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ABSTRACT 

Hybrid robotic systems involving humans and machines working together are becoming a 

fundamental way of human life from things such as home automation, cell phones, to grocery store 

pickups, humans are working with machines now more than ever to accomplish everyday tasks. 

Within these tasks, a time may present itself where a human and a robot must collaborate by 

handing over objects to accomplish a shared goal. To exploit robots for these human interactive 

object handovers, a high degree of synergy between the human and robot is crucially required to 

match that of a human to human handover. Collaborative robots performing these human-robot 

handover operations face countless difficulties because robots lack the dexterity that a human to 

human handover system holds. 

Recent technological advances in sensor designs such as vision and wearable, have helped 

to close the gap for human-robot systems simulating human to human handover procedures while 

maintaining the utmost safety. The research presented in this thesis helps to further close the gap 

in producing safe and optimal human-robot object handovers, by combining a multi-modal 

wearable and visual system. To equip the robot with the most human-like handover abilities, a 

web camera and a Myo armband were combined to simulate the two most used human senses 

during a handover process, vision, and physical orientation. The vision sensor is used for object 

recognition and facial detection, while the wearable sensor is used for arm orientation and rotation. 

Furthermore, solutions to many problems if not all, must first focus on the root cause, or in this 

research, the beginning initiation stage of an object handover process. Thus, the research done 

herein is restricted only to the initiation stage. By analyzing the data and information needed on 

the front line of the process, the downstream handover actions can be increasingly more effective 

in providing a safe, efficient, and quality human-robot object handover system. 
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CHAPTER 1 

INTRODUCTION 

Human-robot interaction is an interdisciplinary research field that focuses on the 

techniques and technologies that come together to benefit the quality of human life, by improving 

how humans and robots work and interact with each other. Continuous research over these 

technologies centers around creating a more practical human-like system, through the development 

of increased robotic intelligence. Even though technologic systems for robots still have a long way 

to go, they are already being designed for many applications being used today. 

In healthcare, assistive robots with interactive intention tasks are being used for providing 

service to elderly and disabled people [1]. Another assistive example in healthcare includes surgery 

operations and training. Kuka has developed the 7-axis LBR Med collaborative robot that can be 

guided and trained to perform the strenuous tasks that require very precise and sensitivity for 

diagnostics and surgical interventions [2]. Robotic exoskeletons are being used for rehabilitation 

and military locomotion assistance, gait rehabilitation, and strength augmentation [3]. Other 

military uses include teleoperation systems with their own decision-making capabilities for things 

like defusing a bomb remotely and drones or unmanned vehicles for recon and deployment 

scenarios. Workforce training and educational uses from robots are being implemented for various 

fields that allow for hands on training and practices [4]. Space exploration for interactive 

maintenance in long extra-vehicular activities that tune themselves to avoid dynamic collisions 

[5]. Industrial factories and automation are implementing flexible robots for quality, inspection, 

welding, pick and place, transporting. By adding flexibility into manufacturing systems, 

companies can stay competitive in domestic and international manufacturing facilities. As more 

research is being conducted in the field of intelligent robotic systems, their inclusion has become 
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a vital role for intelligent production and manufacturing [6].  

For robots to continue taking their roles alongside humans, newer technologies are being 

needed to increase the human-like feature of robots. Humans can interpret and make decisions 

immediately based on surrounding factors that a robot is unable to. Motions and decisions which 

are complex but easy for a human to interpret or perform, can be extremely difficult for a robot to 

understand or solve. Due to the dynamic nature of real-world applications, overcoming obstacles 

for can be extremely challenging for assistive robots. Assistive robots need a better way to identify 

and be made aware of human activity, to provide the necessary service needed. This requires 

advanced recognition and classification methods with spatial and temporal features from the robot 

so that it can segment sequences and accurately define start and stop triggers[7].  

In manufacturing, a human-only system consumes a lot of costs. Costs that manufacturing 

industries face include increased labor costs, a demand for raises and bonuses, and other overhead 

costs such as healthcare for employees. Other factors human-only manufacturing industries face 

are limited human endurance and strength, which leads to poor productivity. As humans are doing 

the same tasks over and over, they may experience fatigue. Fatigue from ergonomic issues can 

lead to reduced efficiency, reduced quality, increased human errors, and even injuries [8]. Humans 

are also quick to mentally tire of the same repeated task, which ultimately results in reduced 

attentiveness. This leads to mistakes and other safety mishaps which can all effect the bottom line 

of a company. A manufacturing system consisting of robot-robot collaboration can be highly 

accurate and efficient. Without the human fatigue factor occurring in the process, robots can 

consistently perform monotonous tasks accurately and in a timely manner. Robots can work 

around the clock in any environment with extremely precise results. In addition, robots can be 

quicker and cheaper to train than humans [9]. However, human interactions are still preferred in 
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most cases because of their ability to interpret the dangers that may result from the lack of intuition 

from robots [10]. Along with this, fully automated manufacturing systems can require an upfront 

cost that most organizations cannot afford or want to pay to try out. Also, the need to adopt new 

technologies and advanced safety system requirements make the use of purely robotic systems 

difficult or expensive to hire the skills required to incorporate [11]. 

There are gaps in each the current human-human and current robot-robot workplace. 

However, by integrating human-robot systems for workplace environments, these gaps can be 

filled by complimenting a system with each skill the other one has to offer. Human’s ability to 

handle complex scenarios can fill in for the dexterity the robot lacks, reducing the loss of 

intellectual decision making by a robot alone, while at the same time robots can perform repetitive 

unergonomic duties that a human cannot. For this reason, the use of robots in a collaborative type 

framework alongside humans is an ideal system for small and large scaled manufacturing.  

Many levels of interactive frameworks between humans and robots have been introduced, 

but the three most common include coexistence, cooperation, and collaboration [12]. Coexistence 

is thought of when a human and robot both work to accomplish a shared goal, but do not 

necessarily share the same workspace like in a cooperation framework, where a human and robot 

work in the same workspace without having any physical contact. Collaboration frameworks are 

shared workspace systems where humans and robots engage and interact in activities as pairs in 

the system, in order to accomplish the same task [8].  The extensive research being done with 

collaborative robots have led to such an extraordinary evolution that they are expected to be 34 

percent of all robot sales by 2025 [13].  

For humans to ultimately benefit, much more research must focus on increasing the safety 

and sensing of physical interaction, human intentions, estimation and motion planning for human 
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preferences, and flexibility to adapt to dynamic scenarios.  

1.1 Motivation and Problem Description 

While robotic technologies steadily increase, so do the technologies and processes for 

human-robot collaboration (HRC) systems. Many studies have been carried out in terms of 

implementing control algorithms and multi modal interfaces in order for a smooth movement of 

parts and tools in a HRC environment [14]. Collaboration can allow operators to make use of their 

bare hands, gestures, or voice to direct robots or initiate a robot for a task, while the robot can 

perform collision free planning of paths and even object handover from or to the operator [15]. 

For such behaviors, sensors are used in a feedback system that allows the robot to process the 

correct reactant behavior. These behaviors include stopping, slowing down, picking up or grabbing 

an object, setting down or giving an object, object transport, path planning, and received perception 

of task initiation. Recent studies have commonly focused on four main interface approaches: 

physical sensing, wearable sensing, visual sensing, audible sensing, and a combination of these. 

Making use of one of these interfaces can ensure human and robotic behaviors are successfully 

translated between the two. However, for a HRC system to be exceeding successful, making use 

of more than one of these interfaces can be two-fold.  

An increasingly important task in HRC among all industries is the use of object handover. 

Handing over an object is a task that is commonly carried out between two persons with effortless 

communication. So common that humans perform the task flawlessly without thinking and adapt 

over widely different contexts such as dynamics, characteristics, and human preferences [16]. 

When replacing one of those persons with a robot however, the task is no longer effortless and 

becomes difficult and unnatural. Not only is the task unnatural, but now a human must fully rely 

on their trust in the robot. Trust is a key element in the success of a HRC system [17]. A human 
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may not feel comfortable collaborating with a robot if they think it is unable to perform the 

necessary actions safely.   

Handover consists of three main phases: approach/initiation, passing, and execution. 

However, one of the most important steps in a handover process exists in the approach/initiation 

phase. At the beginning of all of these, the approach must be accurately defined under dynamic 

environments to complete a safe and successful handover task. To cope with dynamic 

environments in successful HRC handovers, new configurations and control methods are needed 

in comparison to the already developed industrial robots [18]. Present research in initiating 

handover operations involve some signal from the human operator to the robot to communicate 

that a handover process is going to occur. These signals are achieved through sensors such as 

audio, visual, and wearable. For audible initiation, a phrase or word may be used such as “ready” 

or “go” to communicate to the robot to begin a handover process. However, in a loud factory the 

use of audible language may be misinterpreted or difficult for the robot to recognize. Vision 

systems are utilized for object recognition and human motion planning, but dynamic background 

scenarios along with varying motions from human to human can often create large errors in 

processing visual data. Signals acquired from electromyography data through a wearable sensor 

may use gestures to alert the robot that a handover process is going to take place, but gestures of 

humans may be mistaken for regular habitual movements from the human operator and thus can 

lead to wrongful initiations. For this reason, wearable sensors are often not reliable on their own 

because humans and their muscles are constantly moving. Along with this, wearable sensing data 

is often noisy and can lead to false demands. 

Aside from the sensors themselves, preference of a handover operation does not lie in the 

necessity of a declared action. Humans want a handover to be effortless and natural but previously 
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studied initiation signaling can be tiresome and humans can easily forget to perform the handover 

action required of them before each handover, thus leading to an inefficient and dangerous human-

robot handover system.  

1.2 Research Objective 

The purpose of this thesis was to create an initiation system that allows for a more natural 

and safer object handover interaction between a human and a robot over existing research. The 

objective was to initiate an object handover task by combining a computer vision system for object 

detection and facial recognition, with a wearable inertial measurement unit (IMU).  

Two handover models are presented here: a human operator wants to give an object to a 

robot, and a human operator wants to receive an object from a robot. If an object is recognized 

through computer vision, then a robot receive task will be initiated if also, in combination, a 

wearable sensor senses the correct orientation of the human arm. In addition, a robot give task will 

be initiated if the human operators face is detected through computer vision if also, in combination, 

a wearable sensor senses the correct orientation of the human arm. 

A camera was used for a computer vision system that provided information about an object 

being handed over or human awareness. A Myo armband provided feedback of the user’s arm 

orientations and movement by collecting electrical spatial data signals. Signals from both the 

vision and wearable sensors were imported into a Matlab model and processed through the 

algorithm in real-time. This model provided information that a robot needs for making the decision 

on when to initiate a handover, and whether to initiate for the give or receive handover action. By 

combining these two systems, each relied on the corresponding signals of the other before 

assigning an initiate handover function.  

With the two interfaces working in parallel, the error of one interface will not hinder the 
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safety of the operator or the robot because the other interface will act as a secondary safety 

measure. In addition, natural handovers can be performed because there is no need for an audible 

or physical action to initiate a handover. The initiation instead replicates the natural handover 

between a human-human working environment thus making it easier and safer for both the human 

and robot. This system then allows the performance of a safe, simple, and seamless initiation for 

handover practices. This experiment provides further research on the possible integration of visual 

and wearable approaches for a multi-modal object handover initiation system. The main 

contributions of this work are: 1) multimodal model using computer vision for object recognition 

and forearm IMU signals for a human handing over an object to a robot 2) multimodal model using 

computer vision for face detection and forearm IMU signals for a human receiving an object from 

a robot 3) extrapolate electrical signals from Myo for handover intentions based on forearm IMU 

signals 4) Matlab algorithm and data processing for decision making handover intentions from real 

time data. 

1.3 Organization of Thesis 

This thesis has been divided into 6 chapters. Chapter 1 presents an introduction to robots 

and human collaboration, problem and motivation, and objective of study. Chapter 2 gives some 

background on machine learning. Chapter 3 provides some literature review on the current visual 

and wearable sensory system interfaces currently being used in studies, and how machine learning 

is impacting these studies. Chapter 4 describes the methodology of the experiment. Chapter 5 

describes the experimental setup with results. Chapter 6 presents the conclusion and future work. 
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CHAPTER 2 

THEORETICAL BACKGROUND 

Human’s ability to recognize other human activities or intentions are a main contribution 

of research in the field of human-robot collaborations. Technological and intellectual 

advancements of human-robot collaboration have witnessed extraordinary growth while using 

artificial intelligence through computer vision to study human activity recognitions. Computer 

vision uses images that are trained using a deep neural network of algorithms to either categorize 

images or acquire a continuous numerical output. The following sections of this chapter gives a 

background on artificial intelligence and some common algorithms used for computer vision.   

2.1 Artificial Intelligence 

If human intelligence is the capacity for humans to understand logic, learn, or solve 

problems, then artificial intelligence can be thought of as having that same capacity in machines. 

Artificial intelligence depends largely on the creation of algorithms that can think, act, and 

implement tasks by managing and processing data quickly [19]. Computer science uses algorithms 

to create human intelligent like systems that perceive data in order to perform actions exactly as a 

human would in reaction to receiving the same data [20]. AI algorithms take data in, learns 

predictive patterns based on that data, and uses those predictions to perform some action through 

computer processing [21]. Machine learning algorithms are the sets of algorithms that are most 

widely used for artificial intelligence.  

In robotics, machine learning can be used to allow robots to efficiently teach and program 

itself how to act or behave [22]. Some of these robotic behaviors include the ability to adapt, learn, 

and refine optimized actions through experiences allowing for reactions in real time [23]. This can 

largely impact the use of robotics and reduce the time and complexity put forth towards manual 
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programming. Since the algorithms are data-driven, often machine learning can perform more 

satisfactory results for providing predictions and actions through human-robot interactions [24]. 

2.2 Machine Learning 

Machine learning is a learning technique used for artificial intelligence, that uses statistical 

algorithms to make a prediction of what an output should be, based on the given input. There are 

two techniques for which machine learning can learn and correlate data so that predictions can be 

made on a new dataset, and that is through supervised and unsupervised learning. Unsupervised 

learning has no labeled output data to correspond to during training, so the goal is to identify 

hidden patterns to infer an appropriate structure. These algorithms are used to cluster or group 

together a set of data to make decisions. Supervised learning on the other hand, uses input and 

output data that has labels assigned to it so that an algorithm can be used to correlate that output 

to the input it was labeled with. To learn how the input data x, corresponds with an output y, a 

function f  model is taught to predict and map an input x to the output y, by first using a set of 

training data. The training data is sent through the model with labeled features assigned to it, so 

that the inputs can then be matched with their output classes, to create a function that gives the 

best results. To train the model, only a partial amount of the data is used, and the remaining sets 

of data is used to validate the accuracy of the trained model. Training data is in the form of 

{(xi,yi),…,(xm,ym)} for some unknown y = f(x). The xi values are the inputs with discrete features 

of each class y shown as vectors {xi,1, xi,2,…, xi,n} where i represents the feature and n represents 

each class sample [25].  If the input values of a domain X and output values of a domain Y are 

labeled or known, then a model can be learned such that 

 𝑓 ∶ 𝑋 → 𝑌 (1) 

where f is the function that maps a prediction of how an output relates to an input. In a labeled 
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dataset, predictions of output data points yi may be predicted based on the input xi data points. 

Then the correlation is seen by 

 (𝑥𝑖, 𝑓(𝑥𝑖)  =  𝑦𝑖)  ∈  𝑋 ×  𝑌 (2) 

There are several methods and algorithms used in these methods for supervised learning 

but the two focused here, and often the main methods, are classification or regression. The two 

main algorithms used for these methods are linear regression and logistic regression [26]. The 

correlation between these are depicted in Figure 1. 

 

Figure 1: Methods and algorithms for supervised machine learning 

For regression, a common algorithm used is the linear regression model. Linear regression 

is used to predict continuous values based on independent features such as height and weight, 

where the limit of outputs does not have a threshold limit. Classification problems on the other 

hand are based on a probability so the outputs are limited to a value between 0 to 1, such as yes or 

no. For classification problems, logistic regression functions are often used. The workings of these 

two functions can be visually examined in Figure 2 below.   

Supervised 
Learning

Regression
Linear 

Regression

Classification
Logistic 

Regression
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Figure 2: Examples of predictive modeling functions for regression and classification 

 Linear and logistic regression are just two of the many predicting functions or algorithms that can 

be used for classification and regression. Since there are many predicting function models that can 

be used with each having their own effectiveness per application, these functions may also be 

named a hypothesis model until the best performing function is found for the use of the required 

application. To find the best performing predictive model, a cost function is used to give 

information based on how well the function chosen performs. This cost or loss function can be 

written as  

 𝐿 ∶ 𝑌 ×  𝑌 (3) 

and 

 𝐿(ℎ(𝑥𝑖), 𝑦𝑖)) (4) 

where L is the error that we want to reduce, and h is the chosen predictive model function. The 

final loss is then shown with the equation  

 
1

𝑁
∑ 𝐿(ℎ(𝑥𝑖), 𝑦𝑖))

𝑁

𝑖=1

 (5) 
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so that the loss on the entire data set can be taken instead of a single input/output. The hypothesis 

function along with the final loss equation can be seen in Table 1 below. 

Table 1 

Loss functions for linear and logistic regression algorithms 

Main 

Algorithm 
Function type Equation 

Eqn 

# 

Linear 

Regression 

Hypothesis 
ℎ(𝑥1, … , 𝑥𝑑) = 𝑤0 +  𝑤1(𝑥1) + ⋯ + 𝑤𝑑(𝑥𝑑) 

where, 𝑤𝑑 = 𝑤𝑒𝑖𝑔ℎ𝑡 
(6) 

Mean Squared 

Error 

1

𝑁
∑(𝑤𝑇𝑥𝑖 − 𝑦𝑖)

2

𝑁

𝑖=1

 (7) 

Logistic 

Regression 

Hypothesis 
ℎ(𝑥1, … , 𝑥𝑑) = 𝜎(𝑤0 +  𝑤1(𝑥1) + ⋯ + 𝑤𝑑(𝑥𝑑)) 

𝑤ℎ𝑒𝑟𝑒, 𝑤𝑑 = 𝑤𝑒𝑖𝑔ℎ𝑡 
(8) 

Binary Cross 

Entropy 

1

𝑁
∑ 𝑦𝑖

1

ln (ℎ(𝑥𝑖))

𝑁

𝑖=1

+ (1 − 𝑦𝑖)
1

ln (ℎ(𝑥𝑖))
 (9) 

 

As more datasets of (xi yi) are used for training, these models progressively get better at making 

those predictions by reducing the error using iterative weights. 

2.3 Deep learning and Neural Networks 

Without even knowing it, humans are always using some type of predictive model to make 

decisions occurring logically and intelligently in our brain. The information that the brain receives 

from our input sensory functions flows through a network of neurons that then allows the human 

to decide how they should react to the information. Neural networks take machine learning another 

step by allowing computers to imitate these neurons in the human brain. Neural networks are deep 

learning algorithms with the term deep being used to define how many layers are in the network. 

Unlike manually assigning features like in machine learning, deep learning takes a set of labeled 
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data and learns the features and assigns them by applying weights and bias. Deep learning and 

neural networks are sub fields of machine learning algorithms that aim to mathematically mirror 

the way information is transferred in a cell body shown in Figure 3 and Figure 4 [27, 28].  

 

Figure 3: Artificial intelligence, machine learning, and deep learning correlation 

 

Figure 4: Correlation of a biological neuron on the left, and its mathematical model on the right 

which is also known as a perceptron model. 

The perception model is a linear classifier defined by multiplying the inputs xi by weights wi, and 

then adds a bias b, to create an activation function f that can feed into the next connection as an 
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input a.  

 𝑎 = 𝑓 (𝑏 + ∑ 𝑤𝑖
𝑗
 
𝑥𝑖

𝑖

) 
 

(10) 

The activation function can be linear or nonlinear and can be seen through the regression 

equations mentioned previously and also through several others shown in [29]. If there is no 

activation function, then the neural network is simply a regression model. Perceptions are the 

neurons that go into building a neural network, transferring information from the previous layer to 

the next layer. At the core, neural networks are graphs made of layered sets of weighted 

connections of nodes, whose goal is to receive signals like dendrites, and send output signals like 

axons. The structure of a neural network is an input layer at the beginning, an output layer at the 

end, and several hidden layers in between. An example of a basic fully connected neural network 

is shown below in Figure 5 [30]. 

 

Figure 5: Artificial neural network architecture 

It can now be seen that machine learning works as neurons, that are fully connected to make up a 
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layer of a neural network. When multiple layers are present, the network is now deep and can be 

classified as a multilayer network called artificial neural networks. These networks are the 

fundamental building blocks of deep learning.  

2.4 Convolutional Neural Networks 

Convolutional neural networks are a type of feedforward artificial neural networks that 

pushes the flow of information in one direction. Convolutional is a term meaning the way a 

function is modified by another. CNNs are used for image input data and convolutes this 

information of image data between their layers using multiple arrays. These arrays hold values for 

the pixel and color data. Typically, CNN’s are either 2D or 3D with 2D having a depth of 2 for 

black and white and 3D having a depth of 3 for red, blue, and green. CNN’s are very powerful for 

image processing in computer vision by using local connections, shared weights, pooling, and 

many other layers to help a computer interpret the image being processed [28, 31].  

CNN’s get their name from the convolutional layers that serve as feature extractors in the 

network. These feature extractors learn the feature representations of their input images 

automatically, without the need of manually assigning them like for machine learning. The neurons 

in the convolutional layers are arranged into feature maps. Each neuron in a feature map has a 

receptive field, which is connected to a network of neurons in the previous layer via a set of 

trainable weights [32]. The basic architecture of a convolutional neural network can be broken 

down into just a few layers shown in Table 2 [33].  
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Table 2 

CNN common layers 

Layer Type Function 

Convolution 
A set of kernels (neurons), made up of divided image slices, that 

convolves images by multiplying weights of previous outputs. 

Pooling Shows max or average of a group of outputs from previous layer. 

Activation function Decision function used in learning for a feature map 

Batch 

Normalization 
De-correlates layer activities to normalize dratially changing input 

features. 

Dropout Skips units based on certain probabilities to reduce overfitting. 

Fully Connected Makes a non-linear combination of features for classification. 

 

Vision sensors in real time can be used for digital image processing by using computer 

vision and deep learning CNN’s to help a computer interpret what is going on during a certain 

scenario or image. CNN’s with computer vision systems implement layered networks to allow a 

computer to process and understand images much like a human brain would. To create an effective 

deep learning network, extremely large, labeled data sets are required to train the networks to 

effectively segment newly input data correctly. These large data sets can create issues with both 

sufficient data for learning, and computational costs while training the network. For this reason, it 

is often practical to use transfer learning when training a CNN. Transfer learning allows the 

transfer of already learned features to classify new images, without the need of retraining the entire 

model. Depending on the architecture of the network, some learned features on one network may 

work better for classifying an image than other features that are learned on other networks.  
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CHAPTER 3 

LITERATURE REVIEW 

3.1 Neural Networks 

Computer systems have been on the rise with vigorous research in advancing technologies. 

Notable advancements are especially being made in a field called computer vision. Computer 

vision allows a machine to understand the world much like a human can. There have been vast 

movements in success with computer vision applications for applications such as image object 

recognition and classification to recognize objects or classify them such as for bin pick and placing, 

object detection for localizing and path following, and image segmentation for understanding 

images and how to take meaningful segments for understanding [34]. Several competitions are 

held each year to improve current computer vision models. A notable challenge is the ImageNet 

Large Scale Visual Recognition Challenge. AlexNet made a groundbreaking stride in the 

competition by changing the way CNNs were typically performed. In AlexNet, ReLU was used in 

combination with dropouts instead of the typical sigmoid or Tanh function, that produced results 

5 times faster and more accurate [35]. GoogleNet was another groundbreaking computer vision 

network that made the network wider instead of deeper. This network allowed for cross data feed 

instead of a one-way feed forward network [36]. With new models being continuously innovated, 

so too are their efficiencies and applications.  

3.2 Vision Based Sensory System Interfaces 

Vision sensors use computer vision (CV) in robotic handover applications for robot motion 

planning and control when handover operations are desired [37]. During handover tasks, visual 

sensors are implemented for use of human’s visibility, reachability, manipulation tasks, collision 

avoidance, and motion consistency [38-40]. Visual sensors can be used for tridimensional object 
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recognition, mapping, navigation, and localization. In one part of a study [41] a vision sensor was 

integrated into a system in order to detect and recognize human face and any object carried by a 

human hand. If the vision sensor does not recognize an object, then a handover task will not be 

performed. Shown in Figure 6 [41], an RGBD Kinect camera is used for face segmentation with 

respect to a target object that is carried by the human hand. By using a depth map in Figure 7 [41], 

the robot then distinguishes between the human and object and detects if an active hand with an 

object is located near the handover area which is defined by the coordinates of 80mm away from 

the human body and within 150mm of the robot.   

 

Figure 6: Face segmentation using Kinect 
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Figure 7: Depth Mapping of Object and Face 

Through object detection and perception, robots can visually detect human face, an empty 

human hand, and also a loaded human hand [42]. For behavioral actions, intention, and imitation 

of human gestures in robotic learning has become a common topic of study. A study using a 

STOMP motion planner is done by [43]. In this, an algorithm was created and compared to a 

baseline planning method for smooth HRC trajectories. Another study made use of a LMS400 

laser scanner for environmental range data, and a Kinect to detect human intentions and motions 

[44]. By using the scanner, object identification and reconstruction was utilized so that the 

appropriate orientation of the object was facing the human. At the same time, use of the Kinect 

allowed the robot skeletal tracking and determination of contact between hand and object. In a 

similar study, a Kinect was used as a method to track human hand and fingers in real time [45]. A 

barret robotic hand was also used in this study to imitate the human finger movements.  

3.3 IMU and EMG Wearable Based Sensory System Interfaces  

A different approach for a robot interface is the use of bio-signals (wearable sensors). 

Wearable sensors have the benefit of not only allowing for physical behaviors such as initiation, 

handover, or fatigue, but for cognitive behaviors as well. Peternal did a study using EMG sensors 
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to allow a robot to increase their role based on physical fatigue sensed from a human [46]. In the 

experiment of controlling object hand-over via natural wearable sensor, a wearable sensor was 

utilized to collect human intention data during human-robot collaborative tasks by using the human 

forearm postures and muscle activities [47]. The sensory system used was a Myo, which is worn 

on the subject’s forearm and consists of eight EMG sensors and a 9-axis IMU. The EMG sensors 

take skeletal muscle activities while the IMU sensor track and record motion and rotational 

information. Using this sensory system, a robot could recognize a human’s handover intentions 

and enable a human to effectively control the handover process. To avoid a false positive in the 

handover process, a four-step trigger was implemented using an up and down motion shown in  

Figure 8 [47]. From there, the human can then tell the robot what kind of action it wants it 

to perform. From Figure 9 [47], the actions desired are either need (a), give (b), stop (c), continue 

(d), speed-up (e), or slow-down (f).  

 

Figure 8: Four Step Trigger 

 

Figure 9: Gesture Actions 

In addition, the wearable sensor can enable the robot to actively make decisions to ensure 
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that graspable objects are fully handed over from the human to the robot. Similarly, another study 

was conducted on understanding the analyses of movements of arms during the hand-over between 

two humans in order to better learn how to program a robot [48]. The IMU sensors are attached to 

the shoulder, elbow, and wrist. The IMU sensor records in the X-axis (blue), Y-axis (red), and Z-

axis (green) which is seen in Figure 10 [48]. Movements of joints, duration, angular velocities, and 

linear velocities were all studied using inertial measurements with 6-axis gyroscope and 

accelerometer on the wrist, elbow, and shoulder. Attaching IMU sensors at the wrist, elbow, and 

shoulder, measurements were taken with five plastic cuboids that were handed over by one human 

to the other with a precision grasp. This experiment showed that object handover paths between 

different people all followed a pattern, but with slight differences from person to person. 

 

Figure 10: IMU Joints 
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CHAPTER 4 

METHODOLOGY 

4.1 MYO Armband 

Thalmic Lab created a wearable device that includes an EMG sensor along with an IMU 

sensor. Since its creation, it has since been an extremely resourceful research tool for various arm 

and gesture predictive models. Electromyography is the procedure of collecting and measuring the 

electrical signals that are produced by skeletal muscles whenever movement takes place. When 

muscles contract or relax, motor neurons transmit electrical signals that allow for small electrodes 

to translate these electrical signals into values that can be used for interpretation. Muscle signals 

are incredibly dexterous and are dynamically different from person to person. This makes EMG 

signals very difficult to accurately collect and therefore in this research, IMU signals from a 

wearable device were used. The MYO records skeletal muscle activities on the forearm through 8 

electrodes or surface EMG sensors. Along with the EMG sensors, the MYO also contains a 9-xis 

inertial measurement unit to record angular velocity, acceleration, and orientation. The raw EMG 

data is recorded at 200Hz while the raw IMU data is recorded at a 50Hz sampling rate. Figure 11 

details the location of each EMG sensor with respect to its reference frame [49].  
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Figure 11: EMG sensor and reference frame 

The quaternion representing the orientation is a 1x4 array of unit quaternion elements with 

a scaler: 

 𝑞 =  𝑠 +  𝑣𝑥 ∗ 𝑖 +  𝑣𝑦 ∗ 𝑗 +  𝑣𝑧 ∗× 𝑘 (11) 

with, 

 𝑞𝑢𝑎𝑡 =  [𝑠, 𝑣𝑥, 𝑣𝑦, 𝑣𝑧] (12) 

The quaternions are then normalized for a unit magnitude of 1 so that Q is the normalized 

quaternion vector where  

 𝑄 =  
𝑞

√𝑠2 + 𝑥2 + 𝑦2 + 𝑧2
 (13) 

After these quaternions have been normalized, they can represent rotations.  

4.2 Computer Vision System 

Convolutional neural networks were used for both the object recognition and the face 

detection. Due to computational requirements for the deep learning models, and hardware 

x 
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requirement restrictions, the general model is composed using transfer learning to replace the last 

3 layers of the pretrained neural network Alexnet for image classification and recognition, and also 

the Viola Jones algorithm for face detection and tracking. 

4.2.1 Alexnet 

Alexnet is named after Alex Krizhevsky, who created one of the first break through deep 

convolutional neural networks. This pretrained network is 8 layers deep and is trained on over one 

million images using an image database called Imagenet. The network is trained using 50,000 

validation images, and 150,000 test images. This model was trained on multiple GPU’s at one 

time. The 8 layers shown in Figure 12 consist of five pooling layers, and three fully connected 

layers with the last layer having 1000 predictable class labels [35].  

 

Figure 12: Alexnet CNN architecture 

The architecture of the alexnet model showing the type of function, number of parameters, and 

number of activations are broken down in Table 3 [50]. 
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Table 3 

Alexnet model parameters 

Layer 

Number 
Type Activations Learnable Parameters 

Total 

learnable 

- Image Input 227x227x3  0 

1 Convolution 55x55x96 
Weights 11x11x3x96 

Bias 1x1x96 
34944 

1 ReLU 55x55x96  0 

1 
Cross Channel 

Normalization 
55x55x96  0 

1 Max Pooling 27x27x96  0 

2 
Grouped 

Convolution 
27x27x256 

Weights 5x5x48x128x2 

Bias 1x1x128x2 
307456 

2 ReLU 27x27x256  0 

2 
Cross Channel 

Normalization 
27x27x256  0 

2 Max Pooling 13x13x256  0 

3 Convolution 13x13x384 
Weights 3x3x256x384 

Bias 1x1x384 
885120 

3 ReLU 13x13x384  0 

4 
Grouped 

Convolution 
13x13x384 

Weights 3x3x192x192x2 

Bias 1x1x192x2 
663936 

4 ReLU 13x13x384  0 

5 
Grouped 

Convolution 
13x13x256 

Weights 3x3x192x128x2 

Bias 1x1x128x2 
442624 

5 ReLU 13x13x256  0 
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Table 3 (continued) 

Alexnet model Parameters 

Layer 

Number 
Type Activations Learnable Parameters 

Total 

learnable 

5 Max Pooling 6x6x256  0 

6 
Fully 

Connected 
1x1x4096 

Weights 4096x9216 

Bias 4096x1 
37752832 

6 ReLU 1x1x4096  0 

6 Dropout 1x1x4096  0 

7 
Fully 

Connected 
1x1x4096 

Weights 4096x4096 

Bias 4096x1 
16781312 

7 ReLU 1x1x4096  0 

7 Dropout 1x1x4096  0 

8 
Fully 

connected 
1x1x1000 

Weights 1000x4096 

Bias 1000x1 
4097000 

- Softmax 1x1x1000 - 0 

- 
Classification 

Output 
- - 0 

 

The input image dimension consists of an image with a pixel length of 227x227 and consists of 3 

channels of colors RGB for each image. Alexnet uses filters or weights, which are just segments 

of the receptive field of nxnxn for convolution and nxn for pool, strides which is the number of 

units the filter skips as it goes across an image, and paddings which adds a [0 0 0 0] layer around 

the image so that the filter will align once all strides are complete. The filters, strides, and padding 

for each layer are shown in Table 4. 
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Table 4 

Filters, strides, and padding for each layer 

Layer 

Number 
Name Filter Stride Padding 

1 Convolution 11x11x3 [4 4] [0 0 0 0] 

1 Pooling 3x3 [2 2] [0 0 0 0] 

2 Convolution 5x5x48 [1 1] [2 2 2 2] 

2 Pooling 3x3 [2 2] [0 0 0 0] 

3 Convolution 3x3x256 [1 1] [1 1 1 1] 

4 Convolution 3x3x192 [1 1] [1 1 1 1] 

5 Convolution 3x3x192 [1 1] [1 1 1 1] 

5 Pooling 3x3 [2 2] [0 0 0 0] 

 

The first 5 layers are convolutional layers while the last 3 layers are fully connected layers. 

The first 2 of 5 convolutional layers are connected to overlapping max-pooling layers. In layer 

1, These layers extract a maximum number of features. The last 3 of the 5 convolutional layers 

are all directly connected to the fully connected layers. All outputs of the convolutional and 

fully connected layers are connected to Relu non-linear activation function. The final layer of 

the alexnet architecture is the classification layer, which uses a softmax activation function to 

classify labels based on 1000 different classes. A set of models used in alexnet are show below 

in Table 5. 
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Table 5 

Models for alexnet 

Model Function Eqn # 

ReLU f(a) = max(0,a) (14) 

Softmax 𝑓(𝑎𝑘) =  
𝑒𝑎𝑘

∑ 𝑒𝑎𝑘′𝐾
𝑘′=1

 (15) 

Fully connected �̂�𝑗  =  𝑙𝑗  (𝑎𝑗) (16) 

 

4.2.2 Face Detection 

For face detection, the Viola-Jones cascade object detector algorithm is used to detect the 

front of a face. This detector uses HAAR, HOG, and LBP features and a cascade of classifiers 

trained using boosting for image classification. There are three main parts to the face detection: 1) 

Detect a face 2) identify the facial features to track 3) track face.  

Viola-Jones face detection algorithm starts by converting input images into integral 

images. The integral image sums values in a rectangle subset of a pixel grid which at x, y is sum 

of the pixels above and to the left of x, y where i(x,y) is the pixel value of the original image and 

i(x',y') is the integrated image [51]. 

 𝑖𝑖(𝑥, 𝑦)  = ∑ 𝑖(𝑥′, 𝑦′),

𝑥′≤𝑥′,𝑦′≤𝑦

 (17) 

The sum of pixels of a rectangle with corners ABCD can be seen in Figure 13 and calculated with 

 ∑ 𝑖(𝑥, 𝑦) = 𝑖𝑖(𝐷) + 𝑖𝑖(𝐴) + 𝑖𝑖(𝐵) + 𝑖𝑖(𝐶) 

(𝑥,𝑦)∈𝐴𝐵𝐶𝐷

 (18) 
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Figure 13: Integral image with 6 types of Haar-like rectangle features. 

Once features are extracted, learning through AdaBoost is performed which is a weighted sum of 

multiple weak classifiers using  

 ℎ(𝑥𝑖) =  {
1         𝑓(𝑥𝑖) < 𝜃

0           𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
 (19) 

The cascade classifier is then used by creating stages of strong classifiers  

 𝐻(𝑥𝑖) = {
1, 𝐶(𝑥𝑖) = 1 𝑜𝑟 𝑆(𝑥𝑖)
0, 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

 (20) 

This model then uses these rectangle features learned, to detect people’s faces, nose, mouth, or 

upper body. 
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CHAPTER 5 

EXPERIMENTAL SETUP AND RESULTS 

Input from both the wearable sensor and a webcam for computer vision are used in parallel 

and real time. The IMU maps the arm orientation for triggering an initiation through the wearable 

sensor, while computer vision algorithms use a vision sensor to detect a face or recognize an object 

ready for handover. With the logic from both sensor models combined, initiation cannot be 

triggered until both conditions assigned from each model are true for the given case. A top-level 

view of the overall multimodal system is shown below in Figure 14. 

 

Figure 14: Multimodal system map for a vision and wearable sensor 

Using a multimodal system allows for an extra safety net to reduce mistakes or errors from false 

initiated actions. Two different scenarios for initiating a robot for object handover are explored 

here: 

1. Give: Human gives the robot an object. In order for the robot to initiate the handover 

to receive the object, the IMU data for arm orientation must be within the threshold for 90° ± 5° 

from the body, rotated with the palm up, with the object in hand, and the robot must recognize the 

object being handed over. 

2. Receive: Human takes an object from a robot. In order for the robot to initiate the 
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handover to give the object, the IMU data for arm orientation must be within the threshold for 90° 

± 5° from the body, rotated with the palm down, and the robot must locate and detect the human’s 

face to ensure the human is aware, ready, and looking at the robot. 

The algorithm starts with the user’s IMU signals. Based on the IMU signals, the robot can 

understand if a human is wanting to initiate it to either receive an object from them, or the human 

wants the robot to give them an object. By knowing this first, the robot can more efficiently plan 

to detect a face or recognize an object. If a robot is receiving an object from a human, the robot 

will first scan the human’s workspace by the parameters given by the operator. For the simulation 

here, a scan of 60° was used with degree 30° looking ahead. If the robot will be retrieving an object 

to give to the human, the robot will go retrieve it, and then do the visual scan with the object. Once 

both conditions are positive-true, a successful handover intention has been achieved, thus leading 

to a more successful and reliable handover process.   

5.1 Wearable IMU initiation 

A MYO armband from Thalmic labs was used for the wearable sensor. The wearable 

sensor portion of the multimodal system can be better examined closer through Figure 15.

 

Figure 15: Sensor map for wearable sensor 

The IMU Data that the MYO extracts is in the form of quaternions. Quaternion IMU Data 
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was recorded and transmitted to a host computer via Bluetooth module. The Bluetooth module 

uses the MYO connect application software from Thalmic labs, and connects to Matlab through 

an sdk mex wrapper that Mark Tomaszewski created [52]. 

For the robot to understand the arm orientations, quaternion data was first measured to 

acquire the needed thresholds for each given scenario. The MYO is worn on the right arm in the 

position shown in Figure 16. The LED labeled pod is parallel with the top of the fist, and two 

inches down from the inside bend of the elbow. After the MYO is put on, the MYO sends a 

communication protocol to the Bluetooth device, initiating a calibration. This calibration is set up 

through several different poses that cannot be changed using the MYO connect software.  

 

Figure 16: MYO armband worn on right arm 

The two intentions that were used for this experiment are give and receive. Intentions were 

based on arm positions using quaternions of the arm through three different motions, arm at rest, 

with the arm facing straight out from the human and 90° perpendicular in respect to the body, and 

the palm opened up, or opened down with a 180° difference of each other.  The three arm motions 

for arm positions and orientations for each can be seen in Figure 17 below.  
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Figure 17: Three arm motions for positions and rotations of the arm  

The left image is considered the neutral or rest motion with the arm at 0° from the body 

and the palm of the hand at 0° of rotation, the middle image is the receive object from the robot 

intention motion with the arm at 90° from the body and the palm of the hand at 0° of rotation, and 

the right is the give object intention motion to the robot with the arm at 90° from the body and the 

palm at 180° of rotation. Hand and finger postures hold very little significance in the training for 

handover intention models because the orientation of the MYO does not change and thus, no 

significant varieties of finger positions were used for recorded data. These intentions are recorded 

with respect to the forearm rotation angles. The x and y axis are parallel to the earth with the 

positive x being in the direction you are facing. There are visual differences among the different 

handover intentions which allows for a simple classification technique, without the need of 

machine learning. 

Listed in Table 6 is the quaternion data that was recorded from the MYO with respect to 

the forearm rotations, for the three different motions without any filtering. The data is used as the 

initiation trigger and classification when initiating a handover. Once the arm position and rotation 

cross a certain orientation threshold, the robot is informed that the human is ready to either give 
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an object, or the human is ready to receive an object. The quaternion data is visually examined 

through each motion in Figure 18, Figure 19, and Figure 20. 

Table 6 

Quaternion data measured through each motion 

Motion 

Number 
Intention 

Quaternion 

q = s + vx*i + vy*j + vz*k 

Motion 1 No intention, at rest 
Palm down quat = [ .70, -.20, -.62, -.22] 

Palm up quat = [ .53, -.45, -.43, -.58] 

Motion 2 Receive object from robot quat = [ .95, .10, -.03, -.30] 

Motion 3 Give object to robot quat = [ .83, -.48, .18, -.28] 

 

 

Figure 18: Motion 1 to Motion 2 – Starting with the palm down in resting position, bring up to 

give an object and then return to neutral 
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Figure 19: Motion 1 palm up to Motion 3 – Starting with the palm up in resting position, bring 

up to give an object and then return to neutral 
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Figure 20: Showing from motion 1 palm down to motion 3, then rotate to palm up, then rotate 

back to palm down then back down to motion 1 palm down 

From the data and plots, the s scaler is no use as it stays roughly the same through each motion 

other than when rotating the palm. With the palm down to receive an object from the robot, vx*i 

and vz*k are separated and increase the difference between the two from rest to 90° perpendicular 

to the body. With the palm up to give an object to the robot, vx*i and vz*k decrease the difference 

between the two until they cross and then increase the difference from rest to 90° perpendicular to 

the body. For motion 3, vy*j + vz*k grow larger apart but in motion 2, the two cross. Using this 

data, a threshold was then developed for handover intention for  

 ℎ𝑎𝑛𝑑𝑜𝑣𝑒𝑟 𝑖𝑛𝑡𝑒𝑛𝑡𝑖𝑜𝑛 = {
𝑟, 𝑣𝑥 ∗ 𝑖 > 𝑣𝑦 ∗ 𝑗 > 𝑣𝑧 ∗ 𝑘
𝑔, 𝑣𝑦 ∗ 𝑗 > 𝑣𝑧 ∗ 𝑘 > 𝑣𝑥 ∗ 𝑖

 (21) 

where r is the receive object from robot intention and g is the give object to robot intention.  
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5.2 Visual computer vision initiation for object recognition 

Object classification and recognition is used to initiate handovers if an object is recognized 

during the give intention, or a face is detected during the receive intention. A further look into 

visual multimodal sensor system map is shown in Figure 21.  

 

Figure 21: Sensor map for visual sensor 

Three different objects were used for the object recognition deep learning training and 

model. 60 images of each object were used on a noisy background with bright light, a noisy 

background with dark/dim light, plain background bright light, and plain background dark/dim 

light. For each background and light configuration, several orientations of the part were also 

recorded. A small sample of these images are shown in Figure 22.  
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Figure 22: Bushing left, gear middle, and wrench right are the 3 objects with different 

backgrounds, different lighting, and different orientations used for classification. 

These images are split at random into a test image set and a validation image set. There are 124 

training images and 56 validation images. Due to limited processing power, this experiment uses 

the transfer learning technique, using Alexnet as the pretrained model to create the features for 

object recognition. Alexnet was trained to classify 1000 images, so the feature learning will be 

more than enough to classify the three objects presented. The last three layers are extracted and 

replaced to retrain the Alexnet model to classify the bushing, gear, and wrench. training progress 

is seen in Figure 23, along with the training parameters in Table 7, and the three modified layers 

in Table 8. 
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Figure 23: Training progress for transfer learning model 

Table 7 

Training Parameters 

Parmeter Value 

Solver Name sgdm 

Mini-Batch Size 10 

Epochs 6 

Initial Learn Rate 1-4 

Shuffle Every Epoch 

Validation Frequency 3 
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Table 8 

Transfer learning model parameters 

Layer 

Number 
Type Activations Learnable Parameters 

Total 

learnable 

23 
Fully 

connected 
1x1x3 

Weights 3x4096 

Bias 3x1 
12291 

24 Softmax 1x1x3 - 0 

25 
Classification 

Output 
- - 0 

 

Accuracy of the model was tested on nine random images shown below in Figure 24.  

 

Figure 24: Prediction probabilities for 9 randomly chosen images 

All of the images were predicted at 100%, so a second model was trained to counteract the case of 

overfitting the trained model. The images used for training were randomly augmented by 30x30 



41 
  

pixels in both the x and y and reflected in the x direction. The parameters of Table 7 and Table 8 

remained the same with the exception of the number of epochs used changing from six to four. 

The training progress for the new model is shown below in Figure 25 and the prediction properties 

for that model in Figure 26. 

 

Figure 25: Training progress for the new transfer model 
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Figure 26: Prediction probabilities on new model for 9 randomly chosen images 

Model 2 also predicted 100% accuracy for each image however, these predictions are based on 

still images with backgrounds much like the training images. In the real-life application, these 

objects would be placed in someone’s hand. Since the experiment is for real time, the two models 

were tested for each object with a live webcam. The objects were tested per the application which 

is placed in a human’s hand. The model has no prior training to the human hand and thus helps to 

classify the object without the model being overfitted. As expected, model 2 performed better than 

model 1 for the gear and the bushing however, a surprising result is that model 1 performed better 

than model 2 for the wrench. This could be because the black color of the wrench was hard to 

recognize against the dark lighting of the room. The results for each object are seen in Figure 27, 

Figure 28, and Figure 29 below. 
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Figure 27: Live web camera classification of the bushing object. Left is model 1 and the right 

is model 2. 

 

Figure 28: Live web camera classification of the gear object. Left is model 1, right is model 2. 
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Figure 29: Live web camera classification of the wrench object. Left is model 1 and the right is 

model 2. 

5.3 Visual computer vision initiation for face detection 

The face detection and tracking algorithm tracks the points of facial features through a 

webcam video frame by frame and was created by MathWorks and uses the KLT [53]. There are 

two functions of this model, detection, or tracking. In detection, the cascade object detector detects 

faces and once a face is detected, a minimum of 10 corner points on the face are then detected. 

Once the corner points are detected, the algorithm then tracks the poinst by estimating the 

geometric transformation between the old points and the new points assuming constant velocity. 

If the number of corner points detected ever fall below a minimum of 10 during tracking, then the 

algorithm goes back to detection to try to re-detect the face. The algorithm’s main detection 

function is controlled by the number of corner points and thus was used as the threshold in this 

experiment as to whether a face was detected or not. The algorithm was slightly modified to utilize 

and display the number of points tracked. To find out a good threshold of points needed for a 

positive handover intention, a series of tests were conducted while counting the number of corner 

points detected. Figure 30 visibly shows the corner points that were detected for a positive face 
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detection and is the goal for the intention. The top left image had 173 detected corner points, the 

top right image had 208 detected corner points, the bottom left image had 264 corner points 

detected, and the bottom right had 340 corner points detected. Figure 31 shows possible instances 

when an operator could not be fully focused or look away, which is a false intention and should 

not be carried out for handover operations. The top left image had 23 detected corner points, the 

top right image had 33 detected corner points, the bottom left and right image both had no detection 

points. From these numbers, a minimum threshold of 200 detection points was used in to initiate 

the human receive intention.  

Figure 30: Positive face detection 
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Figure 31: Negative face detection 

5.4 Multimodal modal 

From these individual experiments, a final combined model was created that includes 

quaternion data with either a recognition model or a face detection model depending on the 

handover intention. The final overall multimodal system can be seen in Figure 32 below with the 

given thresholds needed to initiate each intention model.  
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Figure 32: Final multimodal system 

Finally, the multimodal system in real time for the robot give and human receive handover 

intention is shown below in Figure 33, Figure 34, and Figure 35. The multimodal system in real 

time for the robot receive and human give handover intention is shown below in Figure 36, Figure 

37, and Figure 38. From here, the robot will move from a home position to an intended handover 

intention position, with the end effector either containing an object, or with the end effector open 

and ready to receive an object from the human.  
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Figure 33: MYO within threshold, face detected, human initiates to receive object 

Figure 34: MYO within threshold, face not detected, receive handover intention not initiated 
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Figure 35: MYO not within threshold, receive handover intention not initiated 

Figure 36: MYO within threshold, object recognized, human initiates to give object 
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Figure 37: MYO not within threshold, object not recognized, handover intention not initiated 

 

Figure 38: MYO within threshold, object not recognized, handover intention not initiated 

5.5 Robot Simulations 

Simulations for the robot’s tasks were programmed using RoboDK [54]. A UR5 from 

Universal Robotics equipped with a RobotiQ 85 gripper was used to simulate the hand over 
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intentions for the gear and bushing objects. These two objects were arbitrarily placed onto a global 

coordinate system at a distance within the end effector’s grasp. The simulation is setup so that both 

handover intention models can be witnessed. The human has the bushing object in their hand and 

is ready to hand it over to the robot. Placed on a table on the other side of the human is the gear 

object, which the robot in between them will use to hand over to the human. This research is only 

interested in initiating the handover process safely and correctly and because of this, detailed tool 

center points, trajectories, and grasp attributes were not taken into consideration. The individual 

objects used in the setup of the simulation workspace are shown in Figure 39, Figure 40, and Figure 

41 below. The overall simulated system in Figure 42 illustrates how each object in the workspace 

was set up with respect to each other. 

 

Figure 39: UR5 robot with RobotiQ 85 gripper 
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Figure 40: Human CAD Model with bushing in hand 

 

Figure 41: Gear on Plane 

   

Figure 42: Full simulation system setup 

The robot visually scans the human’s workspace area that is predefined before any 
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interaction with the human. By doing a vision scan, robots mounted at any height level or location 

with respect to a human of any height or size, can perform computer vision problems. Figure 43 

below shows the up and down scan portion, while Figure 44 demonstrates the left to right scan.  

 

Figure 43: Robot scans up and down so that if a camera is mounted on the robot, the 

vision sensor can perform object recognition or human face detection 

 

Figure 44: Robot scans left and right so that if a camera is mounted on the robot, the 

vision sensor can perform object recognition or human face detection 

If the initiation intention is to receive an object from a human like shown in  Figure 45, 

then the robot first scans the workspace for an object to recognize, if the object successfully 

recognizes an object, then the robot initiates the intention. The simulation goes further than the 

intention in these examples to further demonstrate the functionality of the modal.  
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Figure 45: Human gives robot a bushing object. The robot first scans the workspace, recognizes 

the object, and takes the bushing to the desired location. 

The other handover initiation intention is when the robot brings an object to the human to 

handover. Figure 46 shows that when a robot understands the give object to human intention, it 

must bring an object to the person and thus, skips the initial workspace scan. Once the item has 

been retrieved and brought back to the human’s workspace, the robot stops to now run the visual 

scan shown in Figure 47. If the robot successfully detects the human’s face, the robot will then 

continue with the handover process and place the object in the human’s hand, demonstrating the 

correct handover intention was initiated. 
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Figure 46: Robot is retrieving part for handover action after it understood the intention 

    

Figure 47: Robot pauses before the handover to perform a visual scan to detect the human’s face 

Once the human’s face has been detected, the robot then moves in towards the human’s 

hand. The gear is shown in Figure 48 being dropped off into the human’s hand, and then 

retracting back into the robot’s home position.  
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Figure 48: Robot successfully understood the handover initiation intention and gave the gear 

object to the human 
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CHAPTER 6 

CONCLUSION AND FUTURE WORK 

6.1 Conclusion 

There is not a lot of research that focuses just on the IMU nor is there a lot combining a 

wearable and computer vision system. Using the web camera and MYO armband, two different 

multimodal systems were created to achieve a safe and accurate human-robot object handover 

initiation.  

The first system is used when giving a robot an object. If the arm orientation and rotation 

is within the threshold, and a robot recognizes the object, the robot will successfully initiate a 

human-robot handover action to retrieve the object from the human. If the arm orientation and 

rotation is within the threshold to receive an object, and the robot tracks and detects a human’s 

face for a number of corner points, the human is aware and ready to accept an object from the 

robot. Using the quaternion data recorded from several handover iterations in combination with a 

trained deep learning convolutional neural network, a successful and safe model may be 

implemented in human-robot object handover.  

While the data presented in this work was only collected from a single person, the 

application can be implemented among different people with little to no correction needed in the 

model. This is because the wearable interface is first calibrated in the same arm and palm position 

with respect to themselves. After that, signals are determined based on delta orientation over a 

certain direction. This implies that no matter the person, all handover intentions can use the same 

intention thresholds. Along with this, the face detection algorithm implemented in this research is 

one of the most widely used face detection models that exists today, because the model has been 

trained on several different faces to achieve a very accurate face detections. 
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This model allows more than one barrier of safety to be present. If one or the other does 

not meet the criteria trained, then the robot will perform no action. A model like this can help to 

increase safety along with human comfortability while interacting with robots in a hybrid work 

environment. 

Where previous research has used wearable sensors for EMG signals in HRC, this research 

made use of the IMU sensor instead to eliminate the noisy gesture signals. By incorporating this 

multimodal system, natural handovers can be performed because there is no need for audibly 

calling out or performing some abnormal action such as a fist clench to initiate a handover. The 

initiation instead replicates the natural handover between a human-human working environment 

by utilizing sensors in their appropriate application. For the human giving an object handover 

action, the computer vision sensor is used to verify if the object is recognized while the wearable 

IMU sensor is used to verify that the arm is in the “ready to handover” position. This eliminates 

the robot approaching the human to receive an object if it recognizes the same object outside of 

the handover action like on a table or if someone else is carrying the object. For the human 

receiving the object, the computer vision sensor is used to verify that the human is aware and 

facing the robot by detecting the human operators face. This eliminates errors where a human 

operator could be reaching out to grab something else or do any other task that requires the lift of 

the arm. If a human were to be facing away from the robot to grab something, the IMU would 

signal a ready state, but the robot would not approach the human because their face was not 

detected. With the creation of a natural handover scenario, error is eliminated by the human user 

forgetting the initiating call action. With the implementation of a multimodal system, false 

positives of a handover initiation are eliminated and provide a vast increase in safety and efficient 

communication in human-robot collaborations. Humans can now feel safer when working with 
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robots knowing a double safety measure is in place.  

6.2 Future Work 

To extend the work done here, much more research can now be explored that still uses both 

sensors, but only uses one model for both the face detection and object recognition. The problem 

occurs here then, that the computational requirements may not be fit for the real time reaction 

times that are needed to keep a safe environment for both the human and the robot. In addition, 

not utilizing a robot scan visual mode at the beginning of a recognition/detection may prove to be 

just as reliable with a stationary camera that always focuses on the human’s workspace.  

Other future work may be implemented by incorporating popular research topics like grasp 

sensitivity, by monitoring and recognizing the reaction of a human’s face using deep learning, 

while using tactile feedback from the gripper. Human collisions can be avoided without the robot 

looking at the human and instead by using the orientation and position of a human within a given 

work cell. Robot imitation and training can benefit by combining the visual feedback with the 

EMG/IMU, to improve the training efficiency of models. For path planning, a robot may be able 

to adjust paths and trajectories based on fatigued emg signals or visual representations of a human 

becoming fatigued. Along with this, if a robot and human were carrying a part together, a robot 

could use the vision sensor to predict the next movement of the path much like the face detector 

did, while also adding in the small changes in orientation and direction of a humans arm.   The 

work presented in this thesis can be practiced and expanded into an unlimiting amount of future 

research for the vastly growing field of human-robotic collaborations.   
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