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The current deliverable is one of the outputs of work package WP4: Dynamic and Personalized 

Game Elements for Prosocial Learning. It is a public document focusing on the Deliverable 4.5: 1
st

 

Natural Game Interactions. This document will be made available on the project website for external 

parties interested in techniques for natural interaction in games. It is hoped that the report will assist 

interested parties in understanding the importance of natural interactions for serious games and 

identify the suitable NGI technique(s) for the design and development of games and similar 

applications. Specifically, we intend this document to be a useful reference for future game designers 

and developers undertaking the task of creating games for the ProsocialLearn platform, in selecting 

and utilizing the appropriate NGI controllers. Towards this end, a variety of NGI techniques, capturing 

methods and algorithms are examined. 

In this report, the role and functionality of natural game interactions in contrast to traditional 

interactions are thoroughly examined. Νatural interactions based on both touch gestures and mid-air 

gestures are presented and a detailed overview of gesture based interactions is presented with 

reference to advantages, limitations, requirements, design principles and future trends.  Great 

emphasis is placed on the ways users can intuitively interact with games, since these could find 

application in ProsocialLearn games. Sufficient scientific literature works are presented to support 

this analysis as well as the selection of the proposed algorithms for gesture recognition tasks. Based 

on the literature analysis, we present the specific requirements for the design of gesture based 

interactions systems and we present how these requirements could be met regarding the design and 

development of NGI controllers for ProsocialLearn platform. 

  

Executive summary 
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1 Introduction 

This section provides detailed information about the purpose, scope and structure of the document 

as well as the intended audience of the document. 

1.1 Purpose of the document 

The aim of WP4 is to develop and enhance leisure game and related technologies so that they can be 

used for prosocial game design and development. All tasks will select, enhance, configure and fine-

tune game technologies considering input handling, game mechanics and graphical elements. The 

enhancements will focus on supporting games of prosocial character, and adaptive and personalized 

interactions to optimize student learning potential. The components developed in WP4 including 

artificial intelligence algorithms for personalized prosocial games supporting offline and online 

adaptation, collection of game mechanics for prosocial skills acquisition, game interface controllers 

support natural game interaction based on gestures and virtual characters, capable of conveying 

prosocial messages, will be delivered to WP5 for integration into the ProsocialLearn Platform.  

This document will focus on natural game interactions based on gesture controlled interfaces (GCI), 

offering a review of capturing methods, design principles, recognition algorithms and examining 

which of these could be used for ProsocialLearn game interactions and why. Future deliverable D4.6 

will continue this work presenting in detail the controllers for natural game interaction that will be 

incorporated in ProsocialLearn Platform. 

1.2 Scope and Audience of the document 

The dissemination level of this document is public.  

The current deliverable constitutes the introductory document for Task 4.3, which will provide a 

detailed introduction concerning natural game interactions, building a strong background that will 

lead to the selection of specific techniques and approaches for the design of NGI ProsocialLearn 

system that will be presented in detail in deliverable D4.6 concluding the task 4.3. 

In this deliverable, we will describe traditional and natural interactions for game applications. 

Interaction techniques based on touch-based NGI will be presented, while special emphasis will be 

given on mid-air hand and body gestures based NGI that can provide useful information related to 

the affective state of the user, as shown in D3.2 “1
st

 Prosocila Affect Fusion and Player Modelling”. 

We will elaborate on gesture recognition algorithms providing a thorough scientific background for 

each algorithm, focusing on the proposed gesture recognition techniques for ProsocialLearn NGI 

modules; dynamic time warping, SPRING, Hidden Markov Models and Hidden Conditional Random 

Fields. Related references will be given to support our choices. Furthermore, specific requirements 

and approaches to gesture based modules design will be reviewed carefully in order to conclude with 

the selection of the approaches that could be used for the development of our NGI controllers. 

Preliminary experiments assessing some of these techniques will also be presented in order to 

solidify our approach and proceed steadily to the development of the final NGI modules. 

1.3 Structure of the document 

This document contains the following key sections, conveniently detailed in the list below: 

Section 1: Introduction – an introductory section, i.e. this present section, which describes the WP as 

a whole, as well as the main purpose of the Task that generated this document. 



 

30/06/2016 | ProsocialLearn | D4.5 1
st

 Natural Game Interactions 

 

  Page | 9 

 

Section 2: Natural Game Interactions – this section will present the evolution of game interactions, 

starting from traditional interactions based on keyboard, mouse and joystick and concluding with the 

novel ways of game interactions which are based on gesture controlled interfaces using state-of-the-

art sensors and computer vision techniques.  

Section 3: Gestures and body movements based interactions – in this section, a wide variety of 

topics related to gesture controlled interactions (GCI) will be presented. Starting with an introduction 

concerning gestures classification and gestures capturing techniques, we will proceed with the 

advantages and limitations of GCI, the design principles for GCI interfaces and current trends and we 

will conclude with an overview of selected gesture recognition algorithms. 

Section 4: ProsocialLearn gesture-based interaction system – the aim of this Section is to present 

initial developments that will ensure that game interactions modules are available and robust for 

integration into ProsocialLearn NGI system. 

Section 5: Conclusion – this section presents the conclusion of the document. 
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2 Natural game interactions  

Throughout the history of video games, one of the most important aspects has been the controller. A 

game controller is typically a device, which is used with games or entertainment systems (video game 

consoles) to mainly provide input to a game (i.e. such as controlling a game character or navigate the 

game’s menus), but more recently, also allow users to perform a variety of home theatre activities, 

such as viewing pictures, stream movies and record digital content [Natapov et al, 2009]. Controllers 

are an important aspect of video game play experience, as they are the primary piece of hardware, 

with which the players interact the most, and is by far, the most memorable component [Lu, 2003]. A 

controller is typically connected to a game console or home computer by means of a wire or cord, 

with wireless technology gradually taking over after the first wireless controllers were introduced in 

the mid-2000s. Input devices that have been classified as game controllers include keyboards, mice, 

gamepads, joysticks, steering wheels and light guns, with motion sensing hardware and touch-screen 

interfaces gradually rising in gaming market due to the rising popularity of consumer-grade gaming 

devices such as the Microsoft Kinect and technology integration in modern day “smart surface” 

devices (e.g. smartphones and tablets). In the remainder of this Section, we will present an overview 

of the current state-of-the-art in game controllers, making a clear distinction between traditional and 

natural game interactions.  

2.1 Traditional game interactions 

The electronic systems used for playing video games are known as platforms. Currently, the video 

game industry has narrowed down its focus on personal computers (PCs), video game home 

consoles, and mobile platforms due to their wide-spread availability, making the use of arcade 

cabinets (games usually encased in chassis frame that were particularly popular during the 80s) a 

form of dying art. In this document, the main characteristics of what we consider “traditional” game 

controllers is their reliance on analog and digital interfaces, requiring players to learn and use 

different constellations of joysticks and buttons to play the actual games. Players don’t therefore 

have a fully intuitive sense of orientation and action in digital game environments, and must thus 

invest time and energy to master the game control interface, all while learning the mechanics of the 

game. As an additional factor, we only consider the controllers, which gaming platforms 

endorsement agencies (i.e. hardware manufacturers, game software developers and final consumers 

- gamers) have standardized as the primary control configurations, singularly sufficient to unlock the 

full extent of input capabilities with the entire game catalogue intended for a particular gaming 

platform. Within this scope, traditional game interactions explored in this document will include the 

keyboard/mouse configuration for PC users and the home console gamepads (using prime examples 

but also including their numerous variations for use with the PC platform). Specialized hardware 

controllers intended for use with a single game, or game genre (i.e. steering wheels for driving 

games, light guns for shooting games, rhythm controllers for rhythm games etc.) are not considered 

for the remainder of this text, as each one of these controllers are more or less accessories, by which 

the experience of certain games and game genres can be enhanced beyond the use of the standard 

game controller, however still, these games can be played in full using such a controller. Throughout 

the remainder of this Section, we will refer to traditional game controllers simply as “controllers”. 

A computer keyboard and mouse are the most typical input devices for personal computers and are 

currently the main game controllers for computer games. Although these devices have been 

originally designed as a means of general computer input, recently hardware manufacturing 
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companies have specifically designed keyboard and mouse peripherals for gaming, usually 

embedding game-specific functions into the core design of the hardware (i.e. special keys, extra 

buttons etc.). When used within typical game context, the keyboard usually controls movement of 

the player character while the mouse is used for controlling the game camera or aiming. The latter is 

often used with a mousepad to achieve greater speed, comfort, accuracy and smoother movement 

for the gamer.  

Contrary to the keyboard/mouse tabletop configuration for providing input in games, the gamepad 

(also known as joypad, but more conventionally referred to as the controller) is a device designed to 

be held in both arms, with the player’s thumbs and fingers used to provide input. Since the release of 

the first home consoles and home computers, gamepad controllers have evolved to include features 

such as directional pads, multiple button configurations, analog sticks, joysticks and, most recently, 

touchpad interfaces. The locations of the various elements differ according to design and user 

testing, leading to unique controller designs being adopted by major video game console 

manufacturers. ¡Error! No se encuentra el origen de la referencia. shows the input specifications of 

the two best-selling video game consoles of the eighth (current) generation.  

Table 1. Input specifications of the PlayStation 4 DualShock 4 and Xbox One game controllers. 

 

  

 DualShock 4 Controller Xbox One Controller 

Manufacturer Sony Interactive Entertainment Microsoft 

Console PlayStation 4 Xbox One 

Input 

• 6-axis motion sensing (3-axis 

accelerometer, 3-axis gyroscope) 

• 2x Analog sticks 

• 2x Analog triggers (L2, R2) 

• 12x Digital buttons 

• Digital directional buttons 

• 2-point capacitive touchpad with 

click mechanism. 

• Digital D-pad 

• 2x Analog triggers 

• 2x Analog sticks 

• 11x Digital buttons 

• Wireless pairing button 

 

These differences in gamepad button configuration, as well as the overall interaction paradigm 

offered by the gamepad/keyboard-mouse input configurations usually fuel flaming debate on which 

platform is superior over its competitors in a variety of fora, game publications and head-to-head 

comparison videos, which constitute part of the so-called “console” or “platform wars”.  Discussion 

usually stems from player interaction factors such as hand-eye coordination and reaction time to 

game events, focusing on which configuration better satisfies these requirements to provide more 

direct control over the player’s actions. Recently, research addressing the influence of game 

controllers on the overall player experience has accentuated the challenge of integrating different 

interaction paradigms for console and PC users, while maintaining the core mechanics of a game the 
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same across all platforms [Gerling et al, 2011]. One of the game genres generally believed to benefit 

the most out of the keyboard/mouse PC configuration are the First Person Shooters (FPS), a genre 

which gave rise to some of biggest game franchises in the gaming industry. The orientation of a 

player in an FPS game requires methods to control both the position and direction of view of the 

player (e.g. aim) [Klochek & MacKenzie, 2006]. Throughout the years, FPS control in 

keyboard/mouse configurations has evolved to fit better ergonomic use, mapping the character’ 

movement on the W,A,S,D keys and enabling change of focus into all directions through a technique 

called mouse-look [Cummings, 2007]. This control scheme, shown in Figure 1, is a common setup for 

PC-based FPS games, which has since been adopted by multiple other game franchises, such as 3D 

action and driving games. On home consoles, the controllers’ dual analog sticks are used for 

forward/backwards movement and strafing (left stick) and free look adjustment of movement and 

aim (right stick). Furthermore, console FPS games usually enable features such as auto-locking on 

targets as an additional layer of assistance for players utilizing this control scheme. Critics of game 

consoles often blame this configuration for a lack of precise control, suggesting console hardware is 

less suitable for FPS games than a keyboard/mouse setup on PC. Similarly, the keyboard/mouse 

configuration has been criticized for offering counter-intuitive controls on other game franchises, 

such as sports and fighting games. Despite this sort of criticism, and perceived usability constraints 

reported by players when forced to switch control schemes for playing the same game, player 

enjoyment is not affected in a significant manner that would suggest one control scheme is more 

enjoyable than the other [Gerling et al, 2011]. 

 

Figure 1. Common keyboard/mouse control configuration in FPS games 

 

2.2 Towards natural game interactions 

Research indicates that levels of physical activity in youth are decreasing, with a significant increase 

in sedentary behavior pursuits [Currie et al, 2012]. This includes TV viewing, but in recent years 
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computer gaming has become an equally significant contributor to sedentary behavior. However, 

thanks to input controller developments in the recent years, a new form of digital entertainment 

called Exergaming was brought to the market. It is a combination of video gaming and physical 

exercise, in which the player communicates with the game or exercise class using a video camera or a 

movement input controller, e.g. inertia sensor or a dancing mat. In order for these exergames to 

influence physical development, designers developed systems to track and respond to players’ gross 

motor movements. Such interaction techniques, which mimic real world actions with a high level of 

fidelity, have come to be known as “natural” game interactions. The very first examples of games 

utilizing this sort of interaction pattern emerged during the 1980s (ranging from the “Atari Joyboard” 

to the “Nintendo Power Pad” and concept for the “Atari Puffer”), and grew in popularity in the late 

1990s  with Dance Dance Revolution [Johnson, 2008], a cost-effective exergame that produced 

significant caloric expenditure [Lanningham-Foster et al, 2006]. These foot-operated pads made foot 

movement an integral part of a commercially successful game. Progressive school systems even 

began offering DDR playtime for physical education [Schiesel, 2007].  

In today’s market, foot-operated pads have gradually given way to low-cost motion sensor 

technology to support natural user interaction. This technology uses a camera interface or controller 

device to transfer the player’s movement (or even, the player’s image) to the game screen 

[Lieberman, 2006]. Since the commercial breakthrough of the Nintendo Wii, an accelerometer-based 

remote control interface that uses a sensor bar to detect movement, commercially available 

“natural” user interface platforms have included the Microsoft Kinect for Xbox 360 and Xbox One 

(using a built-in sensor to track the player’s movements), PlayStation Move (using a camera and a 

motion controller), the Wii Fit (using a balance board along with the Wii-mote controller) [Tanaka et 

al, 2012]. Finally, the natural user interface spectrum presented in this report includes the multi-

touch interfaces provided by smart surfaces, such as smartphones and tablet devices (using GPS 

location tracking and a built-in movement sensor). 

In the following paragraphs, we will briefly overview the current state-of-the-art offerings on Natural 

User Interfaces (NUI) that have successful application within the contemporary video games’ 

industry. For the purpose of clarity, we distinctly identify NUI control schemes in touch-based and 

motion-control technology.  

2.2.1 Touch-based NGI 

As smartphones and tablets dominate technology market, more and more game developers are 

taking the time to port their titles over to mobile platforms, or are building new ones entirely from 

scratch. Initially, these devices could only process the touch of one digit at a time, but multi-touch 

devices can perceive both gestures made by one finger and those made by more than one at the 

same time (i.e., Android and iOS devices are almost always multi-touch). Multi-touch is defined as 

the simultaneous use of two or more fingers as input onto a touch screen [Reisman et al, 2009], thus 

making it possible to omit the use of any other external means of input (e.g. mouse, keyboard, etc.). 

Multi-touch technology has been demonstrated to produce a more natural means of interacting with 

interfaces [Moscovich, 2007] [Biel, 2010]. Multi-touch devices offer new ways of natural game 

interaction that could be utilized by game developers incorporating gestures for game interaction. 

Some examples of common multi-touch gestures and actions that could be used for game interaction 

include: 

• Pinching with the fingers to zoom in, spreading the fingers to zoom out 

• Basic dragging in order to move, adjust, scroll, and position 

• Flick to jump to the next screen or scroll extra fast 
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• Tap and hold to open an item or context menu 

• Multi-finger rotate can rotate objects in 2D or move a 3D camera 

 

 

Figure 2. Basic gestures for most touch commands 

Figure 2 showcases some of these interactions performed on a smart-surface screen. Since virtual 

objects being manipulated through multi-touch interfaces move and react in predictable patterns, 

users are introduced to a more intuitive sense of interacting with virtual content, which has been 

endowed with physical substance. In other words, users feel like they are interacting, grabbing and 

moving real objects, therefore constituting multi-touch interfaces a means of natural interaction 

[Standard, 2005]. As a result, multi-touch interactions are especially well-suited for object 

manipulation tasks [Heo et al, 2009]. 

The development of mobile applications has been an important segment in the software industry 

[Nayebi et al, 2012], and usability plays a key role as a quality attribute [Billi et al, 2010]. The extent 

to which multi-touch gestures are perceived as natural during gameplay interactions, depends on 

each unique game, genre, platform, and more. Pinching to zoom is an example of a particularly 

intuitive gesture, but many other gestures are hard to guess. The intuitiveness and discoverability of 
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gestures are issues that should be taken into consideration before adding them to a game.  Another 

thing to consider is the way mobile devices can be held, e.g. in left hands, right hands, and both 

hands, both vertically and horizontally. Therefore, the game developers can either predefine a way 

for a device to be held and aspire that the users will conform, or ideally design a game that would 

perfectly suit every play position. Therefore, it has become extremely relevant to research 

appropriate methods to evaluate and improve the usability of mobile applications. Although having 

become more ubiquitous, the usability of many mobile applications is still a challenge to be 

addressed [Nayebi et al, 2012] [McMahan et al, 2010]. Up Until 2012, there was no scientific 

research addressing the requirements of new mobile user interfaces, as well as no evaluation studies 

related to iOS mobile application usability measurement [Parker-Pope, 2005], and thus stated the 

need for more specific and systematic measurement methodologies for evaluating mobile usability. 

This could address particularly screen, limited input capabilities, limited computational resources, 

small power supply and large heterogeneity in models [Rubine, 1992]. 

The vast majority of contemporary games for mobile devices use on-screen emulations of physical 

buttons on a gamepad, as well as on-screen keyboard keys of a keyboard. There are also utilities that 

enable users to define their own control schemes for many games. These utilities support mouse-

and-keyboard input, that can be mapped to onscreen objects, like D-pads, joysticks, buttons, and 

switches, but can also be mapped to a variety of multi-touch gestures. Gamers can simply link a game 

matching the specific requirements of such a utility and enjoy touch controls as an overlay on top of 

their game.  

Game genres that naturally feel at home on touchscreen devices include tower-defense games, 

puzzlers, point-and-click adventure games and games with keyboard and piano emulators. But there 

are also other popular mobile games that have accepted that touchscreens aren’t the same as 

gamepads and utilize them differently (e.g. Temple Run, TanZen, Monument Valley, Leo’s Fortune, 

Reaper, Horn, République). 

2.2.2 Mid-air gesture-driven NGI 

As previously stated, a NUI allows a player to execute relatively natural motions, movements or 

gestures that can be quickly mastered  in order to manipulate virtual content being displayed on the 

computer screen. McMahan et al. [McMahan et al, 2010] consider natural interaction techniques to 

be primarily attached to human body movements and actions that are similar to the ones humans 

use to accomplish the same task in the physical world. In contrast to using finger-based motions on 

smart surface devices, which, as described in the previous paragraph, constitute one form of natural 

interaction, gestural input using upper body or whole body movements to assume control over game 

elements has been introduced since the popularization of exergaming applications [Buxton et al, 

2007]. Gestural input control in contemporary video game play settings can be distinct into two 

categories. The first concerns the use of remote sensing hardware that is attached to, or held the 

player, therefore translating body motions into game control signals. Examples on this range of 

products include haptic gloves, the Nintendo Wiimote and PlayStation Move motion controllers. The 

second category concerns marker-less spatial tracking of users’ motion and gestures, allowing the 

latter to control elements of a 3D world without physically touching any hardware interface. This 

form of gesture-driven control made popular by the introduction of the Microsoft Kinect sensor, 

which utilizes a standard (HD in the more recent Kinect for Xbox One model) RGB camera plus depth 

sensor to reconstruct player 3D volume and templated skeleton data, used to calculate joint 

positions and orientations as an abstraction of player body movement. Figure 3 shows examples of 

the two categories of gesture-driven NUI interfaces. 
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Figure 3. Gesture-driven NUI devices. Top row displays remote control hardware held or attached to the 

player, while bottom row displays consumer-grade, remote sensing marker-less motion tracking hardware. 

(From the top left and moving downwards :) Nintendo Wiimote, Sony PlayStation Move, Gloveone haptic 

glove (Kickstarter.com funded project), Microsoft Kinect for Xbox 360, Microsoft Kinect for Xbox One, LEAP 

Motion controller. 

 

A gesture is defined as a symbol, which is mapped to a specific command to be passed to the game 

computer. Attributes inherent to each gesture, such as its location, size, extent and orientation, serve 

as parameters that affect the outcomes of that command [ISO 9241-210, 2009]. This allows for a 

higher-level of control, as interfaces become more streamlined and the need for complex user 

interface structures is abolished. This has a particular impact on playing games, as gestures replace 

both cumbersome user interfaces as well as intrusive controllers allowing players to feel more in 

control of their in-game character actions [Bernhaupt, 2010]. The injenuity of gesture-driven control 

in games (i.e. playing a tennis game by swinging an actual hand-held rod-type controller, or physically 

being required to jump to overcome in-game hurdles), as well as its appeal to the general public is 

projected onto the sales figures of the seventh generation video game consoles which introduced the 

aforementioned NUI devices to the games consumer market. As of March 31, 2016, the Nintendo Wii 

has sold 101.63 million consoles worldwide1. Additionally, the Kinect, having sold more than 8 million 

                                                           
1 https://www.nintendo.co.jp/ir/en/sales/hard_soft/  
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units in its first 60 days on the market, has claimed the Guinness World Record of being the "fastest 

selling consumer electronics device"2.  

While presenting a new and alternative form of entertainment in comparison to the traditional 

methods of interacting with game content, gesture-driven NUI are not without limitations. In 

particular, user feedback and human spatial motion awareness have been reported to affect game-

play, as users are being forced to be taught each gesture individually, and have to remember what 

each gesture does during game-time. This often leads to gesture confusion, making gesture engines 

prone to error in distinguishing similar looking gestures from each other [Bernhaupt, 2010]. 

Furthermore, camera systems usually face challenges due to a sensitivity of the sensor to the 

physical environment in which the players play the game in. Such external factors, known to affect 

performance of marker-less motion capturing harware include lighting conditions, the presence of 

physical spectators in the immediate playing area and the presence of dust or smudges that can 

interfere with the quality of the depth- and RGB sensor image acquisition. 

2.3 Traditional vs Natural Interactions in video games 

Of key importance towards the shift from traditional towards natural user interaction in video 

games, are the projected estimations for achieving more positive player experiences in games. As 

already mentioned, natural user interaction, technologies were originally designed to make video-

games more fun [Buxton et al, 2007]. In recent years, there have been several studies examining this 

hypothesis, presenting evidence on the impact NUI control schemes can have on game play 

experience. The term player experience is generally derived from the phenomenon of user 

experience (UX), which describes the means by which a person perceives and responds to the 

interaction with a system [ISO 9241-210, 2009]. Although prone to bias on subjective experiences 

evoked by games and specific game content, interaction paradigms have been known to influence 

player experience [Bernhaupt, 2010]. 

Towards gaining a deeper understanding of player experience, game metrics data is used for defining 

representations of player interactions with the game called play-personas [Tychsen & Canossa, 

2008]. To this end, questionnaires such as the Game Experience Questionnaire (GEQ) [IJsselsteijn et 

al, 2013] and the Game Engagement Questionnaire (GEnQ) [Brockmyer et al, 2009] have been 

developed. With respect to interaction paradigms, a substantial amount of research studies 

comparing traditional and natural interactions have been released over the past several years, due to 

the rising popularity of non-traditional game input controllers. Studies that compare the Wii remote 

controls with a variation of the common gamepad in a variety of game genres using 

psychophysiological responses and questionnaires have shown that game genres do affect player 

experience in terms of enjoying interaction with each interface [Nacke, 2010] [Limperos et al, 2011]. 

Therefore, the context in which each interaction paradigm is intended should be taken under 

consideration. Performance is another indicator, with a significant majority of studies focusing on 

performance differences as indicative of suitability in game environments. In general, all studies 

conclude that natural techniques result in significantly worse player performance than traditional 

interaction paradigms [Chastine et al, 2013] [Gerling et al, 2013]. However, subjective responses 

reported in [McMahan et al, 2010]  show that players prefer an interaction technique they perceive 

as being “fun”, expecting a minority of players to demonstrate clear preference of a specific 

interaction technique based on performance alone. This explains why player perceived enjoyment 

                                                           
2 https://web.archive.org/web/20110311213211/http://community.guinnessworldrecords.com:80/_Kinect-

Confirmed-As-Fastest-Selling-Consumer-Electronics-Device/blog/3376939/7691.html  
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suggest positive player experience regardless of input device [Gerling et al, 2013]. Additional 

evidence also suggest natural user control paradigms are easier to pick up and play in contrast to 

having to learn different constellations of buttons on a gamepad [Chastine et al, 2013]. These 

responses suggest that game developers should be concerned with designing fun interaction 

techniques in addition to accounting on usability [McMahan et al, 2010]. 

Concerning mobile, touch-based interfaces, it has been shown that the fastest multi-touch 

interaction is about twice as fast as a mouse-based selection [Benz, 2010]. Particularly in single-user 

settings, direct touch interactions offer several advantages over indirect interactions, as users are not 

required to track an on-screen cursor in relation to their hand’s position, but rather offering 

interaction where input and display are co-located [Kin et al, 2009]. Of course, other limitations are 

taking effect in spite projected efficiency, due to physical size of the human hand and physical 

limitations of the multi-touch display being particularly related to occlusions of the screen leading to 

an obstruction of the very object the user is interacting with [Moscovich & Hughes, 2008]. In 

contrast, use of a game controller or mouse would bear no similar obstructions. Furthermore, the 

actual game objects and menu displayable content size on the screen plays a mediating role in user 

experience, as too small (i.e. smaller than one’s finger) user interface widgets and objects are difficult 

to accurately select and pointed at [Moscovich & Hughes, 2008] [Forlines et al, 2007], whereas too 

large pointing targets significantly reduce the amount of content displayed on the screen.  

In spite of any known limitations reported in the scientific literature presented above, as well as the 

additional extent of challenge introduced in games that integrate natural interaction paradigms, 

there are significant advantages towards shifting focus on NUI control of prosocial games. Natural 

user interactions, primarily observant in exergames, have clearly come of age in the commercial 

market over the last recent years, and are now able to track full-body movement in three 

dimensions, accurately measure reaction times and acceleration, as well as faithfully capture the 

speed and power of players’ movements. Therefore, the actual skills that youth acquire during 

exergame play can also transfer to other activities, thereby benefiting physical, social, and cognitive 

development. Schools and fitness centers are gradually integrating these exergames into their 

curriculum and equipment. Incorporating exergames into schools, health clubs and homes can help 

promote healthy youth development, and has even been argued to combat childhood obesity 

[Forlines et al, 2007]. In fact, playing exergames could become one of the most popular, engaging 

and health-promoting homework assignments of the twenty-first century [Moscovich & Hughes, 

2008]. Therefore, incorporating natural user interfaces within the genre of prosocial games can lead 

to even more benefits, as psychological/pedagogical procedures that aim at triggering volitional 

prosocial behavior to satisfy player fundamental psychological needs (refer to D4.1 for a complete 

overview on the motivational factors relating to prosocial and game play behavior) can further be 

enhanced with technology that has been proven to contribute to a child’s physical well-being, 

offering an alternative to sedentary input devices.  

In this context, it is interesting to note that despite being aware of the higher physical demand of 

motion-based input, players generally have a favorable reaction towards NUI control paradigms that 

is no different from traditional, sedentary input devices, even going as far as to consider the physical 

demand a welcome challenge and exercise. 
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3 Gestures and body movements based interactions 

In the previous section, we have reviewed traditional versus natural interactions for games. Two 

types of NGI were presented; touch-based NGI used for mobile devices and mid-air gestures-based 

NGI for desktop games with the use of specialized sensors. Touch-based NGI is a current trend that 

can certainly be applied to mobile and tablet ProsocialLearn games however, in this section, we will 

focus on mid-air gestures-based NGI, since this is an emerging technology that can be used for the 

extraction of useful information for game adaptation, introducing an innovation at the way serious 

games are designed. Specifically, a number of issues concerning interaction based on body and hand 

gestures is examined in this section. We present alternative classifications for gestures, based on 

different classification criteria as well as a comparative analysis of the available sensing technologies. 

Additionally, the advantages and limitations of gesture-based interaction systems are presented and 

thoroughly explored. The section concludes with a survey of the most important methods for gesture 

recognition and a detailed analysis of the algorithms chosen for the scopes of ProsocialLearn NGI 

system. 

3.1 Use of gestures in HCI 

Gesture based communication is a natural way of communication for human. In fact, infants start tο 

communicate using gestures several months before they say their first words [Bates et al, 1979]  and 

once they start talking, they combine gestures with their first words [Goldin-Meadow & Butcher, 

2003],  [Iverson & Goldin-Meadow, 2005]. A gesture is a form of non-verbal communication or non-

vocal communication in which visible bodily actions communicate particular messages, either in 

place of, or in conjunction with, speech. Gestures include movement of the hands, face, or other 

parts of the body. Gestures differ from physical non-verbal communication that does not 

communicate specific messages, such as purely expressive displays, proxemics, or displays of joint 

attention [Kendon, 2004]. 

Besides interpersonal communication, our natural or intuitive body gestures can be used by humans 

as a command or as an interface to operate devices.  Focusing on human-computer interaction, even 

though traditional ways of interactions using devices such as keyboard and mouse, continue to be 

predominant, it seems that with further development and research, the interest is shifting to 

gesture-controlled interactions. Therefore, automatic gesture recognition is of utmost importance in 

designing an intelligent and efficient human–computer interface that could be used for wide-ranging 

applications [Lisetti & Schiano, 2000] such as the following: 

�  developing aids for the hearing impaired; 

�  enabling very young children to interact with computers; 

�  designing techniques for forensic identification; 

�  recognizing sign language; 

�  medically monitoring patients’ emotional states or stress levels; 

�  lie detection; 

�  navigating and/or manipulating in virtual environments; 

�  communicating in video conferencing; 

�  distance learning/tele-teaching assistance; 

�  monitoring automobile drivers’ alertness/drowsiness levels, etc. 
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3.1.1 Classification of gestures 

We will present some gesture classifications based on different classification criteria [Billinghurst, 

2011].  

First of all, based on the presence or absence of surface devices; we have multi-touch gestures and 

mid-air gestures. On one side, there are multi-touch gestures which are those gestures performed to 

control surface devices such as smartphones, tablets, PCs. On the other hand there are mid-air 

gestures which are captured by sensing RGB and/or depth devices. 

According to their functions, gestures are divided in three categories [Cadoz, 1994]: 

� Ergotic: Gestures to modify and transform the environment. There’s energy transfer in this 

action. 

� Epistemic: Gestures to get knowledge from the environment. E.g. the information received 

by the tactile sense. 

� Semiotic: Gesture to convey information to the environment. Different types of gesture 

controlled systems 

As semiotic gestures are especially important here because HCI is all about conveying and receiving 

information to and from the computer, we will further categorize them according to Rime and 

Schiaratura [Rime & Schiaratura, 1991]: 

� Symbolic: Gestures that have a single meaning, such as the “OK” gesture and furthermore 

gestures of sign languages. 

� Deictic: Gestures of pointing 

� Iconic: Gestures that are used to convey information about the size, shape or orientation of 

an object. 

� Pantomimic: Gestures the speaker makes while mimicking a particular movement of some 

invisible tool or object in his hand. 

McNeill  [McNeill, 1992] adds beat gestures and cohesives to this taxonomy: 

� Beat gestures: The gestures we are using collaterally in the rhythm of the spoken. They 

convey just minimal or no extra information. 

� Cohesives: They are used to physically tie different parts of a narrative together. 

A possible classification especially for multi-touch gestures is the differentiation in continuous and 

discrete gestures [Buxton, 2014]. 

� Continuous: Special gestures that must be known by the user in advance. E.g. pinching and 

flicking gesture. 

� Discrete: These gestures are self-revealing as usually additional graphical information is 

provided. E.g. tapping on a displayed button or on a virtual keyboard. 

Moreover, gestures can broadly be of the following types [Mitra & Acharya, 2007]: 

� hand and arm gestures: recognition of hand poses, sign languages, and entertainment 

applications (allowing children to play and interact in virtual environments); 

� head and face gestures: some examples are: a) nodding or shaking of head; b) direction of 

eye gaze; c) raising the eyebrows; d) opening the mouth to speak; e) winking, f) flaring the 

nostrils; and g) looks of surprise, happiness, disgust, fear, anger, sadness, contempt, etc.; 

� body gestures: involvement of full body motion, as in: 
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� tracking movements of two people interacting outdoors; 

� analyzing movements of a dancer for generating matching music and 

graphics; and  

� recognizing human gaits for medical rehabilitation and athletic training. 

Typically, the meaning of a gesture can be dependent on the following: 

�  spatial information: where it occurs; 

�  pathic information: the path it takes; 

3.1.2 Sensing technologies for gesture recognition  

For gesture recognition tasks, the human body position, configuration (angles and rotations), and 

movement (velocities) need to be sensed. This can be done either by using sensing devices attached 

to the user. Those may be magnetic field trackers, instrumented (data) gloves, and body suits, or by 

using cameras and computer vision techniques. Each sensing technology varies along several 

dimensions, including accuracy, resolution, latency, range of motion, user comfort, and cost. Glove-

based gestural interfaces typically require the user to wear a cumbersome device and carry a load of 

cables connecting the device to a computer. This hinders the ease and naturalness of the user’s 

interaction with the computer. 

Vision-based techniques, while overcoming this, need to contend with other problems related to 

occlusion of parts of the user’s body. While tracking devices can detect fast and subtle movements of 

the fingers when the user’s hand is moving, a vision-based system will at best get a general sense of 

the type of finger motion. Again, vision-based devices can handle properties such as texture and 

color for analyzing a gesture, while tracking devices cannot. Vision-based techniques can also vary 

among themselves in:  

1) the number of cameras used;  

2) their speed and latency;  

3) the structure of environment (restrictions such as lighting or speed of movement);  

4) any user requirements (whether user must wear anything special);  

5) the low-level features used (edges, regions, silhouettes, moments, histograms); 

6) whether 2-D or 3-D representation is used; and  

7) whether time is represented.  

There is, however, an inherent loss in information whenever a 3-D image is projected to a 2-D plane. 

Again, elaborate 3-D models involve prohibitive high dimensional parameter spaces. A tracker also 

needs to handle changing shapes and sizes of the gesture-generating object (that varies between 

individuals), other moving objects in the background, and noise. Good review on human motion 

analysis is available in literature [Gavrila, 1999], [Aggarwal & Cai, 1999]. 

3.1.3 Motivation for using GCI 

Below, we will examine some of the problems that have motivated the use of gestures as an 

interaction technique. Much of the research on gesture based interactions claim that gestures can 

provide a more natural form of interacting with computers. Shneiderman [Shneiderman, 2000] 

describes that in contrast to speech processing tasks, tasks of pointing and clicking use other brain 

resources than problem solving and recall. Therefore, while performing a main task, the use of 



 

30/06/2016 | ProsocialLearn | D4.5 1
st

 Natural Game Interactions 

 

  Page | 22 

 

speech for a non-main task would involve more cognitive load than gesture and as a consequence 

would distract a user from the main task.  

One of the most common problems addressed in the gesture literature involves making 

improvements to current interaction methods by exploring gestures as a means of simplifying 

existing interactions [Moyle & Cockburn, 2003] or creating novel interactions that solve specific 

problems of existing interactions such as creating more affective interactions for avatars [Paiva et al, 

2002] and solving problems with distance manipulations in virtual reality applications [Pierce & 

Pausch, 2002]. 

Multimodal interactions with speech and gestures 

Gesticulation style gestures currently considered one of the most natural solution to some of the 

problems encountered with multimodal interactions of speech and gesture [Quek et al, 2002] 

[Eisenstein & Davis, 2004] [Kettebekov, 2004]. The development of simpler set of gestures and 

interactions constitutes another challenge to overcome [Swindells, 2002] [Fails, 2002]. The need for 

simpler and intuitive interactions with computers through coverbal or multimodal speech and 

gesture interfaces has dominated the literature since at least the 80’s, combining speech and 

gestures as a means of making interactions with computers in a more human to human approach 

[Latoschik et al, 1998] [Gandy et al, 2000] [Quek et al, 2002] [Eisenstein & Davis, 2004] [Kopp et al, 

2004] [Liu & Kavakli, 2010]. For example, work by Kettebekov explores linking the beat-like structure 

of gestures to concurrent speech as a method of disambiguating the individual gestures when 

interpreting gesticulations [Kettebekov, 2004]. 

Virtual reality and gloves 

Gestures are also referred to as a means to enable more natural interactions within virtual reality 

applications since using our hands to manipulate objects is a natural approach to such tasks [Bolt & 

Herranz, 1992]. However, the gloves that are required for much of these interactions can be 

unnatural and cumbersome for the user [Segen & Kumar, 1998]. Computer vision based input 

attempts to address the unnaturalness of using wired gloves when manipulating virtual objects such 

as in a 3D projected display for example [Sharma et al, 1996]. But computer vision does not allow 

the same level of accuracy or granularity of gestures that can be achieved with the glove based 

interaction. Gloves however remains one of the most commonly used gesture input device for virtual 

reality [Deller et al, 2006] [Kumar et al, 2012] and telerobotics applications [Goza et al, 2004]. 

Augmented reality and markers 

Manipulations in augmented reality applications have explored the use of markers that when placed 

on the users’ fingertips that can be tracked and used to move objects around and to issue commands 

in the application [Buchmann et al, 2004]. The markers can provide increased tracking power over 

bare hands and are not as cumbersome as the gloves are however are not as natural or flexible as 

bare hand interactions could be. Natural interactions in domains other than virtual or augmented 

reality applications have been explored for specific applications such as editing musical scores on a 

screen or tablet pc using stroke gestures [Forsberg et al, 1998], an air traffic controller application 

[Chatty & Lecoanet, 1996] and a system used for collaborative web browsing [Stotts et al, 2004]. 
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3.1.4 Problems and limitations of GCI 

Although there are many problems that gestures have been claimed to solve or at least offer a 

possible solution to, additional problems in gesture based interactions have also been created. We 

now turn to a discussion of some of the problems introduced through the application of gesture 

based interactions. 

Because gestures have primarily been considered as an alternative interaction mode to traditional 

methods and to date are still not considered as a mode for everyday computer interactions, several 

examples of work dedicated to the advancing the study of gestures have attempted to address some 

of the issues and problems that gestures create rather than solve when applied to different domains 

[Kettebekov, 2004] [Eisenstein & Davis, 2004].  

One of the most prominent issues that arise for gesture interactions is how a computer processor 

can distinguish between individual gestures when they are performed concurrently. This problem is 

primarily an issue for open handed or bare hand gestures and involves determining when a gesture 

starts, when it stops and when to interpret the gestures as a sequence rather than individual 

gestures. Besides the gestures themselves, various input technologies used to detect gestures, 

computer vision being one of the most difficult inputs, are also responsible for several problems such 

as detecting skin tone, feature detection and noise filtering. These problems are within the domain 

of computer vision research. 

In addition, the gesture enabling technology often restricts the type of interaction that is possible, 

forcing a work around in some form to address the limitations of the technology. For example, 

computer vision often restricts the style of gestures that are possible and often requires the user to 

wear coloured gloves or markers to allow recognition [Fang et al, 2003]. Although passive markers or 

objects create only minimum discomfort to the user, it still restricts the user from using bare hands 

to gesture with. An alternative method to using the coloured gloves involves tracking the users’ head 

and face as a means of detecting individual hands [Nickel & Stiefelhagen, 2003] but in this scenario, 

the user is required to be in a specific location in order for the detection to be accurate and for the 

calibration to remain consistent. 

Further problems created through the use of gesture based interactions may include gestures that 

are complex or unnatural for some users, fatigue caused from prolonged use, privacy issues when 

gesturing in public places, handling multiple users, memorizing large gesture sets or systems being 

costly or complex system to actually set up and use in a setting outside a research lab [Wexelblat, 

1998]. 

3.1.5 Designing Principles for Gesture-based interfaces 

In developing gesture based interfaces designers must carefully consider the command vocabulary 

required and use this to select the type of gestural input most appropriate. In general, the following 

issues should be taken seriously into consideration in the design and implementation process of 

gesture driven interfaces [Billinghurst, 2011] [Golod et al, 2013]: 

Naturalness: 

Are the following characteristics useful for controlling the application tasks? 

� Pre-acquired sensorimotor skills 

� Existing hand signs 

� Absence of an intermediary device 
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� Task control maps well to hand actions (position and motion of hand) 

Adaptability: 

Concerning adaptability, the designer should answer the following questions: are diverse modes of 

control used in the tasks? Is it important to be able to switch between modes of control rapidly, and 

smoothly? 

Coordination: 

Another mater that demands designer’s attention is whether the tasks require the coordination of 

many degrees of freedom. 

Taxonomy of gestures: 

Once gesture input is determined to be appropriate, it is necessary to develop a Taxonomy which 

describes how gestures will be used in the interface. The taxonomy categorizes possible hand actions 

and the interpretation of hand actions by the application, and helps discriminate between the 

different input styles. This enables the designer to select the gesture input most suitable for the 

application. 

Fatigue 

In gesture interfaces for long term tasks, fatigue may be a problem. Issues concerning muscular 

tension correlate to some degree with the fatigue. What’s more a gesture amplitude and thereby a 

number of muscles as well as the hand position play a crucial role for the fatigue issue. For instance, 

on-surface, whole hand gestures would be less tiring than mid-air ones. 

Unobtrusiveness 

Ubiquitous computing implies the idea that technology is seamlessly integrated into the environment 

and is hidden from the user’s perspective.  

Reliability 

In real-world interfaces, the overall robustness and usability of the system in a non-lab environment 

are of crucial importance. System developers should provide easiness of actuation, recalibration and 

maintenance of the system. 

Sustainability 

Along with sustainability, commercial success of the interface is highly correlated with its energy 

efficiency. This implies an appropriate selection of the input method. For example, designers should 

take into account that a sensing system based on computer vision techniques demands a lot of CPU 

power. 

Along with these requirements, another thing to consider in the design method is choosing a 

particular gesture input device that matches the task characteristics and hand actions. Potential 

devices should be evaluated according to a set of measures such as those given in Table 2. These 

measures enable an easy comparison to the task characteristics and hand action capabilities. 
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Table 2. The Relationship between Task Characteristics, Hand Action and Device Capabilities. 

 

3.1.6 Current trends and future directions 

As we have seen in the previous sections, gesture controls already have many application possibilities 

and will play an even bigger role in our technological future. Also in the future, many application 

fields are conceivable for gesture control. Multi-touchable surfaces will carry on spreading in almost 

all parts of our lives [Muser, 2015]. Especially the use of displays using multitouch or mid-air gestures 

or even both in public places could be an important topic for the future as research in this field 

already takes place. Other interesting fields for mid-air gestures are virtual and augmented reality 

which is already partly shown with the development of the Microsoft Hololens3. Rather indicative of 

the increasingly important role of gestural interfaces is the fact that the number of famous 

technological companies offering these technologies is extensive and growing. Below, we mention a 

few examples, as presented by Mike Elgan [Elgan, 2013]: 

Samsung at CES announced new TV sets with built-in cameras and microphones, as well as an in-air 

gesture and voice control system called Smart Interaction. Another company called PointGrab, which 

has been making gesture control interfaces for Samsung TVs, announced a new version at the show. 

There's Leap Motion, which has been getting a lot of attention for technology that uses hand 

motions to control a PC or laptop user interface or some other device. The company's technology is 

very open-ended and extensible, making it most useful for further customization by software makers.  

Elliptic Labs showed off a user interface for Windows 8 PCs. It provides gesture control like many 

other products, but uses ultrasound instead of cameras to determine the location of your hands. 

Spicebox at CES showed a really interesting hardware-software product called Mauz which turns the 

iPhone into a mouse for Mac. More than that, however, it enables users to control the Mac with Wii-

like motion control, where the motion of the phone determines the on-screen control. And it also 

                                                           
3 Microsoft Hololens: https://www.microsoft.com/microsoft-hololens/en-us 
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works like Kinect. By using the phone's camera, you can do in-the-air gestures over the phone, which 

controls on-screen action. 

The European bit of Orange and a company called Movea are working together on a set-top box 

controlled by in-the-air gestures. The difference with this product, called the SmartMotion Server, is 

that it's got a remote control unit that operates like a Wii remote -- it's the motion of the remote in 

your hand, not your hand itself that controls the TV. 

 

Figure 4. State of the art applications that use gesture-driven interactions 

 LG demonstrated a similar concept -- with an interesting twist. The LG Magic Remote lets you 

change to a specific channel by writing the number in the air while holding the remote. The remote 

also accepts voice commands. 

Even car makers are looking at motion control. Demonstrating at CES and the upcoming Detroit Auto 

Show, companies like Hyundai are rolling out concept cars that enable drivers to control the audio 

system by waving their hands. 

Moen even recently demonstrated a new tap that is controlled by hand gestures. 

Intel is already working on the next generation of gesture control with its Perceptual Computing 

initiative. One feature allows you to control an interface by simply looking at it. The system tracks 

your gaze, and gives you more of whatever you're looking at. 

Crunchfish’s Touchless A3D technology detects and tracks objects in three dimensions relying only 

on the video stream from the embedded camera in a mobile device. Crunchfish claims that this 

technology enables gesture recognition in any mobile device allowing the user to interact freely from 

a distance. 
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3.2 Gesture Recognition 

The following paragraphs provide a brief review of the algorithms used in gesture recognition tasks. 

We will refer to a number of applications and different methods and then, we will focus on the 

selected methods that could be utilized in ProsocialLearn NGI system, presenting their functionality 

and commenting on their advantages and limitations. 

3.2.1 Review of recognition algorithms 

Gesture recognition is an ideal example of multidisciplinary research. There are different tools for 

gesture recognition based on the approaches ranging from statistical modeling, computer vision and 

pattern recognition, image processing, connectionist systems, etc. Most of the problems have been 

addressed based on statistical modeling, such as PCA, HMMs [Rabiner, 1989] [Samaria & Young, 

1994], Kalman filtering [Welch & Bishop, 2000] and more advanced particle filtering [Arulapalam et 

al, 2001] [Kwok et al, 2004]. FSM has been effectively employed in modeling human gestures [Davis 

& Shah, 1994] [Bobick & Wilson, 1997] [Yeasin & Chaudhuri, 2000] [Hong et al, 2000]. 

Computer vision and pattern recognition techniques, involving feature extraction, object detection, 

clustering and classification, have been successfully used for many gesture recognition systems. 

Image processing techniques such as analysis and detection of shape, texture, color, motion, optical 

flow, image enhancement, segmentation and contour modeling [Kass, 1988], have also been found 

to be effective. Connectionist approaches [Haykin, 1994], involving multilayer perceptron (MLP), 

time-delay neural network (TDNN) and radical basis function network (RBFN), have been utilized in 

gesture recognition as well. 

While static gesture (pose) recognition can typically be accomplished by template matching, 

standard pattern recognition and neural networks, the dynamic gesture recognition problem involves 

the use of techniques such as time-compressing templates, dynamic time warping, HMMs and TDNN. 

In the rest of this section, we will examine and review some of these algorithms which have been 

extensively and successfully used in gesture recognition applications. 

3.2.2 Dynamic Time Warping 

One of the earliest approaches to isolated word speech recognition was to store a prototypical 

version of each word (called a template) in the vocabulary and compare incoming speech signal with 

each word. The signal is recognized as the word with which it presents the closest match. The same 

approach can be applied to gesture recognition problems. Following this approach, there are two 

issues to take into consideration: what form do the templates take and how are they compared to 

incoming signals. 

The simplest form for a template is a sequence of feature vectors. The template is a single instance 

of gesture selected to be typical by some process; for example, by choosing the template which best 

matches a cohort of training utterances. 

Comparing the template with the signal that represents the current gesture might be achieved via a 

pairwise comparison of the feature vectors in each. The total distance between the sequences would 

be the sum or the mean of the individual distances between feature vectors. The problem with this 

approach is that if a constant window spacing is used, the lengths of the input and stored sequences 

is unlikely to be the same. The matching process needs to compensate for length differences and 

take account of the non-linear nature of the length differences within the words (Figure 6). 
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Any distance (Euclidean, Manhattan etc) which aligns the i-th point on one time series with the i-th 

point on the other will produce a poor similarity score. A non-linear (elastic) alignment produces a 

more intuitive similarity measure, allowing similar shapes to match even if they are out of phase in 

the time axis. 

The Dynamic Time Warping (DTW) algorithm achieves this goal; it finds an optimal match between 

two sequences of feature vectors which allows for stretched and compressed sections of the 

sequence [Sakoe & Chiba, 1978]. 

 

Figure 5. Depiction of a linear (left) and non-linear (elastic) alignment of two time series. 

Dynamic time warping (DTW) aims at aligning two sequences of feature vectors by warping the time 

axis iteratively until an optimal match (according to a suitable metrics) between the two sequences is 

found. 

Consider two sequences of feature vectors: � � ��, ��, … , �� , … �	 
 � ��, ��, … , ��, … , �	 

The two sequences can be arranged on the sides of a grid, with one on the top and the other up the 

left hand side. Both sequences start on the bottom left of the grid. 
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Figure 6. Two time series arranged on the sides of a grid. The path depicted is a possible alignment between 

the two series. 
4
 

Inside each cell a distance measure can be placed, comparing the corresponding elements of the two 

sequences. To find the best match or alignment between these two sequences one need to find a 

path through the grid which minimizes the total distance between them. The procedure for 

computing this overall distance, involves finding all possible routes through the grid and for each 

one, compute the overall distance. The overall distance is the minimum of the sum of the distances 

between the individual elements on the path. It is apparent that for any considerably long sequences 

the number of possible paths through the grid will be very large.  

Nevertheless, there are some constraints that could apply in order to minimize the number of 

considered paths. The major optimizations or constraints of the DTW algorithm (Table 3) arise from 

the observations on the nature of acceptable paths through the grid: 

 

 

                                                           
4 The figures of this section come from Elena’s Tsiporkova presentation entitled: Dynamic Time Warping 

Algorithm for Gene Expression Time Series 
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Table 3. Constraints of the DTW algorithm 

Monotonicity: 

 

The alignment path does not go back in 
time index.

 

 

 

Guarantees that features are not repeated 
in the alignment. 

 

Continuity: 

 

The alignment path does not jump in time 
index. 

 

 

 

Guarantees that the alignment does not 
omit important features. 

 

Boundary Conditions: 

 

The alignment path starts at the bottom 
left and ends at the top right. 

 

 

 

 

Guarantees that the alignment does not 
consider partially one of the sequences. 
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Warping Window: 

 

A good alignment path is unlikely to 
wander too far from the diagonal. 

 

 

 

 

Guarantees that the alignment does not 
try to skip different features and gets stuck 

at similar features. 

 

 

Slope Constraint: 

 

The alignment path should not be too 
steep or too shallow. 

 

 

 

 

Prevents that very short parts of the 
sequences are matched to very long 

ones. 

 

 

Monotonic condition: the path will not turn back on itself, both the i and j indexes either stay the 

same or increase, they never decrease. 

 Continuity condition: the path advances one step at a time. Both i and j can only increase by at most 

1 on each step along the path.  

 Boundary condition: the path starts at the bottom left and ends at the top right.  

 Warping window condition: a good path is unlikely to wander very far from the diagonal. The 

distance that the path is allowed to wander is the window width. 
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Slope constraint condition: The path should not be too steep or too shallow. This prevents short 

sequences matching too long ones. The condition is expressed as a ratio p/q where p is the number 

of steps allowed in the same (horizontal or vertical) direction. After p steps in the same direction is 

not allowed to step further in the same direction before stepping at least q time in the diagonal 

direction. 

The foregoing constraints allow us to restrict the moves that can be made from any point in the path 

and so limit the number of paths that need to be considered. The power of the DTW algorithm lies in 

the fact that instead of finding all possible routes through the grid which satisfy the above conditions, 

the DTW algorithm works by keeping track of the cost of the best path to each point in the grid. 

During the calculation process of the DTW grid it is not known which path is the minimum overall 

distance path, but this can be traced back when the end point is reached. 

Having introduced the functionality of DTW, let us define it formally in terms of its mathematic 

calculations. Considering two sequences  � ���, ��, … , �	� of length � and � � ���, ��, … , ��� of 

length	�, their DTW distance ��, �� is defined as: ��, �� � ���,�� 
where ���, �� � 	 ‖�� �	��‖ ����  ���, � � 1���� � 1, ����� � 1, � � 1�(1)  and ‖�� �	��‖ � 	 ��� �	���� or any other 

distance metric and ��0,0� � 0, ���, 0� � 	��0, �� � ∞						�� � 1,… , �; � � 1,… ,�� 
Table 4. Symbols and definitions for the calculation process of DTW 

 

As we showed above, the DTW distance is computed with the “time warping matrix” (Figure 7), 

which stores the values of the Equation 1. The time warping matrix consists of �� elements, so the 

time complexity of the algorithm is %����, while the space complexity is %���, since the algorithm 

requires two columns (the current and the previous column) for each computation of the DTW 

distance. 

Therefore, it is obvious that DTW is a powerful and quite efficient measure when we handle finite, 

stored sequence sets. However, in many real-time applications, such network analysis and sensor 

monitoring, which is the case of gesture recognition applications based on recorded data by sensors 

(i.e. Kinect, Leap Motion), there is a continuous stream of data and it would be practically infeasible 

to save all the historical data in the allotted memory, but nevertheless fast and accurate query 

processing must be ensured. 
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Figure 7. Illustration of stream monitoring under the DTW distance. The left column depicts the query 

sequence, while the right column depicts the stream data. 

In this case, the sufficient monitoring of streaming data problem that we would like to solve is the 

following: given an evolving sequence  � ���, … , �	� and a fixed-length sequence � � ���, … , ���, 
we want to find the subsequences of  that are similar to � in the sense of the DTW distance (Figure 

8). This problem could be defined more formally as we see below: 

Problem 1 (Best-match query) 

Given sequences  of length � and � of length �,	we want to find the subsequence &�': �)* whose 

DTW distance from � is the smallest among those of all possible subsequences &�: +*, that is, ��&�': �)*, �� , ��&�: +*, �� for any pair of � � 1,… , � and + � �, … , �. 
Problem 2 (Disjoint query) 

Given a stream  (that is, an evolving data sequence, which at the time of interest has length �), a 

query sequence � of fixed length �	and a threshold ∈, we want to report all subsequences &�': �)* 
such that:  

1. The subsequences are close enough to the query sequence: ��&�': �)*, �� ,∈, and 

2. Among several overlapping matches, we want to report only the local minimum; that is, ��&�': �)*, �� is the smallest value in the group of overlapping subsequences that satisfy 

condition 1. 

Therefore, the challenge is to find a stream monitoring algorithm, which, at time �,	will process a 

new value of  and report each match as early as possible. 

The most straightforward solution (depicted in Figure 9); the one applying the standard DTW 

dynamic programming algorithm, requires %���� matrices. The time complexity is %��/�� (or %����� per time-tick), making this method expensive and inappropriate for the streaming problem. 

In the following section, we will present another algorithm to deal successfully with this problem.  
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Figure 8. Illustration of subsequence matching under the DTW distance. The black squares denote the 

optimal warping path in the time warping matrix. The naïve solution has to maintain the matrices starting 

from every time-tick. 

3.2.3 SPRING 

SPRING [Shakurai, 2007] is a streaming algorithm, which addresses the problems introduced in the 

previous sections by efficiently detecting high-similarity subsequences in data streams. The method 

is fast, accurate, and nimble, requiring constant space and time per time-tick. Figure 10 illustrates 

how this is done. Before introducing SPRING functionality, we will define star-padding and STWM. 

Star-padding 

Given a sequence � � ���, … , ���,	the star padding of � is �0 � ��1, ��, … , ��� where �1 ���∞:�∞�.  
STWM 

Let  be a sequence of length	�, then the minimum distance ��&�': �)*, �� from the matrix of  and �′ is given by the following equation: ��&�': �)*, �� � 3��) ,�� � min	�3��,��� 3��, �� � 	 ‖�� �	��‖ � 37)'� 
where  37)'� � ���  3��, � � 1�3�� � 1, ��3�� � 1, � � 1�(2) 

and 3��, 0� � 0, 3�0, �� � 	∞						�� � 1,… , �; � � 1,… ,�� 
Besides the distance 3��, ��, the matrix contains the starting position: 

8��, �� �  8��, � � 1�						��	3��, � � 1� � 		 37)'�8�� � 1, ��						��	3�� � 1, �� � 		 37)'�8�� � 1, � � 1�					��	3�� � 1, � � 1� � 		 37)'�(3) 

We obtain the starting position of ��&�': �)*, �� as: �' � 8��) , ��. 
The optimal warping path is obtained using the distance computation and the starting position of the 

best subsequence is propagated through the matrix on the optimal warping path. 
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Let 3�  and 3�0 be arrays of � distance values and let 8� and 8�0 be arrays of � integers. The DTW 

distance can be incrementally computed at time tick �. Similarly, we obtain the starting position of 

the subsequence. Thus, we update � distance values and � integers for each time-tick. 

The stream processing for best-match queries is straightforward; it simply uses Equations 2 and 3, 

and reports the best subsequence when the user requires it. For disjoint queries, the most 

straightforward algorithm would be: as soon as we find a matching subsequence (i.e., with distance , 	9), we report it and then initialize the array of 3�. This algorithm is useful if the user wants a quick 

response, but it may miss the optimal subsequence, if there are multiple overlapping subsequences 

within ∈.  

On the other hand, SPRING is carefully designed to:  

� guarantee no false dismissals and  

� report each match as early as possible.  

As Figure 10 illustrates, for each incoming data point, we first incrementally update the distance 3�  
and determine the starting position 8� according to the computation of 3�. The algorithm reports the 

subsequence after confirming that the current optimal subsequence cannot be replaced by the 

upcoming subsequences. The idea is to keep track of the minimum distance, 3��	, while 

investigating the group of overlapping subsequences. We report the subsequence that gives 3��	 

when the arrays of 3�  and 8�  satisfy: ∀�, 3� ; 3��		 and 8� < �) (4) 

which means that the captured optimal subsequence cannot be replaced by the upcoming 

subsequences. Otherwise, the upcoming candidate subsequences do not overlap with the captured 

optimal subsequence. We initialize 3��� and the array of 3� after the output. 

 

Figure 9. Illustration of SPRING algorithm which uses only a single matrix to capture all qualifying 

subsequences for disjoint queries. 
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3.2.4 Hidden Markov Models 

In the previous chapters, we have reviewed two well-known sequence matching methods which are 

broadly used at gesture recognition applications. In this chapter, we will focus on another approach; 

the use of classifiers for gesture recognition. 

To solve general classification problems, different algorithms have been proposed, supervised and 

non-supervised. Supervised methods build class models using labelled data, whereas non supervised 

methods try to discover the structure of the data. Examples of supervised methods are kNN, Neural 

Networks and Classification Trees. Examples of non-supervised methods are clustering techniques.  

In human activity recognition and gesture recognition as well, the most accepted classification 

techniques are Hidden Markov Models (HMMs), because activities have temporal structure and 

HMMs can tackle with this kind of processes. However, others methods have been successfully used: 

Neural Networks, Neuro-Fuzzy systems, C4.5. etc [Piccardi & Molina, 2007]. 

Gesture sequences often present a complex underlying temporal structure and models that 

incorporate hidden structures have proven to be advantageous for recognition tasks. Most existing 

approaches to gesture recognition with hidden states employ a Hidden Markov Model (HMM) or a 

suitable variant (e.g. a factored or coupled state model) to model gesture streams. Below, we will 

briefly introduce HMM and briefly examine their functionality. 

Be a system that can be described using a set of N different states, where random transitions are 

produced over time, according to a given probability distribution for each state. The state on the 

system on each moment depends on the state that it was in the previous moments. This kind of 

stochastic process is called ”Markov Model”. Additionally, if the present state of the system cannot 

be observed, i.e., it could be only measured by an effect that it produces, the system is called 

”Hidden Markov Model”. 

This in mathematics terms means that HMM is a generative probabilistic model which is used for 

generating hidden states from observable data. The main goal of the model is to determine the 

hidden state sequence �����…���	that corresponds to the output sequence of 

observations	�����…���	. Another important goal is to learn model parameters reliably from the 

history of observed output sequences. Figure 11 shows a graphical representation of an HMM. 
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Figure 10. Hidden Markov Model (x – states, y – observations, a – state transition probabilities, b – emission 

probabilities). 

A Hidden Markov Model = [Rabiner, 1989]is defined by the tuple =	 ≡ 	 �?,@, A, B, C� where: 

� ? � 	 D?1, … , ?EF	is the set of hidden states of the model. The state at time t is denoted by ��. 
� G	is the set of observation symbols. 

� � � 	 H���I is the state transition probability (transitional probability) distribution:  

��� � JK��L� � ?�M�� � ?�N 

� 
 � H��I is the observation symbol probability distribution (emission probability) in state +: 
�� � J�O|�� � +� 

� Q � HC�I is the initial state probability distribution: 

J� � J��1 � +� 
As we mentioned while introducing HMM, the model requires two independence assumptions 

for tractable inference: 

� The 1
st

 order Markov assumption of transition: R���|��, ��, … , ��S�� � R���|��S��	�5�, 
meaning that the future state depends only on the current state and not on past states.  

� Conditional independence of observation parameters: R���|��, 		��, ��, … , ��S�, ��, ��, … , ��S�	� � R���|���  (6) 

Meaning that the observable variable �� 	at time �, depends only on the current hidden state ��. In other words, the probability of observing � while in hidden state � is independent of all 

other observable variables and past states. 
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Given the definition of HMM, the following issues arise: 

Evaluation problem:  

Given the ΗΜΜ @ � �A, B, C� and the observation sequence �����…���,	how can we calculate the 

probability that Model G has generated sequence �? 

Decoding problem:  

Given the HMM @ � �A, B, C� and the observation sequence �����…���, how can we calculate the 

most likely sequence of hidden states  that produced this observation sequence �? 

Learning problem:  

Given some training observation sequences and general structure of HMM (numbers of hidden and 

visible states), determine HMM parameters @ � �A, B, C� that best fit training data. 

The aforementioned problems can be solved with the following approaches: 

Evaluation problem:  

Given the ΗΜΜ @ � �A, B, C� and the observation sequence % � U�	U�…UV	trying to find the 

probability that Model G has generated sequence % by means of considering all hidden state 

sequences is impractical since the number of these sequences increases exponentially. For efficiently 

calculating this probability, the Forward-Backward HMM algorithm is used [Rabiner, 1989]: define 

the forward variable �V��� as the joint probability of the partial observation sequence % �U�	U�…UV	and that the hidden state at time W is ?�, �V��� � R�U�	U�…UV	, XV � ?���6�. 
Decoding problem:  

Dealing with the decoding problem, we want to find the state sequence Z � X�	X�…XV	which 

maximizes R�Z|U�	U�…UV	�, or equivalently R�Z, U�	U�…UV	�. Instead of adopting the Brute force 

consideration of all paths, which requires exponential time, we can use the Viterbi algorithm [Viterbi, 

1967]: define variable [V��� as the maximum probability of producing observation sequence % � U�	U�…UV	 when moving along any hidden state sequence X�…XVS�	 and getting into XV � ?�. 
 [V��� � max		R�	X�…XVS�	, XV � ?�, U�	U�…UV	� (7) 

Where max is taken over all possible paths X�…XVS�	. 
Learning problem:  

In the raining problem, given some training observation sequences % � U�	U�…UV	and general 

structure of HMM (numbers of hidden and visible states), we want to determine HMM parameters @ � �A, B, C� that best fit training data, that is maximizes R�%|G�. Since there is no algorithm for 

producing optimal parameter values, we use Baum-Welch algorithm [Rabiner, 1989], an iterative 

expectation-maximization algorithm, in order to find local maximum of R�%|G�. 
3.2.5 Hidden Conditional Random Fields 

A significant limitation of Hidden Markov Models (or significant variables) for gesture recognition 

tasks is the requirement of conditional independence of observations. In addition, hidden states in a 

generative model are selected to maximize the likelihood of generating all the examples of a given 

gesture class, which is not necessarily optimal for discriminating the gesture class against other 

gestures. A discriminative sequence model with a hidden structure that could be adapted to address 
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these limitations is Hidden Conditional Random Fields (HCRFs), which will briefly review in the 

following paragraphs [Wang et al, 2006]. 

Our goal is to learn a mapping of observations � to class labels � ∈ �, where � is a vector of �	local 

observations, � � ���, ��, … , ���, and each local observation �� is represented by a feature vector ^K��N ∈ _`. An HCRF models the conditional probability of a class label given a set of observations 

by: 

R��|a, b� �cR��, d|a, b�d � ∑ fg�h,d,a;i�d∑ fg�h0,d,a;i�hj∈k,d∈lm 		�8� 
where d � �8�, 8�, … , 8��, each 8� ∈ ? captures certain underlying structure of each class and ? is the 

set of Hidden states in the model. If we assume that d is observed and there is a single class label �, 

then the conditional probability of d given a becomes a regular Conditional Random Field [Quattoni, 

2004]. The potential function o��, d, a; b� ∈ _, parameterized by b, measures the compatibility 

between a label, a set of observations and a configuration of hidden states. 

Following previous work on CRFs [Kumar & Herbert, 2003], [Lafferty et al, 2001], the following 

objective function can be used for training the parameters: 

p�b� �cqUrR���|as, b�	
�t� � 12v� ‖b‖�	�9� 

Where � is the total number of training sequences. The first term in Equation 9 is the log-likelihood 

of the data; the second is the log of a Gaussian prior with variance v�, i.e., R�b�~exp { ��|} ‖b‖�~. 

We use gradient ascent to search for the optimal parameter values, b∗ � ��r���ip�b�. A widely 

used technique is Quasi-Newton optimization [Quattoni, 2004].  

HCRFs are well-suited to the problem of gesture recognition, Quattoni [Quattoni, 2004] developed a 

discriminative hidden state approach where the underlying graphical model captured spatial 

dependencies between hidden object parts, while Wang et al [Wang et al, 2006], modified the 

original HCRF approach to model sequences where the underlying graphical model captures 

temporal dependencies across frames and to incorporate long range dependencies. 
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4 ProsocialLearn gesture-based interaction system 

Having completed a brief review of gesture-based interactions techniques and algorithms for gesture 

recognition, we will present in this section, which of these techniques are appropriate for the design 

and implementation of the mid-ar gestures-based natural game interactions (NGI) system for the 

ProsocialLearn platform. Firstly, we will present the NGI modules that we have designed, 

implemented and integrated on the Path of Trust (PoT) game, emphasizing on real-time interaction, 

as well as on users ‘experience preliminary experiments. Subsequently, based on the conclusions 

derived from experiments, we will present the overall architecture and functionality of the gesture-

based interaction system that will be incorporated in PL platform. 

4.1 Implementation and preliminary evaluation 

In the design of NGI modules for PL prototype games, we had to take into consideration the following 

requirements: 

� A set of interactions for gameplay scenarios should be selected. 

� These interactions should feel natural, intuitive for children aged 7-10 in order to enhance 

game experience. 

� The sensing technologies should be non-intrusive. 

� The sensors should be low-cost and portable, so that they could be used for gameplay in the 

classroom or at home. 

� The system should recognize with accuracy the users’ interactions in real time, meaning that 

any processing and computation should be suitable for real time applications and especially 

game applications that normally require a lot of processing for graphics and for AI 

algorithms. 

Taking into account the aforementioned requirements, the first step we had to do was the selection 

of the type of interactions. In section 3, we have provided an overview of gesture-based interactions, 

presenting both advantages and possible limitations and problems encountered in the utilization of 

such kind of systems. Due to intuitiveness and ease of use (requirements of great importance when 

dealing with the design of games aiming at young children), we selected body and hand gestures as 

the natural interaction alternative to traditional interactions for ProsocialLearn games. 

The next step was to select the sensing technologies for capturing effectively the body and hand 

gestures. As mentioned above, the devices should be non-intrusive, low-cost, portable and 

appropriate for gameplay. The commercial sensors that meet these requirements are Microsoft 

Kinect and Leap Motion. Kinect constitutes the predominant device used for natural interactions in 

games the last 6 years, while Leap Motion is a relatively new device that promises to boost the future 

of gaming industry, reinventing interactions at virtual reality applications. Of course, the 

performance of these sensors needs testing and validation, something that happened through a 

series of small-scale experiments, as we will see in the following paragraphs. This approach falls into 

the category of computer vision approaches, as we have discussed in Section 3.1. The accuracy of 

state-of-the-art computer vision algorithms has increased tremendously and computer vision 

methods are by far preferred for the creation of gesture-based interfaces. Another advantage that 

novel sensing devices such as Kinect and Leap Motion presents versus conventional cameras or 3D 

cameras, is the incorporation of skeleton-tracking, image segmentation and preprocessing algorithms 

in the software that accompanies the hardware. Providing via their SDKs classes and data, almost 

ready for feed in recognition algorithms, they take a great burden off the developers’ shoulders. 
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Having chosen the capturing devices, we needed to determine the appropriate methods for accurate 

gesture recognition including feature selection and gesture classification. The recognition algorithms 

that we have presented in detail in Section 3.2 are the ones that seem to be suitable for the 

recognition tasks in the ProsocialLearn project. More details about how we used these algorithms 

will follow in Sections 4.1.2 and 4.1.3. 

4.1.1 Input devices 

As we mentioned, Kinect and Leap Motion have been selected as input devices. Below, we will 

provide some information about the functionality, utilization and development of these sensors. 

4.1.1.1 Kinect 

Late in 2010, Microsoft attempted to revolutionize 

the way game players interacted with their games 

and gaming hardware (Xbox 3605) by introducing 

Kinect sensor, the first in a line of motion sensing 

input devices intended to replace the traditional 

controller. The original device featured an RGB 

camera, a depth sensor and a multi-array microphone 

running proprietary software, and builds on software 

technology developed internally and range camera 

technology developed by the now defunct Israeli company 

PrimeSense. Instantly, the device broke the Guinness World 

Record for fastest selling consumer electronics device, and 

was positively accepted by the homebrew software and 

scientific community [Zhang, 2012]. In 2012, Microsoft 

introduced a Windows version of the device along with an official SDK to provide developers with the 

Kinect capabilities in order to build applications with C++, C# and Visual Basic using Microsoft Visual 

Studio 2010 and beyond. An upgraded version marketed with the company’s latest gaming hardware 

(the Xbox One6) was released late in 2013.  

Since the original Kinect for Xbox 360 sensor broke ground in 2010, several research topics 

surrounding low-cost motion capturing systems emerged [Berger et al, 2011]. More specifically, 

research work capitalized upon full-body skeleton tracking capabilities offered for the device through 

a number of software development kits created for the sensor, most notably by Kinect project 

partner PrimeSense (OpenNI), until the release of the official SDK by Microsoft [Shotton et al, 2012]. 

Shortly, research works on rehabilitation based on bodily activity patterns during gameplay emerged, 

capitalizing on the sensor’s low cost and firmly established affiliation with the games industry [Chang 

et al, 2011] [Lange et al, 2011].  

In the ProsocialLearn platform, we utilize Kinect both for the extraction of features related to the 

players’ 3D full body motion and for game interactions. In this respect, we monitor and process data 

incoming from every visual component provided by, and the SDKs built for the sensor. ¡Error! No se 

encuentra el origen de la referencia.2 demonstrates the raw data input of our feature extraction 

algorithms for both sensors. 

                                                           
5 Microsoft XBOX 360 console, http://www.xbox.com/en-US/xbox-360?xr=shellnav  
6 Microsoft XBOX One console, http://www.xbox.com/en-US/xbox-one?xr=shellnav  
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(a) (b) 

Figure 11. Sample data captured by the Kinect for Xbox 360 sensor. Left image (a) shows RGB input, while 

the right image (b) shows depth and skeleton tracking results obtained from the OpenNI library 

 

4.1.1.2 LEAP Motion Sensor 

The LEAP Motion controller is a computer hardware sensor 

device that supports contact-less hand and finger motions as 

input, allowing users to control applications via hand gestures 

and motions. The device is meant to be placed on the tabletop, 

and uses infra-red cameras and LEDs to generate a 

hemispherical, pattern-less IR light which is able to detect hand 

movement to a distance of about 600 millimeters [Guna et al, 

2014]. According to the developer specification, user input is 

detected and analyzed (with frame rate 20 to 200 fps depending 

on the user’s settings and available computing power) by the 

controller’s built-in software, which uses complex maths to generate high-precision 3D hand position 

and joint data. Much like the Kinect, the LEAP Motion controller uses depth information to extract 

skeleton data, however, its smaller observation area and higher resolution make it ideal for hand and 

finger tracking, whereas the Kinect is more suitable for full body tracking.  The device was publicly 

made available in mid-2013, and has since been embraced by the Virtual and Augmented reality 

application development community.  

Several obvious potential use cases of the sensor for the scientific community have since emerged, 

involving hand gesture recognition [Schmidt et al, 2015], sign language interpretation [Potter et al, 

2013] and more recently, rehabilitation [Grubišić et al, 2015]. These studies display the controller’s 

efficiency with hand tracking, concluding however that further development on the device software 

API is required.  

4.1.2 Gesture recognition using Leap Motion 

As the Leap Motion controller tracks hands, fingers, and tools in its field of view, it provides updates 

as a set – or frame – of data. Each Frame object representing a frame contains lists of tracked 

entities, such as hands and fingers. The Frame object is essentially the root of the Leap Motion data 

model. 
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Figure 12. Leap Motion data provided per frame. 

The hand model provides information about the identity, position, direction, orientation and other 

characteristics of a detected hand, the arm to which the hand is attached, and lists of the fingers 

associated with the hand. The Leap Motion software uses an internal model of a human hand to 

provide predictive tracking even when parts of a hand are not visible. The hand model always 

provides positions for five fingers, although tracking is optimal when the silhouette of a hand and all 

its fingers are clearly visible. The software uses the visible parts of the hand, its internal model, and 

past observations to calculate the most likely positions of the parts that are not currently visible.  

We have to exploit the aforementioned information available at every frame, in order to model our 

gestures. Specifically, a feature selection procedure is necessary in order to extract feature vectors as 

gestures’ descriptors.  

After experimentation (as will described below), the following set of features proved to have the 

adequate descriptive power: 

� palm position,  

� direction & curvature,  

� position of finger tips,  

� distances between consecutive finger tips,  

� angles between consecutive finger tips,  

� angles between finger tips and  

� palm normal vector 
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Figure 13. Palm bones (left) and Leap Motion palm joints (right) 

We have designed and developed a gesture recognition interface that performs recognition with the 

use of subsequence-matching methods; the gestures that our system supports are stored as multi-

dimensional time series templates, with which real time data series are compared.  When the 

comparison score between a template and real time series (query sequence) surpass a predefined 

threshold, the system recognizes the template action/gesture. We have designed and developed two 

different approaches; one using an extended multi-dimensional version of Dynamic Time Warping 

Algorithm (MD-DTW) and the other using an extended multi-dimensional version of SPRING (MD-

SPRING) algorithm for subsequence matching.  These algorithms provide robust against noise 

matching and enable scaling of the time axis.  

 

Figure 14. GUI for gesture recognition experiments using Leap Motion 
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Different set of features were tried with rigorous experimentation, before the choice of the 

aforementioned set of features. In the experiments, we used the subsequence-matching methods 

mentioned above and the task was the recognition of 5 dynamic gestures: hand moving upwards, 

downwards, left, right, and hand drawing a circle. In figure 15, we can see the graphical interface for 

the experimental sessions. 

At another task, using MD-SPRING this time, low level features such as the coordinates of palm 

position performed exceptionally as descriptors of 3 basic gestures: hand moving upwards,  left and 

right. 

Recognition Task 1 

� Recognition of 5 dynamic gestures: hand moving upwards, downwards, left, right, 

and hand drawing a circle.  

� Features used to model each gesture: palm position, direction & curvature, position 

of finger tips, distances between consecutive finger tips, angles between consecutive 

finger tips, angles between finger tips and palm normal vector 

� Method used: MD-DTW 

Recognition Task 2 

� Recognition of 3 dynamic  gestures: hand moving upwards,  left and right 

� Features used to model each gesture:  3 coordinates of palm 

� Method used: MD-SPRING 

In both cases, we achieved accurate real-time recognition and this fact proves methods’ pοtential  

for similar action/gesture recognition tasks.  

4.1.3 Gesture recognition using Kinect 

We have conducted experiments with gesture recognition tasks, both using Kinect 1 and Kinect 2. In 

the following analysis, we will focus on Kinect 2, since it surpasses by far the Kinect 1 in terms of 

depth and image fidelity, as we will see below. 

Kinect 2 SDK provides the positions and orientation angles of 25 skeleton joints as we can see in 

figure 16, at every frame. This information can be used either directly as input in recognition 

algorithms or alternatively, it can be processed to give a set of higher level features that could act as 

descriptor for body gestures. 

A basic approach to gesture recognition using Kinect is the rule-based approach, where thresholds 

are used to define the type of gesture. Moreover, the gesture recognition interfaces which employ 

the multi-dimensional versions of DTW and SPRING algorithm described above can be also used for 

gesture recognition with Kinect data, offering real-time accurate recognition. In this case, we use as 

time series data either the normalized joint positions and/or orientations, or a set of high level 

features deriving from processing of joint positions and/or orientations (e.g. distances between 

joints, kinetic energy, bounding box area etc). 
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Figure 15. Joints provided by Kinect 2 SDK 

A more advanced approach for gesture recognition with Kinect is the use of an HMM-based 

recognition method, briefly described below, or of similar method: 

� Use of front-view Kinect depth map 

� Application of human skeleton tracking algorithm 

� Body pose estimation from detected joints 

� Definition of new coordinate system per frame 

� Selection of particular joints for realizing action recognition 

� Selected joints: wrists, elbows, knees, feet 

� Estimation of vectors connecting the torso with every selected joint 

� Computation of the 3 angles of the formed vectors 

� Hidden Markov Models used for action recognition 

4.1.4 Preliminary evaluation at small-scale experiments 

In the previous sections, we have discussed some ideas and implementations for gesture interfaces 

using skeleton tracking data captured with Leap Motion and Kinect 2 sensors. In this section, we will 

see how these gesture recognition modules were incorporated in CERTH prototype game Path of 

Trust (PoT) [Apostolakis et al, 2015] and we will comment on the accuracy of recognition, the 

performance of sensors and the experience of gameplay at a series of small-scale experiment with 

children aged 7-10 years old. 

4.1.4.1 NUI controllers at Path of Trust Game 

Path of Trust (PoT) is a two-player, endless running maze game in which players strive to collect 

treasure while trying to avoid mummies and traps. One player assumes the role of the Guide, a 

character assumed to have explored the maze before and therefore, able to navigate through the 
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corridors via a top-down view of the dungeon map. The other player is put in control of the endless 

running Muscle character, which is responsible to navigate the maze, but has no information on the 

layout, of the maze or the room contents. As the ancient treasure is guarded by terrifying mummies 

who dwell in the dungeon corridors, the two unlikely partners need to form a trusting bond in order 

to fullfil their mission, as the Muscle needs to trust his partner to provide guidance away from 

danger, while the Guide must trust their partner to listen to follow his directions. The duo navigates 

the maze by having the Muscle carry the Guide on his back. During each game cycle, the characters 

find themselves in one of the maze’s many rooms, which end up in junctions leading up to 3 different 

directions. Before entering the room, the Guide has already been shown a short glimpse of the 

contents in each of the adjacent rooms and has to pick a decision for the Muscle character to follow. 

The Muscle then gets a small time window to decide whether to actually heed the Guide’s advice and 

proceeds to take one of the available routes. Afterwards, the Muscle gets a short time to either 

collect the treasure or avoid a hazard running inside a small corridor leading up to the next 

room/junction while the Guide is again shown the contents of the adjacent rooms there, from which 

point the cycle repeats. 

 

Figure 16. Path of Trust DX and Path of Trust: The Christmas Edition title screens. 

A similar setting was established in a Christmas Edition (PoT Xmas) of the game, included as an 

unlockable theme during the months November to January. In this version, the characters are 

replaced by Santa’s elves following instructions on collecting toys for Santa’s sleigh, while the 

mummies have been replaced by the Grinch, attempting to steal Christmas. Christmas Edition is one-

player, since the Guide is represented by AI-driven NPC.  Also, Path of Trust DX edition (PoT DX) is 

revised one-player edition of PoT with improved graphics and AI-driven Guide character. The two 

latter versions’ title screens can be seen side by side in Figure 17. 

 



 

30/06/2016 | ProsocialLearn | D4.5 1
st

 Natural Game Interactions 

 

  Page | 48 

 

 

Figure 17. Junction and Corridor tile types making up the Path of Trust map maze. The bold green arrow 

indicates entry point for the characters. The white arrows indicate possible navigation paths. 

In figure 19, it is depicted the PoT server-client architecture diagram and the flow of game data. As 

we can see, the main task of a PoT client is to provide a generic framework for input device 

communication. Each device constitutes a child thread of the game client process, while all 

interactions are carried out through the use of local sockets. Messaging with each device follows a 

unified protocol. Preserving a synchronization scheme with the game server, the client initializes 

each sensor and exchanges game information between the sensors and the game. A web browser 

module is responsible for executing game actions and displaying the game world to the users. This 

system architecture allows easy extension of the PoT to new sensors, thus making the game 

independent from any specific input device.  

 

Figure 18. PoT architecture diagram. 

 



 

30/06/2016 | ProsocialLearn | D4.5 1
st

 Natural Game Interactions 

 

  Page | 49 

 

 

Figure 19. Controlling the Guide character with Leap Motion hand gestures. 

 

As stated earlier in the Section, PoT can be played either using a standard interaction interface such 

as a keyboard to control actions via the arrow keys, or with an NGI interface that uses the user’s 

bodily gestures as an input controller to enhance player engagement. PoT gesture recognition 

interface supports both versions of the Microsoft Kinect sensor for full body motion tracking, as well 

as the intuitive Leap Motion Controller for directing game characters using hand gestures on top of a 

desktop. Gesture recognition using the Kinect is done by tracking skeletal joints on the players' 

hands, using thresholds to determine whether a valid gesture is performed. In order to simplify 

procedures for students playing the game at this young age (7-10), simple directional gestures were 

incorporated in the system: players extend their left or right arm in order to either declare the 

intention to suggest/turn towards the desired direction when in a crossroads section, or navigate 

their run towards the left or right whenever inside a corridor section. In order to declare an intention 

to go forward, players are asked to extend both arms forward (Figure 21).  
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Figure 20.  Controlling the Muscle character using Kinect body gestures. 

The respective interface for the Leap Motion Controller performs recognition with the use of a 

subsequence-matching method. The gestures are once again simple yet intuitive to ease young users 

into getting acquainted with the sensor: swiping the hand towards the left or right above the sensor 

is mapped to the left/right keyboard arrow keys, while lifting the hand in an upwards motion handles 

functionality similar to pressing the ‘Up’ arrow key. These gestures are stored as multi-dimensional 

time series templates, with which real time data series are compared. When the comparison score 

between a template and real time series (query sequence) surpass a predefined threshold, the 

system recognizes the template gesture. The subsequence-matching is performed with the use of an 

extended multi-dimensional version of the SPRING (MD-SPRING) algorithm [Shakurai, 2007], which 

provides robust-against-noise real-time matching, and enables scaling of the time axis. Enabling and 

disabling sensor tracking is determined via control signals that the game client sends to server, which 

specifies the time frames in which input from the sensor is expected. If applicable, keyboard input on 

the other hand, is passed directly via the browser module. 

The types of gestures are shown in Figures 22 and 23. 

 

Figure 21. Hand gestures for controlling player Muscle/Guide actions using Leap Motion controller. 
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Figure 22. Body gestures for controlling player Muscle/Guide actions using Kinect. 

4.1.4.2 Small-scale experiments 

In Table 5, we can see the number of small-scale experiments conducted at schools with the 

intention to test the different editions of PoT game and the ProsocialLearn modules integrated in 

these editions. 

Table 5. Small scale experiments with PoT game. 

Session Date 
Number of 

subjects 

Number of 

recordings 
Game Version Type of input 

1 9 June 2015 18 11 PoT  version 
Kinect 1 and Leap 

Motion 

2 17 June 2015 2  PoT version 
Kinect 1 and Leap 

Motion 

3 19 June 2015 6 6 PoT version 
Kinect 1 and Leap 

Motion 

4 24 June 2015 16 11 PoT  version 
Kinect 1 and Leap 

Motion 

5 
21 December 

2015 
18 36 PoT Xmas version 

Kinect 2 and 

keyboard 

6 18 May 2016 20 40 PoT DX version 
Kinect 2 and 

keyboard 

The purpose of these experiments regarding the evaluation of the NUI controllers was twofold: 

� On one hand, we wanted to assess the sensors’ performance as well as the accuracy of 

recognition performed by our gesture interfaces. 

� On the other hand, we wanted to assess the children’s reception of the game, their ability to 

use gestures to interact with the game, the contribution of sensor-based interactions to the 

gameplay experience and their comparison with traditional interactions. 
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Sensors performance 

During these experiments, we had the chance to assess the sensors’ performance in real conditions 

and in the context of a game application and not only of stand-alone gesture interface applications. 

Kinect 1 used in the first four experimental sessions and Kinect 2 used in two last experimental 

sessions performed according to expectations. Of course, to achieve this level of performance, we 

had to ensure that some basic requirements were met. Kinect is remarkably flexible in terms of 

operability under various lighting conditions, but natural or halogen light on the players while in play, 

and obviously the emission of light directly onto the sensor itself should be avoided. Kinect operates 

best in dim, but not dark, conditions, with even lighting throughout, which means that big windows 

should be shaded during the day and artificial lighting at night should be somewhat dim.  Moreover, 

special attention needs to be given at players’ outfits in order to ensure accurate skeleton tracking by 

Kinect. The optimal outfit for playing Kinect is a full-body, non-reflective leotard in a neutral color. 

Shapeless boxy clothing that obscures user’s shape is not suitable since the Kinect sensor relies on 

being able to pick out limbs and joints. Providing these requirements, the accuracy of Kinect tracking 

seemed to range between 90% and 100%, offering reliable input data for gesture recognition.  

 

Figure 23. Dimensions of the Leap Motion Interaction Box. 

 

On the other hand, Leap Motion Controller used in the first four experimental sessions failed to 

perform at an equally satisfactory level. It is obvious that, since Leap Motion uses two cameras and 

an infrared sensor to detect motion, it achieves its best performance in an environment without any 

external infrared light sources. Unfortunately, our experiments proved that the requirements 

regarding lighting conditions that could ensure a reliable tracking are really restrictive.  So light – 

particularly infrared light, such as produced by the sun – prevents the sensor from working properly, 

despite darkness is not specified explicitly as a system requirement. Additionally, a number of other 

problems were noted; Leap Motion sometimes caused problem to the use of web camera, when the 

two devices were plugged to adjacent USB ports and Leap Motion had to be placed away from 

keyboard and mouse in order to function properly.  Last but not least, the dimensions of the 
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interaction box (Figure 24) seemed to impose a certain difficulty on young players, since they had to 

restrict the range of their movements. 

Gameplay experience 

In the first four experimental sessions, children were asked to play the PoT one time using Kinect 

(starting the game as Muscle) and the other using Leap Motion (starting the game as Guide). In 

general, they became easily acquainted with the gestures used for interaction with the gameplay 

running smoothly as gesture interactions proved to be intuitive. In some cases, however, problems 

were encountered in the interaction with the Leap Motion sensor, as some children had difficulty in 

placing their hand in the right position or they moved their hand outside the range of the sensor. On 

the other hand, children showed to be really satisfied with their interaction with Kinect 2 sensor, 

while some problems were encountered with Kinect I, due to the noise in the skeletal data.   

In experimental session 5, children were asked to play PoT Xmas one time using Kinect and the other 

using the keyboard. Students generally rated their experience as rather enjoyable, and while 

assessments on the game challenge were varied, most students found the game to be relatively easy 

to play. Based on children’s experience, the natural interaction gameplay proved to be more 

interesting and engaging, enhancing significantly the amusement of the game and contributing to a 

higher level of immersion. Quite indicative of this conclusion are children’s comments, who 

characterized playing the game with keyboard as “a bit boring” and “slow” (despite having the same 

speed), while considered the gameplay with Kinect really entertaining, asking to continue playing 

when their individual sessions were over.  

4.2 ProsocialLearn NGI API 

Having gained a valuable insight from the small-scale experiments, we are currently designing a mid-

air-based -gestures-based action recognition API (NGI API) that will be integrated into prosocial 

platform. This API will provide game developers with controllers for gesture recognition using Kinect 

2 and Leap Motion sensors.  However, in the future we aim to focus mainly on Kinect 2, since it 

proved to be more stable during the first small-scale experiments. The primary aim taken into 

consideration in the design process of NGI API was to provide easy-to-use tools supporting NGI to the 

future developers who will construct educational games using the ProsocialLearn Platform. 

The NGI API will consist of two different modules: 

NGI Module 1: The module for predefined supported gestures  

It is of great importance to provide game developers the necessary support for the recognition of a 

standard set of gestures/actions that have been proven intuitive for children gameplay. This gesture 

repertoire could include navigation gestures, such as those described in Section 4.1.4, jump gestures 

to avoid virtual obstacles, grasp and throw gestures to manipulate virtual objects, exergame gestures 

etc. The training for these actions/gestures will be done with Hidden Markov Models and the module 

will provide the functions for the recognition of these actions/gestures. The block diagram of NGI 

module 1 is provided in Figure25. 
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Figure 24. Block diagram of NGI module 1 

NGI Module 2: The module for the insertion of new gestures 

Besides using the set of predefined gestures supported by ProsocialLearn Platform, the game 

developers may wish to include extra gestures, more suitable for the games that they will design. To 

address this issue, we have designed NGI Module 2, which will offer developers the tools to record 

and insert their desired actions/gestures. The gestures will be performed in front of a Kinect 2 (or 

Leap Motion), using a Capturing Module that will save the performed actions/gestures in the format 

of multidimensional time-series. These time-series will act as templates (along with time-series for 

the supported set of gestures described above) for gesture recognition based on template matching 

algorithms, such as MD-DTW and MD-SPRING. This procedure is described in Figure 26. 

 

 

Figure 25. Block diagram of NGI module 2 
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5 Conclusions 

In this report, a complete review of various game interactions was presented, with emphasis placed 

on natural game interactions methods, their advantages compared to traditional game interactions 

and the alternative ways these methods could be used for ProsocialLearn games. 

Specifically, the role and functionality of natural game interactions in contrast to traditional 

interactions were thoroughly examined. Νatural interactions based on both touch gestures and mid-

air gestures were presented to give way to a detailed overview of mid-air gestures- based 

interactions . Important issues regarding GCI systems, such as advantages and limitations, 

requirements and design principles, current applications and future trends, were provided.  Great 

emphasis was placed on the ways users can intuitively interact with games, since these could find 

application in ProsocialLearn games. Based on scientific literature analysis, we presented the specific 

requirements for the design of gesture based interactions systems and how these requirements 

could be met regarding the design and development of NGI controllers for ProsocialLearn platform. 

Furthermore, in this report, an overview of the current state of early developed NGI modules 

integrated in the prototype prosocial game PoT was presented, providing useful insight for the future 

development since early prosocial studies taking place in schools in Greece (WP7) have encouraged 

us to proceed with some approaches and to avoid or improve others. We hope to have set a 

comprehensive and thorough example on how to design an NGI system, choose algorithms and 

hardware and use NGI controllers within game environments in a way that will allow future game 

developments to rapidly prototype new prosocial games that will use a variety of interaction styles; 

both traditional and natural . 
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