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Assist. Prof. Ayşe Küçükyılmaz
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ABSTRACT

Detecting Human Motion Intention during pHRI Using Artificial

Neural Networks Trained by EMG Signals

Doganay Sirintuna

Master of Science in Mechanical Engineering

July 21, 2020

With the recent advances in cobot (collaborative robot) technology, we can now

work with a robot side by side in manufacturing environments. The collaboration

between human and cobot can be enhanced by detecting the intentions of human to

make the production more flexible and effective in future factories. In this regard,

interpreting human intention and then adjusting the controller of cobot accordingly

to assist human is a core challenge in physical human-robot interaction (pHRI).

In this study, we propose a classifier based on Artificial Neural Networks (ANN)

that predicts intended direction of human movement by utilizing electromyography

(EMG) signals acquired from human arm muscles. We employ this classifier in an

admittance control architecture to constrain human arm motion to the intended

direction and prevent undesired movements along other directions. The proposed

classifier and the control architecture have been validated through a path following

task by utilizing a KUKA LBR iiwa 7 R800 cobot. The results of our experimental

study with 6 participants show that the proposed architecture provides an effective

assistance to human during the execution of task and reduces undesired motion

errors, while not sacrificing from the task completion time.
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ÖZETÇE

EMG Sinyalleri ile Eğitilmiş Yapay Sinir Ağları Kullanılarak Fiziksel

İnsan-Robot Etkileşimi Sırasında İnsan Hareketinin Niyetinin Tespiti

Doganay Sirintuna

Makine Mühendisliği, Yüksek Lisans

21 Temmuz 2020

İşbirlikçi robot teknolojisindeki son gelişmelerle birlikte artık üretim ortamlarında

bir robotla yan yana çalışabileceğiz. Üretimi daha esnek ve etkili hale getirmek

için insan ve robot arasındaki işbirliği, insanın niyetini tespit ederek geliştirilebilir.

Bu bağlamda, insanın niyetini anlamak ve ona yardımcı olmak amacıyla etkileşim

kontrolcüsünü buna göre ayarlamak, fiziksel insan-robot etkileşimi (pHRI) için temel

bir ihtiyaçtır. Bu çalışmada, insanın hareket etmeyi amaçladığı doğrultuyu insan kol

kaslarından elde edilen elektromiyografi (EMG) sinyallerini kullanarak tahmin eden

Yapay Sinir Ağlarına (ANN) dayalı bir sınıflandırıcı öneriyoruz. Bu sınıflandırıcıyı,

insan kol hareketini amaçlanan doğrultu boyunca sınırlamak ve diğer doğrultularda

istenmeyen hareketleri önlemek için bir admitans kontrolcü ile beraber kullanıyoruz.

Önerilen sınıflandırıcı ve kontrol mimarisi, bir yörünge takip etme deneyinde KUKA

LBR iiwa 7 R800 robot kullanılarak sınanmıştır. 6 katılımcı ile yapılan deneysel

çalışmamızın sonuçları, deney sırasında önerilen mimarinin insana etkili bir yardım

sağladığını ve görev tamamlanma süresinden ödün vermeden istenmeyen hareket

hatalarını azalttığını göstermektedir.
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Chapter 1: Introduction 1

Chapter 1

INTRODUCTION

Collaborative robots (cobots) are designed to share a workspace with humans

in future factories to complement and/or augment their capabilities [Ajoudani

et al., 2018]. Especially, for the products which can not be manufactured in a fully

automated manner, it is envisioned that the physical interaction between humans and

cobots (pHRI) will improve the overall efficiency of various manufacturing tasks and

processes. It has been argued that, understanding human intention and programming

cobot accordingly so that it can adapt itself for the best assistance will make a pHRI

system more effective [Losey et al., 2018]. This will integrate human cognitive skills

into the pHRI system, and eventually lead to a more intuitive collaboration and

higher task performance.

Human motion intention can be inferred in pHRI by utilizing kinematic and

kinetic information such as the velocity of cobot’s end-effector and the force applied

by human. In addition, there is a direct link between human motion intention

and the muscle activation during its contraction which can be characterized by the

electromyography (EMG) signals. In this study, we propose a classifier for human

motion direction based on the EMG signals acquired from human arm muscles and

an admittance controller architecture utilizing this classifier to constrain human

arm motion along the intended direction and prevent undesired movements in other

directions (see Fig. 1.1).

Such an architecture, for example, could be beneficial when a human operator in

a factory aims to drill a series of holes at the corners of a rectangular workpiece where

a cobot can constrain the movements of the operator to help with the task [Sirintuna

et al., 2020]. In such a setting, the operator grabs the power drill attached to the
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Cobot

EMG Sensors Handle

Force
Sensor

AR Interface

Figure 1.1: Our pHRI system.

end-effector of the cobot and brings it closer to the surface of the workpiece. This

requires a free space movement with no constraints in any direction. Then, the

contact occurs and drilling of a hole at one corner begins. At this stage, the cobot

should constrain the movement to the surface normal for precise drilling. To drill

another hole at a nearby corner, the cobot may allow horizontal/vertical movement

in the direction from the first corner to the second corner only, so that the operator

moves the drill easily along that direction until the second one is reached. Then, the

cobot allows the movement along the surface normal only again, so that the second

hole can be drilled at that corner. This procedure can be repeated until all four
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holes are drilled at the corners. As can be seen from this example, the cobot needs

to constrain the movements of the operator to the horizontal and vertical directions

on the surface of workpiece during the movements from one corner to another and

also to the direction perpendicular to the surface while opening a hole.

To this end, our approach can estimate horizontal and vertical arm movements of

an operator, and then we can adjust the admittance controller of a cobot accordingly

to allow movements along those directions only, so that a collaborative task can be

performed efficiently and precisely. In order to investigate the effectiveness of the

proposed approach, we conduct a pHRI experiment in a laboratory environment.

This experiment can be considered as an abstraction of the actual drilling scenario

given above. In our experiment, the participants hold a handle rigidly attached to the

end-effector of a KUKA LBR iiwa 7 R800 cobot to follow a given path (see Fig. 1.2).

The path involves horizontal and vertical movements on a virtual plane (Y −Z plane

in Fig. 1.2). Both the path and the instantaneous position of the cobot’s end-effector

are visually displayed through an AR interface (HoloLens, Microsoft Inc.) during the

experiment. With this experiment, we show that intended movements of a human

operator can be estimated in real-time by utilizing artificial neural networks (ANN)

trained by EMG signals only. This estimation can be then used by our cobot to

guide the operator to perform the path following task with less error, compared to

no guidance case.

1.1 Related Work

In the literature, interaction (impedance/admittance) controllers are typically utilized

to regulate the physical interaction between human and cobot. During this interaction,

if the intention of human is detected, the controller parameters can be adjusted on

the fly to increase the overall performance of the pHRI system.

In order to detect the intention of human, kinematic information such as velocity

can be used. For instance, Ikeura et al. [Ikeura et al., 2002] employed the velocity

of manipulated object to change the damping value of an admittance controller.

Similarly, Kang et al. [Kang et al., 2019] utilized object’s velocity to presume whether
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Figure 1.2: Our closed-loop controller architecture that cooperates with the proposed motion

direction classifier for providing a guidance to human operator during the collaborative

path following task. The path to be followed is displayed through an augmented reality

interface.

the operator intends to accelerate or decelerate the manipulated object, and then

altered the damping parameter of an admittance controller accordingly.

In pHRI, kinetic information such as force is also used for anticipating the intention

of human. Li et al. [Li et al., 2018b,Li et al., 2018a] estimated the intention based on

the force exerted by human, and then altered the controller parameters accordingly.

Wakita et al. [Wakita et al., 2013] anticipated the intended movement direction

based on the interaction force between human and robot and designed an adaptive

admittance controller to eliminate undesired motions during assisted-walking. Instead
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of using force alone, combination of object’s velocity and force derivative were also

utilized to foresee whether human intends to accelerate or decelerate the manipulated

object [Duchaine and Gosselin, 2007,Duchaine et al., 2012].

The main drawback of utilizing kinetics (such as force) and kinematics (such as

velocity) based information in intent detection is that they are acquired right after

human starts realizing her/his intended motion. Hence, there exists an inevitable

delay in intent detection.

As an alternative, EMG-based information provides an opportunity to detect

human intention even before the movement starts. In skeletal muscles (those under

the voluntary control of the somatic nervous system), EMG activity precedes the

motion of actuated limb. The delay in limb motion is due to the time lag between

the onsets of muscle electrical activation and force production, which is in the range

of 50-100 ms [Artemiadis, 2012], [Cavanagh and Komi, 1979]. In other words, EMG

signals can provide information about the intended human motion before its initiation.

This early detection possibility may improve the response time of cobot in pHRI and

lead to more natural cooperation [Tamei et al., 2008].

Besides the fact that EMG activity precedes the limb movement, it also provides

a rich neural information about the intended human motion [Bi et al., 2019]. These

make EMG a valuable signal for pHRI, especially in the areas of exoskeletons and

rehabilitation robotics. The research studies in those areas typically aim to design an

actuator system that reduces human muscular effort by adjusting its controller based

on EMG signals. For instance, Li et al. [Li et al., 2014] adjusted the torque control

signals of an exoskeleton by estimating human motion intent based on EMG signals.

Karavas et al. [Karavas et al., 2015] utilized an EMG-driven musculoskeletal model

to interpret human movement intention in order to adjust the assistive torques of a

knee exoskeleton. Tang et al. [Tang et al., 2014] predicted the elbow angle of human

arm in real-time based on EMG signals which was then utilized by the controller of

an exoskeleton to augment human arm performance.

In comparison to the studies above, the number of pHRI studies on object co-

manipulation that utilize EMG-based information for detecting human intention is

limited. DelPreto and Rus [DelPreto and Rus, 2019] designed a control framework
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to provide effective assistance based on EMG information of the upper arm in a

collaborative lifting task. Grafakos et al. [Grafakos et al., 2016] proposed a variable

admittance controller to establish an effortless collaboration between human and

cobot based on muscle activation of the operator. Wu et al. [Wu et al., 2019] designed

a variable impedance controller based on EMG signals for teaching a cobot how to

perform collaborative tasks with human.

1.2 Contributions

In our approach, we continuously acquire the muscle activation levels (i.e. EMG

signals) of human arm during the execution of a pHRI task, imitating collaborative

drilling, to detect the direction of human arm movement via ANN. This information

is then used to constrain the arm movement to the intended direction only via an

admittance controller to help with the execution of task. To our knowledge, no

prior studies have proposed a classifier to provide such guidance to human operator

during a collaborative pHRI task. As mentioned earlier, EMG signal precedes

force and position signals and helps to identify the motion intent even before the

movement starts. This creates an opportunity for us to adapt our admittance

controller on-the-fly to comply with human intention swiftly in our pHRI task.

The rest of this thesis is organized as follows: Section II presents our approach.

Section III explains our pHRI experiment in detail. It covers our experimental setup

and scenario, EMG data acquisition and signal processing, and the artificial neural

network structure for the classification. We present the experimental procedure

for collecting data to train our classifier and employ it with the proposed control

architecture in real-time during a path following task in the same section. Section

IV reports the prediction accuracies of our classifier during offline training and

online evaluation. Then, it presents the performance results of the proposed control

architecture with and without guidance for the path following task. Lastly, in Section

V, we discuss the results of the path following task, and conclude the study with

possible future research directions.
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Chapter 2

APPROACH

2.1 Interaction Control Architecture

Impedance/admittance based controllers have been widely utilized to regulate a

physical interaction between human and robot. An impedance controller computes

forces to be applied by a robot for an imposed motion, while an admittance controller

computes the robot motion for the forces applied by human. In general, it is

more natural to utilize admittance control if the robot used for a pHRI task does

not posses high backdrivability. Such robots are usually motion controlled; hence,

admittance controller generates a motion trajectory based on the force applied by

human operator, which can be acquired via sensor attached to the robot. The idea

behind this approach is to regulate the dynamics of interactions between human and

robot using a model composed of a mass and a damper (a spring is not preferred for a

collaborative manipulation task since it stores energy when it is extended/compressed

and enforces the robot to return to the equilibrium/initial position, which is not

desirable). A standard admittance controller has been already used in earlier pHRI

studies in the following form

Fh = mẍref + bẋref (2.1)

Here, Fh is the force applied by human operator, m and b are the admittance mass and

damping, respectively, and ẋref, ẍref are reference velocity and acceleration generated

by the admittance controller, respectively. For velocity control, it is practical to

write the admittance controller equation in Laplace domain as:

vref
Fh

=
1

ms + b
(2.2)

Here, vref is reference velocity (Laplace transformation of vref = ẋref) and s is the

Laplace variable. Figure 2.1 shows the admittance control architecture used in this
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Figure 2.1: Control architecture of our pHRI system

study. In this architecture, we assume that human operator desires to move the

cobot with a velocity, vdes, and exerts a force, Fh, accordingly which is measured by

the force sensor attached to the end effector of cobot. This measurement is filtered

by a low pass filter and sent to the admittance controller. The controller generates

the corresponding reference velocity vref. Then, cobot’s motion controller transmits

sufficient torque to its joints in order to achieve this velocity.

2.2 Human Intention Estimation and Utilization

In a typical pHRI setting, an operator and a cobot physically interact with each other

and/or their environment to accomplish a task. To regulate the interaction between

human, robot, and environment, an admittance control architecture is widely used

as discussed in Section 2.1. In this architecture, the motion of cobot is determined

based on the forces applied by human. However, even if the human, for example,

aims to move on a straight line, the cobot is sensitive to small forces exerted by the

human and positional deviations from the desired path may occur. To eliminate

these deviations and create more precise motion, human movement intention can be

detected to adapt an interaction controller. In particular, if the intended movement

direction is detected accurately, then the cobot may be constrained to move along

that direction only.

For the implementation of the path following scenario discussed above, we in-
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tegrate the admittance control architecture suggested in [Aydin et al., 2017,Aydin

et al., 2018] with the proposed direction classifier. So, the controller enables move-

ments along the intended directions of human arm only that are estimated using

ANN, trained by EMG signals alone (see Fig. 1.2). Note that the parameters of

this controller remain fixed whereas the movement direction is altered on the fly

during the pHRI task. In our implementation, the admittance controller along each

Cartesian direction i is given by:

viref
F i
h

=
1

ms + b
(2.3)

where i ∈ [X, Y, Z], s is the Laplace variable, F i
h , and viref are the force applied

by operator and the reference velocity command to cobot along the direction i,

respectively. Once the intended movement direction is detected, the forces applied by

the operator in other directions are set to zero. For example, if the operator intends

to move in Y -direction only, the force tangent to the movement direction (Z) and

normal to the movement plane (X) are simply set to zero (see Fig. 1.2).

In order to estimate intended movement direction, muscle activation levels of

human arm can provide rich information. To this end, we place four EMG sensors

on various muscles of the human arm and monitor the acquired EMG data. At

each time step t, the collected measurements from these sensors create a feature

vector given by xt. Because a single data point cannot provide sufficient information

to estimate motion intent [Oskoei and Hu, 2007], time window was employed. So,

the classification problem is formulated as follows: does human operator intend to

move along a certain direction given a window of data points of size w containing

[xt−w+1, xt−w+2, ....., xt]? In our implementation, we train Artificial Neural Networks

(ANN) to decide whether there is an intended movement along the direction(s) of Y

and/or Z. Based on this, we show that it is possible to detect intended movement

directions offline by utilizing our approach. After achieving satisfactory offline

accuracy, we utilize the trained model to capture the intended movement directions

of 6 participants in real-time during the path following task.
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Chapter 3

EXPERIMENT

3.1 Experimental Setup

Our experimental setup consists of 4 surface EMG (sEMG) sensors (MyoWare Muscle

Sensor AT-04-001, Advancer Technologies Inc.), a force sensor (Mini40, ATI Inc.),

and a custom-made handle attached to the end-effector of a LBR iiwa 7 R800 robot

(KUKA Inc.) as shown in Fig. 1.1. The raw EMG signals were collected using

DAQ card (USB-6251 NI Inc.) at 2 kHz. A separate DAQ card (PCI-6225, NI Inc.)

was used to acquire data from the force sensor at 10 kHz. The closed-loop control

architecture given in Fig. 1.2 was updated at 250 Hz.

3.1.1 Implementation of Admittance Control with our Cobot

In this study, an LBR iiwa 7 R800 robot (KUKA Inc.) is used for the path following

task detailed above. Communication with this cobot is possible in two ways: (a)

via KUKA Sunrise OS system and through Java programming language or (b) via

fast robot interface (FRI) and through C/C++ programming language. Using

the first option, in which the closed-loop is updated at 50 Hz, functions for end

effector positioning and point-to-point trajectory tracking are available. The library

of the second option (FRI), which is designed for researchers, can reach a high

update rate of 1 kHz, but unfortunately does not include such functions. The FRI

library contains only the following control functions: (a) joint position controller,

(b) Cartesian wrench controller, and (c) joint torque controller. Since we aim for

real-time interaction between human and cobot, the second approach (FRI) is more

suitable, but as can be seen from the description above, the FRI library is limited

to those three control options. To develop an admittance controller for pHRI, we

utilized the joint position controller (JPC) of the FRI library. This function enables
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Figure 3.1: Control architecture for LBR iiiwa 7 R800 to follow a given vref (needed to

implement the architecture in Fig. 1.2).

the cobot to move to the desired joint positions. However, implementation of the

admittance controller architecture depicted in Fig. 1.2 requires Cartesian position or

velocity controllers, which are not available in the FRI library. As a workaround, the

reference velocity vref for the cobot was first converted to reference position xref by

integration and then to the reference joint positions using inverse kinematics (see Fig.

3.1). These reference values were then fed to the JPC that transmits sufficient torque

to the corresponding joints in order to follow these position commands. The actual

joint positions were obtained from the FRI library, converted to end effector position

using forward kinematics and then to velocity by differentiation. The functions for

forward and inverse kinematics were adopted from a recent study [Faria et al., 2018].

3.2 Experimental Scenario

During the experiment, visual feedback was provided to the participants through the

AR interface about the steps of the task (Fig. 3.2). First the visual scene informed the

participants about the connection between the AR interface and the cobot (Fig. 3.2a).

Once the connection was established, a path to be followed by the participants and

its starting point (a red circle) were displayed. For each path, the cobot traveled

to the starting point of the path automatically. The color of the starting point

remained red until the cobot reached it and stopped there. The participants were

informed not to hold the handle until the circle turns green (Fig. 3.2b). Once the

circle color became green, the participants were able to track the given path along
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The task is completed.

Waiting for 

connection

Please wait until the circle 

turns green

a) b)

d)c)

Figure 3.2: Visual information displayed to the participants during the task execution

through the AR interface. Green and blue circles in (c) indicate start and target positions,

respectively, and dashed-lines with arrows represent the desired trajectory.

the indicated directions (see the dashed lines in Fig. 3.2c). In our experiment, the

cobot was constrained to move in Y −Z plane only (see Fig. 1.2). To create different

paths which include two consecutive movements in Y and Z directions with different

combinations, we split a square path into 8 sub-paths as shown in Fig. 3.3. Each

sub-path consisted of 2 segments in Y and Z directions. The length and width of

each segment were 25 cm and 2 cm, respectively.
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Path 2 Path 4Path 3Path 1

Path 6Path 5 Path 8Path 7

Figure 3.3: The paths to be followed in the experiments. Green and blue circles indicate

start and target positions, respectively, and dashed lines with arrows represent the desired

motion trajectories.

3.3 Placement of EMG Sensors and Signal Processing

Working with EMG sensors requires additional care as the subsequent processes and

the accuracy of continuous motion parameter estimation primarily depend on the

quality and correctness of the acquired signal. Hence, the sections below explain in

detail; the procedure that we followed for EMG placement on the muscles, EMG

signal recording and processing, and the normalization that enables comparisons

across different subjects.

3.3.1 Sensor Positions and Placement

Biceps Brachii (BB) short head, Triceps Brachii (TB) long head, Flexor Carpi (FC)

and Extensor Digitorum (ED) were selected as the muscle groups for this study.

We used only the participant’s arm muscles that were related to the execution of

4 movements in our task (+Z: up, -Z: down, +Y : left, -Y : right). Four sEMG

sensors and differential pairs of adhesive electrodes were placed on those muscles of

participants’ right arm. A good electrode-skin contact is required to obtain better
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Extensor Digitorum 
(ED)

Triceps Brachii
Long Head

EMG Sensor

Posterior view Anterior view

Flexor Carpi (FC) 

(TB)

Figure 3.4: Placements of electrodes in our study for acquisition of EMG data.

EMG recordings in terms of fewer and smaller artefacts (electrical interference), less

risk of imbalance between electrodes and better signal to noise ratio (SNR). For

these reasons, we first removed the hair on the arm skin where the electrodes were

placed and then cleansed that area with alcohol in accordance with the SENIAM

recommendations for skin preparation [Hermens et al., 2000]. Sensors were placed

on the longitudinal midline of each muscle parallel to the direction of fibers for

gathering high quality signals and to obtain repeatable measurements [Luca, 2002].

The distance between the sEMG sensors was always more than 2 cm to prevent

muscle crosstalk [Mon and Al-Jumaily, 2013].

3.3.2 EMG Signal Processing and Normalization

First, raw EMG data was acquired at 2 kHz in order to avoid any loss of muscular

information [Dimitrova et al., 2009]. Second, the collected EMG signals were filtered

with a band-pass Butterworth filter having lower and upper cutoff frequencies of

5 Hz and 500 Hz, respectively. The lower cutoff of the filter removed the offset
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and reduced the movement artifacts of the EMG signal [Luca et al., 2010] since

low-frequency content distorts the true nature of surface EMG signal [Brown et al.,

2010]. The upper cutoff helped to get rid of high frequency noise while capturing

muscles’ full informative frequency spectrum [Luca, 2002]. Third, we applied full-

wave rectification by taking absolute value of the filtered EMG signals. Compared to

half-wave rectification, which eliminates all the negative parts of the signal, full-wave

rectification was preferred since it conserves all of the signal energy [Bi et al., 2019].

Fourth, a low-pass Butterworh filter having a cutoff frequency of 5 Hz was applied

to the rectified signal for extraction of the signal envelope [DelPreto and Rus, 2019].

Lastly, the resulting signals were normalized by using Peak Dynamic Method (PDM)

to be able to compare EMG activity in the same muscle on different days or in

different individuals or between muscles [Luca, 1997,Soderberg and Knutson, 2000].

PDM expresses EMG data from a muscle as a ratio of the peak value acquired from

the same muscle during the task under investigation and produces good reliability

between sessions and between subjects [Yang and Winter, 1984, Bolgla and Uhl,

2007,Burden et al., 2003], and reduces inter-subject variability [Yang and Winter,

1984]. In addition, normalization rescales the raw EMG amplitudes from millivolts

into a percentage of this reference value [Burden and Bartlett, 1999].

3.4 Artificial Neural Networks (ANN)

The activation of each muscle contributes non-linearly to a movement activity

[Graichen et al., 2001,Murray et al., 1995]. To overcome such drawback, ANN are

commonly utilized for movement classification since they can detect associations or

regularities among the data which have complex relationships [Aung and Al-Jumaily,

2012].

In this study, we considered arm movements along Y and Z directions on a

virtual plane (see Fig. 1.2). For this reason, we trained two separate networks.

Network 1 was responsible for detecting the intended movements in Y direction,

whereas Network 2 was utilized for Z direction. Output of each neural network was

whether the movement existed in the corresponding direction or not. If the detected
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movement was along Y (Z) axis only, then the controller constrained the movements

to Y (Z) and X axis. On the other hand, if both networks detected movements,

then the controller allowed movements on the entire Y − Z plane and constrained

the movements to X axis only.

As mentioned in Section 2, we used a running window of data points to train

our networks. In this study, we selected this window size as 25. Hence, our ANN

have 100 input nodes each, since the data was collected from 4 EMG sensors (4

x 25). Each network structure has 2 hidden layers with 50 nodes each utilizing a

Rectified Linear Unit activation function (ReLU). We used Adam’s update rule with

a learning rate of 0.001. The output layer of the neural network has a single unit,

and utilizes a sigmoid activation function.

3.5 Offline Training and Testing

The first part of the experiment was designed to collect sufficient and diverse data

to train and test our ANN-based classifier offline. Accordingly, our goal was to check

if detecting intended direction of motion was viable using EMG signals alone.

3.5.1 Procedure

This part of the experiment was conducted with two participants (1 female and 1

male), who were 25 years old. For each participant, there were a total of 96 trials (8

paths x 4 repetitions per path x 3 sessions) displayed in random order. The sessions

for each participant were executed in 3 consecutive days. Participants were asked to

follow the path as straight as possible and focus on precision rather than elapsed

time. The admittance controller constrained the movements of participants to X

axis but not in Y −Z plane. They were asked to stop at the corners for 2 seconds so

that the movements along Y (left-right) and Z (up-down) axes can be distinguished

easily during data labeling.

In total, there were 24 trials (4 repetitions x 3 sessions x 2 participants) for each

path and 18 (3 repetitions x 3 sessions x 2 participants) of them were considered in

training and the remaining were used in testing. In other words, 75% of the data



Chapter 3: Experiment 17

was used for the training and 25% for the testing.

3.6 Online Evaluation

In the second part of the experiment, we aimed to evaluate the real-time performance

of our proposed architecture using the classifier trained in the first part. For this

purpose, we compared the unintentional positional deviations from the desired paths

under the admittance controller with guidance (based on the detected direction) to

that of without guidance. Furthermore, the participants whose data were used for the

training of the classifier in the first part did not attend this part of the experiment,

in order to check if the trained model is robust and insensitive to the data of new

participants.

3.6.1 Procedure

This part of the experiment was conducted with 6 participants (all right-handed, 3

females, average age = 23 ±2.3). Each participant performed a total of 32 trials (4

different paths × 2 controllers × 4 repetitions). To avoid a long and tiring experiment,

we conducted the experiment with 4 paths only (Paths 1, 2, 3, and 4 in Fig. 3.3),

which included all types of straight movements in Y − Z plane (right to left, left to

right, up to down and down to up). The paths and the controllers were presented to

the participants in a randomized order. In the first eight trials, all four paths and

two controllers (with and without guidance) were presented to the participants once

to familiarize them with the setup and the task, and no data was collected during

those trials. As in the first part, the participants were asked to follow the path as

straight as possible and focus on precision rather than elapsed time.
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Chapter 4

RESULTS

4.1 Offline Training and Testing

The classifiers of Y and Z directions reached nearly the same accuracies of 96.6% and

96.8% respectively during the testing data. Fig. 4.1 shows the confusion matrices of

the classifiers. This high recognition accuracy encouraged us that EMG signal could

be used alone to detect intended direction of human movement during a real-time

application.

4.2 Online Evaluation

The real-time detection accuracies of the classifiers along Y and Z directions were

85.6% and 89.3%, respectively. The normalized confusion matrices in Fig. 4.2 show

that the accuracies of the classifiers in detecting the existence and nonexistence of

the motion in each direction are similar.

To evaluate the task performance under two different controllers, we calculated the

accumulated deviations from linearity (denoted by e), by summing up the absolute

value of movement velocity that is orthogonal to the current path, as follows:

e =
te∑
tb

|v⊥(t)| (4.1)

where ⊥ is the direction orthogonal to the current path, and tb and te are the

beginning and ending times of a trial, respectively. Furthermore, we investigated how

the task completion time changed with the controller type, though, no instruction

was given to the participants about task execution speed.

The means and standard errors of the means for deviation from linearity (eave)

and task completion time (tave) are shown in Fig. 4.3a and 4.3b, respectively, for

each controller type. A one-way ANOVA with repeated measures was performed to
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Figure 4.1: Confusion matrices for the offline training part of the experiment along (a) Y

direction and (b) Z direction (ME: Movement exists, MNE: Movement does not exist.)
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Figure 4.2: Confusion matrices for the online evaluation part of the experiment along (a)

Y direction and (b) Z direction (ME: Movement exists, MNE: Movement does not exist.)
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Figure 4.3: The means (average of all participants) and standard errors of means for the

metrics of a) deviation from linearity and b) task completion time. (I: Without direction

classifier, II: With direction classifier. Horizontal bar with * on top indicates statistical

significance between the results of the two corresponding conditions.)

test the effect of controller type as the main factor on eave and tave. A significance

level of p < 0.005 was used to test the null hypothesis. The results showed that,

eave for the controller with guidance utilizing the classifier (F1,5 = 42.88, p = 0.001)

was significantly lower than that of the controller without guidance (see Fig. 4.3a).

However, there was no significant effect of controller type on task completion time

(F1,5 = 0.14, p = 0.73).
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Chapter 5

DISCUSSION AND CONCLUSION

A good sensory communication between human operator and cobot is vital for

more effective pHRI. Real-time detection of human movement intention can be highly

beneficial for achieving this aim. In this study, we focused on detection of motion

direction intention and developed a classifier to predict it in real-time by utilizing

ANN, which take EMG data alone as the input for training. We showed that our

direction classifier has high detection accuracy.

The effectiveness of the proposed classifier was evaluated for a path following

task. As discussed in Section II, human operator easily deviate from a desired path

during the execution of a collaborative manipulation task executed with a cobot. To

demonstrate these deviations, we present the position data of one participant during

the tracking of a path under the admittance controller with no guidance (Fig. 5.1).

In this task, the participant aims to follow a straight line along Z axis first, and

then changes his direction to move along Y axis (see path 1 in Fig. 3.3). As seen in

close-ups, even though the intent of the participant is to move on Y (Z) axis, there

are unintentional positional deviations in Z (Y ) axis. To prevent those deviations,

we constrain the movement to the intended direction using the admittance controller

with guidance as discussed in Section 2.

We showed that the admittance controller with guidance (allowing only the

movements along the directions predicted by the proposed classifier while preventing

the movements in other directions) outperformed the admittance controller with no

guidance. The admittance controller with direction classifier resulted in a significant

decrease in undesirable deviations from the desired path (Fig. 4.3a). Moreover,

we would like to highlight that our direction classifier was robust to the data of

new participants. Although all the participants in the online evaluation part of the

experiment were new and none of their data was used for the training of the classifier,
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Traveling in

Y direction 

Traveling in

Z direction 

Figure 5.1: Position data of a participant as it follows the path 1 given in Fig. 3.3 under

the admittance controller with no guidance. The participant moves in +Z direction (light

pink) first, and then moves in +Y direction (light blue) later. Close-ups (in dashed boxes)

show the positional deviations in Z (Y ) while the participant aims to travel only along Z

(Y ) direction. The targeted travel directions are illustrated using the shaded regions.

it still successfully detected the direction intention of each participant.

In our previous work [Sirintuna et al., 2020], we have already implemented

3 different admittance controllers for a realistic drilling task and compared their

performances. Our comparisons indicated that our proposed variable-fractional

order admittance controller led to a more transparent interaction compared to the

other controllers without sacrificing the stability. In the future, we plan to combine

our approach of human motion estimation with our previous work in a drilling

task on a real workpiece to demonstrate the practical applicability of it. The task

will involve movements in the direction of drilling axis (X axis) in addition to the
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movements on the surface of workpiece (Y − Z plane) as in this study. In order

to accomplish such a task, we need to detect motion intention along the drilling

direction by training a separate network for X axis. For this purpose, acquiring

EMG data from different muscle groups such as Anterior Deltoid might be required.

Furthermore, instead of using an admittance controller with fixed parameters as

in this study, the controller parameters will be adjusted on-the-fly according to

the needs of human operator, which will be estimated based on kinetic/kinematic

information. For instance, admittance damping could be increased (decreased) to

allow precise positioning (effortless collaboration) during the task, as needed.
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