestures. 
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3.8 

3.6 
s/f/b s/a/b c/f/b c/a/b 

—Easy 4.3 4.4 4.4 4.3 

"" Fatigue 4.5 3.8 4.5 3.8 

—•Natural 5 3.9 5 4 

Pleasant 4.9 4.7 4.5 4.7 

Overall 4.9 4.6 4.6 4.5 

Figure 5.12. Satisfaction comparison (s=simple, c=complex, f=finger, a=arm, b=big-

screen). 
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Easy Fatigue Natural Pleasant Satisfaction 

Figure 5.13. Best/Worst satisfactions (s^simple, c=complex, f=finger, a=arm, b=big-

screen). 

As shown in Figure 5.14, the Pinching to resize and the Pushing to close a window were 

the most difficult gestures, due to the relatively small control access area of the objects. 

C o +* o 
CO 

03 
CO I Satisfaction 

Arm Finger Arm Finger Arm Finger Arm Finger 

How easy to How easy to How easy to How easy to 

open resize move close 

Figure 5.14. Four primitive tasks. 
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Errors: 

As the following figures show, the Tapping was the smoothest gesture with the least 

errors in both simple and complex tasks, while the Circling had the highest error in the 

simple task. However, the most errors happened with the Pushing during the complex 

task on the action of closing a window. 

•Push 

•Circle 

•Tap 

•Pinch 

Pic opened Pic resized Pic moved Pic closed 

Figure 5.15. Gestures errors in simple task. 

Doc Pic2 Pic2 Doc Comp Comp Comp Comp 

opened opened closed closed opened moved closed moved 

Push 

Circle 

Tap 

Pinch 

Figure 5.16. Gestures errors in complex task. 
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This study compared finger-based gestures with arm-based gestures in two different 

settings of simple and complex tasks on a large-scale display. Combined UI makes more 

attentive and immersive than the UI solely controlled by one type of gestures. 

5.4. Sources of Error 

Although we have attempted to design and carry out this research as precise and robust as 

possible, the results of this study are still on the subject of improvement by decreasing the 

effect of errors. The sources of possible errors/inconsistencies involving in this project 

are as following: 

• Users (lack of familiarity with gestures) 

• User interface design 

• Software/API's efficiency 

• Equipment's capability 

• Gestures definition/selection 

• Gesture recognition algorithm 

5.5. Users' Comments Summary 

As it has been explained before, our questionnaire had a final part for the participants' 

comments (Appendix D) to share their opinions about the strengths and the weaknesses 

of using our gestural desktop application comparing to the conventional mouse-based 

application, after they have tested our prototype. Some of these comments, e.g. the effect 

of fatigue or naturalness factors, have been approved in our hypothetical analyses or been 
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observed in our statistical graphs, e.g. the four primitive tasks satisfaction. This section 

summarizes their comments about the gestures as following: 

• Freedom to move. 

• Natural, convenient and attractive. By getting used to the environment it can be 

more convenient than a mouse. 

• A good way to exercise during work. 

• A more immersive experience. 

• Probably better for your wrists (carpal tunnel, etc.). 

• Arm gesture application is good for users with disabilities, e.g. not having fingers. 

• Wireless mouse, having the same range of operation as gesturing, still requires 

flat surface to move the pointer. Not all flat surfaces comply with a laser or track 

ball mouse. 

• Very helpful and feasible for some special purposes. 

• Very interesting to be applied in seminars and big classrooms. 

• It's more fun and exciting than just using a mouse. 
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Chapter 6: Conclusion 

The evolution of computer technologies have facilitated new ways of interaction between 

human and machine with a focus on robust and reliable approaches for more "natural" 

input methods, and particularly those through body motion tracking. The vision-based 

gesture recognition, the topic of this thesis, is one of these methods. 

Although there has been considerable amount of research on this topic, there is a 

significant lack of standardization, inter-API compatibility, and especially usability 

analysis, for HCI methods using vision-based arm and hand gestures. 

This thesis reviewed a series of alternative methods to replace the traditional way that 

human interact with a computer. The primary objective of this project was design and 

development of a prototype that enables users to use vision-based hand/arm gestures to 

perform common desktop operations like opening files, moving/resizing windows, etc. 

Our second objective was to perform a usability study in order to answer a series of 
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questions and verify some hypotheses. This research has the following major 

contributions: 

• A new gesture-based interface has been presented that provides a new way for 

controlling a simulated desktop by two sets of finger and arm gesture commands 

within a three dimensional environment. Employing the Kinect depth camera and 

OpenNI has secured our system with high stability and efficiency, while designing a 

capable algorithm using NITE and OpenCV has enabled our prototype to recognize 

the arm and finger gestures effectively. 

• Our choice of gestures implemented in the system is based on the theory of bi-manual 

gestures activities [82]: the preferred gestures are used where precision/satisfaction is 

necessary. The tasks are performed more natural, easily, and in some points faster 

using the combination of the three sets of controllers: mouse, arm gestures, and finger 

gestures. 

• Finally, through a comprehensive and hypothetical user experiment we compared our 

natural defined gestures (finger and arm) to each other and also to the conventional 

input devices (mouse/keyboard), in two different settings (desktop and big screen 

displays), and during two sets of tasks (simple and complex) for precision, efficiency, 

easiness, pleasantness, fatigue, naturalness, and overall satisfaction to verify the 

following hypothesis: the gesture-based input is superior to mouse/keyboard when 

using big screen; and the finger-based gesture input is superior to arm-based in the 

long term of use. Moreover, our experiment has analytically proved that using 

gestures on a big-screen display is more natural and pleasant than using a 

mouse/keyboard in a HCI. On the other hand, arm gestures are more fatiguing than 
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mouse, although using the finger gestures have improved the results by reducing the 

fatigue factor comparing to the arm gestures. 

Multi-user, multi-modal, and multi-dimensional interaction to the computer using new 

hardware technologies such as cameras, microphones, haptic devices, and olfactory 

sensors provide efficient, intuitive, and natural communication between human and 

machine. 

There are a few efforts that can be undertaken to improve our prototype system. The 

current prototype only supports single hand gestures for interaction. Hence, multiple 

hands gesture interaction can be proposed in order to have more gestures available, 

reduce the error rate, and ultimately increase the accuracy, speed rate, and user 

satisfaction, while more hand postures will be selected to support the controlling 

activities. However, a robust approach in hand gesture recognition is necessary since the 

multiple hands increase the computational costs and complexity of the system. 

The new technology and tools such as Kinect have also added the capabilities of using 

various media, e.g., multi-array microphone, RGB camera, and laser depth sensor 

simultaneously. Therefore, employing the two last components of Kinect in gesture 

recognition will increase robustness in vision-based HCI. Moreover, a combination of 

gesture recognition, voice recognition, and perhaps haptic feedback will enhance the 

competency of natural human-computer interaction in a system. Finally, proper usability 

studies are also required to better understand the effects of multi-modal interactions and 

how/where they fit. 
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Appendix A 

Technology in Microsoft Kinect depth camera [65]: 

Kinect was developed on software-based internally by Microsoft Game Studio, and on 

camera range technology-based by PrimeSense company which developed it through a 

3D scanner system called Light Coding. Kinct has a motorized base to direct its sensor 

toward a desired position. It also has three components - RGB camera, depth sensor, and 

multi-array microphone - with proprietary software which enables the device to 

recognize the face/facial gestures, capture full body 3D motion, and identify voice. The 

depth sensor includes an infrared laser projector and a monochrome CMOS sensor 

employed to capture 3D video data under insufficient ambient light conditions. The depth 

sensing range is adjustable, and a special software automatically calibrates the sensor 

based on the physical environment. 

Microsoft has stated that their Kincet SDK can track up to six persons (as many people as 

can be fit in camera's field of view in PrimeSense Kinect SDK) simultaneously including 

two main players, and extract the features of 20 joints per player for skeletal tracking. 

Some characteristics of Kinect sensor are as following: 

• Frame rate of output video = 30Hz 

• Resolution of input video stream for RGB camera = 8-bit VGA (640x480), Bayer 

color filter 

• Resolution of input video stream for depth sensor = 11-bit VGA (640x480), 

monochrome, with 2048 levels of sensitivity 

• Practical ranging limit = 1.2m - 3.5m (with Xbox software) 

• Required area to play = 6m2 
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Range of tracking = 0.7m - 6m 

Angular field of view = 57° horizontally, 43° vertically 

Range of tilting by motorized base = 27° either up or down 

Field of view and resolution at the minimum distance of 0.8m = 87cm 

horizontally, 63cm vertically, and 1.3mm per pixel 

Microphone array features = four capsules, with 16-bit and 16kHz for each audio 

channel 
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Appendix B 

Comparing Microsoft Kinect SDK and PrimeSense OpenNI SDK [64]: 

Microsoft's Kinect SDK (Beta) 

Pro: 

• support for audio 

• support for motor/tilt 

• full body tracking: 

• does not need a calibration pose 

• includes head, hands, feet, clavicles 

• seems to deal better with occluded joints 

• supports multiple sensors 

• single no-fuss installer 

• SDK has events for when a new Video or new Depth frame is available 

Con: 

• licensed for non-commercial use only 

• only tracks full body (no mode for hand only tracking) 

• does not offer alignment of the color and depth image streams to one another yet 

• although there are features to align individual coordinates 
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• and there are hints that support may come later 

• full body tracking: 

• only calculates positions for the joints, not rotations 

• only tracks the full body, no upper-body or hands only mode 

• seems to consume more CPU power than OpenNI/NITE (not properly 

benchmarked) 

• no gesture recognition system 

• no support for the PrimeSense 

• only supports Win7 (x86 & x64) 

• no support for Unity3D game engine 

• no built in support for record/playback to disk 

• no support to stream the raw InfraRed video data 

• SDK does not have events for when new user enters frame, leaves frame etc 

PrimeSense OpenNI/NITE 

Pro: 

• license includes commercial use 

• includes a framework for hand tracking 

• includes a framework for hand gesture recognition 

• can automatically align the depth image stream to the color image 

• full body tracking: 
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• also calculates rotations for the joints 

• support for hands only mode 

• seems to consume less CPU power than Microsoft Kinect SDK's tracker 

(not properly benchmarked) 

• also supports the Primesense and the ASUS WAVI Xtion sensors 

• supports multiple sensors although setup and enumeration is a bit unusual 

• supports Windows (including Vista and XP), Linux and Mac OSX 

• comes with code for full support in Unity3D game engine 

• support for record/playback to/from disk 

• support to stream the raw InfraRed video data 

• SDK has events for when new User enters frame, leaves frame etc 

Con: 

• no support for audio 

• no support for motor/tilt (although we can simultaneously use the CL-NUI motor 

drivers) 

• full body tracking: 

• lacks rotations for the head, hands, feet, clavicles 

• needs a calibration pose to start tracking (although it can be saved/loaded 

to/from disk for reuse) 

• occluded joints are not estimated 
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• supports multiple sensors although setup and enumeration is a bit unusual 

• three separate installers and a NITE license string 

• SDK does not have events for when new Video or new Depth frames is available 
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Participant # 1 
Mouse/keyboard Arm gesture 

Desktop Big-screen Desktop Big-screen 

Mobility 
Simple Complex Simple Complex Simple Complex Simple Complex 

Combination 

Fatigue 

Natural 

Pleasant 
Satisfied 

Rank 

Circle 

Click 

Release 
Rank 

Circle 
Click 

Release 

Rank 

Circle Move 

Click 

Rank 

Close Circle 
Click 

Release 



Participant # 1 
Finger gesture Arm gesture 

Desktop Big-screen Big-screen Desktop 

Mobility 
Simple Complex Simple Simple Complex Simple Complex Complex 

Combination 

Fatigue 

Natural 
Pleasant 
Satisfied 

Rank 

Circle 

Pinch 

Rank 

Circle Resize 

Pinch 

Rank 

Circle Move 

Pinch 

Rank 

Close Circle 

Pinch 



Appendix D 

Extra questions and comments replied by participants: 

What they like the most about this hand gesture application: 

• Freedom to move and mobility. 

• User has more flexibility. 

• Natural, convenient and attractive. It is more natural in comparison to mouse. By 

getting used to the environment it can be more convenient than a mouse. 

• It is a good way for having exercise during work, while this is not possible with 

mouse. 

• The hand gestures "push" for opening and closing an icon or a window, and 

"circle" for moving or resizing. 

• Creates a more immersive experience when interacting with application. 

• Probably better for your wrists (carpal tunnel, etc.). 

• Advantage of arm gesture application is for users who have disabilities, e.g. not 

having fingers. 

• Arm gesture can enable many applications to be easier. 

• Resizing and moving was enjoyable. 

104 



Interacting alternative to mouse especially at long ranges, e.g. wireless mouse 

having the same range of operation as gesturing still requires flat surface to move 

the pointer. Not all flat surfaces comply with laser or track ball mouse. 

The user is kind of detached from the system and can act independently. The arm 

gesture application increases the flexibility and multi-dimensionality of the user's 

movements and actions. 

It seems that it can be very helpful for some special purposes. Feasibility seems to 

be very important factor here. 

It can be very interesting to be applied in seminars, big classrooms and 

presentations. 

It's more fun and exciting than just using a mouse. 

Multiple possible user inputs. 

Wireless and Intuitive. 

Finger gestures were quite simple as it is a natural gesture to grab with these two 

fingers and click with the index finger. 

Feasibility, easy to use, pleasurable. 

Natural gestures of fingers and flexibility of the arm. 

Easy to understand the procedure and application. 

Interesting and useful for people who require help. 
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What they like the least about this hand gesture application: 

• Initial practice and instructions. Once practice is done, it is very comfortable. 

• Hand fatigue, arm gets tired, though this would probably lessen over time. Due to 

lack of experience you may feel tired and fatigue. 

• Hard to close a window. The visibility was not good when using big screen. 

• In my view, it would hurt the eyes somehow unless the color and the size of the 

icons would be changed for a better and clearer distinction. The size of the screen 

and icons in regards to my distance from the screen. I would rather like a bigger 

icon size and different colors. 

• It is better to be more sensitive like the mouse. 

• Pushing with the arm gesture was not pleasant. 

• Using the big screen in a grey background, reduce the visibility. 

• Jittery nature or pointer on the screen especially during the movement, e.g. 

making a circle with hand produces something else on the screen. 

• Zoom in/out. Use of fingers as oppose to full hand. 

• For scaling, a user preferred to do something like stretching and not by drawing 

circles. 
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• Arm fatigue is a big problem because it limits the length of time you can use the 

application. 

• Large open space required for use. 

Some other comments: 

• It depends to my needs. I would prefer to have an option of the two applications 

(mouse and gestures) at the same time, at the same level. 

• A user told us to make it easier and more sensitive to close a window, picture or 

an icon. As the "close" button is small and it is hard to move the pointer precisely 

to the specified button. 

• Mouse is not as fun as wireless (gesture). 

• Opening function, needs to press "Enter" key (double-click is more preferred). 

• Wireless (gesture) and big-screen is good, but mouse and big-screen is not as 

comfortable. 

• Wireless (gesture) function is fun and innovative, and it is definitely cool and a 

new way. 

• Adding user guide instructions for gesture to make it effortless, e.g. fixing elbow. 

• After practice, gesture is much easier. 

• Remote (gesture) with big-screen is the most fun. 
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Instructions with user guide helped a lot. 

A participant suggests adding more functionality to both desktop interface and 

hand gesture. 

Another participant would like to see an option to active or de-active the pointer 

tracking due to hands fatigue. He would like to adjust his hand position after de

activating the pointer (like mouse pad). 

Some of the participants told us that the application needs to have more options, 

e.g. menus. 

Instead of circle motions, either a push to "grab" a window (for moving or 

resizing), or actually recognizing a grab or pinch gesture would be more intuitive. 

It could be nicer if the pointer on the big-screen was somehow different and kind 

of matching with our action, e.g. when we want to move an icon, the pointer was 

like two fingers trying to grab the icon and move it. 

People that use mouse and keyboard for a long time may get disordered for 

overusing, so arm gesture can solve this problem. 

If you put extra movement for dropping, it would be easier, e.g. suppose by 

moving hand backward, you drop the icon. 

Most students have not used such an application before, so by practicing it would 

become easier for them. 
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It is much better if you improve the push button feature in gesture. When we want 

to draw a circle, it is nice to have a sound recognition and before starting to draw 

a circle be able to say the word "shape" and then a line appear on the screen and 

follow the pointer. The benefit of this functionality is to help you better draw the 

shape. 

Stability of pointer should be better. 

Finger gestures in combination with hand gesture and multiple fingers operation 

is recommended. 

Maybe larger icons on the big screen and different color for each icon. 

The color and the size of icons should be selected in a way that they would be 

easy to be pinpointed by the eyes. It would be preferred to use fingers instead of a 

hand only. Using both hands and fingers simultaneously would also increase the 

feasibility of the actions. 

Need to be more sensitive, gripping tools be more intuitive, so arms gets tired, 

and hyper extension and overreaching painful, it should respond to smaller 

movements so arms do not get tired/reaching. Haptic feedback, to know if user 

had clicked something. Better to catch both hands movements instead of having to 

transfer. 

It can be a lot easier if fingers can be used instead of the whole hand and it would 

get more time efficient with the fingers involved. 

Right-click capability. 
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Gestures for "Shift", "Control" and "Alt" buttons. 

Improve the user interface design. 

Must have: capability to use mouse upon request. Nice to have: capability to 

switch arm/fingers based on user preference. 

Would be simpler and most natural to use fisting for the arm gestures to grab. 

Resizing should be done using any four corners. 
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Appendix E 

The internal process of gesture recognition through a HCI application includes the 

following steps [83]: 

• Look at how they are created from a sensor 

• How to filter out the noise and disturbances to enhance features 

• How to calibrate cameras and sensors to improve accuracy 

• How to estimate registration between data seen from various views 

• How to extract information from images (e.g. edges, contours, lines, objects) 

• How to segment images in each of its components (e.g. objects) 

• How to recognize specific objects and estimate their properties 

• How to compute 3D information from 2D intensity images (e.g. stereoscopic 

vision, structured lighting, shape from shading) 

• How to detect and represent movement in images 

• How to track moving objects in images 

• How to build virtual representations from images (e.g. models) 

• How to apply imaging to robotic and autonomous systems (e.g. quality 

inspection, pose estimation, visual feedback, path planning, automatic 

surveillance, biometric recognition, etc.) 
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Theoretical Support 

In this section, to elaborate the above mentioned internal steps, we review some existing 

theoretical details [83] that we have used directly/indirectly in our prototype design. 

Perspective Projection 

Using the pinhole camera model, simple equations can be derived to represent the 

projection of an object surface point on the image plane. 

p 
A / y 

I/\ 

* f / •  

/  
V 

t 

Figure E.l. Perspective projection. 

L= rl 
z r 

(4) 

(i.ya) 

Figure E.2. Image and scene planes. 

r> = V(*')2 + {y'Y r = Jx2 + y2 (5) 
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Combining our equations from similar triangles: 

x' _ yt _ r> _ f 

x y r z 
(7) 

We get the direct perspective projection equations: 

(8) 
Z 

And on the image plane, the z' coordinate is always: 

z ' =  f  (9) 

The direct perspective projection equations can be rewritten as follow: 

x _ z — y 
X f ~  7 y t  

Placing (x, y, z) in evidence, we get the inverse perspective projection equations: 

Unfortunately, with the direct and inverse perspective projection equations the position of 

the image point has a nonlinear relationship with the coordinates (x, y) of the object 

surface point (it depends on both f and z). 

Weak Perspective Camera 

In order to linearize the relationship between the coordinates of the image point and the 

object surface point, we can make the assumption that the distance between two points in 

the scene is much smaller than the average distance, z, between the object and the 

camera. This implies that the shape of the object is relatively smooth. In this case, we 

approximate the perspective projection by the following: 
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As z is now a constant, we obtain a linear relationship between the image point and the 

scene point that depends only on the focal length. 

Perspective Projection as a Homogeneous Transformation 

We consider the coordinates of the image point,(x',y',z'), as an homogeneous 

coordinate vector, [3i',y',z',w']T .  The coordinates of the object surface point ,(x,y,z), 

can also be written as an homogeneous coordinate vector, [3c, y, z, w ]T, where the weight, 

w , is equal to 1 as this point is a coordinate point in real 3D space. We can represent the 

perspective projection as following: 

• r  X 
f = p y  
z' z 
vv'. .1. 

10 0 0 
0  1 0  0  
0  0  1 0  
0 0  |  0  

(13) 

This matrix product leads to: 

•r X 
f y  
z' z 

.w'. z / f .  

(14) 

We note that the weight of the projected point, w', is not equal to 1 as this is not a 

coordinate point in 3D space. The projection operation introduces some distortion in 

world representation (3D on 2D) that appears as a scaling factor. Ultimately, we get: 

'—7 
X 

y' = 

(2//) 

(2//) 

fx 
z 

fy 

z 

(15) 

(16) 
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z (17) 
(z/f) z 

Therefore, the direct perspective projection operation can be defined as a 4x4 matrix P: 

This matrix cannot be inverted as its determinant equals zero. The definition of the 

projection matrix P also depends on where the origin of the reference frame (0,0,0) is 

located. 

Perspective Projection with Multiple Reference Frames 

Assuming a calibrated camera (to find out where are the center of projection and image 

plane with respect to the casting), we need to use two reference frames: 

• One reference frame with respect to which image points are defined (camera 

centered frame). 

• One global reference frame with respect to which everything (including the 

camera reference frame) is defined. 

Assuming that we know where is the camera with respect to the global reference frame. 

These two frames and the relationships between them are illustrated by the means of a 

transformation graph as shown in Figure E.3. 

r l  0 0 0] 
0  1 0  0  

p= 0  0  1 0  

0 0 J 0 

(18) 
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Figure E.3. Relationships between camera and global reference frames. 

To complete the coordinates of the image point, (x ' , y ' , z '), one must first find out the 

coordinates of this point with respect to the camera reference frame and then apply the 

projection operation. 

( x c , y c,Zc)\Rcamera 
(19) 

And then apply the projection operation: 

V — P Vcamera — P Qcamera/global "global (20) 

Where: 

v' = (x',y',z',w') is the image point, vcamera = (xc,yc,zc, 1) is the object point w/r to 

Rcamera > and vglobal = (x,y,z, 1) is the object point w/r to Rglobai • 

Motion 

Assuming that the camera is located at the origin of the reference frame, each image is 

represented by a matrix of intensity pixels: 

(21) 
I(x,y, t) 

It is important that we know the time, t, at which the image has been collected in order to 

eventually estimate the magnitude of the movement (flow of movement). 
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Because we are working with only 2D projections (orthographic or perspective), only the 

characteristics of a motion restricted to a plane, that is parallel to the image plane, can be 

estimated quantitatively. 

Generic 3D motion can be detected but estimated only quantitatively. 

As motion analysis is usually based on intensity variation, any illustration change in a 

scene has the same effect as moving objects. 

Motion Detection 

The simplest procedure to detect motion between two or more successive frames is to 

compute the difference in the intensity level of corresponding pixels between these 

images. 

A simple detection algorithm looks like: 

The result is a motion image where '1' pixels correspond to moving points in the scene 

while '0' pixels are fixed points. 

A proper registration between images is required for this approach to be reliable. 

This algorithm is highly sensitive to noise in images and to illumination variations 

between ti and t2. 

In general, more '1' pixels appear in the resulting image than the number of actually 

moving points in the scene, create ghost effects. 

More robust techniques for motion detection examine the variation in local intensity 

distribution rather than pixel-based differences. 

Pixels are first grouped into small non-overlapping clusters. 

Motion = j* 
1, if \I(x, y, ti) — l(x,y, t2)| > threshold 

(22) 
Otherwise 
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Next, the average and variance of intensity level of pixels in each cluster is computed: 

1 vN H, = i 

; £?U('y(t) - ft); 

A variation function between two successive frames is computed: 

2 ,  , 2  
^1±£Z + (^l~"2)2 

"lff2 

Finally, the motion detection is completed by a thresholding operation: 

P' to. Motion 
if X> threshold 

Otherwise 

(23) 

(24) 

(25) 

(26) 

Motion and Segmentation 

A scene in which some objects are moving can be segmented into subparts. Each subpart 

is associated with a specific movement, usually corresponding to one object or a group of 

objects having the same behaviour. A stationary region includes the background (for a 

fixed camera) and all fixed objects. As with static scene, segmentation of moving scene 

can be based on edge detection. However, intensity changes that result in edges, so called 

moving edges, now depend both on spatial variations and on temporal variations. Moving 

edges can be detected by a combination of the temporal and the spatial gradients. The 

spatial gradient is defined as for static images. 

G ( l ( x , y ) )  =  
16,1 

d£ 
dx 
dl_ 

Ay. 

(27) 

With: 
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|G(/(x,jO)| = Jg* + Gj , a(l(x,y)) = atan (|j-) (28) 

The temporal gradient is: 

cm) - e. -1 (29) 

Combining both components: 

G(/(*,y,t)) = (?(/(*, y)).G(J(t)) (30) 

The product of the two gradient behaves like an AND operator. Conventional edge 

detectors can be used to compute the spatial gradient, e.g. Roberts, Sobel, Canny 

(adaptive threshold on this research). 

A difference operator is used to compute the temporal gradient: 

Once moving edges are detected, they can be grouped to delimitate the contours of 

moving objects. 

In some applications, objects must be tracked over a sequence of frames. When a single 

moving object is involved, it is relatively easy to detect it in each frame and then to 

estimate its relative displacement. When more than one object is moving, partial 

recognition of objects is required to determine which part of the image the tracker must 

be applied to. Recognition of objects is a complex task usually based on feature 

extraction that is lengthy and not fully reliable. Also the tracking problem can be 

simplified by applying the concept of trajectories. 

Motion = |*' 
if - l{x,y,t2)\ > threshold (31) 

Otherwise 

Tracking 
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Figure E.4. A trajectory is a virtual or mathematical encoding of a series of positions 

and orientations that an object visits over the time. 

Assuming that objects move in a smooth way, the relative displacement between 

successive frames should not be very large. Moreover, due to inertia, the motion of an 

object cannot change instantaneously. Therefore, their movement can often be modeled 

by simple equations that represent their displacement over the time. 

If the trajectory of an object is represented by: 

T ,  =  l X a , X a  X , „ ]  ( 3 2 )  

The tracking is based on the assumption that the object should stay close to this 

trajectory. Then a division function can be computed to facilitate the search of the object 

in the next few frames based on past localizations. 

= /C*i(fc-1) *,(*).*.(*) ^i(k+l)) 

The correspondence problem between the previous frame and the new one can be solved 

by minimizing this deviation function. 

If many objects are moving and need to be tracked, a combination of such deviation 

functions need to be defined but matching is much more difficult and objects tend to be 

mixed one with another. 

Occlusions (partial or complete) also remain an important problem. 
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Segmentation from Contours 

If the segmentation is to be based on pixels lying on region boundaries, an edge detection 

step can be applied first. Neighbour edge pixels are then connected together to create 

contour (on a pixel by pixel basis or with curve fitting). 

Once the contours are discovered, attempts are made to create a close contour 

representation for object. 

In practice, contours are rarely complete and can hardly be connected one to each other to 

create a close contour. As a result, image regions or segments are an approximation of the 

actual object projection on the image plane. This approximation in the object 

representation introduces errors in the object properties estimation that have an important 

impact in any subsequent classification and recognition task. 

Active Triangulation 

Triangulation is a widely used approach in the estimation of distance with sensors. 

Triangulation is used under different forms by active range sensors. This system requires 

its own source of light (forming a specific pattern on the object), and often the light 

source is laser. The light source is located at a distance 'b' (called the baseline) from the 

center of projection of the camera. A CCD intensity camera is used to collect images 

from which the projection of the light pattern is analyzed to estimate the distance. 
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light or laser 
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Figure E.5. Active triangulation. 

From the figure we can write: 

tan 6=^-x (34) 

Using the direct perspective projection equations: 

z 

Combining the first and the second equations: 

y = i  y  (36) 

tan 0 = -4a = -g^f = Jz (37) 
b+X£ bf+xZ b f + X Z  

(38) 

That we can rewrite as: 

b f . tan 0  +  x Z .  tan 0  =  f Z  

Placing Z in evidence: 

b f .  tan 0  = f Z  -  x Z .  tan 0  =  Z  ( f  -  x .  tan 0 ) (39) 

_  b f  tan 0  _  b f  _  b f  

f - x .  tan0 — L —x  f . c o t O - x  (^0) 
tanfl 
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Replacing X and Y with this expression for Z in the first and second inverse perspective 

projection equations: 

xbf b X = — = 
/  f (J .cotQ-x) f .cotO-x 

. X  

Y = y— = ybf 

f (J .cot 9- x) f .cot 0- x 

(41) 

(42) 

Therefore, we can estimate the position of a point P(X, Y,Z) on the object surface as a 

f u n c t i o n  o f  t h e  p o s i t i o n  o f  i t s  i m a g e  o n  t h e  i m a g e  p l a n e  p ( x , y , f ) .  

[X 
Y 

L Z 
f .cot 0- x 

X 

y 
L/J 

(43) 
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Appendix F 

User satisfaction data in arm-mouse experiment (average ranking for all 20 participants) 

are shown in the following tables: 

Table F.l. Questions for simple/mouse/desktop. 

simple/niouse/desktop 
1 to 5 (1 for absolutely unsatisfied, and 5 for 

extremely satisfied 

How much fatigue did it cause? 

How pleasant was it? 

Table F.2. Questions for simple/mouse/big-screen. 

simple/mouse/big-screen 
1 to 5 (1 for absolutely unsatisfied, and 5 for 

extremely satisfied ) 

How much fatigue did it cause? 

How pleasant was it? 
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Table F.3. Questions for simple/gesture/desktop. 

simplc/gesturc/dcsktop 
1 to 5 (I for absolutely unsatisfied, and 5 for 

extremely satisfied ) 

How much fatigue did it cause? 2.45 

How pleasant was it? 3.65 

Table F.4. Questions for simple/gestu re/big-screen. 

1 to 5 (1 for absolutely unsatisfied, and 5 for 
simple/»estu re/big-screen 

extremely satisfied ) 

How much fatigue did it cause? 2.3 

How pleasant was it? 
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Table F.5. Questions for complex/mouse/desktop. 

complex/mouse/desktop 
1 to 5 (1 for absolutely unsatisfied, and 5 for 

extremely satisfied ) 

How much fatigue did it cause? 1.45 

How pleasant was it? 

Table F.6. Questions for complex/mouse/big-screen. 

1 to 5 (1 for absolutely unsatisfied, and 5 for 
complex/mouse/big-screen 

extremely satisfied ) 

How much fatigue did it cause? 1.55 

How pleasant was it? 3.25 
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Table F.7. Questions for complex/gesture/desktop. 

eomplex/»esture/desktop 
I to 5 (1 for absolutely unsatisfied, and 5 for 

extremely satisfied ) 

How much fatigue did it cause? 

How pleasant was it? 

Table F.8. Questions for complex/gesture/big-screen. 

1 to 5 (1 for absolutely unsatisfied, and 5 for 
complex/gesture/big-screen 

extremely satisfied ) 

How much fatigue did it cause? 2.6 

How pleasant was it? 3.8S 
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Table F.9. User satisfaction for primitive tasks. 

Satisfaction 

1 to 5 (1 for absolutely 

unsatisfied, and 5 for 

extremely satisfied ) 

Mouse/keyboard 

Mouse/keyboard 

Mouse/keyboard 

Mouses/keyboard 

User satisfaction data in arm-finger experiment (average ranking for all 10 participants) 

are shown in the following tables: 

Table F.10. Questions for simple/finger/big-screen. 

simple/finger/big-screen 
I to 5 (1 for absolutely unsatisfied, and 5 for 

extremely satisfied 

How much fatigue did it cause? 

How pleasant was it? 
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Table F.ll. Questions for simple/arm/big-screen. 

simple/arm/bi«-scree» 
1 to 5 (1 for absolutely unsatisfied, and 5 for 

extremely satisfied ) 

How much fatigue did it cause? 

How pleasant was it? 

Table F.12. Questions for complex/finger/big-screen. 

1 to 5 (1 for absolutely unsatisfied, and 5 for 
coinplex/finger/bi«-screen 

extremely satisfied ) 

How much fatigue did it cause? 4.5 

How pleasant was it? 4.5 
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Table F.13. Questions for complex/arm/big-screen. 

complex/arm/big-screen 
1 to 5 (1 for absolutely unsatisfied, and 5 for 

extremely satisfied 

How much fatigue did it cause? 

How pleasant was it? 

Table F.14. User satisfaction for primitive tasks. 

I to 5 (1 for absolutely 

unsatisfied, and 5 for Satisfaction 

extremely satisfied ) 
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