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ABSTRACT 

The purpose of this thesis was to design, test, and evaluate a three degree of freedom, 

wheelchair-mounted, robotic upper limb exoskeleton that detects human intent for actuation. The 

exoskeleton was designed in SolidWorks, followed by a finite element analysis to determine stress 

and displacement under average human arm loading. A workspace analysis was performed using 

the Denavit-Hartenberg method in MATLAB to determine the effective reach of the exoskeleton 

end-effector. The exoskeleton was printed with out of PLA and NylonX plastics with a RAISE3D 

Pro2 Plus printer. This exoskeleton was actuated with three NEMA 17 stepper motors which were 

coupled with encoders at each joint to provide safe rotation within biomechanical limitations. 

Force myography and electromyography were utilized in the controller to detect human intent. For 

evaluation, the exoskeleton was tested on 10 able-bodied human subjects from 18–60 years old 

with IRB approval.  

FEA maximum stress expected is 429.1 MPA. For FMG individual joint tests, shoulder 

flexion/extension had the highest average desired movement at 67%, then elbow flexion/extension 

at 61%, and shoulder external/internal rotation at 36%. EMG neural network accuracies were very 

high, with the minimum overall neural network accuracy being 87.7% and the maximum reaching 

97.4%. For EMG controller individual joint testing, shoulder external/internal rotation was highest 

at 72%, shoulder flexion/extension at 68%, and elbow flexion/extension at 50%. For the 

waterbottle pick and place, the FMG control times ranged from 14.9 to 82.7 seconds, while EMG 

control times ranged from 15.3 to 62.6 seconds.   Both control systems worked fairly well, though 

shoulder external/internal rotations show a need for improvement for both FMG and EMG 

systems. Future work includes PID control, metal links, and testing on subjects with cerebral palsy 

and muscular dystrophy. 
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CHAPTER 1 
 

INTRODUCTION 

Wheelchairs provide mobility to people suffering from muscular diseases such as Cerebral 

Palsy (CP) and Duchenne Muscular Dystrophy (DMD), and injury and stroke, which also often 

impair upper limb movement as well. There are more than 400,000 people in the United States 

alone who use wheelchairs [1]. Approximately 764,000 adults and children in the US exhibit 

indications of CP, according to United Cerebral Palsy, and diagnoses of CP are made for about 

10,000 babies every year [2]. Worldwide, 2 to 3 people per 1000 born have CP [3]. CP actually 

refers to “a group of chronic disorders caused by nonprogressive cerebral abnormalities which 

occur before birth or early in life and lead to motor impairments and thus, activity limitations [4].” 

Meanwhile, Duchenne Muscular Dystrophy, which affects muscles in the upper and lower limbs, 

occurs in 1 out of every 3500 males born in the US [5]. Overall, more than a million people in the 

US have with neuromuscular diseases [6]. Stroke, which can often decrease control of the arm, has 

disabled 64,400,000 people in the world [7].  

1.1 Definition of Cerebral Palsy 

Symptoms are used to classify CP into the following four categories: athetoid, ataxic, 

spastic, and mixed cerebral palsy. The most common kind of CP, spastic CP, involves hypertonic, 

tight, stiff muscles that cannot be relaxed willingly and therefore also cannot be bent without great 

difficulty. People with spastic CP can even have such contracted muscles that their hands are 

permanently closed. This type of CP has the possibility of affecting any limb muscles as well as 

mouth, neck, trunk, and head muscles. Lastly, spastic CP carries further categorization depending 

on the number of limbs affected, ranging from monoplegia for one limb; diplegia for legs, 

hemiplegia for leg and arm at one side of the body, and lastly quadriplegia for arms and legs, which 
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may prevent the person from being able to walk. Next, athetoid type of CP causes difficulty in the 

affected person’s ability to control movement, involving both stiff and very loose (hypotonic) 

muscles throughout the whole body, leading to jerking or twitching movements. Those with Ataxic 

CP may find it difficult to stand still and not fall, as it involves muscle tremors and depth 

perception, balance, and coordination issues. Additionally, ataxic CP may make activities of daily 

living including writing, feeding, and grasping objects challenging. When a person with CP has a 

combination of the aforementioned forms of CP, the CP is categorized as mixed CP. Additionally, 

for all CP, based on the level of severity and amount of symptoms exhibited, the CP might be 

considering severe, moderate, or mild; however, these categorizations are more subjective due to 

a lack of guidelines. Generally, people with the moderate form could find moving their arms and 

walking difficult, relying on anything from wheelchairs to crutches. Severe CP typically entail 

arms and legs all having issues, in addition to issues with sitting in an upright position, holding up 

the head, and talking. Those with severe CP might not be able to walk at all [8]. Needless to say, 

CP, especially the more severe forms of it, can adversely affect activities of daily living. 

1.2 Definition of Duchenne Muscular Dystrophy 

Unlike CP, DMD is a genetic disease that progresses quickly, starting when the person is 

a child with muscle atrophy and active movement decrease for muscles in the proximal lower and 

upper extremities. Over time the DMD causes loss of movement of the arms with the joints 

contracting—the upper extremity decreased functionality starts early and continues as the disease 

advances. Wrist and hand muscles usually retain functionality for much of the disease progression. 

However, by the patient’s twenties the disease frequently necessitates the use of powered systems 

to aide in mobility [9]. 
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1.3 Effects on and Measurements of Ability to Achieve Activities of Daily Living 

People with neuromuscular diseases and other issues often rely on wheelchairs for general 

mobility and additionally have difficulties with upper limb movement, severally and often 

traumatically affecting their ability to conduct everyday activities, known as activities of daily 

living (ADL). These activities could be as simple as eating and drinking, dressing, or even to the 

extent of accomplishing daily job tasks. 

There are a number of different subjective assessments currently used for evaluating ADL 

abilities, particularly during rehabilitation, including Modified Barthel Index (MBI), Functional 

Independence Measure (FIM), Ranchos Los Amigos Hospital (RLAH), Quadriplegia Index of 

Function (QIF), Common Object Test (COT), Spinal Cord Independent Measure (SCIM), and 

Valutazione Funzionale Mielolesi (VFM) [10]. Each assessment has a different purpose or target 

population, as well as varying activities, but with the overall aim of determining level of 

independence.  

The MBI is for people with SCI and traumatic injury and involves 15 different activities, 

such as drinking and feeding oneself, dressing, walking and climbing stairs, or moving a 

wheelchair which are scored as independent, dependent, or assisted [10]. The FIM, used for 

evaluating patient disability severity, including after rehabilitation, consists of 18 different tasks, 

including activities involved in self-care, such as eating, dressing, and bathing; mobility; 

locomotion, such as moving a wheelchair or walking; bladder control; social cognition; and 

communication ability. These activities receive a score ranging from 1 to 7, with the higher 

indicating greater independence [10]. The RLAH, for tetraplegic self-care skill measurement, 

involves eight different types of activities, 6 of which are of the nature of the MBI and FIM 
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activities, and then also desk skills and written communication, scored as unable, assisted, or 

independent. Interestingly, this test also includes assistive and upper limb orthotic devices.  

The QIF, also for tetraplegic patients, entails 10 different kinds of tasks, 9 of which are 

similar in nature to MBI and FIM, as well as a comprehension of personal care, all scored from 0 

to 4, with 4 being the most independent. The COT again is used for tetraplegic patients, but differs 

in that it assesses functional nerve stimulation (FNS) and the tasks are split into different phases. 

The SCIM, obviously set up for SCI patients, have just three main categories—self-care, mobility, 

and respiration and sphincter management—which are scored from either 0-20 for the first or 0-

40 for the last two categories. The VFM test is also for SCI, and involves 65 different tasks, still 

of a similar nature to the MBI and FIM tests, which grading running from 1 to 5. 

There are also assessments used for upper limb disorders specifically, including the 

Minnesota Rate of Manipulation (MRM) Test, involving hand turning; the Upper Extremity 

Function test, including object to shelf and hand to mouth movements; Purdue Pegboard Test, for 

dexterity testing; Jebsen Test of Hand Function; Nine-Hole Peg Test, Smith Hand Function 

Evaluation, Box and Block Test (BBT); Physical Capacities Evaluation of Hand Skill (PCE), 

Action Research Arm (ARA) Test, Sollerman Hand Function Test, Standardized Object (SOT) 

test; Vandenberge Hand and Arm Function Test, involving moving bowls and other objects and 

writing; Quantitative Hand Grasp and Release Test (GRT), involving grasping and moving objects 

both with the aid of and without the aid of a neuroprosthesis for persons with tetraplegia; 

Capabilities of Upper Extremity (CUE) Instrument; Thorson’s Function Test; Grip and Pinch 

Strength Test; Frenchay Arm Test, Arm Motor Ability Test (AMAT); Wolf Motor Function Test; 

and Manual Ability Classification System (MACS). The MACS is used specifically for children 

patients with Cerebral Palsy [10]. 
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These assessments, while mostly subjective, can be useful not only for rehabilitative 

purposes, but also in the development of tests for the overall efficacy of assistive technology to 

help with ADL for people with disabilities such as CP, DMD, stroke, and other patients with 

injuries.  

1.4 Definitions of Joint Movements  

For this research, only joint movements of the arm are of interest, particularly elbow 

flexion and extension, shoulder flexion and extension, and shoulder internal and external rotations. 

Flexion is defined as bending of the joint, in the forward direction for the arm, while extension is 

straightening in the opposite direction, backwards [11].  

Elbow flexion and extension are illustrated in Figure 2 [12], where the rotation shown on 

the left in 2a illustrates elbow flexion while the rotation on the right in 2b illustrates elbow 

extension movement. The normal flexion/extension range of motion (ROM) for the rotation of the 

humeroradial joint is 0°-150° [12]. Note that this is for a person with normal range of motion, not 

necessary someone with the muscular disorders that this exoskeleton was designed for, but still, 

understanding typical ROM is important as muscular disorders lead to different ROMs on a 

person-by-person basis. 
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Figure 1: Elbow flexion/extension movements [12]. Elbow flexion (left) and extension (right). 

Next, shoulder flexion movement, or the vertical raising of the arm from the shoulder joint, 

is illustrated by Figure 2 [12]. Extension is simply rotation in the opposite direction along that 

same sagittal plane. The ROM for shoulder flexion is 180° [12].   

 
Figure 2: Shoulder flexion movement [12]. 
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Shoulder external rotation movement, as illustrated in Figure 3 [12], is the horizontal 

rotation outward in the transverse plane, away from the body, while internal rotation of the 

shoulder is horizontal rotation inward, towards the body, in the transverse plane. The ROM for 

external rotation of the shoulder is 180° [12]. Shoulder flexion/extension and external/internal 

movements occur through rotation of the glenohumeral joint [12]. 

 
Figure 3: External rotation shoulder movement [12]. 
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CHAPTER 2 

LITERATURE REVIEW 

2.1 Definition and Categories of Exoskeleton 

There are two main types of robotics devices that assist with actual upper limb human 

movements (as opposed to assistive robots that complete movements independent of the human 

limbs): the end-effector-based device and the exoskeleton based device. The end-effector-based 

device moves the user’s upper limb through one contact point with the upper extremity at the most 

distal location, changing the upper position as the end-effector moves. For dynamic arm supports, 

this contact location is on the lower arm. Only having a single point of contact makes the system 

much simpler; however this can make isolated joint motions difficult due to lack of joint alignment 

between device and user. Meanwhile, the exoskeleton device mirrors the actual skeletal structure 

of the upper limb with its mechanical structure, aligning joint movement of the exoskeleton with 

joint movement of the user [13] [14].  

There are three categories of exoskeleton: non-actuated, passively-actuated, and actively-

actuated. Each category differs from the other based on complexity and source of actuation (or 

lack-there-of).  

2.1.1 Non-Actuated Exoskeletons 

The non-actuated device is also known as an orthosis and offers essentially brace-like 

functional support [5]. The simplest of the three devices, it helps with anti-gravity support to aide 

in horizontal movement as well as help with elbow flexion/extension movements. Many non-

actuated devices fall under end-effector type of device and connect to the user’s forearm [14]. 

The Balanced Forearm Orthosis (BFO), which was created in 1965, is considered to be one 

of the first non-actuated exoskeletons. The Balanced Forearm Orthosis affixes to a wheelchair and 
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consists of only two links which utilize a mid-forearm fulcrum and rubber bands at the joint to 

help with vertical and horizontal forearm movements. The gravity compensation of this device is 

not very exact, however [5]. However, there were earlier non-actuated end-effector type devices, 

as far back as the mid-1930s and 40s, albeit very rudimentary [14]. More recent advances of the 

non-actuated exoskeletons include a design that uses linear springs for supporting movement and 

user-customizability with adjustable components [5]. One of the major limitations of the non-

actuated orthosis is that only forearm movement is typically supported and designs tend to aim 

towards ADL-specific activities [14]. Table 1 shows seven examples of non-actuated exoskeletons, 

including some of the earliest end-effector types whose primary purpose was to support feeding. 
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TABLE 1  

NON-ACTUATED EXOSKELETON (ORTHOSIS) DEVICES 

System (Year) Image Components Joints/ 
DOF 

Design of 
Dynamic Arm 
Support (DAS) 
for Gravity 
Compensation 
(2007) [15] 

 

Arm cup, 
linkage 

1 DOF 

Body-Powered 
Functional 
Upper Limb 
Orthosis 
(2000) [5] 
 

 

Linear 
springs 

2 DOF 

Dynamic 
Triceps-
Driven 
Orthosis 
(DTDO) 
(1998) [14] 
[16] 

 

Cables  Elbow 
flex./ext. 

Standard 
Mobile Arm 
Support 
(MAS) [14] 
[17] 
 

 

Ball bearings, 
forearm 
component 

Unspecified 
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TABLE 1 (continued) 

JAECO/Rancho 
Multilink MAS 
[17] 

 

Ball bearings, 
Forearm 
support 

Unspecified 

Birdcage feeder 
(1946) [18] 
[14] 

 

Yoke holding 
trough  

Unspecified 

(at least 

forearm) 

C-Clamp feeder 
(1950) [18] 
[14] 

 

C-clamp Forearm 

 

2.1.2 Passively-Actuated Exoskeletons 

The passively-actuated exoskeleton is slightly more complex, and with the additional 

complexity comes added benefits compared to its simpler orthosis counterpart. Passively-actuated 

exoskeletons use stored potential energy for actuation. They allow for specific joint manipulation 

and antigravity movement support, as well as help with tremor suppression. Passive gravity 

compensation is realized through elastic bands, springs, or even counterweights. Unlike the non-

actuated exoskeletons, passively-actuated exoskeletons are not usually designed only for specific 
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ADL [14]. Some of the latest passively-actuated exoskeletons include the WREX, ARMON, 

Radial Arm Orthosis, and the TOP [6] [9] [19]. Table 2 shows some of these passively-actuated 

exoskeleton devices. 

TABLE 2 

PASSIVELY-ACTUATED EXOSKELETON DEVICES 

System Image Components DOF/Joints 

Wilmington 
Robotic 
Exoskeleton 
(WREX) 
(2004) [19] 
[14] 

 

Forearm component, 
upper arm component, 
elastic band 

4 DOF 
(elbow joint 
2DOF, 
shoulder joint 
2DOF) 

TOP/HELP 
[14] [20] 

 

Forearm and hand 
support components, 
elastic cord 

1 DOF 

ARMON 
(2005) [6] 

 

Parallelogram linkage, 
electric motor for 
adjusting support 
offered by balancer. 

3 DOF 

ArmeoSpring 
(commercial 
version of T-
WREX) [21] 

 

Spring mechanism 5 DOF 
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2.1.3 Actively-Actuated Exoskeletons 

 Actively-actuated exoskeletons have the same applications as both passively and non-

actuated, but are more complex and powerful due to the use of actuators for movement of the 

joints. This offers the ability to move more joints and move them with greater precision than when 

simply relying on gravity-offsetting systems of springs, elastic bands, and counter-weights. Due 

to this, this kind of exoskeleton device can assist with multiple functions; rather than, say, moving 

the forearm horizontally, they can help with moving the shoulder, the elbow, and the wrist for 

more complex movements, offering a greater workspace and expanding the activities that can be 

assisted with from the basic ones of the previous two exoskeleton types discussed [14]. Examples 

of actively-actuated exoskeletons include the Orthojacket [22], MULtimodal Neuroprosthesis for 

daily Upper limb Support (MUNDUS) [23] the Robotic upper-extremity repetitive trainer 

(RUPERT) [24], the biomimetic orthosis for the neurorehabilitation of the elbow and shoulder 

(BONES) [25], and the motorized upper-limb orthotic system (MULOS) [26]. Images of actively-

actuated exoskeletons are shown in Table 3, along with details of actuators, control inputs, and the 

degrees of freedom (DOF) they offer.  
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TABLE 3 

WHEELCHAIR-MOUNTED ACTIVELY-ACTUATED EXOSKELETON DEVICES 

System Image Actuators & 
Control Input 

DOF/Joints 

Orthojacket 
(2011) [22] 
Image 
shows elbow 
joint only. 

 

Flexible fluidic 
actuators. 
EMG sensor 
input. 

Elbow and 
Shoulder 
joint 
movement 
support, 
depending 
on SCI type. 

Early 
Hybrid 
Exoskeleton 
(2008) [27] 

 

DC motor-
elbow and 
Neuromuscular 
electric 
stimulation-
hand grasping. 
Voice control 
and force 
sensors in 
gloves.  

Elbow 
flex/ext, 
static wrist 
orthosis 

MUNDUS 
(2013) [23] 

 

DC Motors. 
Different user 
intent 
modules: EMG 
and USB-
button module, 
Eye-tracking 
module, and 
BCI module. 

2 DOF 
shoulder, 1 
DOF elbow 

7 DOF 
Upper Limb 
Power-
Assist 
Exoskeleton 
(2012) [28] 

  

7 DC motors 
EMG input 

7 DOF 
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TABLE 3 (continued) 

RUPERT 
(2014) [29] 
 
 

 

Pneumatic 
muscles 

5 DOF 

BONES [25] 
(2010) 

 

Pneumatic 
actuators, 
parallel 
mechanism. 

3 DOF at 
shoulder, 
elbow 
flex/ext, 
wrist 
flex/ext, 
forearm 
sup/pro. 

MULOS 
(2001) [26] 

 

Electric 
motors, cable-
driven joints, 
rings for 
pronation/ 
supination 

5 DOF 

Pneu-
WREX 
(2006) [30] 

 

Pneumatic 
actuators 

4 DOF 

ADLER 
(activities of 
daily living 
exercise 
robot) 
(2006) [31] 

 

Admittance-
controlled. 

6 DOF (3 
active, 3 
passive) 
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2.2 User-Interface and Controllers 

 As with any robotic device, what signals are used to infer user input and how the control 

of the actuators is carried out are two key pieces. There are a wide variety of options for intuiting 

user input. The simplest and frequently used option is the switch, key, button, or joystick [13] [32]. 

In fact, a survey of upper limb hybrid exoskeletons in 2017 noted that these were utilized in 50% 

of the hybrid exoskeletons (exoskeletons with functional electrical stimulation) the authors 

reviewed [32]. The signal from these kinds of sensors is, of course, the easiest to attain and most 

directly interpret. However, this also limits user movement, taking away the user’s ability to do 

activities with both arms while also controlling the exoskeleton [32]. Another method is the use of 

voice commands, which would free up the user’s hands. There is also the visual system that 

monitors eye movement to infer user intent, which is limiting due to placement of the eye-tracking 

unit being restricted to a table [32]. 

Biological signals are also used for input to drive the exoskeletons, as well as for more 

general feedback to gather information on fatigue or muscle groups utilized during use of the 

exoskeleton. Electroencephalography (EEG) and surface electromyography (sEMG) are the most 

complex of inputs used for deriving user intent to control exoskeletons [32]. EEG, or electrical 

signals of the brain, are occasionally used for brain-machine type interfaces for exoskeleton control 

[32]. However, when used for controlling exoskeletons, the EEG signals are often used with 

predefined trajectories, such as for the BCI-Controlled Wearable Robot in 2014 and the BCI-

Controlled Exoskeleton in 2015 or predefined trajectories in addition to joystick for the degree of 

movement for the THINK2GRASP exoskeleton in 2013 [32]. The MUNDUS is another example 

that uses Brain Computer Interface (BCI), but it has EMG combined with USB-button and eye-

tracking user input options as well [23]. 
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The use of sEMG, or surface-level electrical muscle signals, is a less complicated input 

than the brain but nonetheless can be quite complex. Some exoskeleton controllers have used 

simple thresholding on EMG signals [33]. Others take more complex approaches, offering more 

possibilities for using the signals, such as a neurofuzzy modifier to estimate joint torques from 

EMG signals [28] [34]. While this concept of joint torque estimation is promising, it also requires 

a high number of sensors, with 16, wired sEMG sensors along deltoid, pectoral, biceps, triceps, 

flexor, and extensor muscles of the arm in one study [28] and 14 wired sEMG signals covering 

many of the same muscles in another study [34]. Figure 4 shows the multitude of wires and signals 

just for sEMG input from one study [28].  

 
Figure 4: sEMG sensor placements for an exoskeleton controller [28]. 

Although these studies have shown the promise of such a system, the applicability to the 

commercial side would be difficult to attain, given the number and wide-ranging placements of 

sensors. Imagine a patient trying to put even 14 sensors on, or having them put on his/her arms 

and shoulders alone or even having them placed, each and every day. Of course, there is the 

possibility of the development of a sleeve and electrodes that do not require re-placement every 

day, but there still remains the complexity from the shear large number of signals. 
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 Another study estimated force of antagonist and agonist muscles of the arm (biceps-short 

and long head and flexor and extensor carpi radialis) using the Hill model and sEMG signal inputs 

from those muscles and used the difference of the forces as input to a PI controller. The same study 

also looked at a different control method that used those same sEMG signals but instead utilized 

machine learning, specifically linear discriminant analysis, to classify movements [35]. A study 

using the ETS-MARSE related sEMG signals to muscle forces and torques using a proportional 

constant for each muscle [36]. These various studies show the interest and promise of EMG, as 

well as limitations of current use of EMG input.  

Surveys of literature have shown a repeated use of proportional control, PID control, and 

state machine type controllers, the latter of which is used for predefined trajectories [32]. 

Proportional control, both PD and PID are especially popular [37]. In fact, according to [37], most 

exoskeletons use PID control. PID control has been researched for use for an exoskeleton system 

with EMG input and encoder angle feedback [38] as well as a fuzzy logic tuned PID controller for 

a shoulder flexion/extension rehabilitative exoskeleton device [39]. Another study found that PID 

control alone was not sufficient for rehabilitation and therefore used self-tuning fuzzy PID for 

which the PID parameters are adjusted simultaneously by the controller [40]. Computed torque 

control, or CTC, is another control method mentioned in [37]. 

Besides these controllers, a survey of various robotic devices for rehabilitation of the upper 

limb has outlined control strategies, depending on the use, including two low-level control 

strategies that fall into this controller investigation: admittance control and impedance control [13]. 

Admittance control involves measurement of the user’s applied force with a correlated 

displacement output, though this does not necessarily mean force myography [13]. Admittance 
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control can also be used with EMG input, as demonstrated by [41]. Impedance control involves 

measuring limb motion and outputting force by the robot [13]. 

OBJECTIVES 

There are many different types of rehabilitative and assistive technology aimed to help 

people with disabilities either to rehabilitate to becoming completely independent again or to assist 

continually in ADL so that other kinds of aide, such as trained personal, are not needed. One such 

kind of assistive technology is the exoskeleton. Lower limb exoskeletons can be useful for those 

patients who still retain locomotive abilities of their lower extremities, while upper limb 

exoskeletons are used for those patients who rely on wheelchairs for transport. And while lower 

limb exoskeletons have garnered a great deal of attention in the past, it is the upper extremity 

counterpart that is of particular interest in this work. The objective of this thesis is to develop a 

wheelchair-mountable upper limb robotic exoskeleton with force myography (FMG) and 

electromyography (EMG) controller modules and evaluate the efficacy of controlling the 

exoskeleton with each controller. The objectives of this thesis are (1) to develop an actively-

actuated 3 degree of freedom (DOF) upper limb exoskeleton that assists with elbow 

flexion/extension, shoulder flexion/extension, and shoulder external/internal rotation and is 

wheelchair-mountable, (2) develop force myography (FMG) and electromyography (EMG) 

controllers, (3) conduct human subject testing with the exoskeleton on able-bodied human subjects 

to evaluate the efficacy of the controllers. 
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CHAPTER 3 

METHODOLOGY 

3.1 Exoskeleton Design 

It was decided early on that the upper limb exoskeleton would need to be mountable to a 

wheelchair, be compact and lightweight and portable, and assist with three joint upper limb 

movements: elbow flexion/extension, shoulder flexion/extension, and shoulder external/internal 

rotation. Altogether the human arm has 7 DOF, but for simplicity of this first exoskeleton design 

and control, 3 DOF was aimed for. These movements chosen for the 3DOF assistance are often 

used for gross movement of the human arm.  

The computer aided models of the wheelchair mounted robotic exoskeleton were created 

using SolidWorks. The entire prototype was divided into three assemblies named: (1) Adjustable 

elbow forearm assembly, (2) Shoulder flexion/extension assembly, and (3) Shoulder 

external/internal rotation assembly. The first prototype designed, shown in Figure 5, was found to 

be too bulky, preventing some shoulder rotation. For the second prototype, the exoshells for the 

upper and lower arms were decreased in both height and length, an adjustable elbow link was 

added to allow for different arm lengths, and link thickness and attachments were increased. A 

description of prototype 2, the current prototype and that which was used for testing (Figure 6), 

follows. 
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Figure 5: Upper limb exoskeleton prototype 1. SolidWorks model (left) and 3D printed (right). 

 
Figure 6: Upper limb exoskeleton prototype 2 

The lower arm assembly of prototype 2 consists of a forearm exoshell part and an 

adjustable elbow link. The forearm exoshell is an open L-shaped piece and is 15 cm long, 11 cm 

wide, and 10 cm tall and 1 cm thick. The forearm exoshell is rounded at the corner edges in order 

to better fit the user, with the strap channels following the rounded contours. On the surface that 

interfaces with the bottom of the user’s forearm there are filleted holes for ventilation to prevent 

the user from overheating. Rectangular channels on the side and bottom user-interfacing surfaces 
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allow for the wiring of the force sensors for the force myography user-input to be fed out to the 

microcontroller. Other rectangular channels near the edges of the L-shaped shell feed through the 

straps for attachment to the user’s arm. The assembly of the forearm shell (purple) and the 

adjustable link (cyan) is shown in Figure 7. 

 
Figure 7. Prototype 2 lower arm assembly 

The rectangular attachment on the side of the exoshell is 2 by 2 cm in width and height. The hollow 

adjustable elbow link slides over and bolts to the attachment link on the forearm exoshell on one 

end. The other, circular end of the link has bolt holes for connecting it to the motor wheel, or the 

metal interface for the motor shaft, on one side and on the other side has one large hole for a 

bearing to press fit the alignment shaft of the upper arm exoshell. The adjustable link makes the 

total length of the lower arm assembly vary from 21.4 to 26.4 cm, depending on the user’s arm 

length.  

Next, a 15 cm long, 11 cm wide, 12 cm tall and 1 cm thick upper arm exoshell attaches to 

an upper arm link with motor case to make up the shoulder flexion/extension assembly, as shown 

in Figure 8. Similar to the forearm exoshell, the upper arm exoshell has holes for ventilation and 

rectangular channels for straps and force sensor wires. One link on the side of the upper arm 
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exoshell helps keep alignment of joint 3 with a shaft that fits into the bearing on the elbow 

adjustable link as previously described. Another link has a circular interface for attachment to 

another motor wheel to connect it to the joint 2 motor. The separate upper arm link with motor 

case part of the assembly holds the motor for the elbow flexion/extension joint, or joint 3 of the 

exoskeleton, and is 2 by 2 cm in width and height. This part and the upper arm exoshell are bolted 

together.  

 
Figure 8. Prototype 2 upper arm flexion/extension assembly 

The last main assembly is the shoulder external/internal rotation assembly and 

consists of the shoulder link with motor case part and the external/internal rotation motor 

case. The motor case on the shoulder link holds the motor for the shoulder 

flexion/extension joint, joint 2. On the other end of that same shoulder link is a circular 

interface that connects with the motor wheel interface for joint 1, or the shoulder 

external/internal rotation joint. The shoulder link is 6 cm tall total and 18.54 cm long, with 

a maximum thickness of 3 cm width by 4.9 cm height. The other part, the external/internal 

rotation motor case, both provides the wheelchair-mounting interface and houses the joint 
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1 motor for shoulder external/internal rotation movement. Figure 9 shows the shoulder 

external/internal rotation assembly that includes the motor cases for shoulder 

flexion/extension or Joint 2 and shoulder external/internal rotation or Joint 1. 

 
Figure 9: Prototype 2 shoulder external/internal rotation assembly 

 The exoskeleton was printed with fusion deposition modeling using the RAISE3D Pro2 

Plus printer. Initially, all the parts of prototype 2 were printed out of NylonX, a 20% carbon-fiber 

filled Nylon material sold by MatterHackers. However, due to two of the parts breaking during 

initial testing, the cost of the material, and the relative ease of printing out of polylactic acid (PLA) 

compared to NylonX, those two parts, the upper limb exoshell and the shoulder link, were re-

printed out of PLA material instead. The overall weight of the printed exoskeleton with hardware 

is less than 3 kg. 

Ext/Int 
Rotation 
Motor 
Case 
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3.2 Finite Element Analysis 

 In order to check if the structure of the design was sufficient to handle the load of the 

average human arm weight, a finite element analysis (FEA) was performed in SolidWorks on the 

entire exoskeleton assembly, as it would be mounted to a wheelchair. A simplistic model of a 

wheelchair was also created, but was not included in the FEA analysis. The exoskeleton joints 

were rotated such that the exoskeleton sat in resting position for a resting human arm on a 

wheelchair. A fixture was applied to the wheelchair mounting interface, shown as green arrows in 

Figure 10. The arm loads were applied vertically, as in the direction of the force of gravity, and 

thus perpendicular to the forearm exoshell surface that interfaces with the bottom of the human 

forearm and at an angle of around 30° from the upper arm exoshell surface that interfaces with the 

bottom of the human upper arm, as shown by the purple arrows in Figure 10. The lower arm load 

was set to 1.926 kg and upper arm load to 2.305 kg based on anthropometric data [42].  

Bolts were simulated by applying rigid connectors to the adjustable elbow link bolt holes 

and forearm exoshell link, all the motor wheel interface holes, the upper arm link and upper arm 

exoshell attachment, and all the motor case lids (to keep motors from sliding out backwards), as 

shown by the dark blue arrows in Figure 10. The bearing was also simulated with a bearing model 

part and bearing type fixture simulation in SolidWorks. These fixtures simulated the exoskeleton 

assembled and in a locked position, as when the exoskeleton is at rest with motor shafts locked in 

place and not running. 
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Figure 10: Loading, fixture, and connectors used for FEA 

At the start, the entire exoskeleton was 3D printed in NylonX, so the first FEA analysis was 

performed based on that material. Unfortunately, NylonX is a very new material and thus 

important properties for FEA are as yet not measured or at least documented, particularly Poisson’s 

ratio and yield strength. Therefore, Nylon 101, which is already listed in SolidWorks, was applied 

as the part materials instead. However, during early non-human testing the upper arm assembly 

and the shoulder link broke and were replaced with cheaper PLA-printed parts of the same design, 

so that the current exoskeleton has a mixture of NylonX and PLA parts. Hence, another FEA 

analysis was run, this time using material properties of both Nylon 101 and PLA. Table 4 shows 

these properties, where the NylonX properties are from a datasheet from the material’s seller, 

MatterHackers [43], the Nylon 101 properties are from SolidWorks software [44] and the PLA 

properties are from [45]. 
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TABLE 4 

MATERIAL PROPERTIES 

 Nylon 101 NylonX [43] PLA [45] 
Property Value Value Test Method-ISO Value 

Elastic/Tensile Modulus 1000 MPa 6000 MPa 527 2636 +/- 330 MPa 
Poisson’s Ratio 0.3 unknown N/A 0.36 
Mass Density 1.15 g/cm3 1.00 g/cm3 1183 1.17-1.24 g/cm3  

Tensile Strength 79.29 MPa 100 MPa 527 46.6 +/- 0.09 MPa 
Yield Strength 60 MPa unknown N/A 70 MPa 

 
Noticeably, the elastic modulus of NylonX is six times that of the material used in the FEA 

analysis, as well as about 20 MPa higher than the tensile strength of the Nylon 101. Additionally, 

when the analysis was run, the parts were simulated as solid, whereas the actual 3D printed parts 

were printed only with 10-25% infill using a honey-comb interior structure pattern, which would 

actually decrease strength.  

3.2 Workspace Analysis 

In order to determine the end-effector reach, a workspace analysis as well as other motion 

analyses were undertaken. The workspace analysis itself was conducted using MATLAB software 

and the Denavit-Hartenberg convention. In this convention, used often for determining robotics 

kinematics and dynamics, the parameters of link twist (α), link length (a), link offset (d), and joint 

angle (θ) are utilized to create individual homogenous matrices (A) for each link (i) and a final 

transformation matrix (T) that is a product of these matrices for end-effector position and rotations. 

According to the Denavit-Hartenberg Convention, assignment of the coordinate frames must 

follow two primary rules: 1) the current x axis must be perpendicular to the previous z axis, 2) the 

current x axis must intersect the previous z axis. In addition, the z axis is typically chosen to be 

the axis along or about which motion occurs, whether planar (translation axis) or rotational 

(rotational axis). The y axis for each frame is determined based on the right-hand rule and the 

already chosen x and z axis of that frame [46]. Figure 11 shows the axes placements and 
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orientations used for the workspace analysis. The external/internal rotation shoulder joint at the 

top back of the exoskeleton was used as the reference or global coordinate system from which the 

end-effector reach originates. 

 
Figure 11: Coordinate frame assignment for DH workspace analysis 

Based on these coordinate frames, the afore-mentioned link twist, link length, link offset, 

and joint angle for each link were determined. Table 1 shows the D-H table constructed for the 

exoskeleton, with the joint 1 referring to the shoulder external/internal rotation joint, joint 2 being 

the shoulder flexion/extension joint, and joint 3 being the elbow flexion/extension. All numerical 

values for the variables ai and di are in cm, while all angles are in radians. Regarding the variables, 

di is essentially the offset of joint i from the previous joint along the previous z-axis, while ai refers 

to the distance along the current x-axis from the previous z-axis to the current z-axis. The variables 

θi and αi refer to rotation about the previous z-axis of the previous x-axis to current x-axis and 

rotation about the current x-axis of the previous z-axis to the current z-axis. It should be noted that 

θi is a variable parameter for all three of these rotational joints, as noted by the * notation). Also, 

it should be noted that a3 varies depending on the link length adjustment of the forearm adjustable 
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link, varying from a minimum length of 21.5 to a maximum length of 26.5 cm. Equation 1 shows 

how these variables are used in a position and orientation matrix, 𝐴𝐴𝑖𝑖, while Equation 2 shows the 

calculations performed using those individual coordinate system matrices to get a final end-

effector transformation matrix, 𝑇𝑇30. 

TABLE 5 

DH TABLE FOR EXOSKELETON PROTOTYPE 2 

i ai (cm) αi (rad) di (cm) θi (rad) 

1 3.15 π/2 3.3 θ1 

2 22.298 0 -10.77 θ2-58.606° 
3 a3 (21.4 to 26.4) 0 10.117 θ3+58.606° 

 

Individual homogeneous matrices are determined by Equation 1, while Equation 2 provides 

the calculation for the transformation matrix, 𝑇𝑇30 , for the exoskeleton. These homogenous and 

transformation matrices are always 4x4 in size in the DH convention, with the first three rows of 

the first three columns yielding orientation in the x, y, and z directions and the first three rows of 

the final fourth column giving the position in x, y, and z coordinates.  

𝐴𝐴𝑖𝑖 = �

cos𝜃𝜃𝑖𝑖 − sin𝜃𝜃𝑖𝑖 cos𝛼𝛼𝑖𝑖 sin𝜃𝜃𝑖𝑖 sin𝛼𝛼𝑖𝑖 𝑎𝑎 cos𝜃𝜃𝑖𝑖
sin𝜃𝜃𝑖𝑖 cos𝜃𝜃𝑖𝑖 cos𝛼𝛼𝑖𝑖 −cos𝜃𝜃𝑖𝑖 sin𝛼𝛼𝑖𝑖 𝑎𝑎 sin𝜃𝜃𝑖𝑖

0 sin𝛼𝛼𝑖𝑖 cos𝛼𝛼𝑖𝑖 𝑑𝑑𝑖𝑖
0 0 0 1

�            (1) 

 

𝑇𝑇30 = 𝐴𝐴1 ∗ 𝐴𝐴2 ∗ 𝐴𝐴3          (2)  

3.3 Control Systems 

Two different control systems were designed to actuate the robotic exoskeleton. The first 

control system designed was the FSR system; the second was the Electromyography system. Both 

control systems had in common the following hardware: three stepper motors, four force sensing 

resistors (FSR), three rotary encoders, a microcontroller, a dual stepper motor driver and a single 

stepper motor driver, and two motion sensors. The control systems designed are both forward-
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kinematics systems; however, mathematical modelling for dynamics and inverse kinematics is also 

discussed in this section. 

3.3.1 Electrical Hardware  

The stepper motors used were NEMA-17 bipolar stepper motors, as shown in Figure 12 

below [47]. The motors run on 12 volts at 1.7 amps and can produce a torque up to 250 kg-cm due 

to their 991044/2057:1 ratio planetary gearbox. Continuous torque is limited to 48 kg-cm.  The 

gearbox outputs a step angle of 1.8° divided by the gearbox reduction ratio, or about 0.018°. Each 

motor also includes an exposed rear shaft, which was utilized in the exoskeleton to read back the 

current motor shaft angle via rotary encoder. The rear shaft of the stepper motor is much smaller 

than the main shaft that is actually connected to the exoskeleton at 3.9 mm in diameter versus the 

main shaft of 8 mm.  

 
Figure 12: 12V, 1.7A, 667oz-in NEMA 17 Bipolar Stepper Motor [47]. 

The force sensing resistors used were FSR 406 sensors, produced by Interlink Electronics, 

shown as Figure 13 [48]. They are 38 x 38 mm in terms of sensor area, and 83mm long total with 

lead length included.  
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Figure 13: FSR 406 [48] 

The maximum force that can be measured is 20N and the minimum is 0.2N. The output from the 

sensors themselves is voltage. Force applied to the sensors decreases resistance in the sensor, 

increasing the voltage output. This relationship of force and voltage for an FSR in a voltage divider 

type circuit is given by Equation 3 [48], where RFSR is the FSR resistance under current loading 

conditions, RM is current-limiting measurement resistor of known value paired with each FSR, Vin 

is the positive input voltage, and Vout is the output voltage, with the circuit configured as a voltage 

divider. The voltage input to the FSRs was 5 volts, and the measurement resistors used were 10 

kΩ. 

𝑉𝑉𝑜𝑜𝑜𝑜𝑜𝑜 = 𝑅𝑅𝑀𝑀𝑉𝑉+

(𝑅𝑅𝑀𝑀+𝑅𝑅𝐹𝐹𝐹𝐹𝐹𝐹)
     (3) 

The resistance-force and voltage-force relationships from the Interlink Electronics datasheet are 

shown in Figure 14. 

 
Figure 14: Resistance vs. force (left) and voltage output vs. force (right) [48] 
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Unfortunately, the graph of voltage out as a function of force (Figure 13), while giving a trend, did 

not include any details on the exact values for those points marked in the graph, nor an equation. 

Therefore, to get at least an estimation of the actual force output based on digital outputs in 

Arduino, tests were run in the lab. Initially, this was attempted by using small 50g masses courtesy 

of the Chemistry department, but it was found that the use of these was not feasible for a number 

of reasons. The main reasons were that the masses were not easily stackable to test for larger loads 

and distributing the mass loads over the surface of the small FSR was not reasonable. Instead, then, 

a digital, high precision force gauge was used to increasingly apply load in the center of the FSR 

and then unload.  

Since the digital force gauge was not connectable to the computer, and it was impractical 

to try to apply a force consistently over a few seconds while reading out the value on the screen, 

instead a phone camera was set up to record both the serial monitor of the Arduino software where 

the FSR value was read out and the digital value on the screen of the digital force gauge. A simple 

Arduino program was written to output the FSR values for this purpose, and the text size in 

Arduino was increased so that it would be easily readable in the video. Post-processing involved 

stepping through frames of the video and recording force gauge values and digital FSR values in 

an Excel spreadsheet. The values were then plotted. Since the FSR sensors used were designed 

only to measure up to 20N of force, and the digital outputs of the FSR for loads higher than that 

either decreased slightly or stayed the same, only data for loading up to 20N was used. 

Additionally, it was found it took a long time for the FSR to unload; that is, even when the load 

had been decreased back to zero, the resistance of the FSR was still such that a high digital value 

(e.g. 584 in one case) would still read out on the PC.  The FSR values as a function of applied 
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loads were then graphed in Excel and a linear line was then fitted to the data, as shown in Figure 

15 with a fitted line and equation of the fitted line. 

 
Figure 15: FSR versus applied force 

The four FSR sensors used were strategically placed on the exoskeleton in order to allow the user 

to be able to apply isolated force to each one. One sensor was placed on the forearm exoshell to 

interface with the bottom of the user’s forearm (FSR 1). Another was placed on the side of the 

forearm exoshell (FSR 2). The third FSR was placed on the upper arm exoshell surface that would 

interface with the bottom/back of the user’s upper arm (FSR 3) and the forth on the side of the 

upper arm exoshell to interface with the side of the user’s upper arm (FSR 4). Figure 16 shows an 

image of a 3D model of the exoskeleton with the placement of each of the sensors labeled. 
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Figure 16: FSR placement on exoskeleton 

The three encoders used were quadrature incremental encoders, specifically type 

LPD3806-600BM-G5-24C, as shown in Figure 16 on the left. The encoder shaft was connected to 

the rear shaft with a flexible, two-diameter coupler, as shown in Figure 17 on the right. 

 
Figure 17: Rotary encoder (left) and coupler (right) used for tracking angles of exoskeleton joints. 

This type of encoder outputs two different channels, or signals, A and B, which are pulses 

with a phase difference of 90°, making it possible to determine direction [49]. The microcontroller 
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was programmed to detect and count the rising edges of these pulses (that is, every time the signal 

transitioned from a low state to a high state). In order to do this without pausing the rest of the 

control algorithm, this pulse monitoring was done using interrupts for each signal.  

However, the count of rising edges alone is meaningless until it is converted into an angle 

of rotation of the encoder shaft, and so Equation 4 [49] is used to convert the count of rising edges 

of the digital pulses into an angular position, where P is the number of pulses, α is the angle, and 

PPR is the pulses per revolution that the encoder is rated at. The resolution of this encoder in 

particular is 600 pulses per revolution (PPR), but since the algorithm tracking pulses counts the 

rising edges of both A and B channels, the effective resolution is doubled to 1200 PPR, yielding 

Equation 5 for the encoder angle.  

∝= 𝑃𝑃
𝑃𝑃𝑃𝑃𝑅𝑅

∗ 360      (4) 

∝= 0.3 ∗ 𝑃𝑃      (5) 

As stated previously, the encoder is coupled with the rear shaft of the NEMA 17, prior to 

the gearbox that increases the torque and rotation angle to be applied to the exoskeleton joint at 

the front shaft. Thus, the encoder angle is not equivalent to the exoskeleton joint angle. In order to 

determine the exoskeleton joint angle, the gearbox ratio of the motor needs to be taken into 

account. Equation 6 shows this reduction ratio of the radius of gear 1 (r1) to gear 2 (r2) for the 

NEMA 17 stepper motor gearbox used in this research. This reduction ratio is equal to the ratio of 

angular velocity of gear 2 (ω2) to gear 1 (ω1), as shown in Equation 7.  

𝑟𝑟1
𝑟𝑟2

= 𝜔𝜔2
𝜔𝜔1

       (6) 

𝑟𝑟1
𝑟𝑟2

= 99 1044
2057

      (7) 
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Integrating angular velocity will yield angular position, θ, resulting in Equation 8. Utilizing 

this relationship and Equations 4-7 gives the exoskeleton joint angle based on the count of rising 

edges from the encoder, shown in Equation 9. 

𝑟𝑟𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷
𝑟𝑟𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷

= 𝜃𝜃𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷
𝜃𝜃𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷

= 𝜃𝜃𝐸𝐸𝐷𝐷𝐸𝐸𝐸𝐸𝐸𝐸𝐷𝐷𝐷𝐷
𝜃𝜃𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐷𝐷𝐸𝐸𝐷𝐷𝐸𝐸𝐸𝐸𝐷𝐷

    (8) 

𝜃𝜃𝐸𝐸𝐸𝐸𝑜𝑜𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝑜𝑜𝑜𝑜𝐸𝐸 = 𝜃𝜃𝐸𝐸𝐷𝐷𝐸𝐸𝐸𝐸𝐸𝐸𝐷𝐷𝐷𝐷
𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷
𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷

= 0.3 ∗ 𝑃𝑃
9910442057

   (9) 

The angle feedback is the major software safety feature and is customizable. The control 

algorithm is written such that the stepper motor will be commanded to remain stationary if the 

angle of the encoder at that joint is beyond the specified range. For each joint, different minimum 

and maximum and maximum angles are specified, depending on the biomechanical range of 

motion of that corresponding human joint, and customized depending on the range of motion of 

that joint on the particular user. For joint 3 on the exoskeleton, the maximum angle, a positive 

value for rotation direction, refers to the maximum flexion allowed at the elbow joint, while the 

minimum value refers to the maximum extension of the elbow joint. However, depending on user 

intention derived by the algorithm from either the FSR values or classification of sEMG signals, 

the maximum and minimum values also vary not just from joint to joint but from movement to 

movement. For example, the maximum joint angle for flexion movement of elbow is set to a lesser 

value than it is for the elbow extension movement in the code. This is because while there is 

concern that the elbow will be flexed too far in the positive angle rotation direction, there is no 

danger of that occurring when extension movement is specified by a different FSR value. 

However, due to the inherent limitations of speed of the algorithm, especially due to necessary 

delays in the digital pulses sent to control the stepper motor, as well as the minimum step size of 

1.8° of the motor, when the limit range for a movement is reached there is a good chance of the 
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rotation continuing slightly beyond the limit set before a new encoder reading. Therefore, in order 

for the user to be able to rotate the joint back in the opposite direction, i.e. extend the elbow in this 

example, there is a requirement that the elbow joint motor is allowed to move even when the 

rotation is slightly beyond the limit for movement in flexion. That difference is typically very 

small, such as 5° or 10°. To give a better idea, a discussion of the default algorithm settings follows. 

It should be noted, as mentioned before, that the FSR values and encoder values are customizable 

depending on the user’s muscle strength and range of motion for each biomechanical joint, so as 

to make the exoskeleton as effective as possible for each user, as well as safe as possible. This is 

very important, given the kind of users expected for this device (CP and DMD patients), and the 

variations of muscle and joint stiffness.  

The default settings for elbow flexion movement are a minimum angle allowed of -30° and 

maximum angle of 45°. Thus, the elbow joint, joint 3 on the exoskeleton, is permitted to rotate to 

45° from starting position in the flexion direction. Note that all these angle ranges are dependent 

on the starting position of the exoskeleton; therefore, it is key that the exoskeleton is set in the 

desired so-called “zero position” prior to the user using it, at least in the current design.  For elbow 

extension movement, the maximum angle is 50° (5° higher than the flexion movement for the 

aforementioned necessary overlap), while the minimum angle is -10 degrees. The reason for this 

low range for extension is due to the expectation that the user’s arm is already near the fully 

extended position when in the zero position. For shoulder extension movement, at joint 2 of the 

exoskeleton, the angle range allowed is between 50° and -5°. For shoulder flexion, the angle range 

is -40° to 40°. Lastly, for shoulder external and internal rotation, controlled by joint 1 of the 

exoskeleton, the encoder must read an angle between -20° and 16°. For internal rotation, the angle 



38 
 

must be in the range of -15° and 25°, with internal rotation getting the negative angle direction and 

external rotation the positive angle direction. 

The microcontroller boards used for this research were all the Arduino Mega 2560 R3 

(Figure 18), while the actual microcontroller on the board is the ATmega2560. The Arduino Mega 

board has 54 digital input/output pins, 14 of which offer PWM and 6 of which include interrupts; 

16 analog input pins; and 2 output supply voltages, a 5V and 3.3V along with ground pins. The 

board itself runs on 5V, which can be supplied either through an external power supply such as a 

battery or voltage converter or a computer through its USB connection. Additionally, the Mega 

comes with 4KB of EEPROM memory, making storage of a small amount of data on board 

possible. The clock speed of the board is decently fast at 16 MHz frequency. Additionally, the 

board has 4 RX and 4 TX channels for serial communication. The board also offers both serial 

peripheral interface (SPI) with four pins designated for the required four wires this communication, 

as well as inter-integrated circuit (I2C) communication with a pair of SDL (clock signal) and SDA 

(data signal) pins. In the case of this research, the interrupt pins are used in pairs for reading in 3 

channels of encoder data in the background of the main code running, catching the rising edges of 

both signals A and B of each encoder, as explained previously. The SDL and SDA pins are utilized 

to read the two motion sensors in parallel by setting one motion sensor’s ADD pin to high and one 

to low in order to set one to be read at the 0x68 register and one at the 0x69 register of the Mega 

board. The PWM pins are critical for sending the required pulse signals to each of the motor driver 

boards to control the three bipolar stepper motors. Lastly, the four FSR sensors are read in via four 

of the analog inputs.  
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Figure 18: Arduino Mega 2560 microcontroller board. 

 Two different types of motion sensors have been used in this research. Initially, two MPU 

6050’s were utilized to measure motion data, with its 3-axis accelerometer and 3-axis gyroscope. 

However, due to the limitation of this sensor not being able to measure rotation about the Z axis, 

or the external/internal rotation of the exoskeleton, the sensors were later replaced with MPU 

9250’s, which in addition to a 3-axis accelerometer and a 3-axis gyroscope also includes a 3-axis 

magnetometer, providing the necessary compass-like horizontal rotation data. These motion 

sensors were not used at all as feedback to either control system, but instead to provide further 

motion data for later post-processing. It is hoped that at some point the data can be used to digitally 

re-create the entire motion of the exoskeleton as a motion-tracking system, once more work is done 

to learn how to properly process this data to derive position information from the various rotations 

and accelerations. 

Both a dual stepper motor driver and a single stepper motor driver were used to achieve 

control for the three motors. The single stepper motor driver, the A4988, can supply 2A/coil and 

8-35V to a motor, and only requires 3-5.5V input voltage to power the driver. Figure 19 shows the 

basic wiring requirements of the board, with the step and direction pins receiving digital commands 

from the microcontroller. The enable pin of the board was also used in order to enable the stepper 
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motors in the algorithms. The four pins of each stepper motor used were wired as shown in the 

figure, and step resolution can be varied [50].  

 
Figure 19: Single stepper motor driver A4988 with wiring diagram [50] 

The dual stepper motor driver used was the DRV8825 stepper motor controller, mounted on an 

XBee Pro board with heat sinks and 10 wiring terminals for two stepper motors and power and 

ground, is shown in Figure 20 [47].  

 
Figure 20: DRV8825 stepper motor controller on XBee Pro board [47]. 

The voltage required for the board is only 3.3-5V, and the output voltage and current are 8.2-45 

VDC and 1.6A, respectfully. One of the nice properties of this board is that it is directly mountable 

and compatible with the Arduino Mega microcontroller used for this research. The board offers 10 

digital inputs/outputs that connect directly to the microcontroller board and five microstep choices 

for stepper motor step resolution [47]. The two cooling fins on the stepper motor controller boards 

keep the boards from overheating. 
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 Two motion sensors were also used. At first the MPU 6050 with a 6-axis accelerometer 

and gyroscope was used, but since it could only capture motion in the x and y horizontal planes 

(or anatomical sagittal and frontal/coronal planes), and not about the z, or vertical (anatomical 

transverse plane), it was later replaced during human subject testing with the MPU 9250, a 9-axis 

accelerometer, gyroscope, and magnetometer motion sensor. Figure 21 shows the MPU 6050 on 

the left and MPU 9250 on the right. 

 
Figure 21: MPUs used for study. MPU 6050 (left) and MPU 9250 (right) 

3.3.2 Force Myography Control System 

The first control system for this project was designed to use the FSR sensor values as user 

input, to infer user intent. Lower limb exoskeletons have used FSR sensors both for control and 

feedback, for walking assistance [51] [52] [53] as well as knee rehabilitation [54], but the use of 

FSRs for control of upper limb exoskeletons is rare, and thus a novel concept to try as a control 

scheme. There have also been discussions of using FMG signals and sEMG signals together to 

characterize movements of the forearm and wrist [55].  

Initially, the MPUs were used for tracking angles of the links of the exoskeletons, before 

encoders were added, but it was decided that these sensors were not stable enough since any 

vibration could throw off the readings, nor could they be precise enough. So next small encoders 

were chosen from an Arduino kit; however, those encoders did not have a high enough speed of 
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data transfer nor resolution of angle to be suitable for this application, and so they were replaced 

with the type mentioned in the previous section. The code then was setup to read the FSRs, the 

encoders, and the MPUs, but the MPUs conflicted with the encoder readings, since they required 

a similar data communication platform and would also mess up the interrupts needed for the 

encoders, and so the MPUs were given their own program and Arduino Mega board. Motion sensor 

data from the MPUs was acquired both during both FMG and EMG testing, but only for post-

processing in future analysis, not for feedback for the control system. Code for the MPU 9250 

signal data acquisition was based on MPU 9150 code from [56]. So, in the end, for this FSR input 

control system, discussed as an FMG control system in this paper, Arduino code was written to 

read all the FSR sensors and the encoders and to make decisions based on those inputs as to 

whether to actuate a motor and in what direction. The motors were actuated in the same script by 

sending pulses of highs and lows in a PWM pattern after enabling that motor and setting the 

direction. 

In this system, the output of FSR 1 was used to infer the user’s desired elbow joint motion 

assistance, FSR 3 to infer shoulder flexion/extension movement assistance, FSR 2 to infer shoulder 

internal rotation motion assistance, and FSR 4 to infer shoulder external rotation motion assistance. 

Low, medium, and high threshold values, which were customizable by user, were used to 

determine which joint movement was desired, as shown in the algorithm flow chart in Figure 22. 

The state space controller diagram for the FSR controller is shown as Figure 23. 
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Figure 22: FSR control algorithm flow chart 

 
Figure 23: FSR controller 

Elbow flexion assistance is triggered when the FSR 1 output is at or below the low 

threshold value for that sensor, while elbow extension assistance is inferred when that same sensor 

reads at or above the high threshold value. The default low threshold setting for elbow flexion 

movement is 450 bytes while the default high value is 650 bytes; thus, an FSR 1 value less than or 

equal to 450 bytes would trigger elbow flexion assistance while a reading of greater than or equal 

to 650 bytes would trigger extension assistance. For shoulder extension/flexion, the thresholds are 

flipped; shoulder extension is inferred when the FSR 3 value is equal to or less than the low 

threshold value, while shoulder flexion is deemed desired when the sensor is equal to or greater 
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than the high threshold value. Originally the shoulder vertical movement part of the algorithm was 

the same as that of the elbow, but initial human subject testing showed that the system worked 

better when the comparisons were flipped, as already described. For shoulder extension movement, 

at joint 2 of the exoskeleton, the FSR 3 reading must be less than or equal to 650 bytes in the 

default code settings, and for flexion movement, FSR 3 must read greater than or equal to 800 

bytes. 

On the other hand, for shoulder horizontal rotation, each direction gets its own FSR sensor. 

Surpassing the high threshold for FSR 2 means shoulder internal rotation assistance is desired, 

while shoulder external rotation is wanted when FSR 4 surpasses the high threshold value. When 

both FSR 2 and FSR 4 are above the high threshold value, no movement is allowed, as the system 

cannot determined user intent at that time. For the default setting for external rotation, FSR 4 must 

be greater than 550 and for internal rotation FSR 2 must be greater than 550 bytes. 

3.3.3 Electromyography Control System 

An electromyography (EMG) signal is an electrical signal of skeletal muscle activity. EMG 

signal is essentially the summation multiple motor unit action potentials, which are used to control 

skeletal muscle contractions. EMG signals are measured either invasively (needle electrode) or 

non-invasively (surface electrode) [57]. For this study, surface EMG (sEMG) signals were utilized. 

While some studies have only used basic threshold, the aim here was to utilize machine learning 

to be able to attain more movement classifications. According to [58], machine learning refers to 

“programming computers to optimize a performance criterion using example data or past 

experience” so that a system can learn and adapt to a varying environment. Machine learning can 

be useful in many different fields, from financial, to manufacturing, to pulling data from databases, 

to recognizing different speech patterns, to robotics [58]. The use of machine learning in robotics 
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can be applied to both robot path planning, as well as to the interpretation of input command 

signals, as is the case for this research. While the exoskeleton in this research project only used 

forward kinematics, thus not requiring pre-planned trajectories or other kinds of path planning per-

se, machine learning was still needed in order to maximize the potential of the sEMG input signals, 

especially considering the probability of cross-talk between muscle signals with surface-level 

EMG sensors, particularly the configuration used in this research. 

Using machine learning requires the use of features, and while raw sEMG data could be 

used in training a classification algorithm, studies have shown high accuracies from utilizing 

different features, such as time and frequency-domain based filtering. A review of recent literature 

reveals that root mean square (RMS) is the most popular feature of sEMG signals for robotic 

control due to its effectiveness [55] [34] [28] [36] [34] [59]. Other EMG features utilized, including 

in machine learning applications for robotic control, include waveform length [55], zero crossing 

[55], log detector [55], standard deviation [60] [61], variance, arithmetic mean, kurtosis, median, 

and mode [60]. The features chosen to be used for this research, based on literature review and 

testing, were root mean square, median, and mean. 

For this project, the Thalmic Labs Myo armband (Figure 24) was used to acquire 8 EMG 

signals around the circumference of the forearm about 2 inches down from the elbow. The Myo 

armband contains 8 sEMG sensors that output sEMG signals as a rate of 200 Hz and a 9-axis IMU 

(3-axes magnetometer, 3-axes accelerometer, and 3-axes gyroscope) that outputs accelerometer 

and gyroscope data at a rate of 50 Hz, as well as a vibration motor used simply as output to user 

for when a pre-programmed gesture is recognized by the armband. The microcontroller in the Myo 

armband is a Freescale Kinetis ARM Cortex M4 MK22FN1M operating at 120MHz, the Bluetooth 
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chip is a BLE NRF51822, and the whole armband system is powered by two 3.7V, 260mAh 

lithium batteries [62]. The Bluetooth chip allows for the Myo Armband to be completely wireless.  

 
Figure 24: Myo armband used in study. 

The Myo armband was used to obtain surface-level muscle signals from the flexor carpi 

radialis, extensor carpi radialis longus and brevis, palmaris longus, pronator and supinator teres, 

flexor and extensor carpi ulnaris, brachioradialis, flexor digitorium superficialis, and flexor 

digitorum communis muscles in the forearm. Figure 25 shows the flexor muscles on the left and 

the extensor muscles of the elbow and forearm on the right [12].  

 
Figure 25: Flexor muscles of the forearm (left, middle) and extensor muscles of the forearm (right) [12]. 

 
 Another important decision to make, besides features to extract, was the hand gestures to 

use. Relaxed open hand [63] [64] [65] [66]; closed hand, or grasp, or fist [63] [67] [64]; flexion/ 
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extension or similar wave in/wave out [64] [65] [66]; radial and ulnar deviation/flexion [63] [64] 

[65] [66] [67] [64]; pronation/supination [67]; and non-relaxed open or fingers spread [65] [64] 

are hand and wrist gestures suggested by various past studies on robotic arm, prosthetic, and 

exoskeleton control and general EMG signal classification. Five hand gestures were chosen to 

obtain sEMG muscle signals from for classification: wave in, wave out, radial deviation (angled 

up), ulnar deviation (angled down), and rest.  

However, 5 gestures alone are not enough to control a 3 DOF exoskeleton. So, to add on 

to these 5 gestures without including any other gestures that involve making a fist or articulating 

the fingers in a spread or individual configurations, it was initially decided to include forearm 

pronation and supination rotations, using a threshold for each direction. Unfortunately, it was 

found during initial testing that pronation/supination of the forearm is difficult to achieve while 

the user is strapped into the exoskeleton, so two more hand gestures had to be devised instead. All 

gestures needed to allow someone to grasp an object, such as a waterbottle or the joystick to control 

a wheelchair. The first five gestures chosen allowed this. Other gestures such as fingers spread and 

fist, recognized as poses by Thalmic Lab’s software for the Myo armband (Myo Connect/Myo 

Armband Manager), were avoided, due to the conflict of being able to make these poses while 

trying to grasp an object, as well as the possible confusion by the classification algorithm between 

desired movement and the user just wanting to grasp an object. Thus, the goal was to choose 

gestures that would support object grasping and other operations, without accidentally signaling 

movement of the exoskeleton. A grasp taxonomy of 33 grasp types was identified by [68], with 

top level divisions focused on whether the grasp required more power, that is, “all movements of 

the object have to be evoked by the arm,” or precision, followed by the opposition type, or direction 

of force needed to grasp the object in reference to the palm, namely palm (perpendicular), side 
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(transverse), or pad (parallel) [68]. Interestingly, only 4 of the 12 precision category grasping 

involved the pinky finger at all, while 2 of the 6 intermediate category (between precision and 

power) used the pinky. The pinky finger seemed to be more necessary for the power grasping, as 

it appeared to be used in 12 of the 15 grasp schemes shown in the GRASP taxonomy [68]. Hence, 

it could be concluding that the pinky finger may not be necessary for grasping most of the time. 

Thus it is proposed that the pinky finger could be flexed and extended while grasping an 

object, so pinky flexion and extension were ultimately chosen as the other two hand gestures for 

controlling the robotic exoskeleton. This made it possible to have 7 different classes of movement 

total. Three more redundant classes were also added, making a total of 10 classes, but still with 7 

movements, in order to help with pick and place tasks, such as the waterbottle pick and place task 

of this research project. The three additional classes were holding a waterbottle as an additional 

rest position, holding a waterbottle while flexing the pinky finger, and holding a waterbottle while 

extending the pinky finger backward. An illustration of the gestures for EMG are shown in Figure 

26, with class labels (C1-C10) and gesture names (e.g. Radial Deviation) labeled on each gesture 

image. 
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Figure 26: Gestures used for sEMG input 

 
Radial deviation, as shown, signals to the exoskeleton controller that the user desires to 

rotate the elbow joint in the flexion direction, while ulnar deviation signals desired assistance with 

elbow extension. Waving the hand inward corresponds to shoulder extension, while waving out 

corresponds to shoulder flexion. Shoulder internal rotation is signaled by curling the pinky finger 

inward towards the palm in a flexion motion without and with the waterbottle, while external 

rotation is signaled by stretching the pinky finger back in extension without and with the 
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waterbottle, as shown in the figure. No movement of the exoskeleton is signaled by the relax 

gesture and the bottle grasping gesture. 

 The last piece to using sEMG signals was to decide how they would be classified. Some 

exoskeleton research merely used thresholding of several EMG signals [33]; however, 

thresholding limits the potential use of EMG signals. A review of literature of general sEMG 

classification, as well as exoskeleton and robotic arm control with EMG signals, reveals a variety 

of different classification techniques. Neuro-fuzzy techniques [34] [28] [69], Linear Discriminant 

Analysis [35], Neural Network (NN) [65], Multilayer Perceptron [66], Support Vector Machine 

(SVM) [67], and Convolutional Neural Network (CNN) [64] are some of the classification 

techniques used in these studies.  It was decided, specifically, to use neural networking. Neural 

networking is a classification system that essentially mimics the human brain. The human brain 

contains 1011 neurons that process in parallel and are connected by synapses [58]. An artificial 

neural network imitates these neurons, considered to be processing units, by using perceptrons as 

the processing units, synaptic/connection weights, and a bias unit. Typically, a neural network 

consists of multiple layers of these perceptrons with weights and biases, because one perceptron 

alone would only be useful for a linear fit. Thus, typically multiple layers are necessary as the 

complexity of the data patterns increases. The weights and biases of the different layers are learned 

in the process of training the neural network [58]. 

 MATLAB offers several toolboxes for machine learning, including three for neural 

networks specifically, namely the Neural Pattern Recognition App, the Neural Fitting App, and 

the Neural Clustering app. Of interest to this particular study were the first two. The Neural 

Network Pattern Recognition Toolbox only uses scaled conjugate gradient backpropagation for 

training, while the Fitting App allows a choice between Levenberg-Marquardt, Bayesian 



51 
 

Regularization, and Scaled Conjugate Gradient. Initial testing was done to determine which would 

offer the highest accuracy for these features and number of classes, and it was determined that 

Scaled Conjugate Gradient Backpropagation had the highest accuracy; thus the scaled conjugate 

type neural network was used on all test subjects. 

 For this research, the Scaled Conjugate Gradient Backpropagation was trained and used on 

a total of 24 features. The number of features stems from the 8 EMG signals run through the 3 

different filters (RMS, Median, and Mean); hence, 8 times 3, which is 24. 

 The neural network diagram supplied by the Neural Pattern Recognition App is shown in 

Figure 27 and gives a basic representation of the 10 hidden layer neural network that was used for 

testing, with the w block representing an S by R weight matrix, with S referring to the neuron count 

in that layer and R representing the input vector elements count and the b block representing the 

bias vector, of length S [70]. The 24 under the Input block represents the 24 features used in this 

study, and the 10 under the output block represents the 10 classes; hence, an input vector of length 

24 is expected, as is an output vector of length 10.  

 
Figure 27: Neural network diagram [71] 

A sample trained scaled conjugate backpropagation neural network block with two layers (not to 

be confused with hidden layers), one containing netsum and tansig functions and the other 

containing netsum and softmax functions is shown in Figure 28. The netsum function is a summing 

function, while the tansig function is a transfer function, as shown in Equation 10, which calculates 

the hyperbolic tangent and fits the results between -1 and 1 [72].  
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𝑐𝑐 = 𝑡𝑡𝑎𝑎𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡(𝑡𝑡) = 2/(1 + exp(−2 ∗ 𝑡𝑡)−1   (10) 

 
Figure 28: Scaled conjugate backpropagation neural network layers, taken from code from [71] 

The Simulink blocks making up the tansig and softmax functions are shown in Figures 29 and 

30, respectively. 

 
Figure 29: Tansig function [71] 

 
Figure 30: Softmax function [71] 

MATLAB and Simulink code for communicating with the Myo Armband was supplied by 

the Myo SDK MATLAB MEX Wrapper [73], a free, open-access package of code and libraries 

downloadable from GitHub. Initially code was built in Simulink only, using Arduino encoder 

reading blocks to read the encoders and DO blocks with stair sequence signal inputs for motor 

control (as a sort of PWM signal), in addition to the EMG and IMU data acquisition blocks from 

the Myo SDK MATLAB MEX Wrapper for reading for the signals from the Myo Armband. This 

made sense, because there was already pre-written Simulink and MATLAB MyoMex code for 



53 
 

reading from the armband freely available on GitHub, and neural pattern recognition toolbox 

allows for both MATLAB and Simulink. While MATLAB scripts could have been utilized for 

both the Myo Armband and neural network, it was quickly discovered that the communication 

rates between MATLAB and any Arduino board were extremely slow, making MATLAB an 

impractical option for real-time control. However, it was also found that Simulink along was not 

the best option, as when the EMG and IMU blocks were combined with the Arduino encoder 

blocks and for-loop blocks of stair sequence signals for producing the PWM needed for the stepper 

motors was ultimately also too slow for real-time control. Finally, the problem of the timing issue 

was solved by dividing tasks between two Arduino boards and two different software programs, 

essentially creating parallel computing. This made the entire control system much more efficient 

and much faster. Simulink was still used to communicate with the Myo armband, classify gestures 

with a trained neural network for features of EMG signals, and to output a total of 7 digital values 

to 7 different pins on one Arduino Mega 2560 board (which could also easily be substituted with 

a smaller, simpler Arduino board as long as it contained 7 digital pins). Figure 31 shows a flow 

chart of this algorithm. 
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Figure 31: Algorithm flow chart for Simulink Myo Armband reading and processing code 

 
The 7 active digital output pins of this first board were then wired to a second Arduino Mega 2560 

board. This second Arduino microcontroller was programmed with almost the exact same Arduino 

software code as was used in the FSR controller, with several minor revisions. The first and most 

important revision, of course, was to read in and use the 7 digital inputs from the other board to 

determine which exoskeleton joint should move and in what direction. FSR values would still also 

be recorded and displayed, but only as data for post-processing, and perhaps later to add in another 

layer of safety by using it as an additional logical check. The second revision was to combine all 

the individual if statements used to allow multiple joints to move at the same time in FSR control 

into one if statement. This is because it was decided early on that EMG control of the exoskeleton 

would only allow for movement of one exoskeleton joint at the time, with each hand gesture or 

arm rotation determining which joint and which direction of rotation. Figure 32 shows the flow 

chart for this revised Arduino software algorithm. 
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Figure 32: Algorithm flow chart for Arduino software controller 

The state space control diagram, showing the closed-loop controller system, is shown in 

Figure 33. Figure 34 shows the actual Simulink code used for the EMG data acquisition and neural 

network classification portion of the parallel control system. 

 

 
Figure 33: EMG controller 
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Figure 34: Simulink code for EMG reading and processing from Simulink code blocks [74] 

3.3.4 Mathematical Modelling 

The previously mentioned workspace analysis yielded a transformation matrix, T, which 

contains the kinematics equations describing the position and orientation of the end-effector of the 

exoskeleton, in this case the user’s hand, given the angular position of each of the three exoskeleton 

joints. This, essentially, gives the forward kinematics description of the exoskeleton, meaning what 

the resulting position and orientation of the end-effector will be based on joint angle inputs. The 

opposite approach to kinematics, inverse kinematics, determines what joint angles are required to 

obtain a certain end-effector position and orientation. This is done by solving for the joint angles, 

which can be done using various methods which will not be detailed here.  

The next step to describing the dynamics of the robotic exoskeleton is to derive equations 

for link velocities. This is done by obtaining the Jacobian, which is key later on to deriving the 

equations of motion [46]. The Jacobian, J, used for dynamics, is a combination of angular and 
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linear Jacobian matrices, as shown by Equation 11, where the size of J is 6 rows with a column for 

each link. The linear velocity Jacobian for each joint is obtained from Equation 12 and angular 

from Equation 13, taken from [46], where zi-1 is the axis about which or along with rotation or 

linear motion takes place, and oi are the locations of the origins of the coordinate frames, or, 

essentially, the location of the center of mass of the link. Another method to obtain the linear 

velocity Jacobian is to take the derivative of the center of mass of that link. 

𝐽𝐽 = �𝐽𝐽𝑣𝑣𝐽𝐽𝜔𝜔
�      (11) 

𝐽𝐽𝑣𝑣𝑖𝑖 = �𝑟𝑟𝑟𝑟𝑣𝑣𝑟𝑟𝑟𝑟𝑟𝑟𝑡𝑡𝑟𝑟 𝑗𝑗𝑟𝑟𝑡𝑡𝑡𝑡𝑡𝑡:   𝑧𝑧𝑖𝑖−1𝑥𝑥(𝑟𝑟𝐸𝐸 − 𝑟𝑟𝑖𝑖−1) 
𝑝𝑝𝑟𝑟𝑡𝑡𝑡𝑡𝑝𝑝𝑎𝑎𝑡𝑡𝑡𝑡𝑐𝑐 𝑗𝑗𝑟𝑟𝑡𝑡𝑡𝑡𝑡𝑡:    𝑧𝑧𝑖𝑖−1

�    (12) 

𝐽𝐽𝜔𝜔𝑖𝑖 = �𝑟𝑟𝑟𝑟𝑣𝑣𝑟𝑟𝑟𝑟𝑟𝑟𝑡𝑡𝑟𝑟 𝑗𝑗𝑟𝑟𝑡𝑡𝑡𝑡𝑡𝑡:    𝑧𝑧𝑖𝑖−1 
𝑝𝑝𝑟𝑟𝑡𝑡𝑡𝑡𝑝𝑝𝑎𝑎𝑡𝑡𝑡𝑡𝑐𝑐 𝑗𝑗𝑟𝑟𝑡𝑡𝑡𝑡𝑡𝑡:   0 �    (13) 

Multiplying the Jacobian matrix, J, times the joint angle derivative �̇�𝜃 gives the linear and angular 

velocities in vector ε, as shown in Equation 14, taken from [46].  

𝜀𝜀 = �𝑣𝑣𝐸𝐸
0

𝜔𝜔𝐸𝐸0
� = 𝐽𝐽�̇�𝜃      (14) 

Equations of motion for the dynamics of a robotic manipulator, or, in this case, a robotic 

exoskeleton, can be derived using one of two methods: the Euler-Lagrange or the Newton-Euler 

method. For this project, the Euler-Lagrange was chosen, due to its popularity and usefulness for 

exoskeleton studies [75] [76] [38]. The Euler-Lagrange equation is given as Equation 15, where 

𝐷𝐷(𝜃𝜃)is the inertia matrix, 𝐶𝐶�𝜃𝜃, �̇�𝜃� is a matrix of centrifugal and Coriolis terms, 𝑡𝑡(𝜃𝜃) is the gravity 

vector, and τ is the resulting torque vector [46]. 

𝐷𝐷(𝜃𝜃)�̈�𝜃 + 𝐶𝐶�𝜃𝜃, �̇�𝜃��̇�𝜃 + 𝑡𝑡(𝜃𝜃) = 𝜏𝜏     (15) 
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The inertia matrix, as its name implies, involves matrices of the moments of inertia Ii of the 

exoskeleton links, as well as the Jacobian matrix entries Ji for the corresponding link, masses mi, 

rotation matrices Ri for each link, and joint angles q and velocities �̇�𝑞, as shown in Equation 16 

[46]. In this case, i=3, since there are three links to this exoskeleton. 

𝐷𝐷(𝜃𝜃) = ∑ {𝑀𝑀𝑖𝑖𝐽𝐽𝑣𝑣𝑖𝑖(𝜃𝜃)𝑇𝑇𝐽𝐽𝑣𝑣𝑖𝑖(𝜃𝜃) + 𝐽𝐽𝜔𝜔𝑖𝑖(𝜃𝜃)𝑇𝑇𝑅𝑅𝑖𝑖(𝜃𝜃)𝐼𝐼𝑖𝑖𝑅𝑅𝑖𝑖(𝜃𝜃)𝑇𝑇𝐽𝐽𝜔𝜔𝑖𝑖(𝜃𝜃)}𝐸𝐸
𝑖𝑖=1   (16) 

The Coriolis and centrifugal term matrix is defined by Equation 17, where the dij terms are 

elements of the inertia matrix. And finally, the gravity matrix is simply a partial derivative of the 

potential energy Pi of the link, as shown in Equation 18 [46].  

𝑐𝑐𝑡𝑡𝑗𝑗𝑐𝑐 ∶= 1
2
�𝜕𝜕𝑑𝑑𝐸𝐸𝑘𝑘
𝜕𝜕𝜃𝜃𝐷𝐷

+ 𝜕𝜕𝑑𝑑𝐸𝐸𝐷𝐷
𝜕𝜕𝜃𝜃𝑘𝑘

− 𝜕𝜕𝑑𝑑𝐷𝐷𝑘𝑘
𝜕𝜕𝜃𝜃𝐸𝐸

�      (17) 

𝑡𝑡𝐸𝐸 = 𝜕𝜕𝑃𝑃
𝜕𝜕𝑞𝑞𝐸𝐸

     (18) 

The Lagrangian equation allows for the determination torque required to apply to the motors of 

the exoskeleton in order to achieve the movement desired. It should be noted that since this is an 

exoskeleton, and therefore works alongside a human arm and has the goal of aiding movement in 

part by providing anti-gravity support of the arm, a consideration of arm weight would also have 

to be added to the derivation of the equations of motion. 

3.4 Human subject testing 

Human subject testing consisted of three main phases of testing. For all three phases, able-

bodied human subjects between the ages of 18 and 60 were recruited after receiving approval for 

the testing from an Institutional Review Board (IRB). The IRB number is 4220.  

For the first phase of testing, the test subjects were asked to test the FSR-based control 

system, first by controlling each exoskeleton joint individually, and then by controlling all three 
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joints together to accomplish a simple pick and place operation. Prior to testing, the test subject 

was instructed in how the controller inferred user intent based on force levels applied to the four 

FSR sensors. Then, with a second researcher recording videos, the user was instructed to try to 

move first just the elbow joint up and down in flexion and extension. After that, the recording of 

data was stopped and a new recording was started for the shoulder flexion and extension isolated 

movement attempt, followed by another recording of the shoulder external and internal rotation 

movement. Then, finally, a table was placed in front of the test subject with markings for lining 

up the exoskeleton and starting and ending positions for the waterbottle, with the waterbottle 

placed at the starting position. The subject was instructed to raise up his or her arm and move to 

his or her right to the other side of the waterbottle, then down and in to grasp the waterbottle, then 

lift the bottle and move it to the ending position to the left and lower bottle back down to the table 

before letting go, thus ending the test. An image of the test setup with the waterbottle shown in the 

starting position is shown in Figure 35. 

 
Figure 35: Waterbottle pick and place test setup 

For the second phase of testing, each test subject wore the Myo armband on his or her 

forearm, about 2 inches down from the elbow, while strapped into the exoskeleton and sitting in 
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the wheelchair. Before the exoskeleton could be controlled with the subject’s EMG signals, a 

custom neural network needed to be trained. Thus, the user was asked to make all 10 gestures, 

each for 15 seconds, while the EMG signals, raw and filtered features, were recorded. This was 

done with the user strapped into the exoskeleton and in the wheelchair to ensure that the muscle 

signals would more closely match those in real-time control of the exoskeleton. Then the data was 

formatted with code I wrote for this study that trimmed off the first 2 seconds of data (401 data 

points) and put all the gestures data into one matrix and then built a matrix of the same size with 

corresponding class labels for the neural network training. The size of the trimmed feature matrix 

for all the gestures together for each subject was 26010 rows with each row being for a different 

time sample of data by 24 columns, while the neural network class label matrix had to match with 

26010 rows by 10 columns for each of the 10 classes. 

The MATLAB Neural Network Pattern Recognition toolbox used to train the neural 

network requires not decimal numeric data but a series of 0s and 1s for class labels, so each class 

label was established as shown in Table 6.  

TABLE 6 

GESTURES AND CLASS LABELS 
Gesture Number Neural Network 

Class Label 
Radial Deviation 1 1000000000 
Ulnar Deviation 2 0100000000 
Wave In 3 0010000000 
Wave Out 4 0001000000 
Relax 5 0000100000 
Pinky Flexion 6 0000010000 
Pinky Extension  7 0000001000 
Bottle 8 0000000100 
Bottle with Pinky Flexion 9 0000000010 
Bottle with Pinky Extension 10 0000000001 

 



61 
 

Next, after EMG data was recorded and formatted, it was used to train a custom neural network. 

Several different types of neural networks were trained, but it was found that the best was the 

scaled conjugate backpropagation type with 10 hidden layers worked best, using the default of 

70% of data for training, 15% for validation, and 15% for testing phases of neural network 

development. Then, after ensuring that the accuracy was at least above 85% (or else the gesture 

data would be re-trained), a Simulink neural network block of code was saved for that user.  

 Following the neural network development, the user’s neural network was placed and 

connected to the Simulink part of the exoskeleton code, and real time testing was conducted, first 

with the user trying to control each joint individually, then with the user trying to accomplish the 

same waterbottle pick and place task as in the FMG control phase of testing.  

 After each phase, part of a survey was completed by the user, with the last part of the survey 

completed after both phases were done. The first 6 questions of the survey dealt with ease of 

controlling the exoskeleton with the FMG controller, while the next 6 dealt with control with the 

EMG controller. Questions 13-19 of the survey dealt with comparing the FMG to the EMG 

controller, with the user being asked to specify which controller was easier to use to perform that 

particular motion. Question 20 asked for a rating of the comfort of the exoskeleton itself, and 

finally, question 21 asked for any additional comments. A copy of the actual survey handed out 

can be found in Appendix A. 

CHAPTER 4 

RESULTS 

4.1 FEA Stress and Displacement 

The FEA analysis showed very high stresses, some much greater than the yield strength of 

the materials actually used. Figure 35 shows the FEA results of von Mises Stress. The maximum 
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stress was 429.1 MPA (marked by a 1 in Figure 36), near the bearing shaft on the upper arm link. 

According to the yield strength of the PLA material this part was made out of, which is 46.6 MPa, 

this would most likely break under full loading. Prior to human subject testing, this part did break 

off, but that was for a smaller shaft diameter that was part of prototype 1. The second highest stress 

of 264.2 MPa (marked by 2) occurred right next to the first but on the bearing holder of the 

adjustable elbow link, which was still worrisome even though that part is made of NylonX, since 

the yield strength is only 100 MPa in comparison, followed by 8.626 MPa (3) at the bolt holes for 

the adjustable elbow links and 4.358 MPa (4) at the edge next to the wheel mount interface.  
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Figure 36: FEA von Mises Stress results for prototype 2 [77] 

  
Figure 37 shows the FEA displacement results for prototype 2. The maximum displacement 

was 16.48 mm at the front edge of the forearm exoshell (pointed out on the figure). While this 

displacement seems a little large, it should be noted that the material property of Nylon 101, used 

in place of NylonX, for the forearm exoshell has 1/6 of the material stiffness of NylonX. Thus, the 

actual displacement is not expected to be as high. 

1 2 

3 

4 
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Figure 37: FEA displacement results for of prototype [77] 

4.2 Motion Analysis 

The rotations applied in the workspace algorithm matched those programmed in as the 

limits for the exoskeleton controller. Figure 38 shows a plot of the workspace with the maximum 

forearm link length.  
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Figure 38: Workspace analysis result for maximum link length 

The workspace analysis results for maximum link length showed the end-effector moved (in X, Y, 

Z coordinates referenced to the 1st joint as global reference frame) from [7.98, -3.86, -43.6] cm to 

[18.4, 9.3, 26.0] cm with a rotation from -30° to 25° for joint 1, -40° to 50° for joint 2 and -30° to 

50° for joint 3. During these rotations, the location of joint 2 moved from [2.73, -1.58, 3.3] cm to 

[2.85, 1.33, 3.3] cm. Joint 3 moved from [5.22, 9.42, -18.7] cm to [18.3, 20.4, -0.0366] cm. The 

total end-effector range for these rotations was therefore about 10.42 cm in the X, 13.16 cm in the 

Y, and 69.6 cm in the Z directions, which is a reasonable range.  

Figure 39 shows a plot of the workspace with the minimum forearm link length with the 

same rotations. Joint 2 moved from [2.73, -1.58, 3.3] cm to [2.85, 1.33, 3.3] cm and joint 3 moved 

from [5.22, 9.42, -18.7] cm to [18.3, 20.4, -0.0366] cm, while the end effector moved from [6.5, -

3.0, -38.9] cm to [19.2, 9.67, 21.0] cm for minimum link length. The end-effector range is therefore 

reduced to about 12.7 cm in the X, 12.7 cm in the Y, and 59.9 cm in the Z direction. 
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Figure 39: Workspace analysis result for maximum link length 

4.3 EMG Neural Networks of Human Test Subjects 

Before the EMG controller tests, EMG signals of participants were recorded and used to 

train custom neural networks for each test subject. After initial testing, it was decided to use the 

Scaled Conjugate Backpropogation type of neural network, due to higher accuracy. The MATLAB 

neural network pattern recognition toolbox offers several different graphical representations of the 

accuracy of the neural networks, including confusion matrices and error histograms. Confusion 

matrices show both the count and percent of false positives (shown in red), or when the neural 

network algorithm falsely identified the class, and true positives (shown in green diagonally down 

from top left to bottom right corners). The target class on a confusion matrix plot is the correctly-

labeled class, while the output class is what the neural network actually labeled the data. A 

confusion matrix was plotted by the application after the training stage, validation stage, and test 

stage of neural network training. Additionally, an overall confusion matrix for each was also 
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plotted, summarizing the classification accuracies. Figure 40 shows the results after the training 

stage, Figure 41 after the validation stage, and Figure 42 after the testing stage, while Figure 43 

shows the all confusion matrices summarizing all stages for each test subject, with the blue square 

at the bottom of each revealing the total classification accuracy percentage for that stage in green 

text and classification error in red text. Two other test subjects had neural networks trained based 

on his/her EMG data; however, the EMG control exoskeleton tests for those subjects (4 and 12) 

were not completed, so the confusion matrices for them are not shown.  

 Test subject 5 had the highest training classification accuracy at 97.6%, while subject 11 

had the lowest at 87.3%. For validation accuracies, subject 5 again had the highest at 97.5%, while 

subject 11 was the lowest at 88.6%. Testing accuracies ranged from 87.6% for subject 11 up to 

96.7% for subject 5. For the overall all confusion matrices, test subject 5 had the highest at 97.4%, 

while subject 11 had the lowest at 87.7% accuracy. For classification accuracy, usually mid-80s 

and upward yield fairly good results in actual use of the neural network in real-time testing. 

Therefore, since classification accuracies for all test of these eight subjects were over 85%, their 

neural networks were deemed accurate enough to use in the EMG controller for the exoskeleton. 

Table 7 shows a summary of the total classification accuracy of each subject’s neural network 

during each phase of the neural network training. 
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Figure 40: Training confusion matrices for subject neural networks 
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Figure 41: Validation confusion matrices for subject neural networks 
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Figure 42: Test confusion matrices for subject neural networks 
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Figure 43: All confusion matrices for subject neural networks 
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TABLE 7 

NEURAL NETWORK CONFUSION MATRIX TOTAL CLASSIFICATION ACCURACIES SUMMARY 

Subject Training 
Accuracy 

Validation 
Accuracy 

Testing 
Accuracy 

All 
Accuracy 

1 92.3% 91.5% 91.1% 92.0% 
2 90.2% 90.4% 89.9% 90.2% 
5 97.6% 97.5% 96.7% 97.4% 
6 96.4% 96.2% 95.7% 96.3% 
8 90.9% 90.0% 90.1% 90.8% 
9 89.3% 87.5% 89.0% 89.1% 

10 89.9% 91.1% 89.9% 89.9% 
11 87.8% 88.6% 87.6% 87.7% 

 

4.4 Human Subject Testing 

Testing was attempted on 12 different able-bodied subjects, including one female and the 

rest males. One test subject was unable to finish testing due to being unable to control the 

exoskeleton with FMG (EMG was not attempted). Another test subject was unable to test either 

exoskeleton controller due to the exoskeleton breaking after EMG data was recorded and used for 

training a neural network. No one was hurt, even though the test subject was wearing the 

exoskeleton at the time. The break occurred right at the 4th largest von Mises Stress location of the 

finite element analysis. 

All test subjects were under the age of 30, and all successfully tested ranged in age from 

18 to 24 years old. Data on individual joint movement tests follows, followed by percentage of 

movement statistics and then waterbottle test data for first FMG control and then EMG control. 

Ten subjects successfully completed the FMG controller tests. Eight subjects completed the EMG 

controller tests. Figure 44 shows a couple views of one test subject wearing the exoskeleton along 

with the EMG Myo armband. 
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Figure 44: Test subject wearing exoskeleton and EMG Myo armband 

4.4.1 Individual Joint Movements with FSR Controller 

For FMG control, FSR input in bytes from the FSR sensor used to control that particular 

joint motion (e.g. FSR 1 for elbow flexion/extension movement) was plotted along with the output 

encoder angle recorded for that particular joint. As only 55 samples of continuous data were plotted 

for presentation in this thesis, the plotting was done as a function of sample number instead of 

time. Figure 45 shows plots from the individual joint control test of the elbow joint on the 

exoskeleton while the human test subject wore the exoskeleton and attempted to control only that 

joint. Only the elbow flexion/extension encoder angle and corresponding FSR sensor for deriving 

user intent of that joint (FSR 1) are shown on the plot for better visualization. Statistics following 

the plots allow for a better glimpse of other joint movements during this test. Rising or increasing 

encoder angles on the plots signal elbow flexion, while decreasing encoder angles signal elbow 

extension. 
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The elbow joint was permitted to move to 45° by the flexion code and -10° by the extension 

code. Subject 2 surpassed the limit slightly, reaching 46.5°, while subject 4 reached 53°, subject 

11 reached 49.4°, due to the motor step size and program loop rate. However, this was deemed 

acceptable, as the maximum angles programmed for were well below biomechanical limitations. 

This was also the case for shoulder flexion/extension and shoulder external/internal rotation. 

Regarding extension angles, subject 2 again actuated the exoskeleton slightly beyond the set limit 

at -11.6°, while subject 7 reached -14.0° and subject 10 reached -14.31°. All other test subjects 

stayed within the programmed range. Notably, the FSR values preceding joint angle increases or 

decreases are above or below thresholds for those movements, as expected. Additionally, some 

subjects had a repeating trend of encoder angles, especially subjects 2 and 10 for the elbow joint. 
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Figure 45: Elbow flexion/extension with FMG control subject test results 
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Samples of each subjects’ data from the shoulder flexion/extension tests are shown in 

Figure 46. Again, only the shoulder flexion/extension encoder angles and FSR (FSR 3) values are 

shown on the plots. Rising encoder angles again refer to the flexion direction, this time of the 

shoulder, while decreasing angles again are from extension. The limitations set programmatically 

for this joint angle were -5° for shoulder extension (small due to the starting angle of the shoulder 

joint) and 40° in the flexion direction. Subject 7 barely surpassed the flexion angle limit at 40.73°, 

and subject 11 reached 46.1°. All others stayed within the limits. Meanwhile, every subject except 

subject 11 surpassed the negative extension angle by at least 2 degrees, with subject 4 reaching the 

largest negative angle of all the test subjects at -16.9°. Noteworthy is the observation that the 

smoother the transition between FSR values, the slower and smoother the change in encoder 

angles, particularly observable in results from subject 2, subject 6, and subject 7.  

Shoulder external/internal rotation individual joint test results for ten subjects are shown 

in Figure 47, with the external/internal rotation encoder angles plotted along with values of the 

two FSRs (FSR 2 = internal rotation, FSR 4 = external rotation) used for inference of user intent. 

Increasing encoder angles on these plots are from external rotation, while decreasing encoder 

angles are from internal rotation. Subjects 5, 8, and 10 exhibited strong, smooth patterns of angular 

movement for this joint. This limits set in the code for this joint were 16° for external rotation and 

-15° for internal rotation. Subject 2 reached 22.23°, subject 4 -21.83°, subject 6 the limit at -15.05°, 

subject 7 -16.41°, subject 8 -22.88°, and subject 9 -27.17°. Subject 2 went beyond the internal 

rotation limit, reaching 22.23°, as did subject 6 at 19.64°, subject 7 at 22.91°, subject 8 at 22.08°, 

and subject 11 with the most internal rotation at 32.7°. 
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Figure 46: Shoulder flexion/extension with FMG control subject test results 
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Figure 47: Shoulder external/internal rotation with FMG control subject test results 
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4.4.2 Waterbottle Pick and Place with FSR Controller 

All ten test subjects who successfully completed the individual joint tests also successfully 

completed the waterbottle pick and place tasks. The data for the first five subjects is shown in 

Figure 48, while the last five are shown in Figure 49. This data was plotted with clustered columns 

for the FSR values instead of lines in order to make the many variables involved more visible to 

the observer. The shortest time of completion was 14.9 seconds by subject 4, while the longest 

was 82.7 seconds by subject 5. Most subjects needed more than one trial before they were able to 

complete the task. The average test time was 38.0 seconds. 

Most subjects used a varying arrangement of joint movements to achieve the task, with 

typically a combination of elbow and shoulder flexion for vertical movement, though subject 11 

used predominantly shoulder flexion movement, as can be seen by the large increase of shoulder 

flexion/extension encoder angle in green on that plot beginning just before 5 seconds. 
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Figure 48: Waterbottle pick and place with FMG control subjects 1–6 
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Figure 49: Waterbottle pick and place with FMG control subjects 7–11 
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4.4.3 Statistics of FSR Controller Human Subject Tests 

While the previous plots are helpful in visualizing the joint movements as functions of the 

input FSR values, only the joint of interest to the test was plotted. This could be misleading if 

supplied alone, as other joints did move as a consequence of the test subjects’ movement, despite 

their attempt to only move one joint. Therefore, a basic statistical analysis was also undertaken to 

determine the efficacy of the controller for each individual joint, as well as examine the amount of 

movement of each joint in the waterbottle pick and place task, by counting and looking at the 

percentage and average percentage of these movements, when compared to other joint movements. 

The percentages of joint movements for each test subject during the elbow flexion/extension 

individual joint test are shown in the bar chart of Figure 50, while shoulder flexion/extension is 

shown in Figure 51, and shoulder external/internal rotation in Figure 52. Waterbottle pick and 

place task movement percentages are charted in Figure 53. 
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Figure 50: Elbow flexion/extension with FMG control test percentages of joint movements 

The average for elbow flexion movement for all test subjects was 32%, while extension was 

29%, yielding a 69% average for elbow flexion or extension movement. Shoulder flexion had the 

next highest percent of movement for this test at 23%. 
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Figure 51: Shoulder flexion/extension with FMG control test percentages of joint movements 

Shoulder flexion and extension movements averaged to 52% and 15%, respectively, for all 

subjects, for a total of 67% for shoulder flexion/extension movement, while elbow flexion has the 

next highest on average at 19%. 

 
Figure 52: Shoulder external/internal rotation with FMG control test percentages of joint movements 
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The average shoulder external rotation for all subjects was only 13%, while shoulder internal 

rotation was 23%, for a total of 41% external or internal rotation movement. The elbow flexion 

movement had the greatest average in this test at 28%. Table 8 summarizes the FSR controller 

individual joint test movement average results for the ten test subjects, with the intended 

movements highlighted.  

TABLE 8 

AVERAGE INDIVIDUAL MOVEMENT TEST RESULTS FOR FMG CONTROL 

Motion/Task Elbow 
FE 

Shoulder 
FE 

Shoulder 
External/Internal 

Elbow Flexion 32% 19% 28% 
Elbow Extension 29% 11% 15% 
Shoulder Flexion 23% 52% 15% 
Shoulder Extension 11% 15% 5% 
Shoulder External 0% 1% 13% 
Shoulder Internal 8% 1% 23% 

 

 
Figure 53: Waterbottle pick and place task FMG control test percentages of joint movements 

In the waterbottle pick and place task, the most used motion, on average, was elbow flexion 

at 27%, followed closely by shoulder flexion at 26%. These movements make sense, due to the 

fact that the test subject was required to move his/her hand up and around the waterbottle to grasp 
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it from the other side. The next most frequent movement was elbow extension, with an average of 

17%, while shoulder extension was used only 4% of the time, on average and 0% for both subjects 

10 and 11. Shoulder external and internal rotation were used 4% and 12% of the time, on average. 

4.4.4 Individual Joint Movements with EMG Controller 

The results of the EMG controller were varied, with the most difficult joint to move being 

the shoulder external/internal rotation joint. Figures 54 and 55 show the results for elbow 

flexion/extension. It should be noted that for most of the EMG tests the angle limitations for the 

external/internal rotation joint were increased to 35° for the maximum angle and -35° for the 

minimum angle. Figures 56 and 57 show shoulder flexion/extension individual joint test results 

with EMG control, while Figures 58 and 59 show shoulder external/internal rotation results. 

Notable in all the EMG results for individual joint tests is that not all EMG plots look the 

same for a particular joint test. Different muscles appear to be active for different subjects. 

However, this is due, in part, to other muscle activity going on at the same time, which is evident 

for those test subjects whose muscle signal caused other exoskeleton joints to move besides the 

intended joint. For example, subjects 1 and 6 have similar looking muscle activities for the 

shoulder flexion/extension individual joint test, while the muscle activity of subjects 2 and 5 look 

similar to each other, but different than 1 and 6. An examination of the encoder plots reveals that 

subjects 2 and 5 both had a great deal of shoulder external/internal rotation encoder changes, and 

when one looks at external/internal rotation signals, generated by pinky flexion or extension 

movements, there appear to be higher EMG sensor 3 signals, which the shoulder flexion/extension 

EMG plots of 2 and 5 also have. Also, different people have different muscle activity, and if the 

Myo armband is worn slightly different covering some of another muscle, data will be shifted to 

another sensor. 
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Figure 54: Elbow flexion/extension raw EMG and encoder angles for subjects 1–6 
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Figure 55: Elbow flexion/extension raw EMG and encoder angles for subjects 8–11 

Elbow flexion/extension joint angles ranged from -14.38° to 48.3° for subject 1, -5.12° to 

47.16° for subject 2, -0.06° to 51.16° for subject 5, -0.07° to 49.61° for subject 6, -0.09° to 46.52° 

for subject 8, -8.97° to 51.2° for subject 9, 0° to 47.3° for subject 10, and -7.86° to 46.19° for 

subject 11.  
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Figure 56: Shoulder flexion/extension raw EMG and encoder angles for subjects 1–6 

It should be noted that subject 5 encoder data was recorded for a shorter time than EMG data for 

the shoulder external/internal rotation individual joint test. 
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Figure 57: Shoulder flexion/extension raw EMG and encoder angles for subjects 8–11 

Shoulder flexion/extension joint angles ranged from -0.08° to 36.17° for subject 1, -13.72° 

to 35.82° for subject 2, -7.26° to 36.21° for subject 5, -7.43° to 36.16° for subject 6, -7.31° to 

36.44° for subject 8, -13.29° to 19.78° for subject 9, -8.04° to 35.51° for subject 10, and -10° to 

36.37° for subject 11. 
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Figure 58: Shoulder external/internal rotation raw EMG and encoder angles for subjects 1–6 
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Figure 59: Shoulder external/internal rotation raw EMG and encoder angles for subjects 8–11 

Shoulder external/internal rotation joint angles ranged from 0° to 11.75° for subject 1, -

32.78° to 30.82° for subject 2, -31.43° to 23.89° for subject 5, -15.88° to 31.36° for subject 6, -

14.14° to 32.4° for subject 8, -14.11° to 23.3° for subject 9, -27.92° to 27.25° for subject 10, and -

31.51° to 15.82° for subject 11. 
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Shoulder external and internal rotation movements were often mistaken by the neural 

network during individual testing of that joint. The data of subjects 8 and 9 is especially revealing; 

often there are quick changes in direction leading to sharp spikes and valleys in the trends due the 

test subject being unable to smoothly and accurately control that joint as desired. This is thought 

to be due to similar muscle activation when the pinky finger is flexed and extended. 

4.4.5 Waterbottle Pick and Place with EMG Controller 

All eight test subjects who completed the individual joint tests with the EMG controller 

(and FMG controller) also successfully completed the waterbottle pick and place task. The raw 

EMG and encoder angles of these tests are plotted in Figures 60 and 61. 
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Figure 60: EMG control waterbottle pick and place task EMG and encoder angles for subjects 1–6 
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Figure 61: EMG control waterbottle pick and place task EMG and encoder angles for subjects 8–11 

The shortest time for completing the waterbottle pick and place task was 15.3 seconds by subject 

8, while the longest time was 62.6 seconds by subject 5. Subject 1 was much faster using the EMG 

controller at 27.7 seconds versus the FMG controller at 54.0 seconds, as was subject 2 who took 

only 21.2 seconds with EMG and 43.2 with FMG. Subject 8 also went from 31.3 seconds with 

FMG to 15.3 seconds with EMG, while the slowest subject, subject 5, greatly improved time from 

External/Internal Enc 

External/Internal Enc 

External/Internal Enc External/Internal Enc 



96 
 

82.7 seconds to 62.6 seconds. A summary of the times for both controllers used in the waterbottle 

pick and place test is shown as Table 9. Those subjects who did not complete the EMG controller 

test are recorded as “no time” for that test. While it could be said that the time improvements in 

EMG are due to the efficacy of the controller, some of the improvement could be due to those 

subjects having already complete the FMG version of the test, or having more practice, as many 

subjects completed the FMG test first before the EMG test, while only a few (the later numbered 

subjects) did the EMG test first. 

TABLE 9 

WATERBOTTLE PICK AND PLACE TASK TIMES FOR BOTH FMG AND EMG CONTROL 

Subject FMG time (s) EMG time (s) 
Subject 1 54.0 27.7 
Subject 2 43.2 21.2 
Subject 4 27.5 no time 
Subject 5 82.7 62.6 
Subject 6 37.8 51.2 
Subject 7 53.1 no time 
Subject 8 31.3 15.3 
Subject 9 31.9 39.4 
Subject 10 14.9 24.2 
Subject 11 21.6 49.2 

 

The average time of completion of the waterbottle pick and place task for EMG control was 36.35 

seconds. 

4.4.5 Statistics of EMG Controller Human Subject Tests 

 Again, in order to get a clearer picture of the overall efficacy of the control system, 

percentages of different movement types for each of the tests and test subjects were computed, as 

well as averages. Figures 62-64 give the percent of movements of the elbow flexion/extension, 

shoulder flexion/extension, and shoulder external/internal rotation individual joint tests with the 
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EMG controller, respectfully, while Figure 65 gives the movement percentages for the waterbottle 

pick and place test. 

 
Figure 62: Elbow flexion/extension with EMG control test percentages of joint movements 

Average elbow flexion was 30%, while average elbow extension was 20%, yielding a total of 50% 

for elbow flexion or extension movement, 19% lower than the average for the FMG controller 

version of the elbow flexion/extension joint test.  
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Figure 63: Shoulder flexion/extension with EMG control test percentages of joint movements 

 
Figure 64: Shoulder external/internal rotation with EMG control test percentages of joint movements 
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Figure 65: Waterbottle pick and place task with EMG control test percentages of joint movements 

The most used movements, on average, for the waterbottle pick and place task with the EMG 

controller were shoulder internal rotation at 30% and external rotation at 28%, while shoulder 

flexion was used 20% of the time on average and elbow flexion 15%, followed by elbow extension 

at 7% and shoulder extension at only 5%. The high use of shoulder external/internal rotation could 

be misleading if taken purely as intention. Visual observations of the tests showed that shoulder 

external and internal rotation desired movements were often confused with each other, which was 

also evident in the individual shoulder external/internal rotation joint test. A summary of these 

average EMG controller individual joint test movement average results for the ten test subjects, 

with the intended movements highlighted, is given in Table 10.  
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TABLE 10 

AVERAGE INDIVIDUAL MOVEMENT TEST RESULTS FOR EMG CONTROL 

Motion/Task 
Elbow 
FE 

Shoulder 
FE 

Shoulder 
External/Internal 

Elbow Flexion 30% 14% 16% 
Elbow Extension 20% 2% 3% 
Shoulder Flexion 10% 37% 5% 
Shoulder Extension 5% 31% 3% 
Shoulder External 17% 10% 35% 
Shoulder Internal 16% 6% 37% 

 

4.4.5 Survey Results of Human Subject Tests 

The survey showed mixed results in opinion on ease of one controller versus another. Table 

11 shows the average results on a rating of 1-5, with 5 being easy to control and 1 being hard for 

questions 1-12, and 1 being uncomfortable and 5 being comfortable for question 20. For questions 

1-12, each question dealt with a different joint and joint direction. The scores for all 10 human 

subjects were averaged together, with the two subjects who only completed the FMG control phase 

not having scores to average for rating the EMG controller or to compare the two controllers.  

Interestingly, there were similar averages for elbow flexion control for FMG and EMG, 

while shoulder flexion EMG received the highest score of all the joint and joint directions. One 

user gave shoulder flexion with FMG the lowest score of 1. Shoulder internal and external rotation 

had mixed results, but the lowest scoring was internal rotation controlled by EMG, although one 

user scored the internal direction with FMG as a 2. The low EMG score for shoulder 

internal/external movement makes sense from what was seen quantitatively, as the pinky 

flexion/extension movements were often mistaken for each other by the neural network when 

classifying. One user even commented that external rotation with EMG control was better with the 

waterbottle in hand, which was observed to be classified more easily than without the waterbottle. 

For both controllers, the joint to receive the lowest ratings overall, on average, was the shoulder 
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external/internal rotation joint. This makes sense as well, both with the pinky movement 

misclassification issue of EMG control, and the issue with reaching the two FSR sensors for 

shoulder external and internal rotation.  

TABLE 11 

EASE OF JOINT CONTROL WITH EACH CONTROLLER 

Question Average Question Description 
1 3.8 FMG Elbow Flexion 
2 3.8 FMG Elbow Extension 
3 3.5 FMG Shoulder Flexion 
4 3.5 FMG Shoulder Extension 
5 3.05 FMG Shoulder Internal Rotation 
6 3.15 FMG Shoulder External Rotation 
7 3.75 EMG Elbow Flexion 
8 3.25 EMG Elbow Extension 
9 4.125 EMG Shoulder Flexion 

10 3.375 EMG Shoulder Extension 
11 2.875 EMG Shoulder Internal Rotation 
12 3.125 EMG Shoulder External Rotation 
20 3.35 Comfort of exoskeleton (5=very comfortable, 1 uncomfortable) 

 
Table 12 shows the count for comparison questions 13 through 18, where the subject was asked to 

state which controller was easier to control each joint and joint direction, as well as question 19, 

where the subject was asked to state which controller was easier to use for overall movement of 

the exoskeleton. 

TABLE 12 

FMG AND EMG CONTROLLER COMPARISON 

Question 
FMG 
Count 

EMG 
Count Description 

13 4 4 Elbow Flexion Comparison 
14 6 2 Elbow Extension Comparison 
15 6 2 Shoulder Flexion Comparison 
16 3 5 Shoulder Extension Comparison 
17 4 4 Shoulder Internal Rotation Comparison 
18 4 4 Shoulder External Rotation Comparison 
19 4 4 Overall movement of Exoskeleton 



102 
 

 

FMG had the highest count for easiest for elbow extension and shoulder flexion, though one 

subject commented that both FMG and EMG elbow extension was good, while voting for EMG 

as best. EMG and FMG control both tied for elbow flexion, shoulder internal rotation, shoulder 

external rotation, and overall movement of the exoskeleton. Shoulder extension scored just slightly 

higher for EMG count than for FMG count.  

CHAPTER 5 

DISCUSSION 

Workspace analysis has shown a decent range of motion is possible by plugging in similar 

angle restrictions as in the code, especially range in the vertical direction, with almost 70cm 

possible. However, in initial testing, when establishing the activity of daily living task that would 

be tested, an activity involving a spoon was attempted and the design and program was found 

wanting when it came to being able to reach the user’s mouth. This was in part due to the limited 

degrees of freedom, but also perhaps other factors as yet unknown. 

From the commenting section of the survey, one user, who rated the exoskeleton comfort 

the lowest with a score of 2, said that the arm “scrunched up and inward a lot.” Another user 

commented that flexion of the elbow with the Myo armband could cause pinching, which was 

observed by the testers when initially setting the EMG control system up with the user. Another 

user commented that the shoulder height of the exoskeleton was too high and consequentially 

suggested adding an adjustable height feature to the next prototype, or else adjust the wheelchair 

seat itself. Two users reinforced the quantitative results on the difficulty of classifying pinky 

movement. A user also remarked on the difficulty of hitting the shoulder internal rotation sensor, 

as well as the low threshold difference between rest and flexion and extension of the shoulder, and 
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the difficulty of performing external rotation while resting the shoulder flexion/extension joint. 

One other user commented similarly about the difficulty of isolating elbow and shoulder joint 

movements for FMG control. 

Regarding design, finite element analysis showed that the exoskeleton design needs to be 

improved in several areas of the exoskeleton in order to prevent failure, based on the current 

materials being used. Human subject testing itself, even just with test subjects who were able to 

bear their own arm weight, also proved this when the exoskeleton fractured at the fourth largest 

von Mises Stress area of the analysis. Additionally, testing has shown that the design also needs 

to be improved to allow for adjustment of the upper arm exoshell angle, not only to allow better 

access to the FSR sensors, but in order to create a better fit to the natural angle at which the user’s 

shoulder is bent sideways (on the frontal plane) when resting the arm on the armrest of a 

wheelchair. Survey results also suggested a possible adjustable link for the upper arm exoshell to 

change the height, similar to the length change of the forearm adjustable link. Lastly, regarding 

hardware, the motors, particularly the motor actuating the shoulder flexion/extension joint, were 

lacking the necessary torque during testing, requiring the user sometimes to help by lifting the arm 

slightly out of the way after applying user intent, in order for the shoulder to lift up.   

With regards to control, data, survey results, and general observations show that the 

shoulder external and internal rotation control with both FMG and EMG need to be improved, due 

to difficulty in signaling user intent to begin with and misclassification in terms of EMG control. 

FMG results from elbow flexion/extension show some users were able to develop a regular pattern 

of movement, and percent of individual joint control movements show how elbow 

flexion/extension with FMG control was fairly effective at 61% total movements for that test, as 

was FMG control of shoulder flexion at 52%, while shoulder extension lagged behind at only 15%. 
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For most of the test subjects, in order for the test subjects to reach the external rotation sensor on 

the side of the upper arm exoshell, padding was required. This was due to the unnatural 90° of the 

exoshell, while a user’s arm was typically more sloped.  

The effectiveness of the control systems can also be seen in the plots. There were repeated 

patterns of encoder angles for several subjects for elbow flexion/extension, shoulder 

flexion/extension, and shoulder external/internal rotation movements for both controllers. For 

FMG control, subjects 2, 6, 10, and 9 showed their own repeated patterns for elbow 

flexion/extension movements in that individual joint test, as did subjects 6, 11, and subject 9 

somewhat for shoulder flexion/extension, and subjects 4, 5, 8, 10, and somewhat subject 2 for 

shoulder external/internal rotation, evincing that repetitive motion through derived user intent is 

possible with the FMG controller. For EMG control, subjects 1 and 6 showed movement patterns 

for elbow flexion/extension, and every subject showed movement patterns for shoulder 

flexion/extension with EMG control. However, there were no evident movement patterns for 

shoulder external/internal rotation, which once again correlates with visual, statistical, and survey 

feedback data that the gestures for deriving user intent for those motions was not very successful. 

EMG, while having high classification accuracies overall, are not 100% accurate for any of the 10 

classes. High classification accuracies are easier to attain for fewer classes, e.g. 4 classes, but for 

more classes, accurate classification is more difficult to achieve, both in training and real-time 

testing. Lastly, the gestures and high enough EMG signals might be limited for some populations, 

such as those with extremely limited muscle movement and a great deal of muscle atrophy.  
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CHAPTER 6 

CONCLUSIONS 

Ten human test subjects without muscular issues were able to successfully complete the 

individual joint tests, as well as the waterbottle pick and place task for FMG control, and eight 

users were able to successfully complete the EMG individual joint and waterbottle pick and place 

tasks. Although not 100% accurate, user intent for each controller lead to a joint rotation, as 

evidenced by FMG and EMG signal plots and resulting encoder angle plots. The elbow joint was 

allowed to rotate from -30° and 50°, or a total of 80° for flexion/extension, while shoulder 

flexion/extension movement permitted was -40° to 50° (90° total) and external/internal rotation 

from -20° to 25°. Thus, the 3 DOF exoskeleton design, as well as the FMG and EMG controllers, 

show promise. 

The FMG control system performed best for elbow flexion and extension at 32% and 29%, 

average intended movements, respectfully, and shoulder flexion at 52% average intended 

movement, while shoulder extension fell slightly behind at 15%. However, the shoulder 

flexion/extension joint motor had difficulties providing enough torque to lift the arm with the extra 

load of the user pushing the upper arm exoshell in the opposite rotation direction of the movement 

it was used to intuit. This was set to the opposite direction due to issues with having it in the same 

direction during pre-human subject testing trials, but perhaps the intention needs to be revisited. 

Another issue was users often had difficulties reaching the shoulder external rotation designated 

FSR sensor, FSR 4, located on the inside side of the upper arm exoshell, due to 90° vertical the 

angle of the upper arm exoshell which did not match the abduction angle of the shoulder when a 

subject rests his or her arm on the wheelchair arm rest. 
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EMG neural network accuracies were all high, with the lowest being 87.7% and the highest 

being 97.4%. The goal was to attain at least 85% accuracies in order to best detect user intent, so 

this was very satisfactory. While shoulder external/internal rotation average movements of that 

individual joint test were highest of all the tests at 35% and 37%, shoulder flexion/extension 

movements were the most effective based both on average movements and observations of testing. 

That is to say, during testing it was observed that the EMG control system would often mistake 

other movement intentions for external/internal rotation; additionally, external rotation direction 

was misclassified as internal rotation and vice versa sometimes during. Therefore, two different 

gestures need to be determined to replace the shoulder external/internal rotation EMG control 

system gestures, due to poor performance from misclassification of the signals.  

CHAPTER 7 

FUTURE RESEARCH 

A future design will include a locking hinge mechanism for the upper arm exoshell to adjust 

to the user’s shoulder angle along the anatomical frontal plane, as well as isolation of the links 

between shells and motor cases from the surfaces interfacing directly with the user. The interfacing 

surfaces can probably still remain fusion deposition modeling printed PLA or NylonX materials, 

as well as the motor cases; however the separated links will need to be manufactured out of a 

stronger material, such as aluminum. The exoshells in the future design will be made more 

rounded, maybe using 3D scanning of an arm to gather further information about better geometry, 

although the current open square design allows for a larger range of arm sizes. 

The motors will be replaced with higher torque stepper or dc motors, preferably with limit 

switches to add a mechanical stop to the programmed angle stops, for additional safety measures. 
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Also, in order to increase compactness of the whole systems, the motors will be turned sideways 

and worm gears will be added to each joint to translate the rotations as necessary. 

 Future studies of the control systems might involve a band of FSR sensors on the user’s 

forearm to perhaps allow for easier contact with the sensors. This would not be to measure 

contraction volume of the muscles as is sometimes the case in practice, but instead just help with 

placement, as the user would still need to press his/her arm against the exoshell in order to change 

the sensor value. Trying to utilize force myography otherwise, with muscle volume changes, might 

be difficult on the target population, due to muscle atrophy. Additionally, since PID control seems 

to work well for exoskeletons and robotic controllers according to literature, it should be 

implemented in future controllers for the exoskeletons, both for FMG and EMG control. For EMG 

control, other neural networks, as well as other machine learning algorithms, such as support vector 

machine and linear discriminant analysis, could be trained, with several of the top algorithms with 

regards to classification accuracy being chosen for testing on the exoskeleton itself. Different EMG 

gestures need to be tested and compared, first on able-bodied human subjects, and then on those 

with mobility issues. EMG sensors placed on the shoulder may need to replace the Myo Armband 

if users with CP, DMD, or stroke are not able to replicate the same gestures tested on able-bodied 

human subjects or if the sEMG signals are not strong enough. Due to how well the neural network 

performed, however, if sensors need to be placed on the shoulder perhaps fewer sensors than past 

researchers have used will be required. Additionally, some further work needs to be done on the 

stability of the EMG signal and transitioning from one exoskeleton joint movement to another with 

a smarter control system. 

 Next phases of the exoskeleton testing should involve testing with a motion capture system 

in order to get more information on movement on the user’s arm as well as the exoskeleton, 
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developing algorithms to use MPU data for determining some basic information about link 

movement from the two MPUs (one on lower exoshell link, one on upper), and testing with a next-

level prototype with metal links and higher torque motors. There needs to be testing on the target 

population, that is, patients with cerebral palsy, muscular dystrophy, and stroke to determine 

whether the gestures used in this study will work for them or if different gestures or muscles need 

to be targeted for EMG control, and how well the exoskeleton performs overall in assisting them 

with activities of daily living. Further safety measures, including a limit switch or other mechanical 

stop, should be implemented prior to testing on the target population. Additionally, comparative 

analyses with other exoskeletons could be conducted to determine how this exoskeleton and 

controllers perform compared to others in research or commercial stages. 
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APPENDICES 

Survey Questions for Wheelchair-Mounted Upper Limb Robotic Exoskeleton 

Study 

Date: ______________ 

Force Myography Control:  Please rate, using a number from 1-5, with 5 being easy and 1 being 

hard, how easy it was for you to control: 

1. Bending exoskeleton elbow joint inward ____ 

2. Straightening out exoskeleton elbow joint ____ 

3. Bending exoskeleton shoulder joint inward ____ 

4. Straightening out exoskeleton shoulder joint ____ 

5. Rotating inward (towards body) exoskeleton shoulder joint ____ 

6. Rotating out (away from body) exoskeleton shoulder joint ____ 

Electromyography Control: Please rate, using a number from 1-5, with 5 being easy and 1 being 

hard, how easy it was for you to control: 

7. Bending exoskeleton elbow joint inward ____ 

8. Straightening out exoskeleton elbow joint ____ 

9. Bending exoskeleton shoulder joint inward ____ 

10. Straightening out exoskeleton shoulder joint ____ 

11. Rotating inward (towards body) exoskeleton shoulder joint ____ 

12. Rotating out (away from body) exoskeleton shoulder joint ____ 

Comparison of force myography versus electromyography: Please state which was easier of 

the two control methods to use for controlling the exoskeleton for each of the following 

movements, writing FMG for force myography and EMG for electromyography: 

13. Bending exoskeleton elbow joint inward ____ 

14. Straightening out exoskeleton elbow joint ____ 

15. Bending exoskeleton shoulder joint inward ____ 

16. Straightening out exoskeleton shoulder joint ____ 

17. Rotating inward (towards body) exoskeleton shoulder joint ____ 
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18. Rotating out (away from body) exoskeleton shoulder joint ____ 

19. Overall movement of the exoskeleton __________ 

General Survey Questions 

20. Please rate, using a number from 1-5, with 5 being very comfortable and 1 being very 

uncomfortable, the fit of the exoskeleton to your arm: ____ 

 

21. Please provide any other feedback or comments you have on this study below. 
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