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Robots and their use are becoming more prevalent on an almost daily basis through almost all aspects of the daily lives of many people . Human-Robot Interaction (HRI) in its simplest form is a process where there is a form of communication one way or another between a human and a robot (Farouk, 2022). From roles involved in the manufacturing sector and an educational environment to more intricate and caring roles like in healthcare and entertainment, with some increases in the adoption by the military (Herdel, Yamin and Cauchard, 2022),and law enforcement (Klumpp et al., 2019) (Grogan, Pellerin and Gamache, 2018). The more advanced humans become, the more robots are being integrated into varied fields, therefore the need for a natural and effective Human-Robot Interaction is of the upmost importance. There are numerous advancements being made at the moment through industry 4.0 (I40) and Cyber-Physical Systems (CPS) that focus mainly on autonomous systems. Improvements in logistics within factories, robots taking parts to different sections of warehouses, taking parts from one assembly line to another. These examples are all due to the sensors that the robots have and shared decision making to avoid collisions (Helo and Hao, 2022).
HRI is an ever-evolving field of research that many may perceive as science fiction when in fact, it is the world we live in, the diverse interactions that are experienced on a daily basis can encompass many different varieties of HRI. Interactive methods like voice commands for a digital assistant or a automatic checkout. There are numerous different interactions that may be similar such as Human-Computer Interaction (HCI) (Thrun, 2004), or perhaps Human-Machine Interaction, however HRI deals more with a pursuit of a natural interaction where each interaction is intuitive (Abe, 2021). Traditionally HRI systems relied upon stringent rules with limited actions that the system was capable to display (Lee and Makatchev, 2009), but now there are more intuitive and fluid interaction models that assist in the development of HRI.
Social robots need several different abilities to work safely with and around humans in an effective manner (Campa, 2016). They need the ability to be able to detect the actions of that individual to ensure there are no conflicts in the movements of either party, or perhaps the robot could generate an appropriate response to the individual situation (Breazeal, 2002). With the diverse background that many people around the world, it could present quite a challenge to create a HRI system that can interact well with all of them. Suggesting a universal approach may make interaction more natural and intuitive (Breazeal et al., 2013).
The ability for a HRI system to be more natural is quite reliant on a gesture recognition system as humans tend to communicate quite often with gestures often without realising. Enabling robots to recognise these gestures would increase the capabilities of a HRI system to facilitate a more intuitive and natural interaction. Human-Robot interaction is often times happening in a setting that could be dangerous and having a method to convey a message quickly like a gesture could be advantageous to the safety and efficiency of all involved (Lund, 2004). With the increasing presence of robots in daily life, animatronic toys for example and perhaps robotic vacuum cleaners, people are having HRI often without realising that is what it is hence the need for gesture recognition systems to help improve upon the safety of the general public in these situations (Qi et al., 2024).
The ability to communicate nonverbally is a trait that humans may take for granted, many people may often gesture with their hands while talking and the ability to see that is part of the communication and can increase the potency of the verbal message being delivered. The ability for a robot to use this system not only to understand but to respond in kind could enable a more natural interaction creating a stringer bond between the user and the robot (Bartneck et al., 2020).
In this report there will be a literature review of some of the papers that were used in the creation of this project including why a natural interaction in HRI is important. There will also be a section about background theories of HRI and the current research direction for these systems.
Following this there will be a section dedicated to the work completed during this project with a results and discussion section to follow that. And finally a further work section will be at the end.


[bookmark: _Toc173120168]Aim and objectives of the project
The aim of this project is to create a gesture recognition system (GRS), that when tested can recognise six gestures. That can, once activated, remain dormant until a gesture is used to “wake” the system then recognises four gestures before being given a “sleep” gesture commanding the system to become dormant again. 
Furthermore, an additional aim is to demonstrate that through integration with a robotic arm, a tele operational control can be established to demonstrate that GRS can effectively operate a robotic arm in an industrial environment.



[bookmark: _Toc173120169]Literature Review
This literature review examines the research that underpins the development of the system in this project. It explores the multifaceted interactions between humans and robots, providing an extensive summary of the current state of Human-Robot Interaction (HRI) research. Emphasis is placed on significant advancements, fundamental concepts, models, and frameworks that researchers utilize to understand, explain, and predict interactions between humans and robots. By investigating interdisciplinary contributions to the field, this review aims to identify emerging trends, challenges, and future directions that will shape the evolution of human-robot interactions.
Human-Robot Interaction (HRI) is a rapidly evolving field that extends beyond science fiction, encompassing diverse areas of study. Interactions range from voice commands to teleoperated (remote control) operations. HRI is distinct from Human-Computer Interaction (HCI) and Human-Machine Interaction (HMI) due to its focus on cognitive abilities, which allow for a more dynamic and autonomous environment (Scholtz, 2002).
Literature on HRI covers several key areas. One significant focus is the behaviour of robots in autonomous roles, including the assessment of their capabilities and how varying degrees of autonomy impact human acceptance in collaborative or cooperative activities (John D. Lee & Katrina A. See, 2004; Beer, Fisk & Rogers, 2014). Another crucial area is the social aspects of HRI, such as robots understanding social cues and responding appropriately, and how these interactions influence human perceptions (Fiore et al., 2013). Additionally, there is growing interest in the impact of robots on fields such as privacy, employment, and well-being (Qureshi & Syed, 2014)(Acemoglu and Restrepo, 2020) .
Despite significant advancements in HRI, several challenges remain. Research has expanded into robots operating in retail environments to assist with shopping (Song & Kim, 2022) and the adoption of social robots in industries like hospitality and travel (Vishwakarma et al., 2024). However, challenges include developing more natural interactions that can adapt to changing environments (Ahmad, Mubin & Orlando, 2017), the need for specialized workers to repair robots, trust issues related to robot reliability, and overcoming negative preconceptions about working with robots. Addressing these challenges requires collaborative efforts from numerous research institutions to develop sophisticated, human-centric robot systems (He et al., 2022).


[bookmark: _Toc173120170]Background theory, definitions 
Robots are machines with capabilities often exceeding that of a human they can complete actions automatically, repeating the same action again and again with a significant amount of accuracy (Biggs and Macdonald, 2004) (Jost et al., 2020).
Autonomy refers to the ability of a robot to complete tasks with minimal to no input from a human-operator (Beer, Fisk and Rogers, 2014). This can include variations between part autonomous, meaning a human will be involved in part of the operation, to full autonomy, where a human has no input whatsoever (Sellner et al., 2006).
The increase in HRI raises ethical concerns with robots taking many roles that would have previously been occupied by a human counterpart. There are also the implications of the rights of robots, would robots and AI be recognised as legal entities with their own rights. The legalities surrounding intellectual property suggest that it may be possible but at the moment it is looking unlikely, but it is something that would need to researched further (Bennett and Daly, 2020). 
Social interaction is a term used to define the numerous amounts of exchanges that humans may have with robots. Communication is key with this interaction, the ability for a robot to detect verbal cues, social cues and gestures are important qualities now and in the future.
HRI is a multidisciplinary field focusing on interactions between humans and robots focusing on studying those interactions and designing alternate or better methods for the human-robot interaction in question. 
HRI draws from many different fields of study such as computer science, engineering, psychology, design and many others (Bethel and Murphy, 2010). The aim with the multidisciplinary approach is to create an interaction that is user-friendly and advanced enough to be safe, socially acceptable and have a natural interaction
Initially robots were used on an industrial scale for repetitive and large-scale tasks such as assembly, painting, welding, etc. These robots were always kept separated from the human workforce due to safety concerns for the individuals involved (Singh and Sellappan, 2008).
Robots have been developed to the stage where they can be used as assistive robots assisting in several different ways such as household duties, and education (Yamazaki et al., 2012). There are even social robots that are designed to interact directly with humans in a social setting. 

[bookmark: _Toc173120171]Automation in manufacturing and current trends 
Automation in manufacturing offers significant advantages, including greater efficiency, reduced costs, and improved product quality (Javaid et al., 2021). These benefits extend to newer manufacturing trends like additive manufacturing (Ashima et al., 2021)However, automation also presents challenges such as high upfront expenses and potential job loss, which need careful consideration.
Emerging trends such as Industry 4.0 (Schroeder, 2016), the integration of AI, and the use of collaborative robots (cobots) are transforming the industry (Javaid et al., 2022). Possibly spurring the co-working of humans and robots towards industry 5.0 (Demir, Döven and Sezen, 2019). These trends aim to create smarter, more adaptable, and sustainable production systems. To maximize the benefits of automation, manufacturers need to balance these innovations with the demand for skilled workers and financial implications (Su et al., 2022).
Collaborative robots (cobots) are becoming more prevalent globally, revolutionizing the manufacturing process and enhancing the efficiency and capabilities of the average worker (Marvel et al., 2020). Cobots offer numerous benefits: they can take over repetitive tasks from human workers, operate without needing rest breaks, and enhance safety, productivity, and efficiency while being cost-effective and easy to use (Franceschi, Pedrocchi and Beschi, 2023). Cobots also reduce training time due to their intuitive user interfaces, allowing them to integrate into existing workforces with minimal disruption (George and George, 2023)
Despite the many benefits of automation, there are also significant disadvantages. Automation in sectors such as manufacturing, and retail can lead to job displacement and unemployment. For example, automated checkouts in supermarkets reduce the need for checkout operators, potentially resulting in job losses if alternative positions are unavailable (Khan, 2023)
There are inherent issues with the increasing trend toward electronic automated systems. Ethical implications arise from the use of autonomous systems, including a lack of accountability and morally ambiguous decisions made by algorithms (O’Neil, 2016). Additionally, the rise in cybercrime introduces new risks, such as hacking and corporate espionage. This is particularly concerning for critical institutions using automation, like the electrical grid and military defence systems, which are vulnerable to cyberattacks that could have catastrophic consequences (Otuoze, Mustafa & Larik, 2018).
Moreover, the ability of robots to assume roles traditionally performed by humans raises concerns about the erosion of essential skills. For instance, automated checkout systems eliminate the need for interpersonal skills during transactions, as there are no human interactions involved (Susskind and Susskind, 2015)

HRI in manufacturing is becoming more and more common with mechanisms like Autonomous mobile robots (AMR) overtaking the likes of Automated Guided Vehicles (AGV) and revolutionizing the way that materials are handled. Whereas AGV’s follow fixed predetermined paths, AMR’s have enhanced navigation systems allowing a freedom of movement that enables them to adapt to ever changing environments allowing them to recalculate the route in real-time thus improving their efficiency revolutionizing material handling and logistics within manufacturing facilities. AMR’s are currently increasing in use through many different industries such as picking products in warehouses and delivery of specific components thus reducing the need for manual labour (Löcklin et al., 2022).
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Natural interaction is a major aim of human-robot interaction(Salter, Dautenhahn and Boekhorst, 2006).The following paper (Tschöpe, Reiser and Oehl, 2017) discusses the “uncanny valley” effect that people have while interacting with robots. The perceived anthropomorphization of the robot including the emotional expression affect the eeriness that people may experience while interacting with robots, thus highlighting the importance of a gesture or emotional/social cue detection system to improve communications and allow a more natural interaction (Kalinowska, Pilarski and Murphey, 2023).
HRI with language can be challenging with many different languages and different regional accent as many who use voice assistants may be able to confirm. Even though Automatic Speech Recognition (ASR) has developed significantly in recent years with virtual assistants on most if not all smart devices, they are still plagued with issues relating to ambient noise. Situations where multiple people may be talking at once, a user may be walking past a construction site and may not be able to be heard by the ASR (Zhang et al., 2018). Using this in an industrial setting could have the same issue with large amounts of machine contributing to the vast amounts of ambient noise causing difficulty for the ASR system to recognise any commands. A possible solution could be what is known as an interference tube microphone. These are designed in such a way that they block out almost all ambient noise coming from the side and only detect the sound coming from the direction they are pointing (Dickins and Akbar, 2021). Natural Language Processing (NLP) is a method for using artificial intelligence (AI), machine learning algorithms to combat these issues. While recent advances in NLP have significantly improved language processing capabilities, they face notable limitations. These models often struggle with processing long documents due to their quadratic complexity relative to sequence length, with typical models capping input at around 512 tokens (words, characters etc). Though there are innovations that address this they do not fully solve the problem and still suffer from high computational costs. The large number of parameters in these models, combined with the need for specialized hardware, raises concerns about their environmental impact due to the substantial energy required for training. Consequently, the NLP community is actively pursuing more efficient methods to mitigate both computational expenses and their associated carbon footprint (Lauriola, Lavelli and Aiolli, 2022). These techniques as well as well as many other machine learning algorithms and computer vision (the ability of computers to recognise object and people in videos and pictures) for AI have a critical role to play in the advancements of a natural HRI (Russell and Norvig, 2016). 
When considering the natural interaction with robots, there is a crucial need to investigate the user experience and ergonomics of such an interaction ensuring that the robot is user-friendly and intuitive (Breazeal, 2002) (Romat et al., 2016). And to interact effectively robots would need to emulate human emotions, or perhaps just recognise and respond to the social and emotional cues in the environment that the robot is in (Picard, 2000). Similar research by Castellano et al, demonstrated that when a robot responds to the emotional needs of a human it can enhance the likelihood that the robot will liked and an increase in empathy.(Castellano et al., 2010) (Greeff and Belpaeme, 2015).
Finally, the implications of integrating a robot or robot kind into society brings its own ethical dilemmas. Looking at Social Assistive Robots in a health care role, it appears the main concerns being in the realms of privacy and data of the individual. With diminishing capabilities of patients in certain aspects there is the question, if a patient with deteriorating mental capacity can consent to a robot assisting them (Boada, Maestre and Genís, 2021). As this shows the ethical implications of HRI are quite convoluted and may take some time before a suitable solution is discovered that would be acceptable enough to all concerned.
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When designing a robot for HRI there is a crucial factor that needs to be taken into consideration and that is the Psychophysiological factor (Bethel et al., 2007). A good example of a Psychophysiological factor is the fight or flight response, where psychological responses to a given situation causes a physiological response. Research completed by Ahmad and Alzahrani suggests that there is a significant physical reaction for those who do not trust the robot compared to those that trusted the robot in the tests. The research suggests using sensors to detect the trust of the robot during HRI in real-time suggesting the robot could adjust its behaviour appropriately to assuage some fears or uncomfortable feelings the user may have (Ahmad and Alzahrani, 2023).
Trust is an important factor in HRI which can influence the way robot is viewed and interacted with by the user. If there is no trust, then the user would be less inclined to rely on the robot for anything. If a robot does display reliability, predictability and behaviours that the user finds appropriate they may be more inclined to rely upon the robot (Hancock et al., 2011). What can influence the trust of a robot are the ability of said robot to react to an unexpected event, if it acts in an unfavourable way trust diminishes, the same can be said for the consistency in its work (Lee and See, 2004).
In the varied field of HRI there is an area of research that looks in to the social presence of the robot. Social presence is the ability to assess a given societal situation and adjust behaviour accordingly. Effectively this is the ability of a being to share their space with another, being present, and be comfortable in this situation (Fox and Gambino, 2021). With robots this can be quite difficult to achieve, even though there is an increase in social presence in robots that are more huma-like, emulating gestures and facial movements and anthropomorphized in other ways. There is alway a fine line between an increase in the social presence of the robot and the aforementioned “uncanny valley” effect where the robots could cause an uncomfortable feeling for some who may be working with it (Zhang et al., 2021).
Preconceptions that people have about robots often affect their interactions. This can be exacerbated by portrayals in movies, video games and other media, if the user had poor experiences in the past as well as the robot’s current role and if the user believes it is suitable or not. Hypothetically if a robot is expected to perform a certain task with a certain degree of efficiency and adapt to an ever changing environment but fails to reach these expectations then this could lead to a vote of no confidence and the users could refrain from using this system in the future (Hancock et al., 2021). The use of robots through many different areas also contribute to the ability to trust them due to the context that it will be used in. For instance, a simple robot that is used as a vacuum cleaner is expected to clean and perhaps place itself back on charge after it is done, perhaps even empty itself when full. A robot used in a healthcare environment would have a vastly different expectation and due to this the trust would be vastly different between these two examples (Dautenhahn, 2007).
Emotional reactions to robots are vastly varied, from causing anxiety to inducing empathy in the humans they are interacting with. Empathy is most prevalent in situations where the robot is performing a task that could be considered an emotionally significant tasks or emulating human like behaviour (Kiesler and Hinds, 2004). There is always the concern of the cognitive load of a user interacting with a robot. This is effectively the mental concentration a user may need to interact with a robot, increasing the mental effort of a user may have detrimental affects on the effectiveness of the robots abilities (Norman, 2013).
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There is a need in HRI for interactions to be as seamless as possible, creating a need for those interactions to be intuitive and efficient. Therefore, the control and programming of the systems involved in the HRI process are fundamental in creating the best interaction scenario possible.
Safety is key with HRI, the need for a safe working environment for humans working with robots can not be overstated. Resulting in the implementation of control strategies that allow the safe operation of robots around their human counterparts (Sheridan, 2016).
To enable the robot to perceive its surroundings in the best possible way they must be equipped with the appropriate equipment, the equipment that it should be equipped with could vary with each robot. The equipment that could be used though could be a selection of equipment like LIDAR (a similar system to radar but using light instead of sound), a myriad of cameras and microphones as well as many other types of sensor equipment. Withing the computing hardware there would be machine learning algorithms to process the data from the sensors. One such method as an example was mentioned earlier, a computer vision system enables the ability to detect people and objects in videos and pictures (Goodrich and Schultz, 2007). 
The ability for robots involved in HRI is an important aspect of the programming using machine learning techniques. When it comes to performance, reinforcement learning when something is done in a correct way. This allows the robots to modify their performances in the appropriate way to get the desired results or change for the preferences of their user (Thomaz and Breazeal, 2008).
A major barrier for HRI in many environments is obstacles and unpredictable ever changing working environments. There are collision avoidance systems set up as well as path calculation algorithms to create the most feasible path avoiding the greatest number of obstacles and possible collisions. These algorithms then input the data into the robot to control the direction the robot would move to (De Luca and Flacco, 2012).
Many effective HRI systems require a multimodal approach to the interactions, for instance some may have a combination of touch, voice and gesture interactions. The control system must then create a coherent picture of what is required from the user to enable the most natural and efficient experience for the user. Hypothetically a robot could use touch and voice to respond appropriately to the human requests then the control system must coordinate this to provide the appropriate response (Onyeulo and Gandhi, 2020).
With HRI there are both autonomous and teleoperated systems that operate that need to be considered when creating systems for interaction. With autonomous systems there are often complex control algorithms used to make independent decisions in contrast to this teleoperated systems allow the user to effectively remote control the system from a distance. There are often some sort of haptic (it gives the impression that there is actually touch sensitivity) therefore possibly increasing the level of control (Rahman et al., 2021).
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Robots are becoming ever more integrated into the daily lives of the average person in many different aspects. From the mundane vacuuming robot to the more complex self-driving cars there are numerous that the average person interacts with a robot throughout their normal day-to-day life.
There are gesture recognition systems that are being created that observe the users hands from above in an attempt to help the robot understand its environment while possibly working on an assembly line in a factory as the assembly line passes beneath it can see what the operators hands are doing and respond accordingly (Coupeté, Moutarde and Manitsaris, 2016).
Much of the research involving HRI currently being conducted is based on collaborative robots and social robots. These social robots have the need to understand facial expressions and body language as well as changes in vocal ranges to discern when someone may be in distress. These robots are currently mainly used in educational environments, customer service and in some locations in Japan they are being used for elder care so the importance (Hsu et al., 2020). The use of sophisticated AI algorithms is instrumental in allowing these systems to work and with these systems and the social capabilities of the system they are capable of learning from their previous interactions giving the ability build a relationship with the user. In conjunction with social robots, there is a significant amount of research being done on cobots. They are designed to work alongside humans in industrial environments and in healthcare systems in Japan, with aims to increasing productivity and making lifting and carrying easier with the ability to share tasks. The focus on the research in this area is safety more than anything, though communication is important as well as allowing an intuitive interaction to allow for a smoother interaction in this collaborative effort (Villani et al., 2018).
A review of a research paper “GazeEMD: Detecting Visual Intention in Gaze-Based Human-Robot Interaction” (Shi, Copot and Vanlanduit, 2021)
[bookmark: _Hlk173019940]What follows is a review of a paper by Lei Shi, Cosmin Copot and Steve Vanlanduit. What was proposed in this paper was an eye tracking HRI system that expands on previous work by Dario Salvucci and Joseph Goldberg (Salvucci and Goldberg, 2000) and others hoping to improve on the current method used for gaze detection. The issue that was raised by Shi, Copot and Vanlanduit was the system currently in use suffered with a gaze drift error causing issues in detecting and selecting the appropriate object. The team who wrote this paper propose their GazeEMD system to overcome the failings of the other systems. The approach by this team involves using the actual gaze and hypothetical gaze to extrapolate the true visual gaze of the user. The gaze-based HRI system used two cameras, one looking at the eyes and one observing the surroundings, when a selection was made a robotic arm would pick up the item in question. Three objects, a bottle, a cup and a pair of scissors were placed on a table and a bounding box was placed around the item using the software. The testing conducted gave a failure rate of 19.8% for the bottle (gazes falling outside the bounding box) and 11.2% and 8% for the cup and scissors respectively. The ability to track the gaze of an individual has some fantastic applications especially for those suffering from disabilities that prevent them from retrieving objects on their own. The benefits of a system like this are quite broad even assisting consumers in shopping if a system similar to this was smaller and more mobile there would be a method for consumers to reach things that may normally be out of reach in supermarkets. Perhaps in a working environment where verbal communication is not practical or viable and gesture recognition is not practical as the user has their hands full this would be a novel method of retrieving a tool that may be required. There are detractors to this method of HRI that rely on the gaze of the user being precise enough to be captured by the system whereas the user may have a greater amount of “gaze drift” than experienced in the experiment. Although the performance of the GazeEMD system seemed to go well the number of objects might degrade as well as being more difficult to detect with a more complex environment handling multiple objects may require more computational resources which could have detrimental effects on the efficiency of the system.
A review of a research paper “Ultra-Range Gesture Recognition using a Web-Camera in Human-Robot Interaction” (Bamani et al., 2024)
What follow is a review of a recent paper there involving research into gesture recognition method. In this paper the authors use an AI algorithm to detect the gestures. The paper by Eran Bamania, Eden Nissinmana, Inbar Meira, Lisa Koenigsberga, Avishai Sintov, uses a webcam on a quadrupedal robot and uses hand gestures to manoeuvre the robot. The authors have identified hand gestures as being an important part of human interactions in everyday life, enabling quick communication over a large distance, hand gestures are an integral part of human interaction. This would also apply to HRI but the ability for a robot to recognize simple gestures can be quite difficult. The team suggest using a RGB camera to capture images and use a computer vision algorithm to detect the gesture within the image and allow the robot to respond accordingly. Using a RGB camera seems like a poor choice however the idea is to keep costs down and RGB-D (depth detecting) Cameras can be quite expensive. They also cite that depth cameras can be quite limiting in the range that can be detected and the aim of this project was to extend the detectable range to an “ultra” distance up to 25 metres. The RGB camera can also be readily available for anyone (as a web camera in this instance) and may be simple enough to set up and replicate the results achieved in this paper. The recognition of this system is at roughly 98% which is very high, and the ability of the system to work in many environments indoor and outdoor with many different lighting conditions which proves the robustness of the system. 
The methods in this paper, especially in the realm of Ultra Range Gesture Recognition (URGR) , represent a significant advancement in this field of study. Through further experimentation with the system and practical challenges with the robot system can demonstrate its effectiveness even more than can bee seen in this paper. 
The drawback of this system however is that it uses static images and may cause a decrease in performance in ever changing real-world scenarios. A live camera approach may benefit the system in the future giving real-time commands to the robot to follow.
Overall, the system proposed in this paper signifies an important advancement in gesture recognition for HRI. The technique is sound, a thorough evaluation of the system and the relevance is clear in a practical environment. The paper sets the foundation for future research and other applications within the same frame of research.
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Research into gesture recognition in HRI has been on the increase recently, due to the increasing demand for a more natural interaction between robots and humans. Currently there is a leaning towards machine learning algorithms using computer vision (Oudah, Al-Naji and Chahl, 2020). The system proposed in this project is a much simpler version of other systems relying less on computational resources and less chance of error in detecting skin tone and limb orientation (Murthy and Jadon, 2009).
The research in this project was identified as being quantitative as this focuses on the analysis of data through experimentation, this corresponds directly to the way this project would be conducted.
The hardware and software being used in the project were as follows: A tripod stand for the Microsoft Kinect Version 2 camera, Microsoft Kinect Version 2 (KV2),Kinect Version 2 for Windows Software Developer Kit (SDK), MATLAB and RobDK, Universal Robots 10 robotic arm (UR10). Aswell as the use of the University of Wales Trinity St David (UWTSD) robotics laboratory.
The initial set up of the project went well with the software on the computer and the hardware connected the images from the KV2 came though fine within the SDK. What followed then was creating a program through MATLAB that could display the images and create a gesture script. This proved problematic as no matter what was tried MATLAB was not communicating with the SDK or KV2. Also, after an update KV” no longer worked with Microsoft Windows 11 so the system had to be run with Microsoft Windows 10.
Following some research, it was discovered that there had been some study into a similar system for capturing image data done by a user on GitHub with the username KonstantinosAng using a KV2 and MATLAB. Using this code in MATLAB produced a skeletal tracking image that displayed relevant points like head, hands, shoulders, centre of mass etc. (figure 1). This code was then used as a base to generate data for the GRS creating a section that activate the wake gesture which in turn went to the main script and creating a goodbye script that left the system temporarily dormant.
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[bookmark: _Toc173108268]Figure 1 Skeletal tracking overlay on Colour image
 
Through trial and error a rudimentary method of gesture recognition was set up however adjusting this method proved problematic. When the colour image was removed leaving on the skeletal tracking it was shown to be inverted therefore everything perceived as being “up” was in fact “down”. This realisation made the creation of a code much simpler allowing adjustments to be made quite quickly. 
When selecting the gesture for the experiment there was a need to keep them simple and ensure that there would be no confusion with another gesture. There was also a need to keep the number of gestures small, this was to ensure that the system would work in the simplest form possible. It was also decided that it would be good to test the program running in the background and only become active when instructed to do so with a “wake” gesture and become dormant with a “sleep” gesture, so these were added to the script also. In total there were six gestures, wake, right arm up, left arm up, both arms up, both arms out (perpendicular to the body) and sleep. Once the program was activated a wake gesture would activate the main gesture script and continue doing this until the sleep gesture was given then it would go back to looking for the wake gesture until the program was stopped.
Once this was completed a simulation of the UR10 was set up in RoboDK and a set of movements were created for the UR10, each movement corresponded to a gesture. The purpose of this was to give a representative example of the robot moving in conjunction with the gestures in an assistive capacity in an assembly role. Once this stage of the setup was complete it was time to test the system.

In testing the system there was first a need to define the variables that would be tested including the conditions for these variables. The first variable was testing the height that the system could recognise gestures. The initial height was set to 1.2 metres (figure 2), this height was set as the lowest point the tripod would go then the highest point that could be reached without risking injury was 2 metres therefore that became the highest point and finally a equidistant middle point of 1.6 metres was set as the mid setting for this variable (figure 3). Following this a distance from the camera was the next variable to determine. Initially the furthest point from the camera that could be accessed easily without risk of injury was 6 meters away and then subsequent distances would decrease in 2-meter increments. When the system was tested at that distance there was no recognition whatsoever. Therefore, and incremental step (approximately 0.1m) was taken towards the camera until it recognised the wake gesture this was 4.35 meters this was then set as the furthest point. Then the remaining distance was dissected into equidistant measurements giving the conditions for this variable as of 1.45 meters (nearest), 2.9 metres (middle) and finally 4.35 metres (furthest) (figures 4,5,6). 
[image: ]
[bookmark: _Toc173108269]Figure 2 Measurement of the centre of the camera 1.2 metres
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[bookmark: _Toc173108270]Figure 3 Measurement of camera at 1.6 metres
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[bookmark: _Toc173108271]Figure 4 distance measurement A: 1.45 meters, B:2.9 meters, C:4.35 meters
Testing when setting up the code highlighted an issue in detection of a test subject depending on the colour of clothes that were worn. The subject seemed to blend in to the background, therefore a clothing variable was set up as the final variable with a high visibility vest as the first setting (to simulate the use of this system in an industrial environment), second setting was a plain (yellow) t-shirt and the final setting was a grey and black t-shirt (split down the centre), this was the t-shirt that had caused detection issue in the initial creation of the system.
[image: ]
[bookmark: _Toc173108272]Figure 5 High visibility vest
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It was decided that to simplify the test only one subject would need to be tested, the reason for this is due to the system mainly testing environmental factors like distance, height and background interference rather than the varied physical parameters of the subject doing the experiment. However, to ensure that the system worked there were several different volunteers who attempted to use the system with great success with no issues being recognised whatsoever. The different body shapes and sizes of these individuals had no effect on the system recognising them once they knew what the gestures were hence the reason why it was deemed unnecessary to include multiple subjects in the study.
To design the experiment the Taguchi orthogonal array was applied, specifically the L9 array. Although this array would usually have 4 variables this was most applicable to the set up for this experiment. The reason this method was chosen is due to the robustness of the testing process as well as efficiently testing all the variables using the least number of tests possible as an example the testing through this project involved two batches of testing each with nine tests each using this method. If each setting of each variable were to be tested individually it would mean that there would be over three hundred and sixty thousand tests for one batch of testing that would need to be run however due to the Taguchi method there was only 18
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The location of the test was in the UWTSD Robotics laboratory. The initial test took place with a yellow wall in the background and a large screen television that was turned off. These are important details as the background contrast to the user is one of the variables to be tested. They were all placed into a table as can be seen below: -
[bookmark: _Toc173108280]Table 1 Blank test sheet

Below is a description of the table above, what each number represents and what the abbreviations mean: -
Experiment Variable column: -
 1 = Variable 1 Height, (each number below the blue bar represents the setting of that variable) 1 = 1.2 metres, 2 = 1.6 metres, 3 = 2metres.
2 = Variable 2 Distance from camera, 1 = 1.2 metres, 2 = 1.6 metres, 3 = 2 metres.
3 = Variable 3 Colour of clothing, 1 = High Visibility vest (HVV), 2 = Plain yellow t-shirt (PYT), 3 = Black and grey t-shirt (BGT).
Recognition success: 
Activate = did the system detect the wake gesture
LH = Left Hand raised,
RH = Right Hand raised,
BH = Both Hands raised,
Cross = Arms out to the side (perpendicular to the centre body extending left and right),
Goodbye = Sleep gesture.
It was decided prior to beginning testing that the initial gesture should be the wake gesture and if the wake gesture didn’t work then that would complete testing for that run.  The reason that testing would stop is primarily that it would be a safety concern. If the system could not detect a wake gesture, a stop gesture may not be recognised either and this could lead to an individual being injured because of this which is unacceptable.
Tests were done in batches of three as the height in the first variable could remain constant for three consecutive tests before moving on to the next height thus increasing the efficiency of the testing process.
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Testing was completed on the Gesture Recognition System (GRS) in two banks of tests one with a with a yellow walled background and one with a white walled background the results of these tests were inputted into tables (like the one from the previous section) .
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[bookmark: _Toc173108282]Table 3 Test 2 table of results


Looking at the first three tests in table 1 it can be seen that the HVV was not detectable in the first test, also the BGT was not detected either however the PYT had no issues completing the being recognised by the system. In the second run of tests again the BGT experienced issues being recognised by the system however this time the HVV had no such problems and was able to be detected as well as the PYT. Finally, the third run of tests shows that HVV, BGT and PYT have been detected through to completion.
The second table shows the second batch of testing with a white wall in the background. Again, in the first run of tests the HVV and BGT was not detected by the system and again the PYT had no problem whatsoever. In the second run of tests all three, (HVV, BGT and PYT) all activated the GRS, LH was recognised for all three as was RH and BH however HVV and BGT failed to be recognised in cross and BGT failed to be recognised in goodbye. In the third round of testing HVV was unsuccessful in activating the GRS whereas the BGT and PYT worked without any issues.
A third and fourth batch of testing was completed with a plain red t-shirt against a yellow wall and white walled background instead of the PYT however this was not placed into a table. it was an attempt to replicate the results of the initial two batches and they were identical. Below are some images from that third batch of testing.
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[bookmark: _Toc173108273]Figure 6 Top Left = Wake gesture, Top right = Right Hand up, Bottom Left = Left Hand up, Bottom right = Cross





Following on from this there are some images of the BGT and the HVV these pictures needed to be taken independently of the system as there was no recognition to display them on the computer screen.
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[bookmark: _Toc173108274]Figure 7 BGT Not being recognised by the system
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[bookmark: _Toc173108275]Figure 8 HVV not being recognised by the system



[bookmark: _Toc173120178]Discussion and conclusions
Looking at the results of the test it does appear that the system was successful despite the wake gesture not being detected by the HVV and BGT. The failure of BGT was expected as during the creation of the system there were issues that occurred with recognition while wearing BGT. 
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[bookmark: _Toc173108276]Figure 9 One of the BGT failures
In the image above (figure 9), it is abundantly clear that the skeletal tracking is quite off with the BGT this was not an isolated incident however there are numerous other images where this failure has been evident (figure 10).

[bookmark: _Toc173108277]Figure 10 Images showing the failure of the BGT
These images were acquired after activating the system with the wake gesture to find out why the BGT was not registering for the GRS. Looking at the images it appears that the KV2 had trouble discerning the difference between the grey in the BGT and the surrounding area. As can be seen in the images the floor is a similar shade of grey and it appears to have confused the system.
The HVV was expected to do well in these tests because the tests were to evaluate the contrast between clothing and background colour. High visibility seemed as though it would be the best performer however this was not the case. In an attempt to discover the reasons behind this research was conducted into how the KV2 acquires images. It appears that the sensor uses a “time of flight” system to detect depth. As the speed of light is considered a constant it can be used as a way to measure distance (Valocký, Drahoš and Haffner, 2020). What this means is that KV2 sends out a beam of infrared light that reflects off an object and comes back to a detector in the KV2 then determines how far away this object is (Lun and Zhao, 2015). 
An image was captured using the GRS to display the point cloud data that was gathered from the infrared sensor (figure 11).
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[bookmark: _Toc173108278]Figure 11 Point cloud data from the Kinect V2
In this image the parts of the vest where the reflective strips were are missing therefore the KV2 was not able to estimate the skeletal frame as there was a disruption in the image. The HVV strips are made using a retro-reflective material, often with a prismatic structure thus scattering and reflect the light that hits the prism therefore creating the high visibility effect that is needed in low light conditions (Glombikova et al., 2022). Combining the method in which the KV2 gathers the depth data and the prismatic reflection properties of the HVV it is logical to surmise that the HVV scatters the infrared sent out from the KV2 and does not return it in a manner that the KV2 is accustomed to receiving it. Therefore, it is also logical to assume that this could create an error in the image processing system within the KV2 software causing the system not to recognise that there is a person standing in front of the camera because there is a void in the middle of the image that is being received. Other than the strips the fabric of the HVV was detectable as it was turned inside out and tested with great success however this was not included in the testing as the tests had already begun and if one of the variables was changed mid testing it could have been considered confirmation bias. After the initial failure of the HVV an alternate HVV was procured with a different type of high visibility strips. These were detectable
The testing process itself was simple but only had one participant for the actual testing. Throughout the course of creating the system however there were numerous volunteers who were intrigued by the system and were keen to see if it would work with them. Once the process was explained on how to “wake” the system and perform the gestures the volunteers attempted to use the system without any problems. There were approximately 10 participants that varied in size with the shortest ranging from approximately 1.4 metres to tallest being roughly 1.9 metres, with different bodily shapes and the system recognised them with no issues. If these tests were to be run again a greater pool of test subjects would need to be used to confirm or refute the capabilities of the current system.
 The method for testing this system was very basic, involving just a yes if the system recognised the gesture and no if it did not work. This does not give much in the way of data as it is very binary and does not allow much room for interpretation. Therefore, what is proposed is a timing constraint placed onto the recognition system. How long does the system take to recognise the gesture at each stage? Would the contrasting background colour make more of a difference then? Are there more gestures that can be added to the system and allow it to still work?
One aspect of the system that should be changed immediately is the wake and sleep gestures. They work but there has often been an issue where the system detects the position of the right hand after receiving the “sleep” gesture and infers that this is the wake gesture and assumes the user is asking the recognition system to begin anew. This could cause an issue of safety in an environment where stopping a robot immediately due to health and safety concerns is paramount. A suggestion for the change would be to change the wake gesture as the stop gesture ( two hands placed palm out facing away directly in front of the users face) could be considered as a clear stop indicator and may not need to be changed.
There are however limitations to the system, there are issues with interference in some cases where some equipment was being perceived as a person by the GRS this was most prevalent when the BGT was used prior to the recognition test an attempt was made to combat this by placing a plain barrier by the equipment to see if that would help the system register the BGT (figure 12). However, this was not successful as the background of the dark television seemed to have an effect too.

[bookmark: _Toc173108279]Figure 12 Left: Equipment that was causing interference, right: Barrier placed to try and stop the interference.
There is also a limit on the range of this system and can only detect gestures within a 4.35-meter range. Further use outside of these boundaries would require additional research perhaps using a similar method to Bamani et al, creating an ultra-range GRS.
This system does not use AI, it uses a form of teleoperation however for the future a collaboration between machine learning systems like computer vision and this system may yield a more natural interaction thus leading to a HRI system that could be adopted in numerous different industries throughout the world.
The aims of this project were to create a GRS that could recognise a series of gestures and control a robot as if in a collaborative assembly environment. Also, for the GRS to be ready to act when a user activated it and become dormant when the user had completed their task. This has been achieved although there are many things that could have been done differently such as testing multiple participants instead of one and a more rigorous testing process however this was a proof that it could be done, and it could be perceived to have been successful. 
[bookmark: _Toc173120179]Recommended further work 
The future for HRI is varied but what may be of benefit is the collaboration of multiple systems. The creation of a multimodal system is the ultimate goal of any HRI system, something that can incorporate all the different types of HRI system into one. The drawback of this though is that the computational resources of this type of system would be enormous. In the meantime smaller collaborations could be possible. For instance combining a GRS with voice recognition system has already been done (Meghana et al., 2020), however this can be improved upon. Voice recognition over distance can be quite difficult therefore if a gesture is able to gain a robots attention and it is able to aim a directional microphone ant the user from a distance they may be able to explain what they want, and the robot respond in kind to that request.
A collaboration of a GRS like in this report and a computer vision combination could allow for the real-time analysis of a subject with a system similar to the KV2 skeletal estimation software and the range of other RGB based systems to increase the range of the GRS.
With regards to this system however the recommendations should be to redo the testing process with additional subjects followed by an increase in the number of gestures used within the system. As the KV2 also has depth sensors an appropriate use of that part of the software could be to see if there is a GRS that can be set up to detect the location of the gesture if they are further away or closer. For instance, a gesture with the arm further away could mean something completely different to a gesture where the arm is in the same location just closer to the camera. Would it be able to detect this? Is it a feasible system to create?
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