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Hand amputation is a devastating feeling for amputees, and it is lifestyle changing since it 

is challenging to perform the basic life activities with amputation. Hand amputation means 

interrupting the closed loop between sensory feedback and motor control. The absence of 

sensory feedback requires a significant cognitive effort from the amputee to perform basic 

daily activities with prosthetic hand. Loss of tactile sensations is a major roadblock 

preventing amputees from multitasking or using the full dexterity of their prosthetic hands. 

One of the most significant features lacking from commercial prosthetic hands is sensory 

feedback, according to amputees. Many amputees abandoned their prosthetic devices due 

to the lack of tactile feedback. In the field of prosthetics, restoring sensory feedback is the 

most challenging task due to the complexity of integration between the prosthetic and the 

peripheral nervous system. A prosthetic hand with sensory feedback that imitates the intact 
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hand would improve the lives of millions of amputees worldwide by inducing the prosthetic 

hand to be a part of the body image and significant impact the control of the prosthetic.  

To restore the sensory feedback and improve the dexterity for upper limb amputee, multiple 

components needed to be integrated together to provide the sensory feedback. Tactile 

sensors are the first components that needed to be integrated into the sensorimotor loop. In 

this research two tactile sensors were integrated in the sensory feedback loop. The first 

tactile sensor is BioTac which is a commercially available sensor. The first novel 

contribution with BioTac is the development of an ANN classifier to detect the direction a 

grasped object slips in a dexterous robotic hand in real time, and the second novel aspect 

of this study is the use of slip direction detection for adaptive robotic grasp reflexes. The 

second tactile sensor is the liquid metal sensor (LMS), this sensor was developed entirely 

in our lab (BioRobotics lab). The novel contribution for LMS is to detect and prevent slip 

in real time application, and to recognize different surface features and different sliding 

speeds.  

The second components integrated into sensory feedback loop is the soft actuator haptic 

feedback armband, which was used to inform the amputee about the applied grip forces 

and of a dexterous artificial hand. The goal of the bimodal haptic armband is to convey 

both low-frequency pressure changes and high-frequency vibrations from a dexterous 

robotic hand to a human's upper arm, to guide the control of the artificial limb.  

Controlling the artificial hand effectively through surface EMG electrodes while haptic 

feedback is activated was the third component that needed to be integrated into the 
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sensorimotor loop. The main goals of this research are to investigate the ability to integrate 

multiple channels of haptic feedback into the motor control strategies to perform a complex 

simultaneous object grasp control task and to simultaneously control the grip forces applied 

to two different objects grasped at the same time with an artificial limb. Exploring the 

potential for time savings in a simultaneous object transportation experiment compared to 

a one-at-a-time approach. This research presents a novel experiment demonstrating the first 

time that people have used surface EMG to proportionally control the grip forces applied 

to two objects simultaneously during object transportation with a dexterous artificial hand. 

People can integrate multiple channels of haptic feedback into their dexterous artificial 

hand control strategies to grasp and transport two objects simultaneously, without breaking 

or dropping them, even when they were unable to see the objects. Slip detection and 

prevention on multiple channels through vibrotactile stimulator feedback was also 

investigated. Amputees were able to integrate the sensory feedback into their motor control 

strategies to improve object manipulation tasks (sensorimotor integration).  

Finally, we explored the integration process between biological neural networks cultured 

in multichannel microelectrode arrays (MEA) with an artificial prosthetic hand. A novel 

noninvasive neuroprosthetic research platform was developed to offer well-controlled 

experimental opportunities with biological neurons that can electrically communicate 

bidirectionally with a dexterous artificial hand. Our novel noninvasive neuroprosthetic 

platform was used to investigate the relation between the neural dynamics and the haptic 

restoration and the ability to improve the control of an artificial hand. Our results shows 
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that the method of encoding the tactile information impacted the dynamic behavior of the 

neurons cultured in the MEA and that impacted the closed-loop behavior of a dexterous 

robotic hand. 



ix 

ARTIFICIAL INTELLIGENCE (AI) ENABLES SENSORIMOTOR 

INTEGRATION FOR PROSTHETIC HAND DEXTERITY

LIST OF TABLES .................................................................................................... xxi 

LIST OF FIGURES ................................................................................................ xxiii 

1 INTRODUCTION ................................................................................................. 1 

1.1 Introduction ...................................................................................................... 1 

1.2 Dissertation Objectives and Novel Contribution ............................................. 4 

1.2.1 Tactile Feedback Sensors and its Application for Adaptive Control 

(BioTac and LMS). .................................................................................... 5 

1.2.2 Restoring the sensation of touch through a bimodal haptic armband 

to help amputee to perform everyday tasks more efficiently. .................... 5 

1.2.3 Utilizing the Non-Invasive Surface (sEMG) Signals to 

Simultaneously Control the Grip Force applied to Two Grasp Functions 

with a Dexterous Artificial Hand is Enabled by Haptic Feedback from a 

Soft Robotic Armband ............................................................................... 6 

1.2.4 Multichannel Sensorimotor Integration ............................................. 7 

1.2.5 Non-Invasive Bidirectional Neuroprosthetic Platform to investigate 

Haptic Restoration with Prosthetic Hand ................................................... 8 



x 

2 LITERATURE REVIEW ....................................................................................... 9 

2.1 Introduction ...................................................................................................... 9 

2.2 Tactile Feedback Sensors and Their Application for Adaptive Control. ........ 10 

2.2.1 BioTac Sensor and adaptive control ................................................. 10 

2.2.2 Liquid Metal Sensor (LMS) and its application for slip prevention 

and surface features classification ........................................................... 11 

2.3 Restoring the sensation of touch through a bimodal haptic armband. ........... 13 

2.4 Utilizing the Non-Invasive Surface (sEMG) Signals to Simultaneously 

Control the Grip Force applied to Two Grasp Functions with a Dexterous 

Artificial Hand is Enabled by Haptic Feedback from a Soft Robotic Armband

 15 

2.5 Multichannel Sensorimotor Integration ......................................................... 18 

2.6 Non-Invasive Bidirectional Neuroprosthetic Platform to investigate Haptic 

Restoration with Prosthetic Hand .................................................................. 22 

3 DIRECTION OF SLIP DETECTION FOR ADAPTIVE GRASP FORCE 

CONTROL WITH A DEXTEROUS ROBOTIC HAND .................................... 27 

3.1 Introduction .................................................................................................... 27 

3.2 Robot Hardware ............................................................................................. 28 

3.2.1 Robotic Hardware for Offline Experiments: .................................... 28 

3.2.2 Robotic Hardware for Online Experiments:..................................... 29 

3.3 Offline Training Data Collection ................................................................... 29 



xi 

3.3.1 Neural Network Training ................................................................. 31 

3.3.2 Neural Network Architecture ........................................................... 33 

3.3.3 Classification Method for Offline ANNs ......................................... 33 

3.3.4 Datasets for Real-Time ANN Training ............................................. 35 

3.4 Real-Time ANN for Direction of Slip Detection ........................................... 36 

3.5 Adaptive Grasp Synergy Control ................................................................... 37 

3.5.1 Robot-Robot Team Experiments: ..................................................... 37 

3.5.2 Human-Robot Team Experiments: ................................................... 37 

3.6 Results ............................................................................................................ 38 

3.6.1 Real-Time ANN Slip Direction Detection ....................................... 38 

3.6.2 Adaptive Grasp Synergy Control using ANN Slip Direction 

Detection .................................................................................................. 40 

3.7 CONCLUSION .............................................................................................. 43 

4 HIERARCHICAL TACTILE SENSATION INTEGRATION FROM 

PROSTHETIC FINGERTIPS ENABLES MULTI-TEXTURE SURFACE 

RECOGNITION .................................................................................................. 45 

4.1 Introduction .................................................................................................... 45 

4.2 Liquid Metal Tactile Sensor Operational Principle ........................................ 46 

4.3 Microfabrication of Liquid Metal Tactile Sensor (LMTS) Mold .................. 47 

4.4 Liquid Metal Sensor Manufacturing process ................................................. 48 

4.5 Liquid Metal Injection Process ...................................................................... 50 



xii 

4.6 Design and Assembly of Fingertip Tactile Sensors ....................................... 51 

4.7 Liquid Metal Sensor (LMTS) calibration ...................................................... 51 

4.8 Amplifier Board for Liquid Metal Sensor ..................................................... 52 

4.9 Robotic System Configuration ....................................................................... 53 

4.10 Detection of Sliding Contact with Liquid Metal Sensor .......................... 55 

4.11 Realtime Slip Detection and Prevention .................................................. 56 

4.12 Surface Feature and Sliding Speed Classification Experiment Design ... 58 

4.13 Offline Analysis for Surface Feature Recognition and Sliding Speed 

Classification with a Liquid Metal Tactile Sensor ......................................... 61 

4.14 Results ...................................................................................................... 63 

4.14.1 Realtime Slip Detection and Prevention ....................................... 63 

4.14.2 Liquid Metal Sensors Sliding Across Different Textures ............. 63 

4.14.3 Detected speed of sliding contact with individual fingertip sensors

 66 

Table 4.1. Mean classification accuracy for detected speed of sliding contact with a 

single finger. ......................................................................................................... 66 

4.14.4 Distinguishing between different textures with individual fingertip 

sensors ...................................................................................................... 67 

Table 4.2. Mean classification accuracy for detecting different textures with three 

different speeds using each finger individually.................................................... 68 



xiii 

4.14.5 Hierarchical tactile sensation integration to distinguish between 

complex multi-textured surfaces .............................................................. 68 

Table 4.3. Mean classification accuracies to hierarchically detect different multi-

textured surfaces using four fingertip sensors simultaneously. ........................... 69 

4.15 Discussion ................................................................................................ 70 

4.16 Conclusions .............................................................................................. 73 

5 SOFT ROBOTIC ARMBAND WITH PRESSURE ACTUATORS AND 

VIBROTACTILE STIMULATORS FOR BIMODAL HAPTIC FEEDBACK .. 74 

5.1 Introduction .................................................................................................... 74 

5.2 Design of Bimodal Haptic Armband.............................................................. 76 

5.3 Armband Manufacturing ................................................................................ 77 

5.4 Bimodal Haptic Armband Benchtop Testing ................................................. 79 

5.4.1 Testing the Soft Pneumatic Actuators .............................................. 80 

5.4.2 Results from the Soft Actuator Benchtop Tests................................ 82 

5.4.3 Hysteresis Between Soft Actuator Internal Pressure (PSA) and 

External Applied Force (FSA) ................................................................. 83 

5.4.4 Time-Frequency Analysis of the Vibrotactile Stimulator ................. 85 

5.5 Bimodal Haptic Armband Controller ............................................................. 88 

5.5.1 Nonlinear Pressure Controller for Soft Actuators ............................ 88 

5.5.2 Controller for Tactile Sense of Sliding Motion ................................ 91 

5.6 Human Psychophysics Assessment................................................................ 92 



xiv 

5.6.1 Methods ............................................................................................ 93 

5.7 Results ............................................................................................................ 95 

5.7.1 Human Perception of Force from Haptic Armband ......................... 95 

5.7.2 Human Perception of Vibrotactile Signal for Slip Direction Detection

 97 

5.8 Conclusion ..................................................................................................... 98 

6 MULTICHANNEL HAPTIC FEEDBACK UNLOCK PROSTHETIC HAND 

DEXTERITY ..................................................................................................... 101 

6.1 Introduction .................................................................................................. 101 

6.1.1 Session 1: Grasping and Transporting a Single Object .................. 103 

6.1.2 Session 2: Grasping and Transporting Two Objects Simultaneously

 103 

6.2 Materials and Methods ................................................................................. 105 

6.2.1 Human Subjects.............................................................................. 105 

6.2.2 Trajectory Plans to Simultaneously Grasp Two Different Objects 105 

6.2.3 EMG Algorithm for Simultaneous Control .................................... 108 

6.2.4 Robotic System Configuration ....................................................... 110 

6.2.5 Hybrid Force-Velocity Controllers ................................................. 113 

6.2.6 Bimodal Soft Robotic Armband for Haptic Feedback ................... 113 

6.2.7 Design of the Bimodal Haptic Armband ........................................ 114 

6.2.8 Nonlinear Pressure Controllers for Soft Actuators ......................... 115 



xv 

6.2.9 Vibrotactile Sensory Feedback ....................................................... 117 

6.3 Session 1: Control the Force Applied to One Grasped Object..................... 118 

6.3.1 Session 1 Training .......................................................................... 118 

6.3.2 EMG Training to Switch Hand Operational Mode ........................ 119 

6.3.3 EMG Training Without Haptic Feedback....................................... 119 

6.3.4 Training to Integrate Haptic Feedback into EMG Control............. 120 

6.3.5 Training with the Robotic System .................................................. 122 

6.3.6 Single Object Transportation Experiments with the Robotic System

 123 

6.3.7 Grouping of Subjects to Counterbalance Learning Effects ............ 123 

6.3.8 Using Haptic Feedback to Determine Which Object(s) Were 

Grasped: Guessing Game (Session 1) .................................................... 124 

6.4 Session 2: Simultaneous Control of Forces Applied to Two Grasped Objects

 126 

6.4.1 Simultaneous EMG Training—Efferent Only ................................ 126 

6.4.2 Training to integrate multiple haptic feedback channels into 

simultaneous EMG control strategy. ...................................................... 126 

6.4.3 Training for Multitasking Control of the Robotic System ............. 127 

6.4.4 Impact of Haptic and Visual Feedback on Simultaneous Grasp Force 

Control ................................................................................................... 129 



xvi 

6.4.5 Impact of Haptic and Visual Feedback on Total Delivery Time and 

Simultaneity ........................................................................................... 130 

6.5 Session 2 Experiments: Simultaneously Grasping and Transporting Two 

Objects Without Breaking or Dropping Them ............................................. 132 

6.6 Results .......................................................................................................... 136 

6.6.1 Session 1: Single Object Transportation Success and Failure Rates

 136 

6.6.2 Session 1: Guessing Game: Haptic Feedback Enabled Subjects to 

Determine Which Object(s) Were Grasped When Vision was Occluded.

 138 

6.6.3 Session 1: Total Time to Deliver Both Objects, One at a Time...... 138 

6.6.4 Session 2: Simultaneously Controlling Forces Applied to Two 

Objects Grasped at the Same Time (Non-Randomized Test) ................ 139 

6.6.5 Session 2: Impact of Haptic and Visual Feedback on Total Delivery 

Time (randomized experiments) ............................................................ 142 

6.6.6 Simultaneity Metric is Impacted by Haptic and Visual Feedback 

During Randomized Experiments .......................................................... 143 

6.6.7 Session 2: Grasping and Transporting Two Objects Simultaneously

 144 



xvii 

6.6.8 Successful Simultaneous Control of Grip Forces Applied to Two 

Objects Concurrently is Strongly Bolstered by Haptic, Not Visual, 

Feedback ................................................................................................ 145 

6.6.9 Time to Deliver Two Objects Simultaneously was Lengthened by 

Haptic, but not Visual, Feedback. .......................................................... 148 

6.6.10 Simultaneous Object Transportation Enabled Significant Time 

Savings Compared to One at a Time...................................................... 149 

6.6.11 Haptic Feedback Enabled Cautious Simultaneous Grip Force Control

 149 

6.7 Discussion .................................................................................................... 153 

6.7.1 Haptic vs. Visual Feedback to Successfully Control the Grip Forces 

Applied to Two Objects Simultaneously ............................................... 153 

6.7.2 Haptic Feedback Slowed but Refined Simultaneous Task 

Performance ........................................................................................... 154 

6.7.3 Simultaneous Control Enables Time Savings During Object 

Transportation ........................................................................................ 156 

6.7.4 Future Applications of Simultaneous Control ................................ 156 

6.8 CONCLUSION ............................................................................................ 158 

7 TOWARD PROSTHETIC HAND DEXTERITY: THE CRUCIAL ROLE OF 

MULTICHANNEL SENSORIMOTOR INTEGRATION ................................. 160 

7.1 Introduction .................................................................................................. 160 



xviii 

7.2 Materials and Methods ................................................................................. 161 

7.2.1 Human Subjects.............................................................................. 161 

7.2.2 Stepper Motors Platform ................................................................ 161 

7.2.3 Haptic Feedback Platform .............................................................. 163 

7.2.4 System Configuration and ROS Network ...................................... 163 

7.2.5 EMG Classifier and Offline Data Analysis .................................... 164 

7.2.6 BioTac Classifiers and Offline Data Analysis ................................ 167 

7.2.7 Vibrotactile Stimulator Vibration Modes Frequency Analysis....... 167 

7.3 Experiment Design and Data Acquisition .................................................... 168 

7.3.1 BioTac ANN Design for Real Time ............................................... 168 

7.3.2 EMG ANN Design for Real Time .................................................. 168 

7.3.3 Human Subject Training with Vibrotactile Stimulators ................. 169 

7.3.4 Data Collection for the Real Time Test .......................................... 170 

7.4 Results .......................................................................................................... 174 

7.4.1 EMG ANN Classifier Classification Accuracy .............................. 174 

7.4.2 Subjects Response time .................................................................. 175 

7.4.3 Success Rate for each Condition .................................................... 176 

7.5 Conclusion ................................................................................................... 177 

8 NON-INVASIVE BIDIRECTIONAL NEUROPROSTHETIC PLATFORM TO 

INVESTIGATE HAPTIC RESTORATION WITH PROSTHETIC HAND ..... 178 

8.1 Introduction .................................................................................................. 178 



xix 

8.2 Methods for Neuroprosthesis Platform ........................................................ 179 

8.2.1 Culturing Biological Neurons in Multichannel Microelectrode Arrays 

(MEA) .................................................................................................... 179 

8.2.2 Neuroprosthetic Platform Overview .............................................. 180 

8.2.3 Efferent Decoding for Motor Control ............................................ 181 

8.2.4 Action Potential Generator Board (APG) ...................................... 184 

8.2.5 Afferent Encoding of Tactile Sensations ........................................ 185 

8.3 Experimental Setup and Analysis Strategy .................................................. 190 

8.3.1 Coordination of Robotic Behavior and Neural Organization of 

Information ............................................................................................ 191 

8.3.2 Artificial Neural Networks to Classify Impact of Tactile Encoding on 

Biological Neuronal Network Activity .................................................. 192 

8.4 Results .......................................................................................................... 194 

8.4.1 Encoding Method of Tactile Sensations Impacted Biological Neural 

Network Activity. ................................................................................... 196 

8.4.2 Biological Neural Network Activity Impacted Robotic Behavior . 197 

8.5 Conclusion ................................................................................................... 197 

8.6 Contributions................................................................................................ 198 

9 CONCLUSION .................................................................................................. 199 

10 APPENDICES ................................................................................................... 203 

10.1 Appendix A. List of Published Papers ................................................... 204 



xx 

10.2 Appendix B. List of Papers Under-Preparation ..................................... 207 

11 REFERENCES .................................................................................................. 208 

 



xxi 

LIST OF TABLES

Table 4.1. Mean classification accuracy for detected speed of sliding contact with a single 

finger. .......................................................................................................................... 66 

Table 4.2. Mean classification accuracy for detecting different textures with three different 

speeds using each finger individually. ........................................................................ 68 

Table 4.3. Mean classification accuracies to hierarchically detect different multi-textured 

surfaces using four fingertip sensors simultaneously. ................................................. 69 

Table 6.1. Session 1: Randomized haptic/non-haptic trial sequence for the single-object 

transportation experiments. ....................................................................................... 122 

Table 6.2. The 12 subjects were organized into four groups to counterbalance against 

learning effects. All subjects performed the same experiments, just the sequencing of 

experiments was organized to counterbalance against learning effects. Listed below is 

the organizational sequence of the independent variables for each group. ............... 124 

Table 6.3.  Sequence of Experiments During Session 1. .............................................. 125 

Table 6.4. Session 1 Guessing game using haptic feedback only. Pseudo-random sequence 

of four possible combinations of objects grasped to ascertain how well subjects could 

integrate haptic feedback into their sensorium while vision was occluded. ............. 133 



xxii 

Table 6.5. Session 2: During the non-randomized experiments, the four possible 

combinations of two independent variables (Haptic Feedback and Vision) were tested 

by the twelve subjects to gain experience prior to randomized trials. ...................... 134 

Table 6.6. Session 2: During the randomized experiments, the four possible combinations 

of two independent variables were tested by the twelve subjects. ............................ 137 

Table 7.1. Vibrotactile Stimulators Activation Modes .................................................... 170 

Table 7.2. Sensation and Actuation Modes ..................................................................... 171 

Table 8.1. Izhikevich Model Parameters. ........................................................................ 188 

 



xxiii 

LIST OF FIGURES

Figure 3.1. (a) Shadow hand mounted on Yaskawa Robotic Arm. (b) Shadow Hand Mounted on the 

UR-10. ..................................................................................................................................... 28 

Figure 3.2. Spatial distributions of the (a)19 electrodes in the BioTac and (b) 24 electrodes in the 

BioTac SP. ............................................................................................................................... 31 

Figure 3.3. (a) Simulation of the performed slip detection experiments. (b) Direction representation 

for online. ................................................................................................................................ 32 

Figure 3.4. Block diagram representation of constructing the input vector using the AD Training 

approach. ................................................................................................................................. 33 

Figure 3.5. BioTac SP surface contours show the measured electrode impedances during the (a) 

Slip North (b) Slip East (c) Touch (d) Slip South (e) Slip West (f) No Touch trials. .............. 34 

Figure 3.6. Classification flow architecture of online experiment where the outputs of the Neural 

Network section correspond to the 6 classes NT (No Touch), T (Touch), N (North), S (South), 

E (East), W (West). .................................................................................................................. 36 

Figure 3.7 (a) Slip Classification results for all trials Slipping South, (b) Slip Classification results 

for all trials Slipping East. ....................................................................................................... 39 

Figure 3.8 Photo sequence of Slip South scenario. (a) hand slightly above the glass. (b) Touch 

scenario (pre-slip). (c) Slip South starting point. .................................................................... 40 



xxiv 

Figure 3.9 Robot-Robot Interaction Data corresponding to Fig. 11(a - d). (a) Electrodes Impedance 

for e1-e10, (b) Slip Classifier for Baxter-Shadow Interaction, and Shadow-Hand index finger 

joints position. ......................................................................................................................... 41 

Figure 3.10. Robot-Robot interaction, (a, b, c, d) Photo sequence of Baxter Pulling Up the Cup 

from Shadow Hand. Human-Robot interaction (e, f, g, h) Photo sequence of Human Pushing 

Down and Pulling Up on the Cup from Shadow Hand. .......................................................... 42 

Figure 3.11. Human-Robot Interaction (a) Electrodes Impedance for e11-e20, (b) Slip Classifier for 

Human Robot interaction. ....................................................................................................... 43 

Figure 4.1. Liquid M Sensor manufacturing process. (a) Photolithography was used to manufacture 

the (b) master mold. (c) Spin coating was used to manufacture the top and bottom layers. (d) 

The top part of the microfluidic channels was peeled off the mold. (e) A thin layer of DS-30 

(red line) was used to bond and seal the top and bottom layers together. (f) After curing, liquid 

metal was injected into the sealed microchannels with a syringe. .......................................... 47 

Figure 4.2. The liquid metal injection process. (b) The LMS is highly stretchable (units of cm). (c-

e) CAD model of the integration process of the LM tactile sensor with the support structure. 

(f-i) Integration Process for the LM tactile sensor with the support structure. Units of mm. . 49 

Figure 4.3. Calibration process, after attaching the sensor to the fingertip of the prosthetic hand, the 

sensor was calibrated with loadcell. ........................................................................................ 52 

Figure 4.4. Robotic system configuration, (a) system configuration for the first experiment when 

the sensor was used to detect slipping and prevent the slipping, (b) the system configuration 



xxv 

for the experiment setup when the LMS was used to classify the sliding speeds and recognize 

different surface texture. .......................................................................................................... 54 

Figure 4.5. Photo sequence of the index finger of the i-limb quantum hand equipped with LMS 

fingertip placed over the first pattern on the board with the LMS signal response. ................ 55 

Figure 4.6. (a-e). (i) Five slipping patterns. (ii) LMS slip time domain response. (iii) The FFT of 

the Slip and Non-slip data showed substantially different characteristics............................... 57 

Figure 4.7. CAD model showing the four different texture dimensions and the three different sliding 

speeds. Units of mm. ............................................................................................................... 58 

Figure 4.8. (a-d) The prosthetic hand with four LMSs slid while in contact with the multi-textured 

surface. (e) Illustrative data from the little finger LMS showed different responses when sliding 

on texture 3 at 20mm/s, (f) 60 mm/s, and (g) 100 mm/s. (h) Corresponding spectrograms (k) 

Representative time domain LMS signals from the middle finger showed different activation 

patterns as it slid at 20 mm/s on texture 1 (l) texture 2, (m) texture 3, and (n) texture 4. (o-p) 

Corresponding spectrogram features. ...................................................................................... 59 

Figure 4.9. (a) Slip detection and prevention block diagram. (b). LM tactile amplified, filtered, and 

rectified signal. (c) Real-time testing of the slip prevention controller. .................................. 64 

Figure 4.10. (a) The mean classification accuracy results from all four fingers to distinguish 

between different sliding speeds with individual fingertip LMSs, (b) Individual finger 

classification accuracies to detect the speed of sliding contact on specific textures. .............. 65 



xxvi 

Figure 4.11. (a) Overall classification results to distinguish between different textures with three 

different speeds of sliding contact using individual fingertip LMSs. (b) Classification accuracy 

for each finger to detect the correct texture with three different speeds of slip. ..................... 67 

Figure 4.12. Classification results to detect 10 different complex multi-textured surfaces using four 

fingertip sensors simultaneously. Examples of five different multi-textured surfaces are shown 

on the top. On average, the NN had the highest classification accuracy. ................................ 70 

Figure 5.1. Overview of the bimodal haptic actuator embedded in a close-loop system, with a 

subject (A) controlling the robotic hand (B-C), eliciting tactile information during its 

interaction with objects and surfaces; information that is returned by the haptic controller (D) 

to a bimodal haptic actuator (E) wrapped around the subject’s arm........................................ 75 

Figure 5.2. SolidWorks model of the soft actuator armband. ........................................................ 77 

Figure 5.3. (a) The molds and the insert are 3D printed. (b) The actuation layer mold and the insert 

are sealed together with hot glue. (c) Vibrotactile stimulators are placed in the spot faces of the 

foundation mold. (d) The respective liquid rubbers fill the foundation and actuation layer molds. 

(e) The actuation layer is removed from its mold. (f) The two layers are fused together with 

additional Eco Flex. ................................................................................................................. 78 

 Figure 5.4. Variations in the design of the bimodal haptic actuator. (a) Armbands with two 

geometries D1 and D2 for the air chambers, were filled using (b) two pump models resulting 

in different pneumatic profiles: (c) Design-1 uninflated, (d) Design-1 inflated, (e) Design-2 

uninflated, and (f) Design-2 inflated. ...................................................................................... 80 



xxvii 

Figure 5.5. Illustrative data from four combinations of pump (Pump 1 or 2), geometric design (D1 

or D2), and actuator material (Eco Flex 30 or 50)................................................................... 81 

Figure 5.6. Input/output relationship between internal actuator air pressure (PSA) and force 

recorded at the loadcell from the pneumatic actuator (FSA)................................................... 83 

Figure 5.7. Hysteresis Curves for EcoFlex-30 and EcoFlex-50 Arm Bands with different loads 

applied. See details in text. ...................................................................................................... 84 

 Figure 5.8. Time-Frequency response of the Vibrotactile Stimulator contacting a biomimetic 

tactile array (Biotac SP) (a) Vibrotactile stimulator attached to BioTac, (b)  The time series 

signal recorded by Biotac, (c) Time-Frequency-Power plot for the recorded data (spectrogram), 

(d) Comparing ON and OFF periods. ...................................................................................... 86 

 Figure 5.9.Bimodal haptic armband controller. (a) BioTac SP on the tip of Shadow Hand. (b) Soft 

Actuator Pressure Controller. (c) Dynamic Pressure Modality (𝑷𝑨𝑪) Controller. (d) Bimodel 

Armband Output. ..................................................................................................................... 87 

 Figure 5.10. (a) The raw pressure series are shown. (b) The force of the soft actuator (FSA) 

increased in tandem with the internal pressure. The valve signal (red) shows that the valve was 

opened when the error was below the deadband threshold L, prompting a deflation and a 

decrease in the force (FSA). c) PAC from the first finger was used to drive the vibrotactile 

stimulator placed on the little finger. (d) Photo showing the experimental setup to obtain the 

data in parts. ............................................................................................................................ 90 



xxviii 

 Figure 5.11. Vibrotactile stimulators cured into the base layer (a) were powered in succession to 

elicit a percept of moving vibration around the arm in either a clockwise or a counterclockwise 

direction. (b) an example temporal sequences for 5 Stimulators. ........................................... 92 

 Figure 5.12. Armbands Perception pressure vs Actual pressure for the armbands made from (a) 

EcoFlex-30 and (b) EcoFlex-50. ............................................................................................. 96 

Figure 5.13. Means and standard deviations from the test subjects identifying the direction of slip 

for different vibratory activation durations. ............................................................................ 97 

Figure 6.1. Subjects used two EMG signals (efferent pathways, top) to simultaneously control the 

distinct grip forces applied to two different objects. ............................................................. 102 

Figure 6.2. (a) Axes of revolution used for each digit of the Shadow Hand. (b) Trajectory plans of 

the joint angles for little and ring fingers to grasp the block, Grasp 2.  (c) Trajectory plans for 

the thumb, index, and middle fingers to grasp the ball, Grasp 1. .......................................... 104 

Figure 6.3. (a) Two EMG surface electrodes were placed on the forearm of the human subject to 

record forearm muscle activities. (b) EMG signal processing was done in Simulink to control 

the (c) Dexterous Shadow Hand and UR10 Robot arm that were interfaced via (d) ROS. (e) 

The soft actuator armband was placed on the upper arm of the human subject to give haptic 

feedback for both objects grasped simultaneously. ............................................................... 111 

Figure 6.4. Hybrid force-velocity controllers to simultaneously control the forces applied to two 

different objects grasped by a dexterous hand with corresponding haptic feedback. ............ 113 

Figure 6.5. (a-d) SolidWorks model of the soft robotic haptic armband showing the manufacturing 

steps. units of cm. (e) Shadow Hand and BioTac SP. (f) Soft actuator nonlinear pressure 



xxix 

controllers. (g) Soft Actuator Armband where T, L, and I indicate the thumb, little and index 

fingers, respectively. (h-l) Three BioTac SPs attached to the Shadow Hand with the bimodal 

haptic armband inflation and deflation process. .................................................................... 116 

Figure 6.6. (a-c) Subject 12 going through the training protocol prior to integration of haptic 

feedback. (d-f) EMG training to switch the hand operational state (σ) between opening and 

closing via a rapid co-contraction to track the target signal. (g-i) In the next phase of training, 

subjects were trained to make their desired force track the trapezoidal target signal. .......... 120 

Figure 6.7. (a-d) Afferent and efferent signals while grasping and delivering both objects 

simultaneously. ...................................................................................................................... 131 

Figure 6.8. (a-d) Overview of the simultaneous dual-object transportation task with emphasis on 

robotic hand actions for the situation with a simultaneous grasp and simultaneous delivery.

 ............................................................................................................................................... 132 

Figure 6.9. (a-d) Photo sequence of subject performing single object delivery. (e-j) the success and 

failure rates. ........................................................................................................................... 135 

Figure 6.10. Comparison of total delivery time required to grasp, transport, and release single object 

with haptic feedback (H) and with no haptic (NH) feedback. The gray highlight indicates the 

limb-absent subject 12. .......................................................................................................... 139 

Figure 6.11. (a-f) Success and failure rates of the simultaneous object delivery task during the non-

randomized experiments ........................................................................................................ 140 

Figure 6.12. (a-e) Internal Signals showing objects being broken in the absence of haptic feedback.

 ............................................................................................................................................... 141 



xxx 

Figure 6.13. Comparison of total delivery time required to grasp, transport, and deliver two objects 

simultaneously during the randomized experiments with the four possible combinations of 

independent variables: (1) haptic and visual feedback (HV), (2) only haptic feedback (H), (3) 

only visual feedback (V), and (4) neither haptic nor visual feedback (ϕ). The gray highlight 

indicates the congenital limb-absent subject 12. ................................................................... 143 

Figure 6.14. Comparison of the simultaneity metric (eqn. 1; Fig. 3) under the four-time windows, 

t1, t2, t3, and t4. The grey highlighted subject 12 had a congenital limb absence. ............... 144 

Figure 6.15. Simultaneous grasp force control. (a-d) show consecutive frames of task progression 

from the simultaneous grasp of both objects (e) when compared to vision alone (V) or no 

feedback (∅); and increased successful delivery of both objects (g, h), leading subjects to report 

the haptic feedback as more helpful than visual (f). Analysis of grasp failure especially showed 

a more measured use of robotic forces, specifically leading to a striking reduction in object 

breakage (I). Individual subject’s delivery success rates are provided in (j, k). The grey 

highlight indicates the congenital hand-absent subject 12. The gray highlight indicates the limb-

absent subject 12. * p < 0.05, ** p<0.01. .............................................................................. 146 

Figure 6.16. Comparison of total delivery time (TDT) for one object at a time versus two objects 

simultaneously. ...................................................................................................................... 147 

Figure 6.17. Comparison of the simultaneity metric under the four-time windows: t1, t2, t3, and t4.

 ............................................................................................................................................... 151 

Figure 7.1. (a-d) Photo sequence showing the slipping platforms with Shadow hand in contact with 

the sliding surfaces, (f) BioTac electrodes impedances for the index finger showing the different 



xxxi 

scenarios, and (g) BioTac electrodes impedances for the little finger showing the different 

scenarios. ............................................................................................................................... 162 

Figure 7.2. The experiment robotics system configuration showing the main components of the 

experiment. All the system components are interacting with each other through ROS, Python, 

and MATLAB/Simulink. ....................................................................................................... 164 

Figure 7.3. Vibrotactile stimulator activity evaluation, (a-b) Shadow hand without and with the 

vibrotactile attached, (c-g) Slow vibration activation signal spectrogram features, (h-k) Fast 

vibration activation signal spectrogram features. .................................................................. 166 

Figure 7.4. Control system overview. Hybrid force-velocity controllers to control the forces applied 

to two different slipping platform by a dexterous Shadow Hand. ......................................... 172 

Figure 7.5. EMG ANN classifier accuracy for all subjects, (a) Normalized EMG signals, (b) ANN 

EMG classifier output, (c) Subjects EMG classification accuracy for each class independently, 

and (d) Overall classification accuracy for all the subjects. .................................................. 173 

Figure 7.6. Subject response time, (a) Response time for each class independently in (s), and (b) 

Overall subjects’ response time in (s). ................................................................................... 174 

Figure 7.7. Subjects’ success rate for each condition. .................................................................. 176 

Figure 8.1. System level diagram showing the hardware implementation of the closed-loop 

noninvasive neuroprosthetic research platform. .................................................................... 181 

Figure 8.2.  Action Pulse Generator board to generate the customized signal shaped like biological 

action pulse with different frequencies and different amplitude for each channel. ............... 184 



xxxii 

Figure 8.3. (a) Shadow Hand with BioTacs attached, The BioTac signals passed through the 

Izhikevich Neuron Model to generate the action potential pulse triggers. The static and dynamic 

signals from the BioTac. (c) Slowly Adapting response from the Izhikevich Neuron Model. (d) 

Rapidly Adapting response from the Izhikevich Neuron Model. (e) The MEA System with the 

cortical neurons. .................................................................................................................... 189 

Figure 8.4. The Nerve activities measured through the recording electrode for (a) the rapidly 

adapting (RA), and (c) slowly adapting (SA) stimulation. The stimulation signal for (b) the 

rapidly (RA) and (d) slowly (SA) adapting coming from the robotics system, this signal is 

passing to the MEA through the stimulation electrode.......................................................... 190 

Figure 8.5. Results of the tapping experiments with RA and SA patterns. Inter-Tap-Intervals (ITI)

 ............................................................................................................................................... 191 

Figure 8.6. (a) Slowly Adapting recorded time data, frequency analysis of the raw electrode 

recordings, (c) event detection based on defined thresholds, and (d) frequency analysis of the 

spikes extracted. .................................................................................................................... 193 

Figure 8.7. Two different culture’s classification results for the various time windows 

(1s,2s,3s,4s,5s) tested in the pattern recognition neural network to distinguish between SA and 

RA stimulation patterns. (a) Culture on DIV35 and (b) Culture on DIV19. Data was sampled 

at 20kHz for all experimentation. .......................................................................................... 195 

Figure 8.8. comparing culture 1 vs. culture 2 Inter Tap Interval analysis. (Day in VETRO (DIV))

 ............................................................................................................................................... 196 



1 

1 INTRODUCTION

1.1 Introduction  

The human hand is the main tool to interact with the environment to discriminate and 

manipulate objects and perform daily activities. According to [1], the number of people 

losing their limbs in the United State are increasing to be 3.6 million individuals by the 

year 2050 for both upper and lower limb in general. People have suffered limb loss either 

from vascular disease or amputation with millions more worldwide who having lost or 

impaired ability to control or sense their limbs due to neurodegenerative diseases, stroke, 

and spinal cord injuries. This problem profoundly impacts people with upper limb 

amputations and congenital limb deficiencies, which affects a significant proportion of the 

global population [1, 2]. When a human loses their hand, they lose a very important part of 

their body, and they lose an important sensory feedback system to help them manipulate 

objects. To manipulate an object, humans depend on multi-input modalities like vision, 

auditory and sensory feedback. Even with vision and auditory input, they would not be able 

to manipulate any objects with the same dexterity and confidence as with tactile feedback 

[3, 4]. Without sensory feedback, the experience when interacting with the surrounding 

environment is much different and very complicated. Restoring the sensation of touch is 
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essential to perform daily living activities for those who have lost their limbs. Many 

prosthetic hand users abandoned their artificial limbs for many reasons in which the lack 

of tactile feedback is a significant reason.  

To develop a solution that can help the amputee to restore the ability to control objects 

and interact with the surrounding environment and doing daily activities, we need to 

understand the afferent and efferent pathways from the sensory feedback to the brain 

(afferent) and from the brain to the muscles (efferent). The afferent (sensory neuron) and 

efferent (motor neuron) neurons both belong to the peripheral nervous system (PNS). The 

afferent neurons transport the information from sensory elements to the central nervous 

system (CNS), while the efferent neurons transport the information from CNS to the muscle 

to perform an action.   

The human hand has a tremendous number of tactile receptors that made the interaction 

with the environment very efficient. Natural haptic sense is created from a number of 

specialized tactile receptors [5] whose individual stimulation evokes different sensations 

such as flutter, vibration, pressure or tapping [6, 7] and whose functional significance is 

only imperfectly understood [8]. Models have proposed that the four principal haptic 

mechanoreceptors, Merkel, Meissner, Pacinian and Ruffini, carry distinct information 

about object contact, motion, direction, texture, pressure, and skin deformation, to name a 

few functional concepts. After an era when haptic devices only modeled one aspect of this 

complex sensory experience, efforts have more recently emerged to create systems carrying 
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multiple informational channels on the relationship between hand motion and the objects 

and surfaces it interacts with [9-11]. 

When human intended to move an object, the brain sends signals to the muscles to 

perform the moving tasks. The mechanoreceptors on the hand and mainly on the fingertips 

sends some information about the object’s features like the surface texture and amount of 

force required to prevent the object from slipping and so on. The brain then sends signals 

to the muscle to apply the force required to hold the object and perform the task successfully.  

In this research we are trying to tackle the problem with sensory feedback by 

introducing a new tactile sensor and new haptic armband actuator to address the problem. 

This research is comprised of multiple components that needs to integrate with each other 

in real time to help solve the missing sensory feedback dexterous control problems for 

upper limb amputees. Each component is going to be discussed thoroughly in the coming 

chapters, the list of components are: 

The tactile feedback sensors which are responsible for sensing the applied force and 

surface features while interacting with any objects. The tactile sensor is a replacement for 

the mechanoreceptors that are available on the fingertips. Two types of tactile sensors were 

evaluated during this research, first is the BioTac sensor, which is commercially available 

for the research platforms chapter 3, and second is the liquid metal tactile sensor (LMS) 

which was designed, manufactured, and tested in the BioRobotics lab at FAU chapter 4.  

The Bimodal Haptic armband is an array of soft robotic actuators used to restore the 

sensation of touch to amputees. The armband was designed and manufactured and 
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evaluated in the BioRobotics lab at FAU. The armband is comprised of two modalities, the 

pressure and vibration modalities. Different designs were investigated at the beginning and 

then the best design was selected for the human robot interaction application (chapter 5). 

Controlling two objects simultaneously using the surface EMG electrodes and the 

haptic feedback armband was investigated. The EMG signal processing and the algorithm 

that used to process and classify the EMG signals were discussed. Using hybrid force-

velocity control to control the prosthetic hand during the human robot interaction while 

using the haptic feedback system to control the applied force and transport two objects 

simultaneously (chapter 6).  

Sensorimotor integration was investigated with slip detection and prevention on 

multichannel. The human ability to detect slip on multiple channels and integrate the haptic 

feedback into their motor control strategies to prevent slip on multiple channels was the 

main objective of this part of the research (chapter 7) 

A novel noninvasive neuroprosthetic research platform was developed to offer a well-

controlled environment to study the interaction between the robotic system (prosthetic hand) 

and the biological system (cortical neurons cultured in MEA chamber). This platform 

would help us to study the nerve dynamics in response to external stimulation (chapters 8). 

Chapter 9 is the conclusion. 

1.2 Dissertation Objectives and Novel Contribution 

The objectives of this research are divided into five sections: 
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1.2.1 Tactile Feedback Sensors and its Application for Adaptive Control (BioTac 

and LMS). 

Utilizing the tactile sensor data to design a machine learning classifier (Artificial 

Neural Network) to classify the input data from the BioTac sensor into six classes and 

employ this classifier for real time application to adaptively control the prosthetic hand 

available in the BioRobotics lab (Shadow Hand). This classifier was tested in real time and 

the classification accuracy was nearly 100%. The objective of this part of the research is to 

utilize the haptic feedback signals and the machine learning classifier to adaptively control 

the prosthetic hand in real time. 

Design, manufacture and evaluate a tactile sensor with the microfluidic chambers and 

liquid metal material. The sensor mold was manufactured using the photolithography 

process. The sensor designed was integrated into prosthetic hand fingertip mold. The sensor 

ability to detect and prevent slip in real time, and surface feature recognition sliding speed 

classification was evaluated through designing a machine learning classifier: K-nearest 

neighbor (KNN), Support Vector Machine (SVM), Random Forest (RF) and Neural 

Network (NN).  

1.2.2 Restoring the sensation of touch through a bimodal haptic armband to help 

amputee to perform everyday tasks more efficiently. 

The sensation of touch is essential feedback when interacting with the real world. 

People who lost their limbs suffer from the lack of the sensation when interacting with the 

surrounding environments. It is very important to help the amputee with restoring this 
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sensing modality. Restoring the sensation of touch is a challenging problem to be addressed. 

The objective of this research is to design and manufacture a novel bimodal haptic armband 

and test it with human subjects to evaluate its performance. The soft robotics bimodal 

haptic armband will be used to convey the information from the artificial limb to the upper 

arm of the amputee. The goal of the bimodal haptic armband is to convey both low-

frequency pressure changes (which simulate the slow adapting mechanoreceptors in the 

fingertip) and high-frequency vibrations (which simulate the rapidly adapting 

mechanoreceptors in the fingertip) from a dexterous robotic hand to a human's upper arm, 

to guide the control of the artificial limb and help with everyday activities. A non-linear 

pressure controller was designed to control the haptic armband inner pressure. 

1.2.3 Utilizing the Non-Invasive Surface (sEMG) Signals to Simultaneously 

Control the Grip Force applied to Two Grasp Functions with a Dexterous 

Artificial Hand is Enabled by Haptic Feedback from a Soft Robotic 

Armband 

With current myoelectric prosthetic hands, limb-absent people can only control one 

grasp function at a time even though modern artificial hands are mechanically capable of 

individual control of all five digits. The objective of this part of the research is to investigate 

the role of haptic feedback to proportionally control the grip forces of two different grasps 

simultaneously with a dexterous robotic hand. This control method is developed and 

evaluated by one person with a congenital hand absence and 11 able-bodied people. A 

multi-channel bimodal soft robotic armband was also used to supply artificial sensations 
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of touch to the people from the two grasps utilized by the artificial hand. With this haptic 

feedback, all subjects achieved high success rates while grasping and transporting two 

objects simultaneously with a dexterous artificial hand without breaking or dropping them, 

even when the vision of the objects was occluded. This research demonstrated that twelve 

people were able to integrate multiple channels of bimodal haptic feedback to successfully 

control the grip forces of two different grasps of a dexterous artificial hand simultaneously 

during object transportation, which could serve as a paradigm shift in the way that 

prosthetic hands are operated. 

1.2.4 Multichannel Sensorimotor Integration 

Slip detection and prevention with haptic feedback on multiple channels is essential for 

any prosthetic hand to be able to mimic the intact hands. The commercially available 

prosthetic hands are missing any haptic feedback which make it difficult for the amputees 

to accept the prosthetics as an extension to their body. Utilizing the haptic feedback to 

detect and prevent slip was the main goal of this research. Twelve human subjects include 

3 amputees participate in this research to evaluate and test the slip detection and prevention 

using vibrotactile stimulator as haptic feedback. During this research artificial neural 

network (ANN) algorithm was used to classify six surface EMG signals into four classes 

to allow human subjects to control the slipping platforms. During this research the tactile 

sensors (BioTac) attached to the index and little fingers on the shadow hand were used to 

detect the slip using electrodes impedance signals to design ANN classification algorithm. 

For each BioTac an independent ANN was designed to detect the slip.  Results show that 
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human subjects including the amputees were able to detect the slipping with high response 

time they were able to prevent the slipping events with very high success rate.  

1.2.5 Non-Invasive Bidirectional Neuroprosthetic Platform to investigate Haptic 

Restoration with Prosthetic Hand 

Studying the interaction between the biological neural network cultured in MEAs and 

the robotics system (artificial hand) was the objective of the last part of the research. The 

tactile information from tactile sensors mounted on the fingertip of Dexterous Shadow 

Hand was encoded to mimic the slowly adapting (SA) and the rapidly adapting (RA) 

mechanoreceptors responses to be used to stimulate the biological neurons that were 

cultured in the MEAs. Our preliminary results showed that the method of encoding 

fingertip sensations significantly impacted biological neural network patterns of activity, 

which in turn impacted the behavior of the robotic hand. These findings suggest that our 

noninvasive neuroprosthetic research platform can be used to understand some of the 

complex interactions between artificial and biological components of neuroprosthetic 

limbs.
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2 LITERATURE REVIEW

2.1 Introduction 

The sense of touch is an essential feature that human hands equipped with to help 

improve the way humans are interacting with the surrounding environment, and it is 

necessary to perform any manipulation tasks successfully. Losing this sense during limb 

amputation is devastating, and restoring it is exceptionally complicated.   

To restore a sophisticated sense of touch in people using a robotic prosthetic arm as a 

surrogate of their missing limb, there are targets at multiple points along the sensorimotor 

cycle [12-15]:  

1. pre-sensory: efferent motor signals (brain -> muscles) travelling to the amputated limb 

can be surgically redirected to a different muscle group, e.g., in the chest, where they elicit 

contraction and associated somatosensation in a person intending action with his/her 

missing hand. The user, in a way, now perceives motor intentions in the missing limb 

though a translocated haptic experience, and perhaps he/she can reinstate a partially 

functioning efferent copy over those new sites of the body. This approach is sometimes 

combined with the sensory restoration. Similarly, electrical stimulation of the efferent 

pathway can be performed to achieve pseudo-haptic feedback within the efferent-afferent 
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loop. 

2. sensory: the haptic experience, captured by artificial tactile sensors in a robotic hand, 

can also be displaced to other body parts such as the arm, stump, back or chest by virtue of 

pneumatic/hydraulic, electrotactile or vibrotactile actuators and thermoelectrical devices; 

or referred to another sense altogether, for instance, audition or vision, as is already 

exploited crudely in passive prostheses when users focus on vision and residual haptic 

sensation at the socket/stump interface; or in myoelectric prostheses when they pay 

attention to the sound of the motor to control excess pressure [12].  

3. post-sensory: Finally, to elicit a tactile sensation, the afferent (tactile receptors -> brain) 

nerve pathways can be recruited by invasive nerve implants aimed at the peripheral nervous 

system or invasive and non-invasive electrical or magnetic stimulation aimed at the central 

nervous system directly. All the experimental approaches are suitable to return haptic 

information about the robotic hand actions in real-time, though, in practice, they vary in 

their durability, portability, ergonomics and efficacy. None is widely deployed in users of 

prosthetic arms. 

2.2 Tactile Feedback Sensors and Their Application for Adaptive Control. 

2.2.1 BioTac Sensor and adaptive control  

Shortly after the advent of the artificial robotic hand, preventing grasped objects from 

being inadvertently dropped has been a priority [16]. This is a fundamental problem in the 

area of prosthetic hands, as limb-absent people do not have a direct sense of the grasp force 
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applied by their artificial hands after amputation [17],[18]. The lack of haptic feedback can 

lead to frustrating situations where the grasped object is dropped or crushed due to a 

deficiency of tactile information during typical object manipulation tasks [19].  

This need has motivated the design of specialized sensors to detect when grasped 

objects are slipping [20-22]. The BioTac has recently emerged as a cutting edge multimodal 

tactile sensor to observe the state of robotic fingertips [23, 24]. The BioTac is a soft fluid-

filled sensor; when the internal conductive fluid is deformed, the resultant fluid distribution 

affects the internal electrodes’ impedances to indicate the force distribution on the fingertip 

surface. 

Most of the prior efforts to detect whether a grasped object is slipping have used a 

combination of a specialized sensor and a signal processing algorithm; the frequency 

spectrum has been a popular indicator of slip where high frequency signal components are 

indicative of vibrations that occur when grasped objects slip [25]. 

2.2.2 Liquid Metal Sensor (LMS) and its application for slip prevention and 

surface features classification 

To enable amputees to return to vocational and recreational pursuits, prosthetic hands 

must be capable of functioning in diverse and unstructured activities, which requires 

advances both in sensation and actuation. Accordingly, prosthetic hands are becoming 

increasingly sophisticated in their capacities for actuation. For example, the i-limb Ultra 

has six degrees of freedom (DOF), and the bebionic hand has five powered DOFs [18]. 

However, clinically available technology for sensation lag behind actuation; prosthetic 
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hands currently available have minimal or no tactile force sensors. This can lead to 

frustrating problems where grasped objects are crushed or dropped since the amputee is 

not directly aware of the prosthetic fingertip forces after the afferent neural pathway is 

severed [26].  

Despite the significant research on tactile sensors for artificial hands [27], there is still 

a need for advances in lightweight, low cost, robust multimodal tactile sensors [28]. 

Because people integrate many aspects of natural touch sensation into their biological hand 

control strategies [29], it is crucial to recreate these capabilities to provide an optimal 

replacement for people with upper limb amputations [30]. Recent advances in tactile 

sensors have focused on manufacturing methods for robust, stretchable, wearable attributes 

[31] or signal processing for multimodal sensing abilities [32].  

The eutectic gallium–indium, or more commonly, liquid metal (LM), has been used to 

create highly stretchable electrical conductors. LM has a melting point near -15.7 °C [33] 

and is an exciting material to use as the conductor in stretchable and flexible electronics 

[34]. LM can be encapsulated easily in silicone-based elastomers and subsequently used as 

a stretchable conductor. 

Furthermore, LM-injected microchannels have been previously used for three-axis 

tactile force sensors [35] or shear force detection [36]. While sophisticated tactile sensors 

such as the BioTac have been previously used to distinguish between many different types 

of surfaces [37] and to detect sliding motion [38]. 
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2.3 Restoring the sensation of touch through a bimodal haptic armband. 

Dexterous robotic limbs employed for functional remediation of amputation and 

congenital limb-absence need to be controlled in real-time in a fluid manner. Exceptional 

recent developments in robotic limbs’ mechanical abilities find a very stark bottleneck in 

the human capacity for real-time control. Without the haptic perception of the contact 

between the robotic hand and the objects that it manipulates, and without feeling the 

conformation of different joints and limb segments, real-time control of purpose-oriented 

robotic hand movement is much harder [39-41]. Furthermore, this sensory feedback on 

robotic hand movement restores the integrity of the efferent-afferent loop that is central to 

human behavior [42, 43] allowing for embodiment of the artificial limb [39, 40, 44, 45] 

and offering enhanced satisfaction for users [45, 46] including the experience of affective 

touch [12, 13, 40] that is paramount for a fulfilling life of interacting with others. 

Among the non-invasive interfaces that are used to return the haptic experience to 

people controlling a robotic arm and hand are a variety of pneumatic/hydraulic, 

electrotactile or vibrotactile actuators and thermoelectrical devices whose stimulation is 

relocated to other body parts such as the face, arm, residual limb, back or chest [47]. In 

most of the cases, these devices aim to replace only one aspect of haptics or one tactile 

receptor type [39, 48]. In the following, we develop a novel bimodal soft pneumatic and 

vibrotactile haptic armband whose end goal is to combine information about low-frequency 

pressure dynamics and vibrotactile sensations related not only to sliding contact but also 
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the direction of slip. The future use of this non-invasive haptic interface is to provide touch 

information to users of dexterous prosthetic limbs.  

More recently, soft robotic actuation techniques have been explored as a non-invasive 

method for supplying haptic feedback for people who use artificial hands [49-51]. Five soft 

chambers were connected in series and controlled through two pumps and three solenoid 

valves to provide tracking, holding, and tapping information. A pneumatic wristband was 

designed to deliver haptic feedback by inflating eight independent actuators that can 

provide both vibration and pressure [52]. A four-chamber pneumatic actuator was designed 

to provide haptic feedback with high frequencies [53] in comparison to [49]. A strap was 

used to provide pressure feedback around the wrist to generate the sensation of pressure 

around a user’s arm through inflation and deflation of the air strap [54].  

A multi-finger pneumatic feedback actuator was designed and evaluated to provide the 

user with haptic sensation [55] their design offers more information than a single-point 

force feedback and decreases the actuator elements compared to tactile actuators. A tube-

shaped wristband was designed using a low-density polyethylene to deliver a combination 

of guiding and force feedback. The design encircles the forearm, with soft actuators that 

inflate and deflate to stimulate the skin underneath [56]. Another soft robotic design 

featured a haptic wearable device that can provide a sensation of lateral motion on the arm 

[57], the haptic actuator is manufactured using a thermoplastic material that was arranged 

in an array of pneumatic actuators that can be inflated and deflated sequentially. 
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Additionally, a soft pneumatic actuator was designed to be combined with a prosthetic hand 

to provide haptic feedback [58].  

2.4 Utilizing the Non-Invasive Surface (sEMG) Signals to Simultaneously Control 

the Grip Force applied to Two Grasp Functions with a Dexterous Artificial 

Hand is Enabled by Haptic Feedback from a Soft Robotic Armband 

The sense of touch is absolutely essential to adroitly control the human hand, and 

profound deficiencies are observed when tactile sensations are absent or impaired [59]. 

This problem profoundly impacts people with upper limb amputations and congenital limb 

deficiencies, which affect a significant proportion of the global population [1, 2]. Current 

prosthetic hands such as the bebionic and i-limb hands have five individually actuated 

digits [60], yet only one grasp function can be controlled at a time. While most people 

commonly use their natural hands to multitask, manipulate or transport two different 

objects simultaneously, this functionality remains elusive for prosthetic hands even though 

they are mechanically capable of such feats. Enabling dexterous control is a highly 

complex problem to solve, however, and continues to be an active area of research because 

it requires not only an advanced method of interpreting human grasp control intentions, but 

also complementary haptic feedback of tactile information.  

In clinical practice, modern prostheses are often operated using electromyogram (EMG) 

signals [61-63] and the user mainly relies upon visual feedback regarding the state of the 

hand. Typically, two EMG electrodes will be placed over an antagonistic muscle pair such 
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as the extensor digitorum communis (EDC) and flexor carpi radialis (FCR) on the forearm. 

Wrist flexor muscles are used to close the hand while the extensor muscles open the hand. 

The user must then toggle between different grasp types (e.g. precision, tripod, power, 

lateral pinch [64]) or joint to control (wrist, elbow, shoulder) with a button (bebionic), app 

on a Bluetooth enabled device (i-limb) [65], or EMG trigger such as a rapid co-contraction 

of antagonistic muscles. 

To restore potential for multiple independent artificial hand control channels, there are 

several invasive methods that have been published to enable simultaneous control of 

multiple degrees of freedom (DOF). Targeted muscle reinnervation is one surgical 

procedure that can enable simultaneous control of multiple DOFs of a prosthetic arm [66]. 

Another recent approach details 32 intramuscular EMG electrodes that were implanted in 

the forearms of two amputees to decode individual digit movements with several different 

deep learning algorithms [67]. There have also been strong advances with neural implants 

in the peripheral nerves of amputees for direct neural feedback and control [68-70], which 

could open the gateway to simultaneous control capabilities. While these invasive 

approaches are truly meritorious, they are not always the best solution for every patient.  

For this reason, there have been efforts to explore non-invasive methods to increase the 

human-prosthesis bandwidth [71]. There have been several publications that have 

demonstrated non-invasive methods for EMG control of a prosthetic wrist [72] while 

simultaneously opening and closing a prosthetic hand. These efforts detailed multi-layer 

perceptron [73], linear discriminant analysis [74-76], convolutional neural networks [77], 
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and neuromusculoskeletal models [78] to detect hand motions while wrist 

pronation/supination or flexion/extension motions were simultaneously performed. While 

commercially available prosthetic limb controllers often use two EMG electrodes [61, 62], 

these classification algorithms for simultaneous motion detection tend to rely upon many 

EMG electrodes recording from multiple sites, anywhere from 14 to 22 locations [73-75, 

78]. While providing a noteworthy improvement in functionality, the tradeoff for the user 

is a higher cost to an already expensive device in addition to more malfunction modes if 

one or more electrodes fails, although there have been some significant efforts recently to 

develop clinical training protocols to compensate these types of situations [79].  

There have also been some prior efforts to investigate the ability for simultaneously 

control of multiple grips or fingers of the prosthetic hand independently via non-invasive 

methods [80]. One major obstacle is the substantial crosstalk that occurs between muscle 

recording locations on the forearm and the redundancy of the muscles that could control 

an individual digit. However, there have been approaches to decode individual finger 

movements with artificial neural networks using 32 surface EMG electrodes placed on 

limb-intact people [81] and 19 electrodes placed on a transradial amputee [82]. Another 

approach used eight electrode pairs placed on the forearms of five limb-absent subjects to 

classify seven different kinds of imagined finger movements with an average classification 

accuracy of 79% [83].  

One paper has detailed the use of different combinations of linear discriminant analysis, 

principal component analysis, and support vector machines to classify twelve different 
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imagined individual finger movements from six amputees and also combined finger 

movements from ten limb-intact subjects; high classification accuracies for five distinct 

finger movements were obtained using six EMG electrode pairs [84]. Another approach 

has used Bayesian post-processing classification from two EMG electrodes placed on the 

forearms of eight limb-intact subjects to classify individual finger and thumb movements 

[85].  

Despite all this promising work with pattern recognition algorithms from surface EMG 

recordings, there is still a delay in their transition to clinical practice [71]. One such 

impediment for pattern recognition approaches stems from intra-subject variability, where 

fatigue, sweat, and minor changes in EMG recording locations as the socket is donned daily 

tend to produce inconsistent performance of classification accuracy from day to day [86-

88]. Another potential limitation of pattern recognition algorithm that rely upon many 

EMG recording sites is due to the substantial inter-subject variability because amputations 

and congenital limb deficiencies tend to produce highly unique residual musculature.  

2.5 Multichannel Sensorimotor Integration  

The ability to detect slip of grasped objects through the tactile sensing is a distinctive 

feature for human hands. Through the tactile sensing system, human can recognize a wide 

range of features of grasped objects such as surface texture, shape, dimension, weight, 

temperature, and so on. Depending on these features, people can regulate the applied force 

to prevent the grasped objects from slipping. Even though the tactile sensing for human is 
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very essential to perform daily tasks, commercially available prosthetic limbs rarely 

contain any tactile sensors. The commercially available prosthetic hands went through a 

major development in the past decades in the mechanical and kinematic design to mimic 

the ability of human hands in grip patterns and movements [89], [90], [91]. However, the 

tactile sensing and the sensory feedback systems in the prosthetic hands available is not 

developed enough to provide the amputee with sophisticated limb that mimics the human 

hands. The lack of sensory feedback is consider to be one significant reason for the amputee 

to abandon their prosthetic hands [92] and the lack of trust when interacting with prosthetic 

devices is another reason to abandon the robotic hand [93-95]. People can detect and 

prevent grasped object slippage due to thousands of mechanoreceptors that are distributed 

on the hand, especially the fingertips [96]. The task is simple for intact hands due to the 

closed loop reflex between the afferent and efferent pathways [97]. For amputees that are 

using the prosthetic hands without a tactile sensing system, the process of slip detection 

and prevention is impossible due to the lack of sensory feedback and the lack of haptic 

sensors [98].  

Slip events in prosthetic hand can be envisioned differently based on the environments 

and the meaning of the slip events [99]. In some situations, the slip is allowed if the slip 

does not cause the objects to be destroyed while in some situations the slip is not allowed 

if it case the objects being destroyed. So, slip can be treated differently based on the 

situations. Most of the research focus on slip prevention [26, 38, 100] while others focus 

of slip permission [38, 101].  
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Researchers have utilized different techniques to detect slip depending on the physics 

laws such as friction detection and estimation in real time [102]. Slip detection was 

successfully performed by measuring the normal force and the tangential force to calculate 

the static friction coefficient. Using friction to detect slip inspired multiple successful 

approaches to implement into prosthetic hands [103, 104]. Researchers used different ways 

to calculate the normal force and the tangential force using three-axial force sensor [105], 

capacitive sensor [106] and piezoresistive [104, 107], and among others [108]. 

Tactile information has been used more recently for slip speed classification and surface 

texture detection using the spectrogram features to train and test multiple machine learning 

classifiers [109, 110]. Tactile information has also been used for a refined sense of the 

direction that a grasped object slips to enable context dependent slip control algorithms 

[38]. The ability to detect slip using the tactile sensors data was investigated in many 

research [111].  Tactile information was used as an input to the ANN and the decision 

output from the ANN determine whether a slip is detected or not. The ANN needs to train 

in offline configuration and the weight parameters need to be calculated before deploying 

the ANN for real time application. Researchers adopting the use of ANN to detect slip has 

been reported in [112-117]. Sixteen force readings were used to develop an ANN to detect 

slip events [114]. The force sensing signals were collected from piezoelectric sensor 

(PVDF) formed in a vector format containing the eight sensor pairs. Normal stress and 

tangential stress were calculated at the same time for each unit in the sensor array and the 

resulting vector was feed as the input to the ANN. The ANN was created with a back 
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propagation algorithm.  Another study used a back propagation algorithm to estimate the 

optimal grip force [116]. The force ratio applied on a distal part were organized as a vector 

before being converted into a binary format that was used as the input to the ANN. The 

binary output from the ANN was used to control the hand actuator [117]. Twelve 

piezoresistive cells were mounted on a prosthetics hand fingers. The sensor signals were 

preprocessed to extract the frequency domain information and used as the input to the ANN 

which produced an accuracy of 96.4% to distinguish sliding from slipping events.  

Introducing tactile perception into prosthetic hands to help slip prevention is an 

important contribution that would improve the amputee experience in daily activities and 

encourage the amputee to treat the prosthetic hands as an extension of their bodies. Haptic 

feedback methods was investigated intensively especially for upper limb amputees  [118, 

119]. Different haptic feedback activating methods were used previously to provide haptic 

feedback to upper limb amputees include vibrotactile feedback [118, 120, 121], 

electrotactile feedback [119, 122, 123], and mechanotactile feedback  [118, 124, 125]. To 

integrate the tactile sensation into sensory feedback, researchers have adopted different 

approaches to detect slip events such as using the vibrotactile, and electrotactile stimulators. 

Using the vibrotactile stimulators as sensory feedback provide a promising solution to help 

amputee prevent objects from slipping. Task performance using force, and slip feedback 

were evaluated using vibrotactile stimulators [126-129].   
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2.6 Non-Invasive Bidirectional Neuroprosthetic Platform to investigate Haptic 

Restoration with Prosthetic Hand 

Loss of afferent neural pathways that provided multimodal, tactile sensations detected 

by an expansive distribution of mechanoreceptors in a human’s fingertips greatly impacts 

motor control of prosthetic limbs. The field of neuroprosthetics (a discipline that aims to 

interface the biological neural system with prosthetic devices) has the potential to restore 

tactile sensations to amputees via implantable electrodes that interact with the residing 

peripheral nerves of the residual limb to improve the prosthetic limb control. Using a 

neuroprosthesis can significantly improve the lives of amputees and people with neural 

trauma. However, little is known about the nerve dynamics of the peripheral and central 

nervous system, which are crucial for reconnecting neuroprosthetic devices with a human’s 

sensory system [130]. To be able to create a noninvasive neuroprosthetic that restore the 

sensation of touch like the sensation of touch for intact hand, we need to understand the 

way cutaneous mechanoreceptors conveying the information and how they encode the 

mechanical stimulation in a way that the brain can understand.  To that end, several 

research groups tried to design models to describe the response of tactile afferent when 

interacting with different mechanical stimulation (static and dynamic stimulation). One of 

the first models describing the mechanoreceptors afferent response was designed by 

Freeman and Johanson’s [131], developing a simple 4 degree of freedom electrical circuit 

model. The model was used to match data that already been collected for three types of 
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mechanoreceptors (SA I, RA I, RA II) in the macaque monkey when applying a periodic 

stimulus (vibration) as a mechanical stimulation to the hand of the macaque monkey. For 

each of the mechanoreceptor types, the temporal structure of the afferent impulse sequence 

generated by sinusoidal stimulation was the focus of study in [131]. The relation between 

stimulus intensity and the neural discharge at different frequencies was the concern of study 

in [132]. P. Slavík et al., [133] modified the Freeman and Johnson by introducing hyper-

excitation mechanism and absolute refractory period to the basic model. The matching 

between neural and model data for SAI and RAI afferent with higher stimulation 

frequencies was significantly improved with this modified model. Introducing a 

combination of three staged models, a mechanical model for the inner and outer core of the 

PC receptor and an electrochemical model for peripheral nerves system and their tactile 

response to a vibratory input [134]. The bandpass nature of the PC’s frequency response 

was correctly predicted using this model. The input force to the mechanoreceptor spiking 

model was encoded [135]. Slowly adapting type I (SA-I) and rapidly adapting type I (RA-

I) mechanoreceptors frequency response was designed using a digital circuit and then 

implemented on a low-cost digital hardware FPGA. In [136] Piezoelectric materials were 

used to develop a bio-inspired approach to duplicate frequency response of rapidly 

adapting type I (RAI) mechanoreceptor.  The piezoelectric was used to produce an analog 

signal and then converting them into spike train by passing them through a neuron model. 

The results were compared with neural data collected from the glabrous skin of macaque 

monkeys. In [137] a model that predict afferent activities of the three type of 
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mechanoreceptor that available in the glabrous skin of the hand after expose to an arbitrary 

vibratory stimulation was presented here. The spike train output that generated by this 

model depends on the position as a function of time with velocity, acceleration, and jerk 

(third derivative) as the main input to the system. An integrate and fire model was used to 

generate the output pulse train when the inputs are filtered and pass through. Using the 

integrate and fire model can predict the timing of individual mechanoreceptor afferent 

accurately. To accurately predict the neural activity of a different type of mechanoreceptors 

different combination of the input is required. In [138] Biomimetic sensor using a force 

sensor combined with the leaky integrate and fire model predicts inter spike interval for 

ramp-hold force types, in comparison to slow adapting type 1 (SA1) mechanoreceptor in a 

mouse afferent. The ramp and hold stimulation were the input signal to both the mouse 

SA1 afferent and the leaky integrate and fire model. In [139], perceived intensity [of 

mechanical stimulus] is determined by the firing rate [cumulatively] evoked in the three 

main populations of mechanoreceptive afferents [SA, RA, Pacinian], weighted by afferent 

type. In [140] A computational model was developed in this study contain two parts, a 

nonlinear mechanical transduction and an integrate and fire mechanism. The model can 

apply to a wider range of stimulation. Rate and timing response of afferent can be predicted 

with high accuracy using this model. In  [141] Skin neuron model introduced, the model 

was designed to combine three sub-models the skin mechanics model was developed using 

finite element technique, mechanoreceptor transduction developed using a sigmoid 

function and neural firing rate developed using leaky integrate and fire model. Predicting 
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first spike latency and firing rate with high accuracy was the goal of this work. In [142] 

Computational encoding algorithm developed to estimate the firing rate of neural activity 

to time-varying pressure applied to fingertip.  

Research groups try to restore the sensation of touch for amputees using direct neural 

stimulation methods. Different electrical stimulation strategies have been used to help 

restore the sensation of touch. Electrical stimulation strategies depending on changing 

pulse train parameters like frequency[143-147], charge [3, 30, 148], shape[149-152], 

amplitude [45, 146, 147, 153] were investigated. Using direct electrical stimulation of the 

peripheral nerves helped restore sensory feedback and helped amputees to better control 

their prosthesis [154-156], improving task performance manipulating objects[143] and 

reduce the phantom discomfort [157]. Review papers [29, 70, 158-161] discuss the 

interface with peripheral nerves system and how to use these technologies in clinical 

applications to better control Neuroprosthetic devices.  

There are several established studies that have explored the control and robotic 

embodiment of biological neuronal networks in closed-loop architectures with MEAs in 

vitro or neural implants in vivo. For example, Potter and colleagues demonstrated control 

of neuronal network bursting by modulating the stimulation voltage based on the culture-

wide firing rate[162]. Furthermore, the same group developed multiple closed loop MEA 

architectures for action control. One developed a stimulation technique for goal-directed 

motion guidance of an animated display using living cortical neurons[163]. Another 

demonstrated how the dynamics of biological neuronal networks impact control of a 
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robotic arm for an artistic painting display [164] and yet another controlled the motion of 

a simulated mobile robot [165]. A breakthrough study integrated action and perception [166, 

167]. It used a biological interface made from rats’ cortical neurons cultured in a MEA 

chamber. This bidirectional mobile robot control architecture mapped robotic sensory input 

to stimulate and alter neuronal dynamics, and subsequently impact robotic behavior in an 

obstacle avoidance paradigm [166]. Compartmentalizing the MEA chamber into different 

sections produced different system level dynamics due to better separation between the 

input and output signals, producing simulated obstacle avoidance performances [168].
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3 DIRECTION OF SLIP DETECTION FOR ADAPTIVE GRASP FORCE 

CONTROL WITH A DEXTEROUS ROBOTIC HAND

3.1 Introduction 

A novel method of tactile communication among human-robot and robot-robot 

collaborative teams is developed for the purpose of adaptive grasp control of dexterous 

robotic hands. Neural networks are applied to the problem of classifying the direction 

objects slide against different tactile fingertip sensors in real-time. This ability to classify 

the direction that an object slides in a dexterous robotic hand was used for adaptive grasp 

synergy control to afford context dependent robotic reflexes in response to the direction of 

grasped object slip. Case studies with robot-robot and human-robot collaborative teams 

successfully demonstrated the feasibility; when object slip in the direction of gravity 

(towards the ground) was detected, the dexterous hand increased the grasp force to prevent 

dropping the object. When a human or robot applied an upward force to cause the grasped 

object to slip upward, the dexterous hand was programmed to release the object into the 

hand of the other team member. This method of adaptive grasp control using direction of 

slip detection can improve the efficiency of human-robot and robot-robot teams.  
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In this research, an offline study was first conducted as a proof of concept for ANN 

classification. Then, an online study was performed to test the ANN classifier in real-time. 

Finally, experiments were performed for adaptive robotic reflexes with human-robot and 

robot-robot teams. The large similarity of the hardware allowed for a transmittal of the 

offline techniques to be applied during the real-time experiment with only minor 

adjustments required. 

3.2 Robot Hardware  

3.2.1 Robotic Hardware for Offline Experiments:  

For the offline experiment, an anthropomorphic robotic C6M Shadow Hand (Shadow 

Robotics, London, UK) was used. The Shadow Hand possesses 20 actuated degrees of 

Figure 3.1. (a) Shadow hand mounted on Yaskawa Robotic Arm. (b) Shadow Hand 

Mounted on the UR-10. 

 



29 

freedom (DOF) along with 4 underactuated joints for a total of 24 joints. The Shadow Hand 

was the end-effector of a 7 DOF Yaskawa Motoman SIA-10F arm Fig. 3.1(a).  

The BioTac sensor from SynTouch was mounted onto the index fingertip. This BioTac 

incorporates 19 impedances measuring electrodes (taxels) spatially distributed as shown in 

Fig. 3.2(a). Among some of the benefits, the BioTac can detect forces, micro-vibrations, 

and temperature, this enabled us to determine the point of contact and accurately detect the 

direction of slip. Also, the BioTac SP offers an easy-mount integration for the Shadow 

Hand.  

3.2.2 Robotic Hardware for Online Experiments:  

The real-time classification experiments were conducted using a E2M3R Shadow 

Dexterous Hand, mounted to a 6 DOF UR-10 robotic arm (Universal Robots, Denmark), 

Fig. 3.1(b). The BioTac SP, with 24 taxels spatially distributed as shown in Fig. 3.2(b), was 

connected to the index fingertip, and used for direction of slip detection in real-time 

experiments. 

3.3 Offline Training Data Collection  

Using Yaskawa’s FS100 teaching pendant, a series of movement sequences of the 

Yaskawa SIA-10F arm were programmed to maneuver the Shadow Hand above a fixed 

glass surface, establish contact between the surface and the BioTac, and subsequently 

induce slip between the fingertip sensor and the surface in either the south (S) or west 

(W)directions Fig. 3.3(a). Initially, the Shadow Hand was positioned slightly above the 
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surface, with an angle of π/4rad between the back of the palm and the surface. Each trial 

began with the Shadow Hand being lowered onto the surface by the arm at a rate of 10mm/s 

until contact was established. Once contact was established, the arm paused for a period of 

five seconds to allow the taxels to reach a steady state. Following this five second pause, 

the arm induced slip between the BioTac and the surface by moving linearly long the S or 

W directions for a further 10 seconds at one of two constant speeds (12.5mm/s or 25mm/s). 

Following this, the robotic arm came to rest, and the trial was concluded.  

Fifty total trials were conducted for each direction and speed of slip. In addition to 

varying the speed of slip for each direction, two separate coefficients of friction were 

evaluated. The above procedure was repeated on the same glass surface, but the surface 

was coated with a thin layer of vegetable oil to lower the coefficient of friction between 

the BioTac and the surface. In all, a total of 400 trials were conducted for this study 50 

trials for each independent variable. 

The taxel signals (e1, …, e19) were recorded with Robot Operating System (ROS) 

[169]. All taxel data were collected at 80Hz. Following data collection, the resulting raw 

signal data were manually annotated to mark the onset and cessation of slip during each 

trial. As the response of the BioTac at the onset of slip and immediately following was of 

primary interest, the resulting data sets were trimmed to include a 200ms window 

immediately prior to and following the onset of slip. These trimmed and annotated trials 

were subsequently used to train an ANN with the purpose of identifying the onset and 

direction of slip from the obtained tactile data. 
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3.3.1 Neural Network Training 

Prior to training of the ANN, the resultant data were segmented using a time-based 

square windowing function. A window time (tw) was empirically chosen as 100ms. Using 

the taxel data contained within the window at step i, the input vector used to train the ANN 

was derived  

where the raw signal data for each taxel was concatenated into a single Rqx1 

normalized vector 𝒙𝐴𝐷𝑁, where q is given as follows. 

 

𝑞 = (𝑛𝑡) ∗ 𝑛𝑤       (3.1) 

𝑛𝑤 = 𝑟𝑜𝑢𝑛𝑑 (
𝑡𝑤

𝑡𝑠
)     (3.2) 

 

Figure 3.2. Spatial distributions of the (a)19 electrodes in the BioTac and (b) 

24 electrodes in the BioTac SP. 
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where 𝑛𝑡 is the number of taxels (electrodes) and 𝑛𝑤 is the number of data samples 

in the window (Fig. 3.4). At each time step, the previous 𝑛𝑤 samples from each electrode 

𝑒𝑖 are concatenated into a single vector 𝒙𝐴𝐷. After concatenation, the resultant vector was 

normalized over the infinity norm. The normalized vector 𝒙𝐴𝐷𝑁 is given by 

 

𝒙𝐴𝐷𝑁 =
1

‖𝒙𝐴𝐷‖∞
𝒙𝑨𝐷 , 𝒙𝐴𝐷 =

[
 
 
 
 
 
 
[
𝑒1(1)

⋮
𝑒1(𝑛𝑤)

]

⋮

[

𝑒𝑛𝑡
(1)

⋮
𝑒𝑛𝑡

(𝑛𝑤)
]

]
 
 
 
 
 
 

               (3.3) 

While straightforward, the resulting dimension of the input layer of the ANN is 

dependent on the size of the window function 𝑡𝑤 and the sampling rate 𝑡𝑠. 

Figure 3.3. (a) Simulation of the performed slip detection experiments. (b) 

Direction representation for online. 
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3.3.2 Neural Network Architecture 

To classify slip characteristics from the obtained data, an ANN was constructed and 

trained using the MATLAB™ Neural Network Toolbox and the patternnet () function. A 

feedforward network structure with a single layer of hidden neurons was used. The 

activation function of the hidden layer was chosen to be the Hyperbolic sigmoid transfer 

function, while the softmax () activation function was implemented for the output layer.  

All networks implemented supervised learning using backpropagation. 

3.3.3 Classification Method for Offline ANNs 

Of interest in the current study is the ability of the ANN to classify one of four distinct 

output states: no slip (NS), incipient slip (IS), and the direction of slip (once gross slip 

 

Figure 3.4. Block diagram representation of constructing the input vector 

using the AD Training approach. 
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occurs), denoted GS and GW to represent slip in the South and West directions, 

respectively Fig. 3.3(a). The resultant target matrix 𝒙𝑻 is realized as: 

𝒙𝑻 = [

𝑵𝑺 𝟎
𝟎 𝑰𝑺

𝟎 𝟎
𝟎 𝟎

𝟎 𝟎
𝟎 𝟎

𝑮𝑺 𝟎
𝟎 𝑮𝑾

].                        (3.4) 

While assigning output classification targets for training, the classification target was 

defined as IS if the point at which slip was initiated fell within the time sample of the 

 

Figure 3.5. BioTac SP surface contours show the measured electrode 

impedances during the (a) Slip North (b) Slip East (c) Touch (d) Slip South (e) 

Slip West (f) No Touch trials. 
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window function 𝑡𝑤 . The training algorithm chosen was the Levenberg-Marquardt 

algorithm, defined as: 

𝒙𝑘+1 = 𝒙𝑘 − [𝑱𝑇𝑱 + 𝜇𝑰]−1𝑱𝑇𝒆.                    (3.5) 

In (5),  𝑱 represents the Jacobian matrix of the first derivatives of the network errors 

with respect to the weights and biases, while 𝒆 is a vector of network errors. 𝜇 is a scalar 

value that is decreased on each successful training step. The Levenberg-Marquardt 

algorithm is commonly used in pattern recognition and other applications[170-175].  

3.3.4 Datasets for Real-Time ANN Training 

As will be subsequently shown in the results, the offline ANN classifier was highly 

successful in detecting the direction of slip; however, it was not capable of distinguishing 

between the two different friction coefficients or slip speeds. Thus, the real-time 

classification experiments largely focused on detecting the direction of slip in four different 

directions, North, South, East, and West Fig. 3.3(b)) with one coefficient of friction and 

one speed of slip.  

Initially, the Shadow Hand was positioned slightly above the plexiglass and then 

lowered until the BioTac was in contact with the plexiglass. Once contact was established, 

the arm induced slip in one of the four directions analyzed in this study (Fig. 3.3(b)). After 

the period of slip was concluded, the hand was lifted off the surface to conclude the trial. 

Ten trials were conducted for each direction of slip as well as the touch (T) and no touch 

[176] states, for a total of 60 trials. 
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The output of the 24 taxels (e1, …, e24) of the BioTac SP were recorded using ROS. 

Like the offline experiment, following data collection, the resulting raw signal data from 

the taxels were manually annotated to mark the onset and cessation of slip during each trial. 

The signals were used to train an ANN to correctly classify the direction of slip from the 

obtained tactile data. BioTac SP surface contour plots show the relative electrode 

impedances for the four different directions of slip along with the Touch and No Touch 

states (Fig. 3.5). 

3.4 Real-Time ANN for Direction of Slip Detection 

 The signal processing and slip classification for the real-time experiments were 

performed in MATLAB/Simulink utilizing the pattern recognition toolbox. The toolbox 

was used to design and implement a feedforward neural network with a single hidden layer 

composed of ten hidden nodes. The neural network was designed to determine one of 6 

 

Figure 3.6. Classification flow architecture of online experiment where the outputs 

of the Neural Network section correspond to the 6 classes NT (No Touch), T 

(Touch), N (North), S (South), E (East), W (West). 
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potential classes: 4 slip direction classes (North, South, East, West) as well as Touch and 

No Touch states. First, the raw BioTac SP data was fed into Simulink from ROS via the 

Robotics Toolbox (Fig. 3.6). Once in the Simulink environment, the raw BioTac SP data 

were sent to the previously trained ANN for classification. Here, the direction of the slip 

was classified with the respective orientation (North, South, West, and East) or with the 

appropriate touch classification (Touch, No Touch). The resulting output was then 

processed and published back to the ROS environment.  

3.5 Adaptive Grasp Synergy Control 

3.5.1 Robot-Robot Team Experiments:  

After successfully identifying direction of slip in real-time, the same concept was 

applied to a scenario involving two collaborating robots: The Shadow Hand was used to 

grasp and transport a 3D printed cup within reach of a Baxter Robot (Rethink Robotics). 

Next, Baxter was programmed to grasp and lift the cup while the Shadow Hand was 

programmed to monitor the direction of slip detection from the BioTac SP sensor. When 

the ANN classifier detected the slip behavior from Baxter pulling up (Slip East), the 

Shadow Hand was programmed to open and release the object. This experiment was 

repeated ten times.  

3.5.2 Human-Robot Team Experiments:  

The same cup-transfer experiment was performed with a human in place of Baxter. 

When the Shadow Hand transferred the cup to the person, the human applied forces to the 
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cup in different directions: downward (towards the floor) and upwards (away from gravity). 

In this situation, the Shadow Hand was programmed to tighten the grip force to prevent 

slip if the direction of slip was downward whereas the hand was programmed to open if 

the direction of slip was upward. This experiment was repeated ten times. 

3.6 Results 

3.6.1 Real-Time ANN Slip Direction Detection 

Illustrative results for real-time classification for all ten testing trials for slipping (South 

and East) are presented in Fig. 3.7 (a, b) respectively. It can be observed that there were 

minor differences in the classifier behavior across the trials in each direction, but the 

performance while sliding in any of the four directions of slip was highly successful with 

early 100% accuracy in each of the four directions.  
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Fig. 3.8 shows the photo sequence of one trial and the ANN classification output 

associated with the slip direction. As the hand was lowered, the no touch state was 

detected (Fig. 3.8 (a)). When the hand initially contacted the surface, the touch state was 

detected (Fig. 3.8 (b)). The arm then lowered the hand slightly farther to establish firm 

contact, causing the index finger to extend in the north direction, which is also reflected 

Figure 3.7 (a) Slip Classification results for all trials Slipping South, (b) Slip 

Classification results for all trials Slipping East. 
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in the classifier output (Fig. 3.8 (c)). Then, the arm caused the hand to slip in the south 

direction (Fig. 3.8 (d, e)). Immediately after this, the hand was lifted off the surface, to 

return to the no touch state (Fig. 3.8 (f)3.). 

 

3.6.2 Adaptive Grasp Synergy Control using ANN Slip Direction Detection  

3.6.2.1 Robot-Robot Experiments:  

Fig. 3.9 shows data corresponding to Fig. 3.10 (a, b, c, d) which represents the photo 

sequence of the Shadow Hand passing the 3D printed cup to Baxter and subsequently, 

Baxter grabbing the object. As the Shadow Hand initiated the grasp closure onto the cup, 

motion was caused in the index finger abduction joint X4 (Fig. 3.3 (c)), which produced a 

momentary state of East Slip classification (Fig. 3.9) before stably grasping the object. 

 

Figure 3.8 Photo sequence of Slip South scenario. (a) hand slightly above the glass. 

(b) Touch scenario (pre-slip). (c) Slip South starting point. 
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After the grasp closure was completed, the object was firmly grasped, and the classifier 

detected the Touch class while the cup was transported toward Baxter. Once Baxter started 

to pull the object from Shadow Hand, the classifier successfully detected the Slip East class 

(upward, away from gravity) which prompted the Shadow Hand controller to release the 

object. All ten trials were completed successfully. 

Figure 3.9 Robot-Robot Interaction Data corresponding to Fig. 11(a - d). (a) 

Electrodes Impedance for e1-e10, (b) Slip Classifier for Baxter-Shadow 

Interaction, and Shadow-Hand index finger joints position. 
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3.6.2.2 Human-Robot Experiments:  

Fig. 3.10 (e, f, g, h) shows a photo sequence of a human interacting with the Shadow 

Hand. As shown in Fig. 3.10 a person was trying to press downward on the 3D printed cup 

to cause downward slip which caused the Shadow Hand robotic reflex to tighten the hand. 

Next, the person pulled up on the cup which cued the Shadow Hand to release the cup. Ten 

illustrative BioTac SP taxels during one trial (Fig. 3.10) show initially the steady state 

where the touch classification is detected. Then, at t = 12s, the person pressed down on the 

cup and the classifier detected slip West (towards the floor). Shortly afterwards, the person 

pulled upwards, and the classifier detected slip East, prompting the Shadow and to open 

and release the cup. All ten trials were completed successfully in this manner. The increased 

Figure 3.10. Robot-Robot interaction, (a, b, c, d) Photo sequence of Baxter Pulling 

Up the Cup from Shadow Hand. Human-Robot interaction (e, f, g, h) Photo 

sequence of Human Pushing Down and Pulling Up on the Cup from Shadow 

Hand. 
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accuracy for the online classifier (nearly 100%) compared to the offline classifier (91.4%) 

can be explained by the higher number of electrodes present in the BioTac SP. The 

additional 5 electrodes in the BioTac SP created a more descriptive feature vector allowing 

for increased classification accuracy. 

3.7 CONCLUSION  

An ANN classifier was developed to detect the direction of sliding contact of objects 

grasped by robotic hands in real-time. The ANN was trained and evaluated with two 

 

Figure 3.11. Human-Robot Interaction (a) Electrodes Impedance for e11-e20, 

(b) Slip Classifier for Human Robot interaction. 
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different tactile sensors connected to two different robotic hands with high success rates. 

The ability to detect the direction of grasped object slip was used for adaptive grasp control 

in the context of both a human-robot and robot-robot collaborative task to pass a cup from 

the dexterous robotic hand to another robot or person. When downward slip was detected, 

the robotic hand tightened the grip force to prevent slip. When the person or robot applied 

an upward force to the cup, the dexterous robotic hand opened to release the cup into the 

possession of the other team member. This manner of adaptive robotic grasp reflex based 

on detection of the direction of object slip can be useful to improve the performance of 

human-robot and robot-robot teams working collaboratively.
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4 HIERARCHICAL TACTILE SENSATION INTEGRATION FROM PROSTHETIC 

FINGERTIPS ENABLES MULTI-TEXTURE SURFACE RECOGNITION

4.1 Introduction 

Flexible tactile sensor able to prevent object from slipping, recognize surface texture 

and sliding speed is an essential for any prosthetic hand to enhance prosthetic hand 

performance during object manipulation and for robotic to dexterous grasping and 

manipulation. Multifunctional flexible tactile sensors could be useful to improve the 

control of prosthetic hands. To that end, a highly stretchable liquid metal tactile sensor was 

designed, manufactured, and integrated into the fingertip of an i-limb Ultra prosthetic hand. 

During this research, a liquid metal tactile sensor (LMTS) was manufactured using a single 

layer photolithography technique. Different evaluation experiments were performed to 

evaluate the performance of the LMTS. In the first experiment the LMTS was used to 

detect object sliding and prevent the sliding in real time. In the second experiment the 

LMTS is used to detect different surfaces at a constant sliding speed, detect speed of sliding 

contact on a given surface, and the fused four fingertip force sensor signals to detect 

different object surfaces at the hand level. High classification accuracy was achieved using 

four different classification algorithms: K Nearest Neighbor (KNN), Support Vector 
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Machine (SVM), Random Forest (RF), and neural network (NN). The data collected using 

LMTS is preprocessed, and time-frequency features were extracted to train and test the 

machine learning classifiers to classify three different speed and to distinguish between 

four different surface textures. The neural network (NN) classifier produced the highest 

classification accuracy to distinguish between four different surface textures and three 

different speeds.  Taken together, this novel prosthetic fingertip tactile sensor has the 

potential to improve grasp control and object manipulation operations for upper limb 

amputees. Additionally, this research documents the first time that a liquid metal tactile 

sensor has been used to detect sliding speed and distinguish between different surface 

features, to the best knowledge of the authors. 

4.2 Liquid Metal Tactile Sensor Operational Principle 

The electrical resistance of the LMTS changes in response to externally applied forces. 

The conductive LM injected into the microfluidic channel’s changes resistance when an 

external force impacts the microfluidic channel dimensions. The microfluidic channels 

increase in length and diminish in cross-sectional area when an external force is applied. 

The relation between the changes in resistance and changes in the microfluidic channel 

dimensions can be described by: 

𝑅 =
𝜌 𝐿

𝐴
          (4.1) 
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where R is the resistance across the terminals of the LM conductor and ρ is the 

resistivity. Geometric dimensions L (length of the LM conductor) and A (cross-sectional 

area of the microfluidic channel) change as external forces deform the sensor, producing a 

measurable change in the electrical resistance of the LM conductor.  

4.3 Microfabrication of Liquid Metal Tactile Sensor (LMTS) Mold 

The LMS mold was microfabricated via photolithography. SolidWorks was used to 

design the LMS microchannel cross-section with (400µm x 100µm) dimensions. The 

design was then printed onto a photomask to project the ultraviolet waves to the right 

dimensions. The silicon wafer was prepared first to create the 100µm layer thickness of the 

 

Figure 4.1. Liquid M Sensor manufacturing process. (a) Photolithography was 

used to manufacture the (b) master mold. (c) Spin coating was used to manufacture 

the top and bottom layers. (d) The top part of the microfluidic channels was peeled 

off the mold. (e) A thin layer of DS-30 (red line) was used to bond and seal the top 

and bottom layers together. (f) After curing, liquid metal was injected into the 

sealed microchannels with a syringe. 
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mold. SU 8 50 was spin-coated (Ni-Lo 4 Vacuum Holder Digital Spin Coater, Ni-Lo 

Scientific, Ottawa, Canada) at 1000RPM for 30s with an acceleration of 300 rad/s2. Soft 

bake was done at 65°C for 10min then at 95°C for 30min. An OAI 800 Mask Aligner was 

used to perform the photolithography process. The photomask was placed on top of the SU 

8 50 coated silicon wafer and the ultraviolet energy of 375mJ/cm2 was used to transfer the 

microchannel patterns from the photomask to the coated silicon wafer (Figure 4.1(a)). After 

exposure, the coated silicon wafer was post-baked on a hotplate at 65°C for 5 minutes and 

then 95°C for 10 minutes. The sensor pattern was developed using SU 8 developer (Figure 

4.1(b)). 

4.4 Liquid Metal Sensor Manufacturing process 

The first trials of manufacturing the LMTS microchannel used PDMS with a plasma 

bonding process to bond the top and bottom layers. Because PDMS is rather stiff relative 

to forces the i-limb prosthetic hand can apply, PDMS was deemed unsuitable for the sensor 

material. This is because the fingertip forces produced insufficient changes in microfluidic 

channel geometry, and minimal changes in resistance (1). Because of this, a more compliant 

material, Dragon-Skin 30 (DS-30), (Smooth-On, PA, USA) was used instead of the PDMS. 

Instead of plasma bonding, a spin coating technique was used since DS-30 did not bond 

with the plasma bonding treatment. 

 The first step for spin coating was to manufacture two double layers of DS-30 to create 

the LMTS. The degassed DS-30 was poured on top of the wafer and placed in the spin 
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coating machine operated at 500 RPM for 60 seconds with an acceleration of 100 rad/s2 to 

 

Figure 4.2. The liquid metal injection process. (b) The LMS is highly stretchable 

(units of cm). (c-e) CAD model of the integration process of the LM tactile sensor 

with the support structure. (f-i) Integration Process for the LM tactile sensor with 

the support structure. Units of mm. 
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create a 250 µm layer of DS-30 uniformly spread over the wafer. The wafer was then placed 

in an oven at 60 C0 for ten minutes to cure. The spin coating process was then repeated to 

obtain a 500 µm thick layer for the top and bottom layers. Finally, a thin layer of 7 µm 

thickness was obtained using the spin coater with a rotational speed of 4000 RPM for 60 

seconds and an acceleration of 500 rad/s2 to bond the top and bottom layers together. This 

layer was placed on the bottom layer for two minutes to dry, then the top layer was placed 

on top of it and into the oven for 20 minutes at 60 C0 to finish the bonding process Figure 

4.1. Using two 31-gauge syringes, LM was then injected into the microfluidic channel 

while the air within the channel was simultaneously extracted (Figure 4.2(a)). After 

finishing the liquid metal injection process, solid core electrical wires with the gauge of 30 

were inserted to establish electrical connectivity with the liquid metal material (Figure 

4.2(i)). 

4.5 Liquid Metal Injection Process 

Next, LM was injected into the sealed microfluidic channel (Figure 4.1(f)) using two 

31-gauge syringes. The first syringe was used to inject the LM into the microchannel while 

the second syringe was used simultaneously to extract the air trapped within the 

microchannel cavity (Figure 4.2(a). Solid core electrical wires (gauge 30) were stripped a 

length of 0.75 cm and inserted to establish the electrical connectivity with the liquid metal 

material and to complete the fabrication of the LMS (Figure 4.2(i)).  



51 

4.6 Design and Assembly of Fingertip Tactile Sensors 

Distal phalanx support structures were designed to integrate the LMS in the fingertips 

of the i-limb Ultra prosthetic hand. The support structures were designed using SolidWorks 

and 3D printed with ABS using Ultimaker S3 (Figure 4.2(c-e)). Each LMS was tied against 

the flat face of the distal phalanx support structure using nylon string. Afterward, vertical 

stabilizers were printed to hold the LMS support structures motionless as the DS-30 was 

poured into the two-part outer cast (Figure 4.2(f-g)). The two halves were aligned, and the 

mold was taped shut to cure for 24 hours. After curing, the mold was opened, the LMS was 

detached from the mold, and flash was trimmed (Figure 4.2(h)). 

4.7 Liquid Metal Sensor (LMTS) calibration  

The LMTS then was calibrated with a load cell (Figure 4.3). In the calibration process, 

a UR-10 was used under position control to move the i-limb prosthetic hand against the 

load cell to create the calibration forces in a consistent way. The load cell and the LMTS 

were connected to the same ROS network and had its data response streamed into Simulink. 

The MATLAB application (Curve Fitting) was used to create the calibration equation to 

match the load cell data with the LMTS data (Figure 4.3).  
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4.8 Amplifier Board for Liquid Metal Sensor 

Because LM has high conductivity, the LMTS had a resistance of approximately 1Ω. 

The utility of a single LMTS was demonstrated in this paper; however, a five-channel 

amplifier board was designed to accommodate five LMTSs for the five digits of the 

prosthetic hand in the future (Figure 4.4). Each amplifier used a Wheatstone bridge that 

was powered by the Teensy 3.6 microcontroller with 3.3V (Figure 4.4).  

 

Figure 4.3. Calibration process, after attaching the sensor to the fingertip of the 

prosthetic hand, the sensor was calibrated with loadcell. 
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4.9 Robotic System Configuration 

1. To enable a well-controlled experiment for the slip detection and prevention 

experiment, the i-limb was mounted onto a UR-5 robotic arm (Universal Robots, Denmark). 

A mechanical connector was 3D-printed that used a commercially available prosthetic hand 

coaxial electrical connector and lamination collar (Ossur, Iceland) internally integrated for 

stability and electrical connectivity. The UR-5 robotic arm was programmed with the teach 

pendant to consistently move the prosthetic hand fingertips along different surfaces. The i-

limb hand was controlled via Simulink (The Mathworks, Natick, USA) using a National 

Instruments PCIe-6323 PCI card and a connector block.  The amplified LMTS signal was 

recorded at 1kHz via the real-time Windows target kernel. The prosthetic hand control 

signal was generated in Simulink and output to a Teensy 3.6 microcontroller which was 

input to the i-limb hand (Figure 4.4(a)).  

2. In the second part of the experiment in which the surface feature recognition and 

sliding speed classification were the main targets. The prosthetic hand was mounted on a 6 

degree of freedom robotics arm (UR-10 (Universal Robots, Denmark)) to perform a data 

collection experiment. The hand attached to the robot through a 3D printed connector that 

uses a coaxial electrical connector and lamination collar (Ossur, Iceland) internally 

integrated for stability and electrical connectivity. The robotics arm was programmed 

manually using the teach pendant to move the hand into the right positions and performed 

the slip against different surfaces. The LMTS sensors were connected to the amplifier and 
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then connected to MATLAB Simulink (The Mathworks, Natick, USA) through a Teensy 

 

Figure 4.4. Robotic system configuration, (a) system configuration for the first 

experiment when the sensor was used to detect slipping and prevent the slipping, 

(b) the system configuration for the experiment setup when the LMS was used to 

classify the sliding speeds and recognize different surface texture. 



55 

3.6 microcontroller as a ROS node. ROS was used as the main medium of connection; the 

ROS master was initiated in Simulink and the Teensy 3.6 was a slave node that collect the 

LMTS signals and published it to the master in Simulink. The data was recorded in 

Simulink environment with 1 kHz as the sampling frequency (Figure 4.4 (b)). 

4.10 Detection of Sliding Contact with Liquid Metal Sensor 

One novel contribution of this work is to detect and prevent sliding contact using a 

LMTS integrated onto a prosthetic fingertip, since this would be helpful for helping 

amputees avoid accidentally dropping grasped objects. To this end, a 3D-printed board was 

designed with five different patterns on the surface (Figure 4.5). The UR-5 was used to 

maneuver the i-limb with the LMTS over each of the five patterns. The index finger was 

next flexed onto the pattern, held stable (Figure 4.5(b)) and then translated horizontally by 

 

Figure 4.5. Photo sequence of the index finger of the i-limb quantum hand 

equipped with LMS fingertip placed over the first pattern on the board with the 

LMS signal response. 
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the UR-5 along the surface (Figure 4.5(c)) until reaching the end, when the finger was lifted 

off the surface (Figure 4.5(d)3). This process was repeated six times for each of the five 

different patterns on the board. The linear velocity of the hand during translation was 

maintained at 0.035 m/s. 

Data from these trials were post-processed to distinguish between slip and no-slip 

signal features. Illustrative data from each of the five patterns (Figure 4.6(i)) showed 

different characteristics in the time domain (Figure 4.6(ii)). These data were manually 

separated into the slip and non-slip datasets and FFT were performed on each dataset with 

MATLAB (Figure 4.6(iii)). From the FFTs, there were higher power concentrations in 

higher frequencies with the slip data in comparison to the non-slip data. These differences 

were exploited for real-time slip prevention.  

4.11 Realtime Slip Detection and Prevention 

To amplify the differences between the slip and non-slip trials, the LMTS signal was 

first differentiated to remove any DC components of the signal, reducing the influence of 

fingertip force amplitude from the slip detection method. The differentiated signal was next 

passed through two second order transfer functions placed in series, of the form: 

 

𝐺(𝑠) =
𝑤𝑛

2

𝑠2+2𝜉𝑤𝑛 + 𝑤𝑛
2      (4.2) 
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 The damping ratio was chosen to be 0.26 to produce resonance, thereby greatly 

amplifying high frequency signal components characteristic of slipping data in the vicinity 

of the natural frequency (ωn), which was chosen to be 30 rad/s using the FFT slip data as 

a guideline (Figure 4.6(iii)).  

 The absolute value of the output of these transfer functions was low pass filtered to 

reduce noise, and then passed into a relay block to produce a clean indicator of slip or no-

 

Figure 4.6. (a-e). (i) Five slipping patterns. (ii) LMS slip time domain response. 

(iii) The FFT of the Slip and Non-slip data showed substantially different 

characteristics. 
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slip (Figure 4.9 (a)). The step-by-step impact of these signal processing methods can be 

seen in Figure (4.9 (b)), which represents a robust and computationally inexpensive method 

to detect slip. These attributes are highly desirable for real-time control with embedded 

microcontrollers used for prosthetic hands. 

4.12 Surface Feature and Sliding Speed Classification Experiment Design 

The second novel contribution in this research is the different sliding speed 

classification and the surface texture recognition on a finger and hand level using the 

LMTS sensor mounted on the fingertip of the i-limb prosthetic hand. To distinguish 

between different surface textures and different sliding speeds an experiment was designed 

 

Figure 4.7. CAD model showing the four different texture dimensions and the 

three different sliding speeds. Units of mm. 
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with four different surfaces (Figure 4.7) and three different sliding speeds (20 %, 60 % and 

 

Figure 4.8. (a-d) The prosthetic hand with four LMSs slid while in contact with the 

multi-textured surface. (e) Illustrative data from the little finger LMS showed 

different responses when sliding on texture 3 at 20mm/s, (f) 60 mm/s, and (g) 100 

mm/s. (h) Corresponding spectrograms (k) Representative time domain LMS 

signals from the middle finger showed different activation patterns as it slid at 20 

mm/s on texture 1 (l) texture 2, (m) texture 3, and (n) texture 4. (o-p) 

Corresponding spectrogram features. 
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100 %) of the max speed (0.1 m/s). The only difference between the surfaces is the distance 

between the ridges (1, 2, 3, and 4 mm Figure 4.7). The four surfaces were designed using 

SolidWorks and 3D printed using Ultimaker 5. To establish a solid contact with the LMTS 

each surface was designed with different height depending on which finger the surface is 

designed for, due to the mechanical design of the prosthetic hand. The prosthetic hand was 

placed on a flat surface and the height for each fingertip were measured to design the four 

surfaces. During this experiment, the prosthetic hand sliding speed and the different surface 

textures were the two factors that the LMTS sensor was tested to discriminate. To 

distinguish between different sliding speed, 20 sliding trials were collected for each sliding 

speeds (20 %, 60 % and 100 %) for each surface. These data collected during the trials 

were used to train and test the machine learning classifiers on a finger level classification. 

To distinguish between the four surface textures, the sliding trials with 20% sliding speed 

were used to design the machine learning classifiers. These data collected during this trial 

was used to train the machine learning classifiers. To test the LMTS sensor and the pre 

trained a classifier, ten different sequence of the four surfaces were generated using 

MATLAB randperm () function. The prosthetic hand sliding speed for the random 

generated sequences was 20 % of the maximum speed, which was selected because during 

this speed the LMTS sensor will have the most time to interact with the surfaces. For each 

random generated sequence, 20 trials were collected to test the ability of the machine 

learning classifiers designed to distinguish between four different surface textures on a 

hand level configuration.  
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4.13 Offline Analysis for Surface Feature Recognition and Sliding Speed 

Classification with a Liquid Metal Tactile Sensor  

The time domain data were pre-processed to manually separate the sliding data from 

the all the collected data. The spectrogram feature extracted time-frequency data were used 

to train the machine learning classifiers in MATLAB. The power features extracted from 

the time domain data were calculated using a 512-point FFT with 0.08s frame length and 

a Hanning window with 90% overlap (Figure 4.8). After running the spectrogram analysis, 

the resultant time-frequency power distribution matrix was used to train multiple machine 

learning algorithms. The machine learning classifiers reported in this research were the 

neural network with 100 hidden neurons, support vector machine (SVM), k-nearest 

neighbors (KNN), and random forest (RF) with 500 trees. 

The SVM algorithm created a hyperplane to separate the extracted features into 

different classes, in this case, surfaces upon which the LMTS contacted [177]. The working 

principle of the KNN algorithm is to calculate the shortest distance between a query and 

all the points in the extracted features and selecting the specified k number closest to the 

query and voting for the most frequent class label [178] . The RF algorithm first proposed 

by [179] can perform regression and classification tasks. Its ensembles of tree structure 

classifiers can be trained separately. This algorithm creates the forest with a group of 

decision trees. In general, the more trees in the forest the more robust the prediction which 

leads to higher reported accuracy. The Neural Network Pattern Recognition [176] was used 
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to create and train a network, and evaluate its performance using cross-entropy and 

confusion matrices. A two-layer feed-forward network, with sigmoid hidden and softmax 

output neurons, is used to classify the collected data. The hidden layer neurons were 

selected to be 100 neurons for this configuration. The network will be trained with scaled 

conjugate gradient backpropagation. 

The LMTS sensor on four fingertips were tested with the four different surface textures. 

The data collected for each finger is processed separately from the other fingers. After pre-

processing the data in time domain and perform the feature extracted in time-frequency 

domain, our different machine learning classifiers were trained and tested for the collected 

data. 

For the neural network, the collected data was divided into 3 categories: 70 % train data 

set, 15% validation data set and 15% testing data set to train and test the NN classifier. The 

training data set are used to train the network, and the network is attuned according to its 

error, the validation data set are used to measure network generalization, and to stop 

training when generalization stops improving, while the testing data set provide an 

independent measure of network performance after training. Training automatically stops 

when generalization error stops improving, as indicated by an increase in the cross-entropy 

error of the validation samples.  

For the other machine learning classifiers (KNN, SVM, and RF) the extracted time-

frequency power distribution features data were divided randomly into 2 parts, the training 

part which comprised 80% of the data and the testing part which comprised the remaining 
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20% of the data. Each of the four classification algorithms was run 10 times with 

randomized selection of the training-testing features data and the average classification 

accuracy was calculated. The performance of any classification model will decrease 

significantly if the model is overfitted, so the feature data were toggled randomly before 

training and testing the classifier models to prevent any overfitting. 

4.14 Results 

4.14.1 Realtime Slip Detection and Prevention 

To demonstrate the feasibility of real-time slip prevention, the 3D printed board was 

pinched in place between a wooden block and the tabletop (Figure 4.9(c)). The i-limb was 

maneuvered to grasp the block with the UR-5 arm, which translated the hand horizontally 

away from the board. The grip force of the i-limb was chosen to be low enough so that slip 

occurred. The output from the slip detection algorithm in Simulink was added to the input 

of the prosthetic hand, causing the fingers to tighten further and grasp the object more 

tightly. This created an obvious demonstration of preventing the board from slipping out 

of the grip of the prosthetic hand (Figure 4.9(c)).  

  

4.14.2 Liquid Metal Sensors Sliding Across Different Textures 

Sample data from the LMS on the little finger sliding across texture T3 with three 

different 
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speeds showed different characteristics in the time domain (Figure 4.8(e)-(g)). The 

 

Figure 4.9. (a) Slip detection and prevention block diagram. (b). LM tactile 

amplified, filtered, and rectified signal. (c) Real-time testing of the slip prevention 

controller. 
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spectrograms of these experiments showed a higher concentration of power in higher 

frequencies as the speed of sliding contact increased (Figure 4.8(h)-(j)). 

Illustrative data from the LMS on the middle finger sliding across the four different 

textures (T1-T4) with a speed of 20mm/s showed noticeable differences in the sensor 

responses (Figure 4.8(k)-(n)). The spectrogram showed the impact of increasing ridge 

spacing (d, Figure 4.7) of the textures and increasing power in high frequency components 

of the LMS signal (Figure 4.8(o)-(r)). These characteristic signatures related to speed of 

sliding contact and texture features were exploited by the machine learning classification 

algorithms. 

 

Figure 4.10. (a) The mean classification accuracy results from all four fingers to 

distinguish between different sliding speeds with individual fingertip LMSs, (b) 

Individual finger classification accuracies to detect the speed of sliding contact on 

specific textures. 
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4.14.3 Detected speed of sliding contact with individual fingertip sensors 

The machine learning algorithms were able to distinguish between all the speeds with 

each finger with high accuracy (Figure 4.10(b)). The overall means and standard deviations 

of speed classification accuracies from all four fingers are shown in Table 4.1, Figure 

4.10(a). The SVM, RF, and NN all had nearly perfect accuracy > 99% in detecting the 

different speeds of sliding contact on all four textures. A two-factor ANOVA indicated that 

the classifier accuracy for the KNN was significantly different from the other algorithms 

(p<0.01). There were no significant differences among the RF, SVM, and NN (p>0.05). 

The classification accuracy to detect the speed of sliding contact was significantly impacted 

by the textures (p<0.01), likely because the KNN, SVM, and RF generally had lower 

accuracies with textures T1 and T3 than the NN (Figure 8(b)). However, there was no 

significant interaction between the different classification algorithms and the textures 

(p>0.05).  

 Table 4.1. Mean classification accuracy for detected speed of sliding contact with a 

single finger. 

Classification Algorithms Accuracy 

K-Nearest Neighbors (KNN) 98.5% ± 1.3 % 

Support Vector Machine 

(SVM) 
99.4% ± 0.4 % 

Random Forest (RF) 99.6% ± 0.2% 

Neural Network (NN) 99.7% ± 0.2% 
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4.14.4 Distinguishing between different textures with individual fingertip sensors 

The LMSs were tested to distinguish between the four different textures. The mean 

texture classification accuracy for each classifier is shown in Table 2, and the classifier 

with the highest overall accuracy was the NN with 97.8% ± 1.0% (Figure 4.11(a)). The NN 

had the highest overall accuracy at the 20 mm/s and 60 mm/s speeds; however, the RF 

algorithm outperformed the NN slightly at the 100 mm/s slip speed setting with 

classification accuracy of 98.3%±1.7%. A two factor ANOVA showed that the 

 

Figure 4.11. (a) Overall classification results to distinguish between different 

textures with three different speeds of sliding contact using individual fingertip 

LMSs. (b) Classification accuracy for each finger to detect the correct texture with 

three different speeds of slip. 
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classification accuracy for all algorithms were significantly different from one another 

(p<0.01). This is likely because there was a clear trend of increasing accuracy with the 

KNN, SVM, RF, and NN (Table 4.2) that was consistent with each finger Figure 4.11(b). 

However, there was no statistically significant impact upon the texture detection accuracy 

by the speed of sliding contact (p>0.05). There was also no significant interaction between 

the classification algorithms and the sliding speeds (p>0.05). 

Table 4.2. Mean classification accuracy for detecting different textures with three 

different speeds using each finger individually. 

Classification Algorithm Accuracy 

K-Nearest Neighbors (KNN) 90.5% ± 1.1% 

Support Vector Machine 

(SVM) 
93.8% ± 0.7% 

Random Forest (RF) 96.8% ± 1.4 % 

Neural Network (NN) 97.8% ± 1.0% 

 

4.14.5  Hierarchical tactile sensation integration to distinguish between complex 

multi-textured surfaces 

Ten surfaces comprised of multiple textures were accurately classified using the LMSs 

from four prosthetic fingertips simultaneously. Examples of five different multi-textured 

surfaces are shown in the top of Figure 4.12 and another is shown in Figure 4.8(a)-(d). The 

algorithm with the highest overall classification accuracy was again the NN with 99.2% 

±0.7% (Figure 4.12, Table 4.3). The NN had the highest overall classification accuracy 
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with all the surfaces except surfaces S7 and S8, where the RF algorithm outperformed the 

NN slightly. The two-factor ANOVA indicated that the accuracies for all classification 

algorithms were significantly different (p<0.01), and the different surfaces also 

significantly impacted the classification accuracies (p<0.01). Furthermore, there was a 

significant interaction between algorithms’ classification accuracies and the multi-textured 

surfaces (p<0.01). This interaction was likely caused by the RF outperforming the NN with 

surfaces S7 and S8 even though the RF had lower overall classification accuracy across all 

ten surfaces than the NN. Another reason for the significant interaction is that the SVM 

had better classification accuracy than the RF with surface S2, but lower classification 

accuracy averaged across all surfaces than the RF. 

Table 4.3. Mean classification accuracies to hierarchically detect different multi-

textured surfaces using four fingertip sensors simultaneously. 

Classification Algorithms Accuracy 

K-Nearest Neighbors (KNN) 88.6% ± 5.1% 

Support Vector Machine 

(SVM) 
94.3 % ± 3.4% 

Random Forest (RF) 97.0% ± 2.1% 

Neural Network (NN) 99.2% ± 0.8% 



70 

 

4.15 Discussion 

  People exhibit the trait of hierarchical control, where tactile sensations from 

multiple fingers are integrated by the central nervous system to synergistically manage 

dexterous object manipulation tasks [180]. This capability has recently been demonstrated 

for dexterous robotic hands to autonomously stabilize grasped objects [181]. People can 

also detect the speed of sliding contact with their fingertips, and use this information to 

 

Figure 4.12. Classification results to detect 10 different complex multi-textured 

surfaces using four fingertip sensors simultaneously. Examples of five different 

multi-textured surfaces are shown on the top. On average, the NN had the highest 

classification accuracy. 
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reliably control slip of grasped objects [182]. Furthermore, people can also discriminate 

between two different surface textures simultaneously using two different fingers [183]. To 

enable a more natural feeling prosthetic hand interface, recent work has shown that people 

can distinguish between several different surface textures using transcutaneous electrical 

nerve stimulation conveying haptic feedback from a neuromorphic sensor array [184].  

Building upon these prior accomplishments, our paper has shown that the LMTSs can 

be reliably used to distinguish between four different textures and three different speeds of 

sliding contact. Furthermore, we have demonstrated the capacity for hierarchical tactile 

sensation integration from four fingertips simultaneously to detect differences between 

complex multi-textured surfaces. This demonstrated the hierarchy of single finger (low-

level) and whole hand (high-level) perception, specifically in the form of individual 

textures (low-level) and complex surfaces comprised of multiple textures (high-level). In 

other words, tactile information from all the individual fingertips provided the foundation 

for a higher hand-level of perception enabling the distinction between complex multi-

textured surfaces that would not have been possible using purely local information from an 

individual fingertip. We believe that these tactile details could be useful in the future to 

afford a more realistic experience for prosthetic hand users through an advanced haptic 

display, which could help prevent prosthetic hand abandonment by enriching the amputee-

prosthesis interface [185-187]. In the context of a haptic display, where sensations of touch 

are conveyed from a prosthetic hand to an amputee via actuators or electrotactile 

stimulation [184], there are many possible approaches for the mapping of tactile sensations 
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from the robotic sensors to the human sensations on a different portion of the amputee’s 

residual limb. While it is possible that the user could learn to directly interpret the artificial 

sensations of touch, it is not necessarily the optimal approach. Fundamental differences 

between robotic sensors/actuators and human mechanoreceptors [28] suggest that an 

intermediary step of classification via artificial intelligence, such as the work in this paper, 

could ameliorate human perception of the haptic display. This could be accomplished by 

mapping the artificial tactile sensations in a manner more conducive to human perception 

[184, 188, 189]. 

Beyond this, the highly successful texture, speed and surface feature classification 

results were obtained without any explicit force feedback loop. Illustrative differences 

between LMTS signal amplitudes of the little finger (Figure 4.8(e-g)) and the middle finger 

(Figure 4.8(k-n)) had no significant impact on the overall successful classification rates 

with each finger (Figures 4.10, 4.11). Therefore, this approach for speed, texture, and multi-

textured surface recognition does not require a force feedback loop, which could be quite 

beneficial in the highly unstructured tasks of daily life where amputees may seek to explore 

surface textures without the cognitive burden of accurate force control of each specific 

fingertip of a prosthetic hand.  

The comparison of the four different machine learning algorithms showed that the NN 

generally had the highest overall classification accuracy. However, when using a single 

finger to detect the speed of sliding contact, there were no significant differences between 

the SVM, RF, and NN algorithms. Furthermore, significant interactions were observed 
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between the accuracies of each algorithm and the complex multi-textured surfaces when 

demonstrating hand-level intelligence via hierarchical tactile sensation integration. In some 

cases, the RF slightly outperformed the ANN and the performance of any single algorithm 

was not perfectly uniform across all cases. These nuanced results illustrate the importance 

of considering many operational factors prior to choosing an algorithm for real-time control, 

including the intended use of the sensor, computational expense, and potential for increased 

classification accuracy.  

4.16 Conclusions 

Stretchable tactile sensors using liquid metal were designed and manufactured for the 

fingertips of a prosthetic hand. The LMS was used to detect and prevent sliding contact of 

a grasped object in real-time. Furthermore, three novel contributions were made with these 

new tactile sensors. The LMTSs were able to reliably distinguish between different speeds 

of sliding contact and different textures with individual fingers. Beyond this, we 

demonstrated the capability for hierarchical tactile sensation integration from four 

fingertips simultaneously to distinguish between complex multi-textured surfaces. The NN 

produced the highest classification accuracy of 99.2% ± 0.8% to classify the multi-textured 

surfaces. Due to the compliant, lightweight nature of the LMTS and high classification 

accuracy, this paper has demonstrated the feasibility of their application to prosthetic hands. 

Hierarchical tactile sensation integration from multiple fingers is a trait exhibited by people 

and could be a useful technique for a haptic display to improve prosthetic hand functionality.
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5 SOFT ROBOTIC ARMBAND WITH PRESSURE ACTUATORS AND 

VIBROTACTILE STIMULATORS FOR BIMODAL HAPTIC FEEDBACK

5.1 Introduction  

The haptic sense relies upon a plurality of receptors and pathways to produce a complex 

perceptual experience of contact, pressure, taps, vibrations, and flutters. This complexity 

is yet to be reproduced in haptic feedback interfaces that are used by people controlling a 

dexterous robotic hand, be it for limb-absence or teleoperation. The goal of the present 

bimodal haptic armband is to convey both low-frequency pressure changes and high-

frequency vibrations from a dexterous robotic hand to a human's upper arm, to guide his/her 

control of the artificial limb. To that end, we design and manufacture four novel soft robotic 

armbands combining inflatable air chambers and vibrotactile stimulators. We develop 

control systems for both pathways. We conduct a series of benchtop tests to determine the 

pneumatic and vibrotactile performance and select from competing designs and materials. 

We test two of the resulting bimodal haptic armbands on human subjects and confirm their 

ability to use both aspects of this haptic information. Arguing that dexterous artificial hands 

are presently not used to their fullest capability by the dearth of haptic information in users, 
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this work aims to achieve a more realistic tactile experience for a fluent, more natural usage 

of robotic artificial hands. 

The present study utilized a novel bimodal haptic armband to apply (1) slowly adapting 

pressures related to steady state robotic fingertip forces and (2) rapidly adapting vibratory 

fingertip sensations to the upper arm of the wearer. Ultimately, this armband (Fig. 5.1(E)) 

will be used during real-time control of an artificial hand with high-density BioTac tactile 

sensors (SynTouch, Los Angeles, USA) mounted on the fingertips of a Dexterous Shadow 

 Figure 5.1. Overview of the bimodal haptic actuator embedded in a close-loop system, 

with a subject (A) controlling the robotic hand (B-C), eliciting tactile information during 

its interaction with objects and surfaces; information that is returned by the haptic 

controller (D) to a bimodal haptic actuator (E) wrapped around the subject’s arm.  

 



76 

Hand (Shadow Robot Company, London, UK), (Fig. 5.1(C)) to refer tactile sensations 

elicited during robotic hand grasps to the residual limb of people who have a congenital or 

attained upper limb absence. 

In its final form, the armband aims to create well-mapped sensations of pressure and 

both high and low-frequency sensation of vibration to the subject, to minimize his/her 

mental load while controlling an artificial hand. To advance toward this goal, we explore 

the effect of 4 factors in the bimodal haptic armband: 2 designs of the soft pneumatic 

actuators (D1, D2, henceforth); 2 types of air pumps supplying air to inflate the soft 

actuators; 2 levels of material Shore hardness of a rubber material used to construct the 

pneumatic actuators (Ecoflex 30 and Ecoflex 50, (Smooth-On, PA)) and 2 densities of 

vibrotactile stimulators (3 or 5 stimulators per armband). 

5.2 Design of Bimodal Haptic Armband 

SolidWorks (Trimech, VA) was used to design two armband prototypes, D1 and D2 so 

that molds could be 3D printed Fig. 5.2. Both armband designs could be readily integrated 

within the sockets of prosthetic limbs for a seamless feedback channel of tactile 

information to limb-absent people during tasks of daily life. Both designs have the same 

inlet nozzle to standardize the pneumatic input into the actuator. D1 and D2 both had 

hemispherical air chambers with diameters of 1.5cm and 0.36cm, respectively. D2 was 

theorized to have a faster response time than D1 for equal pressures since a smaller volume 

needed to be pressurized.  
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A two-step molding process was used to make the armbands, in which the two layers 

were independently molded before being bonded together. The two layers were molded 

from two ISO 10993-10 certified skin-safe materials of different Shore hardness. The 

foundation is molded from Dragon-Skin 30 (Smooth-On, PA), a relatively rigid rubber 

compared to either of the two rubbers used for the actuation layer, Ecoflex-30 or Ecoflex-

50. These were chosen to be elastic enough to allow for expansion of the air chambers 

when inflating, without persistent deformation. 

5.3 Armband Manufacturing  

The armband was made of flexible, silicone rubbers to accommodate human arms of 

varying morphologies with minimal discomfort. Three 3D printed parts were made to act 

as molds and insert (Fig. 5.3(A)). The insert is sealed to the actuation layer mold with hot 

 

Figure 5.2. SolidWorks model of the soft actuator armband. 
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glue so that the internal geometry of the armband will be formed (Fig. 5.3(B)). Two 

variations of the foundation layer were fabricated, one with three vibrotactile stimulators 

 

Figure 5.3. (a) The molds and the insert are 3D printed. (b) The actuation layer 

mold and the insert are sealed together with hot glue. (c) Vibrotactile 

stimulators are placed in the spot faces of the foundation mold. (d) The 

respective liquid rubbers fill the foundation and actuation layer molds. (e) The 

actuation layer is removed from its mold. (f) The two layers are fused together 

with additional Eco Flex. 
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(Vibrating Mini Motor Disc at 5V, Adafruit), (Fig. 5.3(F)) and another with five. Depending 

on the number of vibrotactile stimulators being used, they are placed in either every spot-

face or every other spot-face of the mold (Fig. 5.3(C)). These vibrotactile stimulators were 

responsible for the high-frequency tactile sensations that the subject experienced during 

this psychophysics study discussed subsequently. The electrical wires used to power each 

vibrotactile stimulator exited the foundation layer through rectangular tabs which provided 

strain relief for the solder joints. Next, the respective rubbers were degassed in a vacuum 

chamber before filling the molds (Fig. 5.3(D)). After each layer fully cured, the actuation 

layer was removed from its mold as one piece (Fig. 5.3(E)). The actuation layer was 

subsequently fused to the foundation layer with additional EcoFlex (Fig. 5.3 (F)). The more 

rigid foundation acts as a strain limiter, constraining the air bladders to expand normally to 

the armband (Fig. 5.4, (C-F)), creating a clear percept of pressure on the skin when the 

armband is worn by subjects. 

The fully fabricated armbands had three soft robotic actuators separated by 7.2cm 

spaces (Fig. 5.4(A)). To inflate the soft actuators, air pumps (Pump 1 or Pump 2 from Fig. 

5.4(B)) were connected to each air chamber via rubber tubing (0.3175cm diameter) and 

secured to each of the tabs via a zip tie. 

5.4 Bimodal Haptic Armband Benchtop Testing 

In the following, benchtop experiments were conducted for the soft actuators and the 

vibrotactile stimulators prior to human subject testing.  
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5.4.1 Testing the Soft Pneumatic Actuators 

To test the pneumatic actuators, both air chamber and valve were connected to either 

pump 1 (Mini Air Pump DIMINUS, China) or pump 2 (D220S-V, TCS Micropumps Ltd, 

UK) (Fig. 5.4(b)). Each of the four armband designs (D1 and D2, with EcoFlex 30 or 50) 

were sequentially placed on a benchtop so that one of the soft actuators contacted a 2kg 

load cell (LSP-2, Transducer Techniques, Temecula, USA) to record the applied force (FSA) 

of the soft actuator. The internal pressure (PSA) of the air chambers was simultaneously 

 

Figure 5.4. Variations in the design of the bimodal haptic actuator. (a) Armbands 

with two geometries D1 and D2 for the air chambers, were filled using (b) two 

pump models resulting in different pneumatic profiles: (c) Design-1 uninflated, (d) 

Design-1 inflated, (e) Design-2 uninflated, and (f) Design-2 inflated. 
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measured with a 103 KPa pressure sensor from Honeywell. Each pump was driven open 

loop with a ½ Hz square wave using Simulink which was published to Robot Operating 

System [30] using the ROS toolbox. This topic was subscribed to with Arduino Uno to 

drive the pump with the PWM motor driver ((Pololu 0J7303 Pololu Corporation, LV). 

These benchtop tests resulted in three independent variables: (1) soft actuator material 

Shore hardness: 30 or 50, (2) air chamber geometric design: D1 or D2 (Fig. 5.4(c-f)), (3) 

air pump model Pump 1 or Pump 2 (Fig. 5.4(b)). The actuators were inflated/deflated 15 

times for all eight combinations of three independent variables. The first five cycles were 

trimmed to allow the system to reach steady state and the next ten cycles were analyzed for 

Figure 5.5. Illustrative data from four combinations of pump (Pump 1 or 2), 

geometric design (D1 or D2), and actuator material (Eco Flex 30 or 50). 
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the maximum force and pressures that each of the eight combinations of the three 

independent variables produced. Data were sampled at 1 KHz. 

5.4.2 Results from the Soft Actuator Benchtop Tests 

Sample data show time series for the applied air pressure (PSA) and measured force 

(FSA) at the soft actuators (Fig. 5.5). The aggregated result of this test shows the correlation 

between the maximum forces and pressures for each of the two designs (D1 and D2), (Fig. 

5.4(A)), pumps (P1 and P2), (Fig. 5.4(B)), and materials (Ecoflex 30 and Ecoflex 50), (Fig. 

5.6). From these tests, it is clear that Pump 1 generally enabled larger forces and pressures. 

Second, we observe that EcoFlex 30 permitted larger forces for comparable internal 

pressure levels. Third, D2 was unable to deliver as much force as D1 even though the 

applied pressure (x-axis) was almost the same. Because the upper-arm of humans has a 

lesser concentration of tactile receptors and smaller acuity/larger detection threshold[9, 10] 

a smaller force likely deteriorates the subject’s ability to perceive haptic events. Therefore, 

the geometry of Design 1 is selected for future tests with human subjects and Design 2 

withdrawn. 

Even though EcoFlex 30 enabled higher forces for comparable pressures, Ecoflex 50 

was retained for comparative studies with human subjects. The rationale for this is that 

even though EcoFlex 30 is preferred from a force resolution viewpoint, the higher Shore 
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hardness of EcoFlex 50 could provide a more robust, longer lasting device more capable 

of withstanding the rigors. 

 

5.4.3 Hysteresis Between Soft Actuator Internal Pressure (PSA) and External 

Applied Force (FSA) 

In another test, we explored in more detail (1) nonlinearities in the haptic response of 

the soft actuators (EcoFlex 30 and 50) to air pressures applied by the pump; and (2) 

hysteresis in the inflation and deflation process for a series of four different internally 

applied pressures. For each pressure level, twenty cycles for inflation and deflation (ten 

Figure 5.6. Input/output relationship between internal actuator air pressure (PSA) 

and force recorded at the loadcell from the pneumatic actuator (FSA). 
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each) were recorded to study the effect of hysteresis. The resulting effect was also assessed 

by measuring the applied force  

by the soft  

actuator on a load cell (Fig. 5.7). Like before, Ecoflex 50 intakes larger air pressures 

and restitutes smaller forces by the soft actuator, especially for larger internal pressures. 

Importantly, only a modest amount of hysteresis was observed: for each trajectory, inflation 

slightly diverges from deflation. But overall, the ascending and descending phase remain 

 

Figure 5.7. Hysteresis Curves for EcoFlex-30 and EcoFlex-50 Arm Bands with 

different loads applied. See details in text. 
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very close. Studying the four internal loads for a given material, we observe that their 

trajectories are consistent: their ascending phase is indistinguishable, and their descending 

phase exhibits only minor variations across internal pressures. Minimal hysteresis is 

desirable: as mentioned before, chosen materials should undergo minimal permanent 

deformation. From a study of the benchtop data above, we also estimate the nonlinear 

relationship between applied air pressure and force generated at the soft actuator. Since this 

relationship has a minimal load dependency and a modest hysteresis, in future work and 

separately for each material (Ecoflex 30 and Ecoflex 50), we model it with a third order 

polynomial (Eqs. 5.1 and 5.2). These mappings will aid future design of a more transparent 

haptic interface with a better proportionality between forces measured within the artificial 

hand and those at the armband. 

 

𝐹𝑆𝐴,𝐸𝑐𝑜30 = 0.0004𝑃𝑆𝐴
3 + 0.0005𝑃𝑆𝐴

2 + 0.07𝑃𝑆𝐴 

 

(5.1) 

𝐹𝑆𝐴,𝐸𝑐𝑜50
= 0.0002𝑃𝑆𝐴

3 − 0.0017𝑃𝑆𝐴
2 + 0.0727𝑃𝑆𝐴 

 

(5.2) 

5.4.4 Time-Frequency Analysis of the Vibrotactile Stimulator 

In a final test, we explore the frequency response of the vibrotactile stimulators. For 

testing purposes, a BioTac SP was instrumentalized because it can precisely record pressure 
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signals at fast sampling rates. For this test, the vibrotactile stimulator was placed in contact 

with a BioTac SP (Fig. 5.8(a)) to measure its mechanical vibrations (Fig. 5.8(b)). The 

vibrotactile stimulation signal (V1) was created in Simulink using the ROS toolbox and 

fed to ROS. Arduino Uno was used to subscribe to the topic input from Simulink and a 

Pulse Width Modulation (PWM) signal was output to the vibrotactile stimulator. In this 

test, the duty cycle of the PWM was 50% and sampling frequency was 1KHz. 

A representative signal measured by a BioTac at dynamic pressure modality (Fig 5.8(b), 

its time-frequency response (Fig. 5.8(c), see legend in Fig. 5.8(e)) was derived from a 

Continuous Wavelet Transform with a Complex wavelet in MATLAB and a comparison 

was made between the spectrograms observed when the vibrotactile stimulus was ON and 

 

Figure 5.8. Time-Frequency response of the Vibrotactile Stimulator contacting a 

biomimetic tactile array (Biotac SP) (a) Vibrotactile stimulator attached to BioTac, (b)  

The time series signal recorded by Biotac, (c) Time-Frequency-Power plot for the 

recorded data (spectrogram), (d) Comparing ON and OFF periods. 
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OFF (Fig. 5.8(d)). Distinct peaks were observed at 22 and 84Hz superimposed on a 1/f 

distribution, reflecting the interaction of the vibrotactile stimulator with the BioTac SP. The 

frequency distribution of those two peaks is consistent for the duration of the stimulation 

and across cycles (with slightly more variability for the 84Hz peak than for the 22Hz peak, 

not shown), and suggest an adequate recruitment of the tactile receptors specialized for 

high-frequency vibrations, which are especially relevant for the slippage of insecurely 

grasped objects and tactile sensations arising from the exploration of surfaces and textures. 

 

Figure 5.9.Bimodal haptic armband controller. (a) BioTac SP on the tip of Shadow 

Hand. (b) Soft Actuator Pressure Controller. (c) Dynamic Pressure Modality (𝑷𝑨𝑪) 

Controller. (d) Bimodel Armband Output. 
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5.5 Bimodal Haptic Armband Controller 

Based on the benchtop results presented in Section III, a nonlinear controller was 

developed for the soft actuators and vibrotactile stimulators. The two duties of the haptic 

feedback controller are first to transform inputs from the BioTac SP sensors fitted on the 

fingers of the dexterous robotic hand, the Shadow Hand (Fig. 5.9(a)) into pneumatic and 

vibrotactile signals within the armband, that is, to control airflow into and out of the soft 

actuators (Fig. 5.9(b, d)); and (2) to input power into the vibrotactile stimulators (Fig. 5.9(c, 

d)). To that end, the steady state fingertip pressure (PDC from the BioTac) was used to 

control the internal pressure of the corresponding soft actuator (PSA). The high-frequency 

fingertip force (PAC), which is the filtered derivative of PDC, was used to control the 

vibrotactile stimulator, as will be subsequently described.  

5.5.1 Nonlinear Pressure Controller for Soft Actuators 

A closed-loop system was developed to control the air pressure applied within the soft 

actuator (Fig. 5.9). The goal of this controller is to make the BioTac fingertip pressure (PDC) 

match the applied pressure within the soft actuator (PSA). Ideally, a linear relationship 

would exist between tactile pressure experienced by the BioTac on the artificial hand and 

the output pressure experienced by the subject at the site of soft actuators around the 

armband. However, due to hysteresis and nonlinear armband material dynamics (Fig. 5.7), 

this was not the case. Thus, a nonlinear pressure controller was developed for the pump 
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and valve of each soft actuator to minimize the error (e) between the robotic fingertip 

pressure (𝑃𝐷𝐶) and the soft actuator pressure (𝑃𝑆𝐴), (Fig. 5.9(b)).  

Arduino Uno was used to control the pump’s motor driver to activate airflow and a 12V 

2-way valve (TCS Micropumps Ltd) was used to direct air flow either into the soft actuator 

for inflation or into the environment for deflation. Valve chatter was minimized using 

empirically determined deadband. To aggressively minimize the error signal, a saturation 

function was used to enable high gains and rapid system response with a bounded control 

signal. The error control signal (e) is formed to control the pump and valve as per Eqs. (3, 

4, 5, and 6). 

𝑒 = 𝑃𝐷𝐶 − 𝑃𝐴𝐶      (5.3) 

 

𝑢𝑃 = {
𝑠𝑎𝑡 (𝐾𝑃 𝑒)          𝑒 > 𝐻
0,                          𝑒 ≤ 𝐻

    (5.4) 

 

𝑢𝑣 = {
5 𝑉                       𝑒 > 𝐻
0,                          𝑒 ≤ 𝐻

    (5.5) 

 

𝐻 > 0 > 𝐿      (5.6) 

 

Here, up and  𝑢𝑣  are the pump and valve control signals respectively, 𝐾𝑝  is the 

proportional gain, e is the error signal, 𝑃𝐷𝐶 is the robotic fingertip pressure measured by 

the BioTac, 𝑃𝑆𝐴 is the soft actuator pressure, H is the deadband upper limit, and L is the 

deadband lower limit. Without the deadband, solenoid valve chatter was audibly distracting.  
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Sample data of this control system is shown in Fig. 5.10. Here, a BioTac pressure sensor 

on the first finger of the Shadow Hand was manually squeezed three times (Fig. 5.10(a), 

blue). This fingertip pressure (PDC) was then used as the input to the controller (Fig. 5.9(b)) 

to inflate the soft robotic actuator so that the internal pressure of the soft actuator (PSA) 

closely matched the BioTac fingertip pressure (Fig. 5.10(a), red). The force of the soft 

actuator (FSA, Fig. 5.10(b), blue) was also measured with the load cell, which is closely 

correlated to the internal pressure (PSA, Fig. 5.10(a), blue). It is clear that opening the 

 

Figure 5.10. (a) The raw pressure series are shown. (b) The force of the soft 

actuator (FSA) increased in tandem with the internal pressure. The valve signal 

(red) shows that the valve was opened when the error was below the deadband 

threshold L, prompting a deflation and a decrease in the force (FSA). c) PAC from 

the first finger was used to drive the vibrotactile stimulator placed on the little 

finger. (d) Photo showing the experimental setup to obtain the data in parts.   
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normally closed valve (Fig. 5.10(b), red) led to deflation and decreases in force (Fig. 

5.10(b), blue).  

5.5.2 Controller for Tactile Sense of Sliding Motion  

The first goal of the vibrotactile controller (Fig. 5.9(c)) is to make the high-frequency 

signal (PAC) from the robotic fingertip to be very similar to the vibrotactile sensations on 

the arm of the test subject via the armband. To study this relationship, two BioTac sensors 

and a vibrotactile stimulator were used. One BioTac sensor on the index finger provided 

the high-frequency signal to the vibrotactile stimulator that was placed atop the 

observational BioTac sensor on the little finger of the Shadow Hand (Fig. 5.10(d)). The 

second, observational BioTac is a surrogate sensor array capturing the high-frequency 

haptic signal that a human upper arm would experience when the bimodal haptic armband 

is worn (that is, like in Fig. 5.8(a), a BioTac is instrumentalized as a high-precision, high 

sampling tactile sensor). This test was run simultaneously with that from the soft actuators 

(Fig. 5.10(a-b)), and the originating haptic events were the same three manual applications 

of force. As expected, there is a close correlation between PAC on the first finger [190] and 

the PAC measured on the little finger [86], (Fig. 5.10(c)). 

The second function of this controller concerns the sequential order of activation for 

the 3 or 5 vibrotactile stimulators. For future real-time control experiments, an Artificial 

Neural Network (ANN) will be built into the controller and used to detect and classify the 

direction of sliding contact[191].  When a sliding contact or slip occurs with the dexterous 

artificial hand in one direction, the controller will sequentially trigger successive 
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vibrotactile stimulations in adjacent stimulators in a clockwise manner, radially around the 

circumference of the limb outfitted with the haptic armband.  The counterclockwise 

direction will be used for sliding contact in the opposite direction (Fig. 5.11). 

5.6 Human Psychophysics Assessment 

In the following, we have retained the best design and pump (D1 and Pump 1) after 

examination of the benchtop results of Section III, and we test the armband with limb-intact 

human subjects, to assess the ability of the bimodal haptic interface to transfer two kinds 

of information to them: (1) the applied grasp force and (2) the direction of sliding contact 

 

Figure 5.11. Vibrotactile stimulators cured into the base layer (a) were powered in 

succession to elicit a percept of moving vibration around the arm in either a 

clockwise or a counterclockwise direction. (b) an example temporal sequences for 

5 Stimulators.  

 



93 

between the hand and grasped objects. To those ends, 10 participants were recruited 

between the ages of 20 and 30 years (8 males and 2 females). The protocol was approved 

by the Internal Review Board of Florida Atlantic University and agreed with the declaration 

of Helsinki. All subjects gave a written informed consent. 

5.6.1 Methods 

5.6.1.1 Human Perception of Force from Soft Actuators 

First, we examined human haptic perception with the two soft robotic armbands made 

from EcoFlex 30 and 50. Six different soft actuator pressure levels were tested with each 

of these armbands to evaluate the ability of the people to distinguish between different 

amplitudes of grasp force that were mapped to their upper arms. Before the experiment, 

the armband was placed atop the upper right arm of the test subjects and secured in place 

with a flexible elbow support brace (BRACCO S.p.A., Milan, Italy). Next, the human 

subjects were trained to recognize six air pressure levels (PSA = 10, 15, 20, 25, 30, and 35 

KPa). These values translate into haptic forces (see Fig. 5.7) that exceed the just noticeable 

differences found by [10] and we hypothesize that subjects are able to discriminate between 

them.  

In the training session, each of the six pressure levels was applied repeatedly five times 

and the subjects were informed each time what the pressure level was. At the end of the 

training session, each pressure level was applied once more to remind the test subject what 

each pressure level feels like. During the experiment, 30 trials of a pseudo-random 
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sequence of pressure levels were applied for each test subject; all the subjects were tested 

with the same sequences with all six pressure levels presented five times each. In all cases, 

the applied pressure was maintained for 10 seconds to give enough time to feel the pressure 

level. Once each trial was completed, subjects identified their perception of the pressure 

level on a scale of 1-6. Statistical analysis was performed on the accuracy of the two human 

subject trials using the MATLAB function 'anova2', for analysis of variance of two 

variables: the six pressure levels and the two armband materials were the two independent 

variables, and the accuracy of correctly identifying the pressure level was the dependent 

variable. 

5.6.1.2 Human Detection of Sliding Contact Direction 

A second test assessed the subjects’ ability to perceive the direction of motion in the 

serial array of vibrotactile stimulators. The same ten test subjects participated on a different 

day to prevent fatigue from influencing results. In these tests, the armband was placed on 

the same location and orientation as the pressure test. Nine different vibration durations 

were tested to determine the minimum time required for people to perceive and correctly 

interpret the direction of sliding contact. A minimal time is desirable because delays at the 

human-robot control interface needlessly destabilizes grasp control capabilities, leading to 

undesirable dropping of objects. The test was conducted with either 3 or 5 stimulators; the 

rationale for this is that three stimulators can more quickly convey a sense of slip direction 

than five if the stimulation duration is equal within each vibrotactile stimulator.  
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The protocol was designed to trigger the high-frequency stimulators sequentially in 

clockwise or counterclockwise directions radially around the forearm outfitted with the 

armband (Fig. 5.11), (correlated to different directions in the robotic hand coordinate frame) 

with nine different stimulation durations (20, 40, 60, 80, 100, 125, 150, 175, 200 ms). The 

test subjects were initially trained five times with each of these nine stimulation durations 

for both clockwise and counterclockwise directions of travel. In the testing part, 50 pseudo-

random sequences were used with all test subjects. After each trial, the subjects’ perceived 

direction of slip was entered in an Excel file for future analysis. The same armband was 

used for both the cases of 3 or 5 vibrotactile stimulators (Fig. 5.11).  

A two-factor statistical test was performed again with the anova2 function in MATLAB. 

The independent variables were the vibration durations and the two amounts of vibrotactile 

stimulators (3 or 5), and the accuracy of correctly identifying the direction (clockwise, 

counterclockwise) as the dependent variable. 

5.7 Results 

5.7.1 Human Perception of Force from Haptic Armband 

The ability of the subjects to distinguish between the six different applied pressure 

levels from the two-different soft robotic armbands are expressed as confusion matrices for 

the EcoFlex 30 (Fig. 5.12(a)) and EcoFlex 50 (Fig. 5.12(b)) materials. Each cell in the 

confusion matrix represents a percentage of the responses from the human subjects for each 

individual pressure level. 
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Overall, perceived pressure levels (vertical axes of Fig. 5.12) progressed for increasing 

levels of actual pressure (horizontal axes). Pressure level 1, the lowest, had the most 

accurate percentages, perhaps in part because it was close to or below the perceptual 

threshold: so, if the subjects did not feel any pressure sensation, they possibly took the 

strategy to report it as pressure level 1. For both soft actuators with Ecoflex 30 and 50, 

human perception of pressure was often one level below the actual pressure level. Human 

subjects were also able to correctly identify pressure level 5 and 6 with a higher accuracy 

than pressure levels 2-4. As for a comparison between the armband materials, with Ecoflex 

50 (Fig. 5.12(b)), subjects were more accurate at perceiving the lower pressure, and with 

Ecoflex 30 (Fig. 5.12(a)), better performance was observed for the higher-pressure levels. 

Overall, these results suggest that subjects were able to use the force information provided 

at their upper arm to order their perceived haptic experience. ANOVA results of these 

experiments show that the two armband materials did not have a significant impact (p > 

 

Figure 5.12. Armbands Perception pressure vs Actual pressure for the armbands 

made from (a) EcoFlex-30 and (b) EcoFlex-50. 
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0.05) on the subjects’ performances, while the soft actuator pressure (PSA) applied had a 

significant impact (p < 0.01) on the performance. Interaction effects were not significant 

(p> 0.05). This supports the data showing that the subjects were more accurately able to 

identify the armband pressure at low and high pressures, regardless of the armband material. 

5.7.2 Human Perception of Vibrotactile Signal for Slip Direction Detection 

Finally, we studied the ability of subjects to determine if the sequentially actuated 

vibrotactile array was activated in a clockwise or counterclockwise direction. The mean 

and standard deviation of the human subjects’ responses are shown in Fig. 5.13. The trials 

with a time delay from 100 – 200 ms were detected with almost 100% accuracy. With 20 

ms time delay, human subjects were basically unable to feel any vibration for either 3 or 5 

vibrotactile stimulators and opted to not make a choice, which was counted as a failure. 

For the time delays between 40 and 80 ms, the human subjects’ performances increased. 

Figure 5.13. Means and standard deviations from the test subjects identifying the 

direction of slip for different vibratory activation durations.   
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Over this interval, subjects were also able to feel the direction of slip with 5 vibrotactile 

stimulators more accurately than with 3 stimulators, on average. 

However, analysis of the sliding contact direction trials shows that the number of 

vibrotactile stimulators did not have a significant impact (p > 0.05) on the subjects’ 

performances, while delay time had a significant impact (p < 0.01) on the performance. 

Like the other trial, the two variables did not have a significant interaction (p > 0.05). This 

supports the data showing that the subjects were able to more accurately identify the 

direction at large time delays compared to small time delays. Those results suggest that the 

vibrotactile array would reach the best compromise between accuracy and duration with 3 

vibrotactile stimulators signaling slips over durations of 100 ms for each vibrotactile 

stimulator (for a total stimulation time of 400 ms). With longer stimulation durations, there 

is little gain in accuracy due to the ceiling effect: performance saturates above 100 ms 

vibration durations.  

5.8 Conclusion 

Our aim was to develop a bimodal haptic armband with pneumatic and vibrotactile 

actuators to wear on the upper arm. The armband conveys two distinct information streams 

about pressure changes and directional, slip-elicited high-frequency vibrations and 

therefore proposes a haptic interface that more closely approaches the complexity of a real 

hand’s haptic communication channels. The armband is driven by high-density BioTac SP 
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sensors placed installed on the fingers of a dexterous robotic hand to inform the operator 

about haptic events experienced while manipulating objects or exploring surfaces (Fig. 5.2).  

After developing prototype armbands and controllers, we have tested a variety of 

geometric designs for the air chambers, combinations of pump and material of the 

pneumatic actuator (Fig. 5.4), and for the spatial density and temporal property of a 

sequentially actuated vibrotactile stimulation signal (Fig. 5.11). We conducted both 

benchtop testing and experimental investigation with ten limb-intact subjects. We have 

found that an air chamber with comparatively larger volume, driven by a larger pump 

provided the most helpful basis to bring the pneumatic haptic feedback in the range of 

human perception (Fig. 5.6). Another analysis revealed a modest hysteresis for the two 

candidate materials for the pneumatic chambers. We also found that subjects fitted with the 

armband could recognize pressure levels applied in the pneumatic actuators reasonably 

well, with a better discrimination at low pressure for the material Ecoflex 50 (Fig. 5.12(b)), 

and a better performance at high pressure for Ecoflex 30 (Fig. 5.12(a)).  

On the side of the high-frequency vibrotactile actuator, we determined the time-

frequency profile of the stimulators as peaking in the 22 and 84Hz frequency ranges (Fig. 

5.8). We investigated subjects’ abilities to detect the direction of motion in 3 or 5 

sequentially activated vibrotactile actuators. As mentioned above, the less the time delay 

to convey information about slips, the most efficient the haptic feedback. According to the 

results collected from our experiment (Fig. 5.13), the best stimulation duration would be 

between 80 and 100 ms per vibrotactile stimulator. Since 5 vibrotactile stimulators would 
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take more time to finish the cycle and since both 3 and 5 vibrotactile stimulators are close 

in the accuracy for (80, 100) ms, 3 vibrotactile stimulators armband would be the best 

candidate for control of an artificial hand.  

In future stages of this research, we plan to integrate the armband with a direction of 

slip detection algorithm[11]; incorporate an algorithm for correction of the nonlinear 

relationship between applied air pressure and tactile sensation; conduct further 

psychophysics experiments in context of dual tasks developed to use simultaneously the 

information from the vibrotactile and pneumatic stimulators; before moving the haptic 

interface into life-like tests of grasp control with a dexterous artificial hand[191, 192].
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6 MULTICHANNEL HAPTIC FEEDBACK UNLOCK PROSTHETIC HAND 

DEXTERITY

6.1 Introduction 

Loss of tactile sensations is a major roadblock preventing amputees from multitasking 

or using the full dexterity of their prosthetic hands. With current myoelectric prosthetic 

hands, limb-absent people can only control one grasp function at a time even though 

modern artificial hands are mechanically capable of individual control of all five digits. In 

this paper, we investigated whether people could precisely control the grip forces applied 

to two different objects grasped simultaneously with a dexterous artificial hand. To that 

end, we developed a novel multi-channel wearable soft robotic armband to convey artificial 

sensations of touch to people who attempted to grasp and transport two objects 

simultaneously without breaking or dropping them. With high success rates, multiple 

channels of haptic feedback enabled all subjects to successfully grasp and transport two 

objects simultaneously with the dexterous artificial hand without breaking or dropping 

them, even when their vision of both objects was occluded (Fig.6.1). The simultaneous 

transportation of both objects provided a significant reduction of time required to perform 

the deliveries in comparison to a one-at-a-time approach. This paper demonstrated that 
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twelve subjects were able to integrate multiple channels of haptic feedback into their motor 

control strategies to perform a complex simultaneous object transportation task with an 

artificial limb, which could serve as a paradigm shift in the way prosthetic hands are 

operated.  

There were two main goals pursued in this paper related to efferent and afferent aspects 

of multitasking control of an artificial hand (Fig. 6.1). First, we developed a noninvasive 

procedure with EMG for people to simultaneously control the forces applied to two 

different objects grasped and transported with a dexterous manipulator, without breaking 

or dropping the objects. Breaking an object is conceptualized as a force applied by the 

robotic hand more than a fixed threshold, an event that is signaled to the subject by 

vibrotactile actuators embedded in the haptic interface. A drop is the escape of the object 

 

Figure 6.1. Subjects used two EMG signals (efferent pathways, top) to simultaneously 

control the distinct grip forces applied to two different objects. 
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from the grasp; see details in methods. Second, we quantified subjects’ performances at the 

dual-object manipulation and transportation task when artificial sensations of touch (haptic 

feedback) were integrated into control strategies, with and without vision of the grasped 

objects. To these ends, two sessions of experiments with 12 subjects were conducted over 

two different days with approximately 90 minutes per session.  

6.1.1 Session 1: Grasping and Transporting a Single Object  

The first session was designed for the subjects to gain experience on grasping and 

transporting a single object at a time, each with a specific grasp. The tripod grasp (thumb 

opposing index and middle fingers) was used to grip the ball, while the ring and little 

fingers opposed to the palm were used to grip the block (Fig. 6.1).  A haptic guessing 

game concluded the first session, in which participants were asked to determine which 

object(s), if any, were grasped by the artificial hand using only the artificial sensations of 

touch from the custom fabricated soft robotic armband that supplied haptic feedback. 

All subjects were easily able to deliver a single object at a time to the correct location, 

and to determine which object(s) were grasped by the hand when vision was occluded using 

only haptic feedback with high levels of success.  

6.1.2 Session 2: Grasping and Transporting Two Objects Simultaneously 

The second experimental session, which occurred on a subsequent day, involved 

grasping, transporting, and delivering into bins, without breaking or dropping, the same 

two objects simultaneously (Fig. 6.15 A-D). For demonstrative purposes, the soft robotic 

armband was placed on the tabletop to show how the soft pneumatic actuators inflated 
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proportionally to the forces measured at the tips of the thumb, index, and little fingers (Fig. 

6.15 A-D). During experiments with people, this armband was securely wrapped around 

the upper forearm with the inflatable chambers referring haptic information to the subject’s 

skin. Haptic and visual feedback were systematically manipulated to combinatorically 

examine the impact that these two variables had on performance of the complex 

simultaneous control task.  

 

Figure 6.2. (a) Axes of revolution used for each digit of the Shadow Hand. (b) 

Trajectory plans of the joint angles for little and ring fingers to grasp the block, 

Grasp 2.  (c) Trajectory plans for the thumb, index, and middle fingers to grasp 

the ball, Grasp 1.   
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6.2 Materials and Methods 

6.2.1 Human Subjects 

Twelve human subjects participated in these experiments (six female). One male 

subject had a congenital hand absence, and the remaining eleven human subjects had no 

amputation or congenital limb deficiencies. All participants gave informed written consent 

under the approved IRB protocol in accordance with the declaration of Helsinki. 

6.2.2 Trajectory Plans to Simultaneously Grasp Two Different Objects 

The concept of synergistic control is utilized, where a sizable robotic joint space is 

mapped to a smaller biocontrol signal space. In this case, EMG1 was used to control the 

tripod grasp 1 for the ball and EMG2 was used to control the ring and little fingers to grasp 

the block (Fig. 6.2). This form of grasp synergy control has previously been demonstrated 

to enable EMG control of a single grasp function at a time with a dexterous manipulator 

[193], [194]. However, the technique is scalable to any number of grasps or functions 

(depending upon the capabilities of the artificial hand) for which there are control inputs, 

such as grasping, catching, [194] or unscrewing different objects [193]. Two objects were 

selected for the Shadow Hand to grasp individually or simultaneously: a ball and a block, 

as these are commonly shaped items. The elastic ball was manipulated with Grasp 1 using 

the thumb, index, and middle fingers (tripod grasp). The block was made of Ecoflex-30 

(Smooth-On, Inc., Macungie, PA, USA), and was manipulated with Grasp 2 using the little 

and ring fingers opposed to the palm.  For consistency, both objects were placed on a 
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stand that was designed using SolidWorks (Trimech, VA) and printed with an Ultimaker3 

(Ultimaker B.V. Utrecht, Netherlands) using Polylactic Acid (PLA) material. The Ecoflex 

block had a small metal plate inserted into the base so that it could be consistently placed 

in the exact same location on the test stand, ensuring repeatable test conditions across all 

subjects (Fig. 6.2(a)). To create suitable grasp trajectory plans for each object, the Shadow 

Hand was placed over the ball and block so that the thumb, index finger, and middle finger 

could grasp the ball while the little and ring fingers could grasp the block (Fig. 6.2(a)). 

BioTac values for the thumb, index finger and little finger were monitored to ensure a firm 

grasp on the objects while the starting and final joint angles were recorded in Robot 

Operating System (ROS) with the rosbag command. The recorded initial and final joint 

angles were used to create the joint space trajectory polynomials. These joint angles were 

imported into MATLAB and the polynomials were created for each joint of the Shadow 

Hand (Fig. 6.2(a)). The initial and final joint positions were used to solve a set of 5th order 

polynomials for each grasp with a vector normalized to the same 0-1 scale as the users’ 

normalized EMG signals, as in [53, 54]. This enabled the two EMG signals to 

synchronously control two different grasps, each of which were comprised of multiple 

DOFs. A 5th order polynomial was used for each joint because it yielded smooth velocity 

and acceleration profiles [59]. Joint angles for the ring (R) and little (L) fingers smoothly 

changed from initial to final postures (Fig. 6.2(b)) as did the thumb, index, and little fingers 

(Fig. 6.2(c)). 
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The inputs for the trajectory plan for each grasp G∈1,2 are based on the corresponding 

grasp force error (eF,G) between the measured and desired forces: 

 

, ,F G D G Ge F F= −
       (6.1) 

 

where F𝐺 , FD,G  are the measured and the desired forces, respectively, for grasp G. The 

measured force on the robotic hand is calculated as the proportionally scaled pressure 

measurement [138] from the corresponding BioTac SP on the Shadow Hand, where 𝐾 ∈

𝐼, 𝐿, 𝑇 corresponds to the index finger (I), little finger (L) and thumb (T).  

These two force control errors were proportionally amplified by gains (𝛽𝑃,𝐺) to form 

the desired angular position inputs (XD,G) to two position control loop vectors for all the 

joints within the two grasps. Angular position error vectors (EX,G
⃑⃑ ⃑⃑ ⃑⃑  ⃑) for each joint in the two 

grasps were defined as: 

 

, , , ,X G D G G P G G F G GE X X Q E X= − = −
,    (6.2) 

 

where XG
⃑⃑ ⃑⃑   are the measured angular positions of the joints in grasp G, and EF,G

⃑⃑ ⃑⃑ ⃑⃑  ⃑ is 

defined as: 

 

2 3 4 5

, , , , , ,1
T

F G F G F G F G F G F GE e e e e e =       (6.3) 
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Matrices 𝑄1 ∈ 𝑅13𝑥6 and 𝑄2 ∈ 𝑅9𝑥6 contain the coefficients of the 

quintic polynomials for each grasp plan:   
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      (6.4) 

 

The ‘a’ coefficient in the 𝑄𝐺 matrices were planned to enable subjects to grasp the two 

different objects while simultaneously guaranteeing smooth joint velocity and acceleration 

profiles. The subscripts for ‘R’ and ‘M’ correspond to the ring and middle fingers, 

respectively (Fig. 6.2 A). 

6.2.3 EMG Algorithm for Simultaneous Control  

The 12 subjects controlled a Dexterous Shadow Hand (Shadow Robot Company, 

London, UK) with two EMG surface electrodes that were placed on their forearms. Activity 

from the FCR (EMG1) and EDC (EMG2) muscles (Fig. 6.4) were filtered, rectified, and 

amplified with Myolab II (Motion Control, Inc., Salt Lake City, USA). Next, the two EMG 

signals for grasp G  1,2 were normalized on a scale of 0 to 1 and a subject-specific lower 

threshold (ϴ) was set to remove baseline noise from the EMG: 
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=  

       (6.5) 

 

where are constant gains for each EMG control signal for the two different grasps, 

and  is the processed EMG. Within a hybrid force-velocity control scheme, subjects 

could control the velocity or force of either grip simultaneously or individually. After 

contacting an object, the subjects could independently or simultaneously increase the 

desired grip forces  to desired levels which were maintained by the force control 

loops: 

 

, , ,2 ( 1)D G D G G GF F E = + −
      (6.6) 

 

where  are gains for each grip force controller. Thus, subjects could increase the 

desired forces  for either grasp controller simultaneously or independently or could 

decrease the desired forces (simultaneously or independently) in a proportional manner by 

co-contracting muscles at different relative levels. Switching the opening/closing mode of 

the hand was enabled via a rapid co-contraction to increment , which is defined as: 

 

1 2if and

else

   




+ +  
=  
  .      (6.7) 
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ε1 and ε2 are the positive portions of the derivatives of the two EMG signals (2), and 

α is a subject-specific threshold that was determined empirically during the initial portion 

of experiments. This approach allowed only a single pulse of a rapid muscle contraction 

(instead of a double pulse caused by the rising and falling portions of the rectified 

differentiated EMG signal), to pass into relay blocks. The relay blocks converted the 

biocontrol signals into clean on-off indicators of rapid muscle contractions which were 

used to distinguish between simultaneous control of both grip forces and the desire to 

switch the operational mode of the hand. A switching signal logic block was used to 

increment a counter (σ) so that the user could comfortably increase or decrease desired 

forces simultaneously or independently (Fig. 6.3(b)). In this way, a person could contract 

a single muscle group to increase the grip force on a single object, or co-contract to increase 

the grip forces on both objects simultaneously at similar or different rates, which has a 

parallel in the way people use their natural hands to increase the grip force [195, 196]. To 

help subjects remain aware of the mode of the hand, a grasp state indicator (GSI) was 

placed in view to indicate the open-close mode of the hand (Fig. 6.3). 

6.2.4 Robotic System Configuration 

The Shadow Hand has 24 joints and 20 independent DOFs [197], affording dexterity 

comparable to the human hand. To avoid overwhelming the human user, the hand was 

programmed using grasp synergies [194], whereby a sizable joint space was mapped into 

a smaller control space [198], effectively limiting hand control to two DOFs in this paper, 

one for each grasp (Fig. 6.1). The Shadow Hand is a useful testbed for amputees to evaluate 
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novel algorithms, such as when unscrewing an object using EMG as the control input  

[193], which can inform the future design of dexterous wearable prosthetic hands.  

 

Figure 6.3. (a) Two EMG surface electrodes were placed on the forearm of the 

human subject to record forearm muscle activities. (b) EMG signal processing was 

done in Simulink to control the (c) Dexterous Shadow Hand and UR10 Robot arm 

that were interfaced via (d) ROS. (e) The soft actuator armband was placed on the 

upper arm of the human subject to give haptic feedback for both objects grasped 

simultaneously. 
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The Shadow Hand was mounted onto a UR10 robotic arm (Universal Robot, Odense, 

Denmark) to enable a well-controlled method to transport grasped objects. Three BioTac 

SP sensors (SynTouch Inc, CA, USA)  [37] were mounted onto the thumb (T), index (I), 

and little (L) fingers of the hand to measure the fingertip forces applied to the grasped 

objects (Fig. 6.3 C). This force feedback was used in two ways: first within a force control 

loop internal to the robotic system, and second as the input to haptic feedback controllers 

to enable human subjects to directly feel the forces applied to the grasped objects (Fig. 6.3). 

The feedback was delivered via a custom fabricated bimodal soft robotic armband [199], 

(Fig. 6.3(a, e)). The armband was placed on each subject’s arm and its controller (Fig. 

6.3(e)) mapped the force at each of the three digits (Fig. 6.3(c)) with air pressure 

proportionally pumped into three soft actuators on the wearable robotic armband (Fig. 

6.3(a), (e)). The corresponding vibrotactile stimulators (Fig. 6.3(e)) were activated to 

indicate if either of the grasped objects were broken by exceeding a predetermined grip 

force threshold. 

The analog EMG signals (Fig. 6.3(a)) were digitized by a Teensy 3.6 board and were 

interfaced with MATLAB/Simulink through the Robot Operating System (ROS) toolbox 

(MathWorks, Inc., Natick, USA). All the components can communicate with each other 

through the ROS environment (Fig. 6.3(d)) [169]. The Arduino IDE was used to design the 

soft actuator armband controller (Fig. 6.3). Simulink was used to design the human subject 

training protocols and the hybrid force-velocity controllers [200].  
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6.2.5 Hybrid Force-Velocity Controllers 

Two hybrid force-velocity controllers were implemented to enable simultaneous 

control of velocities and grip forces applied to the two objects grasped by the hand (Fig. 

6.4). The first controller operated the thumb, index, and middle fingers to grasp an elastic 

sphere with a tripod grasp (Fig. 6.1). The second controller operated the little and ring 

fingers to grasp a block made from EcoFlex-30 (Smooth-On, PA, USA). Each controller 

has an outer force feedback loop and an inner velocity feedback control loop.  

6.2.6 Bimodal Soft Robotic Armband for Haptic Feedback 

To provide haptic feedback, a custom fabricated bimodal soft robotic armband was 

designed with soft actuators to convey a proportional sense of contact force and vibrotactile 

stimulators were included to indicate if the grasped object(s) had been broken.  

 

Figure 6.4. Hybrid force-velocity controllers to simultaneously control the forces 

applied to two different objects grasped by a dexterous hand with corresponding 

haptic feedback. 
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Prior research has shown that spatial discrimination of five sites with mechanotactile 

feedback was difficult for some participants [118]. Accordingly, the novel soft robotic 

armband in this paper was designed for modality matched mechanotactile haptic feedback 

at three locations corresponding to the thumb, index, and little finger, a sufficient number 

to convey the amplitudes of the forces applied to both objects grasped by the hand. The 

armband has three air chambers, each of which corresponds to one of the three BioTacs 

equipped on the Shadow Hand. Therefore, as the subjects grasped the objects with the 

Shadow Hand, the corresponding air chambers in the armband inflated proportionally 

based on the force level(s) the artificial hand applied to the object(s). This simulates slowly 

adapting mechanoreceptors in the fingertips by conveying low frequency pressure 

sensations from the robotic hand. The armband is also equipped with three corresponding 

vibrotactile actuators that would vibrate to alert the subject if the object(s) in the grasp(s) 

had been broken (if a force threshold were exceeded). Thresholds for breaking the objects 

were chosen to provide a moderate challenge for the subjects to grasp and transport the 

objects without breaking or dropping them.  

6.2.7 Design of the Bimodal Haptic Armband 

Molds for the soft robotic armband were designed using SolidWorks 2017 (Trimech, 

VA) and 3D printed (Ultimaker B.V. Utrecht, Netherlands). The three soft actuators had 

hemispherical air chambers with diameters of 1.5 cm and the distance between each 

chamber was 7.2 cm.  
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Three molds were 3D printed to manufacture the armband: the foundation, insertion, 

and base molds (Fig. 6.5(a)) to create the actuation and base layers of the armband. The 

foundation and the insert molds were mated to create the cavity for the top layer. The 

armband layers were cast independently (Fig. 6.5(b, c)) and then were bonded together to 

create the armband structure (Fig. 6.5(d)). Armband layers were molded from ISO 10993-

10 certified skin-safe materials of different Shore hardness. The top layer was molded from 

EcoFlex-50 (Smooth-On, PA, USA), while the base layer was molded from a more rigid 

material (Dragon-Skin 30 (Smooth-On)), to direct the soft actuator expansion towards the 

user’s skin when inflated. Vibrotactile stimulators were inserted into the base mold (Fig. 

6.5B) to convey high-frequency tactile sensations alerting the subjects that one or both 

grasped objects had been broken. For more details regarding the design and manufacturing 

the soft actuator armband, see [199], in which a psychophysics study also showed that 

people were able to reliably interpret soft robotic armband pressure levels. 

6.2.8 Nonlinear Pressure Controllers for Soft Actuators 

Nonlinear pressure controllers were developed (Fig. 6(e, f)) so that the air pressures 

within soft actuator K (  matched the pressures measured by the corresponding 

BioTac fingertip sensors. Each pressure controller was designed to control a pump and a 

valve for each air chamber in the soft robotic haptic armband to minimize the error: 

,K K SA Ke P P= −
     (6.8) 
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with a Teensy 3.6 that was integrated into the robotic system via ROS (Fig. 6.3). This 

error was split into positive and negative branches. When the pressure error was positive, 

each nonlinear controller K activated a pump to inflate the corresponding air chambers 

proportionally to the error with the pump control signal: 

 

,
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=  

       (6.9) 

 

Figure 6.5. (a-d) SolidWorks model of the soft robotic haptic armband showing the 

manufacturing steps. units of cm. (e) Shadow Hand and BioTac SP. (f) Soft 

actuator nonlinear pressure controllers. (g) Soft Actuator Armband where T, L, and 

I indicate the thumb, little and index fingers, respectively. (h-l) Three BioTac SPs 

attached to the Shadow Hand with the bimodal haptic armband inflation and 

deflation process. 
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with proportional pump control gain  for each soft actuator K.  HK is the upper 

limit of the deadband used to eliminate chatter. To aggressively minimize the error, a 

saturation function was used to enable high gains and rapid system response. 

A normally open 12V 2-way valve (TCS Micropumps Ltd) was utilized to control the 

airflow direction, either into the armband air chamber for inflation or into the atmosphere 

for deflation. The solenoid valve control signal ( ) is either on or off to close or open the 

valve, respectively. 
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Here, LK is the lower threshold of the error deadband to minimize valve chatter and 

enable the stable maintenance of a constant pressure within soft robotic actuator K, and 

HK > 0 > LK. Demonstration of this function can be seen when a person sequentially 

squeezed the three BioTac sensors on the fingertips of the Shadow Hand: the three soft 

robotic actuators correspondingly inflated (Fig. 6.5(h-l)). 

6.2.9 Vibrotactile Sensory Feedback 

Pneumatic soft robotic actuators are well suited to provide slowly adapting information 

about pressure, but they lack the bandwidth to rapidly deliver urgent information about a 

grasped object, such as breaking or slip. This function was addressed with vibrotactile 

feedback integrated into the bimodal soft robotic armband corresponding to the three digits 
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outfitted with BioTac tactile sensors for the thumb, index, and little fingers (VibT, VibI, and 

VibL in Fig. 6.4). It provided high-frequency sensations if the grasped object(s) were 

‘broken’, like how rapidly adapting mechanoreceptors would convey high frequency 

sensations if a grasped object was broken. For example, if a person cracked a brittle object, 

he or she would perceive rapid fluctuations in force. More information characterizing the 

vibrotactile stimulator is available in [199]. 

6.3 Session 1: Control the Force Applied to One Grasped Object 

6.3.1 Session 1 Training  

The first session of experiments occurred during the first day that the subjects 

participated in experiments in the lab. Experiments with the robotic system during session 

1 of experiments was focused on training the subjects to grasp and transport a single object 

at a time, without breaking or dropping it, using EMG control with and without haptic 

feedback from the soft robotic armband. This incrementally trained subject to integrate 

haptic feedback into their artificial hand control strategies prior to the more complex 

simultaneous control experiments during session 2, which occurred on a subsequent day. 

The culmination of session 1 was to ascertain what object(s), if any, were in the grasp of 

the hand even when vision was occluded.  

Prior to these robotic experiments, initial EMG training during session 1 was broken 

into three parts: switching grasp operational mode, EMG training without haptic feedback, 

and EMG training with haptic feedback.  
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6.3.2 EMG Training to Switch Hand Operational Mode 

In the first part of the training, EMG surface electrodes were placed on the flexor and 

extensor muscles of each subject’s forearm and the gains were adjusted so that the subjects 

could comfortably flex their muscles and reach maximum permissible values, normalized 

on a scale from 0 to 1. After the gains were adjusted, the subjects were asked to rapidly co-

contract several times to explain the mechanism for switching between opening and closing 

the hand. It was also foreshadowed that co-contracting less rapidly would allow another 

option: to simultaneously and proportionally control the forces applied to two objects 

grasped at the same time (during session 2 of experiments).  

The subjects were comfortably seated in front of a computer monitor to view two 

signals shown on the screen: a 1/6 Hz square wave, and the user’s switching signal (σ). 

Subjects were asked to make their switching signal follow the square wave signal for one 

minute as it repeatedly changed between 0 and 1 by rapidly co-contracting their muscles 

on the rising and falling edges of the square wave (Fig. 6.6(a-c)).  

6.3.3 EMG Training Without Haptic Feedback 

Subjects were next trained to proportionally control their individual EMG signals, one 

at a time, by following a trapezoidal pattern created in Simulink that was displayed on a 

computer monitor (Fig. 6.6(d-f)). They were asked to follow the trapezoidal pattern with 

EMG from E1 first, and then with EMG from E2. The grasp state indicator (GSI) was always 

placed in front of the subjects to indicate the mode of the hand (opening or closing).   
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6.3.4 Training to Integrate Haptic Feedback into EMG Control 

Next, the subjects were asked to repeat the same experiment described in section 2.2 

(Fig. 6.6(d-f)) with haptic feedback from the soft robotic armband so that they would 

become familiar with the artificial sensations of touch. The soft robotic armband was 

placed onto subjects’ upper arms using a stretchable arm brace (KYUSports) to hold the 

robotic armband in place. In this part of the training, subjects were asked to repeat the same 

EMG training with the trapezoidal patterns; the only added feature was that their EMG 

signals were used to proportionally control the pressures in the soft actuators integrated 

 

Figure 6.6. (a-c) Subject 12 going through the training protocol prior to integration 

of haptic feedback. (d-f) EMG training to switch the hand operational state (σ) 

between opening and closing via a rapid co-contraction to track the target signal. 

(g-i) In the next phase of training, subjects were trained to make their desired force 

track the trapezoidal target signal. 
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into the armband. This predictive form of biofeedback was necessary since the subjects had 

not yet progressed to controlling the robotic hand at this point.  

This trapezoidal tracking training task was like the control they would need to 

implement during the actual experiment with the robotic arm and hand: closing the hand 

to grasp the object and increase the grip force to prepare for lifting and transporting the 

object, then decreasing the grip force and releasing the object into the correct delivery 

location.  

During these experiments, the same trapezoidal signal and their EMG signals were 

displayed on the monitor in addition to two constant horizontal lines. The lower line was 

set at 0.35, as this was an estimate of the minimum grip force required to lift the objects. 

The upper line was a breaking threshold that was set at 0.7 to provide a moderate challenge 

to grasp and transport the objects without breaking them.  

The subjects were asked to follow the trapezoidal pattern once again but this time they 

were trained to stop when the amplitude of their signal (and the corresponding haptic 

feedback) was slightly below the breaking threshold (0.7), as this was the safe range to 

perform the object transportation experiments with the robotic system. After following the 

signal ten times with one EMG signal they repeated this with the other.  If either EMG 

signal exceeded the upper threshold of (0.7), the corresponding vibrotactile stimulators on 

the armband were actuated for 1 second to simulate a broken object. 
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6.3.5 Training with the Robotic System 

Next, subjects were trained on the robotic system. During the training phase, the 

computer monitor showing the EMG signals and thresholds was still placed in front of the 

subjects as a reference during the final stage of training. After the subject became confident 

to grasp and release the objects without breaking them, they were given two practice runs 

Table 6.1. Session 1: Randomized haptic/non-haptic trial 

sequence for the single-object transportation 

experiments. 

Trial # Haptic 

(H) 

No Haptic 

(NH) 

1 ✔  

2  ✔ 

3 ✔  

4 ✔  

5  ✔ 

6 ✔  

7 ✔  

8  ✔ 

9  ✔ 

10  ✔ 

11 ✔  

12  ✔ 

13 ✔  

14  ✔ 
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with the robotic arm to grasp and transport the ball and block, one at a time, to the 

corresponding delivery locations (Fig. 6.9(a-d)).  

 

6.3.6 Single Object Transportation Experiments with the Robotic System  

After the training runs with the robotic systems, subjects next performed a total of 14 

trials with each object (Fig. 6.9(a-d)). Half the trials had haptic feedback disabled, which 

were sequenced in a pseudo-random manner. Each subject followed the same randomized 

pattern (Table 6.1). Randomization of the haptic feedback variable was done in MATLAB 

using the randperm () function. This same pattern of randomization was followed for each 

object; 14 trials with each object. After the subject was comfortable with the initial grasp 

force applied to the object, they were asked to press the ‘enter’ key on the keyboard in front 

of them to trigger arm movement, which occurred continuously; the subject had to use 

precision timing to drop the object into the correct bin because the arm did not pause during 

the motion. To produce a well-controlled experiment, the robotic arm moved autonomously 

during these experiments with an average end effector speed of 0.1 m/s. 

6.3.7 Grouping of Subjects to Counterbalance Learning Effects 

For experiments with the robotic system in session 1, half of the subjects performed 

the transportation of the ball first while the other half of the subjects transported the block 

first to counterbalance learning effects (Table 6.2), nevertheless, the pattern of pseudo-

randomization of the haptic feedback variable (Table 6.1) was followed for both objects. 
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Depending upon the group, half of the subjects performed the sequence in Table 6.1 with 

the ball first while the other half of the subjects did this with the block first.   

6.3.8 Using Haptic Feedback to Determine Which Object(s) Were Grasped: 

Guessing Game (Session 1) 

After finishing all the trials with transporting the ball and the block, one at a time, an 

opaque curtain was drawn to occlude the subject’s view of the robotic hand. Once the view 

of the hand was occluded, they were asked to guess which object, if any, was grasped by 

Table 6.2. The 12 subjects were organized into four groups to counterbalance 

against learning effects. All subjects performed the same experiments, just the 

sequencing of experiments was organized to counterbalance against learning 

effects. Listed below is the organizational sequence of the independent variables 

for each group. 

 Session 1: One Object at A Time Session 2: Simultaneous 

Control 

Group 1 Object 1 (Ball) Object 2(Block) Vision No Vision 

Group 2 Object 1 (Ball) Object 2 (Block) No Vision Vision 

Group 3 Object 2 

(Block) 

Object 1 (Ball) Vision  No Vision 

Group 4 Object 2 

(Block) 

Object 1 (Ball) No Vision Vision 
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the hand using haptic feedback alone. In this task there were 16 trials divided evenly 

amongst the 4 possible options of (1) ball, (2) block, (3) both objects, (4) neither object. 

The sequence of these trials for determining the combination of objects, if any, during the 

guessing game was again randomized using the randperm () function and all the subjects 

followed the same sequence (Table 6.4). All experiments performed in session 1 of tests 

are listed in Table 6.3. 

 

Table 6.3.  Sequence of Experiments During Session 1 (transporting one object at 

a time). 

Session 1: Grasp, Transport, and Deliver One Object at a Time 

Training to Switch Between Grasp Modes 

EMG Training with Computer Monitor Display using EMG1 and EMG2 (No 

Haptic Feedback) 

EMG Training with Computer Monitor Display using EMG1 and EMG2 (With 

Haptic Feedback) 

Robotic System Training 

Robotic System Testing: 14 Trials implemented with each object: (7 with Haptic 

and 7 without Haptic)/object 

Guessing Game: Use haptic feedback to determine which object(s) were 

grasped? (Without Vision, see Table 5.4) 
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6.4 Session 2: Simultaneous Control of Forces Applied to Two Grasped Objects  

6.4.1 Simultaneous EMG Training—Efferent Only 

The goal of the second session of experiments, which occurred on a subsequent day, 

was to train the human subjects to grasp and transport both objects at the same time without 

breaking or dropping either object. During the initial offline training section, human 

subjects were initially trained in a manner that would enable them to control the forces 

applied to both objects simultaneously. After adjusting the EMG gains for the comfort of 

each subject, they were asked to follow a trapezoidal pattern created in Simulink with both 

their EMG signals simultaneously (Fig. 6.6(g)) This phase occurred prior to integration of 

haptic feedback.  

 

6.4.2 Training to integrate multiple haptic feedback channels into simultaneous 

EMG control strategy. 

Next, haptic feedback from the soft robotic armband was integrated into the 

simultaneous tracking task, where the pressure of each soft actuator increased 

proportionally to the corresponding EMG signals. The interim resort to EMG (as opposed 

to pressure information from the BioTac sensors) was necessary because the subjects had 

not progressed to using the physical system at this stage. Mapping haptic pressure to the 

corresponding EMG signal is a predictive form of biofeedback that has been previously 

shown to be effective to control the grip force of a Michelangelo prosthetic hand [201]. 
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This was a useful training technique prior to progressing towards controlling the physical 

system.  

During this part of the training, subjects were able to see their normalized EMG signals 

on the monitor and make sure not to cross the upper break threshold so they could make a 

correlation between the EMG signals and haptic sensations (Fig. 6.6). The vibrotactile 

stimulators were activated for one second if a person exceeded the upper break threshold, 

indicating that an object would have been broken by the robotic hand.  

6.4.3 Training for Multitasking Control of the Robotic System 

Next, the subjects were trained with the robotic arm and hand to make sure that they 

would be able to grasp and transport both objects at the same time without breaking or 

dropping them and to deliver both objects to the correct locations. From this stage on, the 

haptic feedback experienced by subjects was sourced from the measured BioTac signals 

(5)-(7). 

The robotic arm was initially positioned above the ball and block (Figs. 6.15(a), 6.16(a-

d). The subjects simultaneously flexed both muscle groups to appropriately increase the 

grasp forces on both objects at the same time without breaking either object. Once the 

subject was satisfied with the grip forces applied to the objects using haptic and visual 

feedback, they pressed the enter button on the keyboard in front of them to commence arm 

movement toward the delivery locations. This measure provided very clear segmentation 

between the grasp, transport, and delivery portions of the task to facilitate the analysis and 

interpretation of the data. The arm moved autonomously with an average speed of 0.1 m/s 
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to provide a well-controlled experiment across all 12 test subjects. The arm motion was 

continuous and did not stop, requiring the subjects to use precise timing to release the 

objects into the correct bins. The subjects were asked to deliver the block into the first bin 

and the ball into the second bin (Fig. 6.15(a-d)). Afterwards, the arm returned to the starting 

location. 

Note that (Fig. 6.15(a-d)) demonstrated one possible way to perform the task. It is 

worthwhile to mention that it is possible to deliver both objects simultaneously with the 

developed simultaneous control algorithm (Fig. 6.8(a-d)), or to first deliver the block and 

then the ball in a sequential manner (Fig. 6.15(c, d)). Due to the constant speed of the 

robotic arm, subjects were trained to perform the delivery one object at a time (Fig. 6.15(c, 

d)). However, all subjects were trained to grasp both objects simultaneously at the 

beginning of each trial (Fig. 6.16(a-d)) to investigate the capacity for simultaneous grasp 

control of a dexterous artificial hand. 

Illustrative data shows a person simultaneously flexing two muscle groups (EMG1 and 

EMG2, Fig. 6.7(b)) to close the two different grasps of the hand onto the two objects 

simultaneously. Joint angles of the fingers and thumb increased (Fig. 6.7(c)) until the 

objects were contacted. Then the fingertip forces increased, prompting corresponding 

haptic feedback pressures to increase and provide tactile sensations to the subject regarding 

the simultaneously controlled fingertip forces applied to both objects (Fig. 6.7(d)). 
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6.4.4 Impact of Haptic and Visual Feedback on Simultaneous Grasp Force Control 

After all training, the experimental protocol with the robotic system was designed to 

systematically evaluate the impact that haptic (H) and visual (V) feedback had upon this 

complex simultaneous control task. This necessitated testing the four possible 

combinations of these two independent variables: haptic and visual feedback (HV), only 

haptic feedback (H), only visual feedback (V), and neither haptic nor visual feedback (ϕ). 

Occluding visual feedback was accomplished by erecting an opaque curtain to block view 

of the grasp portion of the experiments; the subjects were able to see the delivery locations 

as well as the GSI. 

Testing the impact of haptic and visual feedback on simultaneous control of a dexterous 

artificial hand was done first with a non-randomized progression of the trials followed by 

a repeat session with a pseudo-random organization.  

The culmination of this session of experiments had subjects perform 16 trials of the 

simultaneous control task, arranged in a pseudo-random order, where each of the four 

possible combinations of independent variables (haptic/visual feedback) were 

implemented four times by each of the 12 subjects. Randomization of the order of trials 

was done in MATLAB using the randperm () function. 

A three factor ANOVA was performed on the collected data using MATLAB. The three 

independent variables were the human subjects, visual, and haptic feedback. The dependent 

variables were the success rate. A trial was considered a success if neither failure (drop, 

break) occurred at any time during the trial. 
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The subjects were also asked to subjectively rate how helpful the haptic and visual 

feedback was to perform the tasks on a scale of 0-5. A non-parametric Mann-Whitney U-

test was performed to assess the significance of these subjective ratings. 

6.4.5 Impact of Haptic and Visual Feedback on Total Delivery Time and 

Simultaneity 

To quantify the impact that haptic and/or visual feedback had upon the time to complete 

the task for each subject during the simultaneous control experiments, the TDT metric was 

defined as: 

 

TDT = 𝐺𝑇+𝑇𝑇+𝑅𝑇      (6.11) 

 

where GT is the time needed to grasp the object(s), TT is the time to transport the 

object(s), and RT is the time required to release the object(s), (Fig. 6.16).  

When grasping both objects simultaneously, GT was defined as the amount of time 

from when the first EMG signal rose above the minimum threshold (ϴ) until when both 

desired forces stabilized at their maximal values prior to initiation of the transportation 

sequence. TT was the time required by the robotic arm to transport the objects to the 

delivery locations. RT was defined as the amount of time from when the first EMG signal 

rose above the activation threshold until when both desired forces returned to zero (Fig. 

6.16(a)).  
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During the initial grasp portion of the experiments (GT, Fig. 6.15(a), Fig. 6.17(a-d)) 

subjects were trained to go at their own pace and to prioritize successful completion of the 

task without breaking or dropping either object. Thus, there were expected task completion 

time differences across subjects during the grasp phase while the transportation and 

delivery times were more uniform due to the continuous arm motion. 

Three factor ANOVA was performed to investigate any statistically significant 

differences that the subjects, haptic, and visual feedback had upon the TDT and 

simultaneity metric during the simultaneous control experiments. 

 

Figure 6.7. (a-d) Afferent and efferent signals while grasping and delivering both 

objects simultaneously. 
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6.5 Session 2 Experiments: Simultaneously Grasping and Transporting Two 

Objects Without Breaking or Dropping Them 

On a subsequent day, each subject performed 16 trials to simultaneously control the 

grip forces applied to both objects (Fig. 6.8(a-d)). Note that this photo sequence shows the 

situation where both objects were delivered to their respective delivery locations 

Figure 6.8. (a-d) Overview of the simultaneous dual-object transportation task 

with emphasis on robotic hand actions for the situation with a simultaneous grasp 

and simultaneous delivery. 
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simultaneously (Fig. 6.8(c, d)), which is another possible method to successfully complete 

the task.  

Prior to experiments with the physical system, simultaneous EMG control training 

occurred as described in the main document.  

Table 6.4. Session 1 Guessing game using haptic feedback only. Pseudo-random sequence 

of four possible combinations of objects grasped to ascertain how well subjects could 

integrate haptic feedback into their sensorium while vision was occluded. 

Trial# Ball Block 

1 ✔  

2   

3 ✔ ✔ 

4 ✔  

5   

6 ✔ ✔ 

7 ✔  

8  ✔ 

9   

10 ✔ ✔ 

11  ✔ 

12 ✔  

13  ✔ 

14   

15 ✔ ✔ 

16  ✔ 
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Then, simultaneous control experiments were performed with the robotic system in a 

non-randomized fashion with four repetitions of each of the four possible combinations of 

the two independent variables (Haptic and Visual feedback): trials 1-4 were conducted with 

both haptic feedback and vision available (HV), while trials 5-8 were performed without 

Table 6.5. Session 2: During the non-randomized experiments, the four possible 

combinations of two independent variables (Haptic Feedback and Vision) were 

tested by the twelve subjects to gain experience prior to randomized trials. 

Trial # Haptic (H) Vision (V) Symbol 

 1 ✔ ✔ HV 

2 ✔ ✔ HV 

3 ✔ ✔ HV 

4 ✔ ✔ HV 

5  ✔ V 

6  ✔ V 

7  ✔ V 

8  ✔ V 

9 ✔  H 

10 ✔  H 

11 ✔  H 

12 ✔  H 

13   ϕ 

14   ϕ 

15   ϕ 

16   ϕ 

 

 



135 

haptic feedback, but with vision of the robotic system (V). Trials 9-12 were conducted with 

haptic feedback but vision of the robotic arm during the grasp phase was occluded by the 

curtain (H). Trials 13-16 were conducted neither with haptic nor visual feedback (ϕ), (Table 

6.5). 

 

Figure 6.9. (a-d) Photo sequence of subject performing single object delivery. (e-j) 

the success and failure rates. 
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During the randomized experiments in session 2, the grouping of subjects was 

subdivided again to produce four different groups of subjects in total. Half of the subjects 

first performed half of the experiments in session 2 with vision of the robotic system 

available. The other half of the subjects first performed half of the experiments in session 

2 without vision of the objects when grasped (Table 6.2). All subjects performed the same 

experiments, just the sequencing of when the experiments were performed was organized 

to counterbalance against learning effects. 

6.6 Results 

6.6.1 Session 1: Single Object Transportation Success and Failure Rates 

Subjects were able to grasp (Fig. 6.9(a)), lift (Fig. 6.9(b)), transport (Fig. 6.9(c)), and 

deliver the ball (Fig. 6.9(d)), and the block, one at a time.  

The success rate of each subject was markedly higher with haptic feedback than without 

haptic feedback while delivering both the ball and block, one object at a time (Fig. 6.9 (i-

j)). In this case, a trial was considered a success if no failures, such as breaking or dropping 

the object, occurred at any time during the task. The average success rate with haptic 

feedback was 94.3% ± 7.35% with the ball and 91.6% ± 12.86 % with the block, while the 

20.62% with the block. Subjects 1, 11, and 12 (who has a congenital absence of his hand) 

were able to perform all trials without any failures when they had haptic feedback available.  
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All subjects had significantly less incidents of failure when they had haptic feedback 

from the robotic armband in comparison to the trials without haptic feedback (Fig. 6.9(e-

Table 6.6. Session 2: During the randomized experiments, the four possible 

combinations of two independent variables (Haptic Feedback and Vision) were 

tested by the twelve subjects. 

Trial # Haptic (H) Vision (V) Symbol 

 1 ✔ ✔ HV 

2  ✔ V 

3 ✔  H 

4 ✔  H 

5   ϕ 

6  ✔ V 

7 ✔ ✔ HV 

8   ϕ 

9  ✔ V 

10 ✔  H 

11 ✔  H 

12   ϕ 

13 ✔ ✔ HV 

14   ϕ 

15 ✔ ✔ HV 

16  ✔ V 

 

 



138 

h)). All 12 subjects broke both objects multiple times during trials without haptic feedback, 

which was the most common mode of failure during these trials. 

The ANOVA showed that the haptic feedback made a statistically significant impact 

for the success and failure data during the single object transportation experiments with 

each object (p < 0.01). 

6.6.2 Session 1: Guessing Game: Haptic Feedback Enabled Subjects to Determine 

Which Object(s) Were Grasped When Vision was Occluded. 

When view of the robotic hand was blocked, subjects were able to use haptic feedback 

alone to determine which object(s), if any, were grasped by the hand. Subjects were able 

to interpret haptic feedback from the soft robotic armband with high success rates. The 

mean of the correct guessing rate was 95.83% ± 9.73 for the ball, and all three other cases 

(block, both objects, and neither object) had the same overall rate of correct guessing of 

97.91 % ± 7.21. 

6.6.3 Session 1: Total Time to Deliver Both Objects, One at a Time 

Fig. 6.10 shows a comparison of total time required to grasp, transport, and deliver 

single object with and without haptic feedback.  Here, the grasp time (GT), transportation 

time (TT), and delivery time (RT) are added together to produce the total delivery time 

(TDT) metric for each object that was delivered one at a time. The TDT for the ball and 

block were then added together to indicate the entire time to deliver both objects, one at a 

time. The means TDT for the ball and the block when added together are 46.26 s ± 5.55s 

for trials with haptic, and 43.81s ± 7.33s for the trials with no haptic feedback (Fig. 6.10). 
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The ANOVA indicated that the subjects and haptic feedback significantly impacted the 

TDT (p<0.05).  

6.6.4 Session 2: Simultaneously Controlling Forces Applied to Two Objects 

Grasped at the Same Time (Non-Randomized Test) 

When simultaneously delivering both objects at the same time, haptic feedback was 

again the most important factor for all subjects to perform the task successfully (Fig. 6.11(c, 

d)). The trials were considered a success if no failure (break or drop) occurred during the 

trial. The average success rate for the cases in the non-randomized test with haptic feedback 

were (91.6% ± 16.28% ball; HV), (89.58% ± 12.87% block; HV), (87.5% ± 16.8% ball; 

H), and (83.33% ± 19.46% block; H). When haptic feedback was disabled, these success 

 

Figure 6.10. Comparison of total delivery time required to grasp, transport, and 

release single object with haptic feedback (H) and with no haptic (NH) feedback. 

The gray highlight indicates the limb-absent subject 12. 
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rates plunged significantly to (16.67% ± 22.19% ball; V), (25% ± 28.2% block; V), (14.58% 

± 24.91% ball; Ø), and (14.58% ± 22.51% block; Ø). 

 

Figure 6.11. (a-f) Success and failure rates of the simultaneous object delivery 

task during the non-randomized experiments 
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The total number of failures that occurred with each subject was significantly less when 

haptic feedback was included in the operational mode of the system (Fig. 6.11(a, b)). In 

general, the average number of failures without vision was higher than with vision, but this 

difference was insignificant (p > 0.05). 

A typical example of breaking the objects for a trial without haptic feedback (Fig. 6.12) 

shows that the subject increased both EMG1 and EMG2 simultaneously to increase the 

grip forces on both objects at the same time (Fig. 6.12(b)) prompting joint angles of the 

hand to close onto the objects (Fig. 6.12 (d)). Then a rapid co-contraction switched the 

 

Figure 6.12. (a-e) Internal Signals showing objects being broken in the absence of 

haptic feedback. 
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operational state of the hand to open as it approached the delivery zones (Fig. 6.12(a)). 

Finally, the subject extended EMG2 to deliver the block and then flexed EMG1 to drop the 

ball into the correct locations. Because the haptic feedback was disabled, the soft robotic 

armband pressures were all zero (Fig. 6.12(e)) and the subject was unaware that the desired 

fingertip forces (FD,1, FD,2 in Fig. 5.12(c)) and measured fingertip forces passed the upper 

‘break’ thresholds (0.7) which resulted in a failed trial and a breakage of both objects.  

6.6.5 Session 2: Impact of Haptic and Visual Feedback on Total Delivery Time 

(randomized experiments) 

During the randomized experiments, the grasp time (GT), transportation time (TT) and 

the release time (RT) are added together to produce the TDT metrics.  The mean delivery 

time required to deliver both objects are (32.65 s ± 4.21; HV), (35.41 s ± 6.32; H), (29.11s 

± 3.48; V), and (28.55 s ± 4.45; Ø). The mean TDT required to deliver the objects with 

haptic feedback was higher than the time required to deliver the objects without haptic 

feedback (Fig. 6.13); see also (Fig. 6.16). 
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6.6.6 Simultaneity Metric is Impacted by Haptic and Visual Feedback During 

Randomized Experiments 

Most subjects had the largest amount of simultaneity (1) when haptic and/or visual 

feedback were deprived (Fig. 6.14). The presence of haptic feedback served as an inhibitory 

cue to carefully increase the grip forces to acceptable levels. By definition of the four 

stereotypical timeframes, any presence of simultaneity (eqn. 1) during time window t4 

must correspond to broken object(s). Most subjects exhibited this trait when they were 

deprived of both haptic and visual feedback (ϕ). Subject 9 was the only person to show 

 

Figure 6.13. Comparison of total delivery time required to grasp, transport, and 

deliver two objects simultaneously during the randomized experiments with the 

four possible combinations of independent variables: (1) haptic and visual 

feedback (HV), (2) only haptic feedback (H), (3) only visual feedback (V), and (4) 

neither haptic nor visual feedback (ϕ). The gray highlight indicates the congenital 

limb-absent subject 12. 
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simultaneity during t4 in the HV case while subject 11 was the only subject to exhibit 

simultaneity during t4 with the H case. Congenital limb absent subject 12 exhibited 

simultaneity in both the V and ϕ cases but not in the HV or H cases, illustrating that he had 

effectively integrated haptic feedback into his simultaneous control strategy to avoid break 

failures. 

6.6.7 Session 2: Grasping and Transporting Two Objects Simultaneously 

The second experimental session, which occurred on a subsequent day, involved 

grasping, transporting, and delivering into bins, without breaking or dropping, the same 

two objects simultaneously (Fig. 6.15(a-d)). For demonstrative purposes, the soft robotic 

armband was placed on the tabletop to show how the soft pneumatic actuators inflated 

 

Figure 6.14. Comparison of the simultaneity metric (eqn. 1; Fig. 3) under the four-

time windows, t1, t2, t3, and t4. The grey highlighted subject 12 had a congenital 

limb absence. 
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proportionally to the forces measured at the tips of the thumb, index, and little fingers (Fig. 

6.15(a-d)). During experiments with people, this armband was securely wrapped around 

the upper forearm with the inflatable chambers referring haptic information to the subject’s 

skin. Haptic and visual feedback were systematically manipulated to combinatorically 

examine the impact that these two variables had on performance of the complex 

simultaneous control task.  

6.6.8 Successful Simultaneous Control of Grip Forces Applied to Two Objects 

Concurrently is Strongly Bolstered by Haptic, Not Visual, Feedback 

Simultaneous task performance showed a sizeable benefit of haptic feedback (Fig. 

6.15). The total number of grasp failures was substantially less when haptic feedback was 

included (HV, for ‘haptic and visual’ feedback; H for ‘haptic’ alone, compared with ‘vision’ 

alone (V) or ‘no feedback’ (∅)), (Fig. 6.15(e)). Success rates for each object and grasp show 

that haptic feedback substantially improved the subjects’ correct deliveries of both the ball 

(Fig. 6.15(g))) and block (Fig. 6.15(h)); (a successful trial is defined as one in which no 

failure, drop or break, occurred). The ability to visually monitor the grasping portion of the 

experiment was altogether much less impactful on the success rates of the subjects, as seen 

from the lack of significant difference between conditions HV and H (Fig 6.15(g, h, j, k)). 

When the subjects were given haptic feedback, the overall average success rates were 90.6% 

± 14% and 86.3% ± 21.7%, with (HV) and without the vision (H) of the system, 

respectively. When haptic feedback was disabled, these success rates plummeted to 21.9% 

± 21.6%, and 9.4% ± 19%, with vision (V) and without visual feedback (∅), respectively. 
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Importantly for clinical translation, there was no statistically significant difference 

 

Figure 6.15. Simultaneous grasp force control. (a-d) show consecutive frames of 

task progression from the simultaneous grasp of both objects (e) when compared 

to vision alone (V) or no feedback (∅); and increased successful delivery of both 

objects (g, h), leading subjects to report the haptic feedback as more helpful than 

visual (f). Analysis of grasp failure especially showed a more measured use of 

robotic forces, specifically leading to a striking reduction in object breakage (I). 

Individual subject’s delivery success rates are provided in (j, k). The grey 

highlight indicates the congenital hand-absent subject 12. The gray highlight 

indicates the limb-absent subject 12. * p < 0.05, ** p<0.01. 
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among the human subjects (p > 0.05), suggesting that all subjects were able to successfully 

control the system, more or less, in a comparable fashion, including subject 12 who has a 

congenital hand absence (Fig. 6.15(j-k)).  Analysis of grasp failure type shows that by far, 

the most common failure was to break an object (Fig. 6.15(i)): haptic feedback almost 

entirely abolished this type of error over the course of this second session. Whether or not 

 

Figure 6.16. Comparison of total delivery time (TDT) for one object at a time 

versus two objects simultaneously. 
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visual feedback of the system was available, the effect of haptic feedback was highly 

significant on both the success and failure rates (p < 0.01), indicating the importance of 

artificial sensations of touch to successfully perform the complex simultaneous control task. 

Interaction among the three independent variables (subjects, haptic, visual feedback) was 

not significant (p > 0.05). Finally, subjects qualitatively rated the importance of haptic 

feedback to be 4.92 / 5 (98.5% ± 5.54%) on average, while they rated the importance of 

visual feedback to be 3.46 / 5 (69.2% ± 23.96%) on average. The U-test indicated that 

haptic feedback was rated significantly higher than visual feedback (p<0.05), (Fig. 6.15(f)).  

 

6.6.9 Time to Deliver Two Objects Simultaneously was Lengthened by Haptic, but 

not Visual, Feedback. 

When haptic and visual feedback were available (HV), the total delivery time (TDT) 

was 32.6s ± 4.21s averaged across all 12 subjects. When vision was occluded with haptic 

feedback enabled (H), the mean TDT increased to 35.4s ± 6.32s. When haptic feedback 

was disabled, the mean TDTs decreased to 29.1s ± 3.48s and 28.5s ± 4.45s, with (V) and 

without visual feedback (ϕ), respectively (Fig. 6.16(b)). The TDT was longer with haptic 

feedback enabled (Fig. 6.16(b)) at the expense of significantly more failures when haptic 

feedback was disabled (Fig. 6.15(i)).  

The three factor ANOVA indicated that the subjects and haptic feedback significantly 

impacted the TDT (p<0.01) while visual feedback was not significant (p>0.05). There was 

significant interaction between the subjects and haptic feedback and between haptic and 
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visual feedback (p<0.05). However, all other interaction effects were not significant 

(p>0.05).  

6.6.10 Simultaneous Object Transportation Enabled Significant Time Savings 

Compared to One at a Time 

The TDT was also calculated for delivering a single object at a time during experiments 

in session 1 by adding the TDTs of the ball and block together (Fig. 6.16(b)). The overall 

average for delivering both objects, one at a time, was 46.3s ± 5.55s when haptic was 

available and 43.8s ± 7.33s when haptic was not available. Therefore, the TDT was 

significantly faster (p<0.01) for delivering both objects simultaneously than the summed 

duration of two individually transported objects (Fig. 6.16(d), making the simultaneous 

transportation economical in time for all feedback conditions and for all twelve subjects. 

6.6.11 Haptic Feedback Enabled Cautious Simultaneous Grip Force Control 

We also studied the extent to which haptic and visual feedback affected simultaneous 

motor control during the grasp phase of the simultaneous control experiments (Fig. 6.17(a-

d)). A metric of simultaneity was defined as the percentage of time with simultaneous 

control: 
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Here, tA, tB, …, tN, indicate all durations of time where only a single EMG grasp control 

signal was above the minimum activation threshold (ϴ) and tsim is the amount of time where 

both EMG signals were simultaneously above the same activation threshold (Fig. 6.17(e)). 

The simultaneity metric was calculated only on the grasp portion of the task (Fig. 6.17(a-

d)) since this is the stage of the task where subjects were trained to control their EMG 

signals simultaneously due to the design of the distinctly different delivery locations of the 

two objects (Fig. 6.15(a-d)). 

When subjects had both haptic and visual feedback (HV), they controlled their desired 

grip forces on both objects simultaneously 61.6% ± 12.9% of the time, on average. When 

haptic feedback was available, but vision was occluded (H), the simultaneity metric 

decreased to 57.3% ± 11.25%, on average. However, the simultaneity metric increased 

when haptic feedback was disabled to 68.1% ± 21.63% and 70.0% ± 14.83% with (V) and 

without visual feedback (ϕ), respectively (Fig. 6.17(f)).  

The three factor ANOVA showed that there was no significant difference between the 

subjects (p>0.05); however, both haptic and visual feedback significantly impacted the 

simultaneity metric (1), (p<0.01). The interaction between haptic and visual feedback 

variables was also significant (p<0.01). All other interactions among independent variables 

were not significant (p>0.05). 

To understand these results more deeply, we further subdivided the grasp phase into 

four-time intervals (t1 to t4) corresponding to the onset of crucial afferent and efferent 
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events distinguishing simultaneous/split velocity and force control. Briefly, we defined t1 

as being the simultaneous velocity control portion (Fig. 6.17(a)) the interval between 

engagement of EMG activity and the onset of one supra-threshold robotic fingertip force 

(whichever grasped object was contacted first). The next segment of time was simultaneous 

force/velocity control, t2, where one grasp was still closing and not yet contacted the object 

 

Figure 6.17. Comparison of the simultaneity metric under the four-time 

windows: t1, t2, t3, and t4. 

 

 



152 

while the other grip was in contact with the other object. This time segment lasted until the 

grip forces on both objects were over a minimal threshold, ensuring that both objects were 

contacted by the hand. Time segment t3 was the simultaneous grip force control portion 

(Fig. 6.17(c)) which lasted until one of the fingertip forces reached its maximum (typically 

a stable level preserved through grasp and transportation). Finally, t4 was the segment of 

time when control of a single grip force was required, from the end of t3 until when a 

maximal force was applied to the second object (Fig. 6.17(g)). The only simultaneity that 

would occur during t4 must correspond to a broken object grasp failure. Note that we used 

fingertip forces rather than the corresponding pressures in the soft robotic armband to 

separate the four-time segments to facilitate the quantitative comparison of conditions with 

and without haptic feedback.  

A detailed analysis of the four intervals of grasping behavior (t1 to t4, (Fig. 6.17(h))), 

revealed that neither haptic nor visual feedback significantly affected t1 (onset of efferent 

to onset of afferent), (Fig. 6.17(i)). In contrast, t2 and t3 revealed large differences between 

the two conditions with haptic feedback (HV, H), and the two conditions without (V, ∅). 

Haptic-enabled conditions exhibited significantly less simultaneity during the t3 time 

period (simultaneous force control, Fig. 6.17(c)), where a more cautious approach was 

taken to avoid breaking either object. As expected, simultaneity was lowest during time 

segment, t4 under all four feedback conditions but showed a marked increase in the no 

feedback case (∅), corresponding to increased grasp break failures (Fig. 6.15(i)).  
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6.7 Discussion  

To the best knowledge of the authors, this paper demonstrated the first-time people 

have integrated multiple channels of haptic feedback to simultaneously control the grip 

forces applied to two objects with surface EMG, even when vision was occluded.  

6.7.1 Haptic vs. Visual Feedback to Successfully Control the Grip Forces Applied 

to Two Objects Simultaneously 

While it is commonly known that haptic feedback can effectively substitute and 

augment visual feedback during force control with an artificial hand [121], this paper 

provides new information showing that people can successfully integrate multiple channels 

of bimodal haptic feedback to proportionally control the forces applied to two different 

objects grasped simultaneously. After just a brief but well-structured training protocol 

performed with subjects who were naïve to EMG prosthesis control, we found signs of a 

cognitive mapping between artificial haptic perception by the robotic hand’s tactile sensors 

and its referred sensations by the haptic interface laid over the subject’s arm. Specifically, 

subjects almost eliminated grasp failures for both objects (Fig. 6.15(h, k)) and greatly 

increased the number of successful deliveries (Fig. 6.15(e, f, I, j)). The comparison of 

success/failure rates with and without haptic feedback was highly significant (p<0.01), 

while visual feedback did not significantly impact the success/failure rates (p>0.05). 

Furthermore, subjects qualitatively rated haptic feedback as significantly more important 

than visual feedback even when vision was available (Fig. 6.15(f)) because there was often 
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little to no visually perceptible warning before grasped objects were broken or dropped. It 

should also be noted that use of more gentle force levels afforded by haptic information 

promise to spare prosthetic arms from premature mechanical stress, aging and failure [202], 

with the benefit of longer usability and lower cumulative cost for the patients.  

6.7.2 Haptic Feedback Slowed but Refined Simultaneous Task Performance  

An interesting finding in this work is how the haptic and visual feedback variables 

interacted based on the simultaneity metric (1) and the TDT but did not interact on the 

success or failure rates during the complex simultaneous control tasks. With respect to 

control simultaneity (1), (Fig. 6.17(e)), the interaction of hapsis and vision is likely due to 

a complementary use of those two informational channels along the four time periods t1 to 

t4 (Fig. 6.17(a-d, g)) We hypothesize that at the beginning of each grasp cycle (t1), subjects 

adopted a strategy in which they simultaneously increased the desired grip forces 

aggressively until crossing key thresholds of haptic detection. Because the haptic signal 

had not reached a perceptual threshold during t1, this velocity control was solely achieved 

from visual feedback, when available. In the later stages of grip force control, haptic 

feedback enabled subjects to be more nuanced in their control to avoid breaking an object, 

with vision playing a synergistic role during interval t2 and antagonistic roles during t3 and 

t4. From the onset of t2, some subjects would fine-tune the grip forces one at a time to 

precisely dial in the fingertip force levels as desired to successfully implement this difficult 

task. This fine-tuning explained a lesser use of simultaneous control and a slower execution 

when haptic information is present. It contrasted starkly with the situation where neither 
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haptic nor visual feedback was enabled (ϕ): both EMG signals were co-activated, often 

resulting in breaking both objects. This set of findings suggests that haptic and/or visual 

cues can serve inhibitory roles in the complex simultaneous control task and bolster overall 

success rates by preventing break and drop failures, as is patently obvious from (Fig. 6.15). 

In short, the higher scores of simultaneities when haptic information is absent (Fig. 6.17(i)) 

reflect a failure to differentiate the grips for both objects, and this occurs at the cost of 

breakage (Fig. 6.15(i)). Conversely, when haptic information is present, simultaneous 

control is more intermittent and lowers the overall simultaneity metrics, but the nuanced 

adjustments lead to better quality of motor control. 

 With respect to the TDT metric, deprivation of haptic feedback yielded faster delivery 

times, on average (Fig. 6.16(b, d)), at the expense of more grasp failures (Fig. 6.15(i)). This 

is likely because subjects were simultaneously controlling the grip forces on both objects 

a higher percentage of the time in an aggressive manner without any inhibitory feedback 

cues. The inclusion of visual feedback tended to slow down the TDT except, generally 

speaking, with haptic feedback only (H), which produced the slowest TDT (Fig. 6.16(b)) 

and the lowest simultaneity score (Fig. 6.17(f)) which is why the ANOVA found interaction 

between these variables. 

One likely explanation for the interaction between the haptic and visual feedback 

variables on the simultaneity (1) and TDT metrics is that the visual feedback (when 

available) dominated the velocity control portions of the grasp phase (time segments t1 and 

t2; Fig. 6.17(a, b)). However, when haptic feedback was enabled, it superseded the visual 
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feedback during force control (time segments t2, t3, and t4; Fig. 6.16(b, d)). While the 

fingers were closing (prior to contacting the objects), haptic feedback was not present, and 

vision (when available) dominated the task performance. After contacting the objects, 

finger motions were minimal, and the impact of vision was overwhelmed by haptic 

feedback (when enabled). 

6.7.3 Simultaneous Control Enables Time Savings During Object Transportation 

On average, all 12 subjects saved significant amounts of time when delivering two 

objects simultaneously instead of one at a time with negligible impact on the task success 

and failure rates (Figs. 6.15, 6.16(e)). It is also important to mention that this task was 

designed to transport two objects a short distance across a table, and the simultaneous 

control approach yielded a significant improvement in the overall task completion time. 

This increase in efficiency would become even more pronounced in many other common 

situations involving a greater transportation distance, such as carrying two objects from the 

car into the kitchen, for example. 

6.7.4 Future Applications of Simultaneous Control 

Results showed that all subjects had high success rates while grasping and transporting 

two objects simultaneously without breaking or dropping them, even when they were not 

able to see the two objects. None of the subjects had significant prior use of EMG-

controlled artificial hands, yet they were able to learn to harness this multitasking 

functionality after two short training sessions. As such, the contributions of this paper could 

catalyze a paradigm shift in the way artificial hands are controlled by limb-absent people, 



157 

which can be problematic for some individuals [203]. This research is relevant not only to 

current prosthetic hands but also for use in the future with the next generation of more 

dexterous prosthetic limbs such as the modular prosthetic limb [204], Hannes hand [190] 

or Deka Hand [205] because it is scalable to any kind of grasp and can be coupled with 

other EMG pattern recognition techniques to detect the intentions of the user [71, 81-85, 

206]. It could also be used with commercially available technology such as the i-limb 

iPhone app that can be used to select the grasp of the hand. Instead of using this app to 

choose a single grasp or function, the user could select any number of functions for 

simultaneous control, for example, if a card was pinched between the index and middle 

fingers at the same time that the thumb and little finger were used to unscrew the lid of a 

water bottle (using the approach described in [193]. Another example is if an object was 

grasped with a tripod grip using the thumb, index and middle fingers while the little finger 

was simultaneously used to toggle a light switch; the authors have also demonstrated this 

as another useful application of this concept.  

This study developed within a laboratory setting could gain from being extended to 

more realistic situations that do not only involve repeatedly transporting the same two 

objects. Since this paper is the first (to our best knowledge) to demonstrate the feasibility 

of this complex simultaneous control task while integrating multiple channels of haptic 

feedback, further experiments are warranted with wearable prosthetic limbs in unstructured 

tasks of daily life. We posit that in the future, more research on the impact that multiple 

channels of haptic feedback has on the ability to multitask with an artificial hand will be 
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an important question to answer so that limb-absent people can exploit the full dexterity of 

next-generation prosthetic limbs [207, 208]. In particular, a cohesive design approach for 

the co-evolution of refined dexterous grasp control methods and corresponding haptic 

feedback mechanisms is likely to yield better device integration in day-to-day life. 

6.8 CONCLUSION 

This paper has demonstrated the first time that people have used surface EMG to 

proportionally control the grip forces applied to two objects simultaneously during object 

transportation with a dexterous artificial hand while integrating bimodal artificial 

sensations of touch into their motor control strategies. These new developments enabled 

the 12 subjects to perform a complex task of grasping, transporting, and delivering, without 

breaking or dropping, two different objects at the same time even when vision of the hand 

was occluded. Results demonstrated that the multi-channel bimodal haptic feedback from 

the soft robotic armband enabled high success rates with the congenital limb-absent subject 

and the 11 able-bodied participants, even when vision of the artificial hand was occluded. 

This finding requires a change in perspective: while there can be, to an obvious degree, 

non-dexterous single object manipulation with vision and no haptic feedback, there seem 

to be stiff barriers to dexterous manipulation of multiple objects and surfaces that require 

a reorienting toward multi-channel haptic augmentation for complex tasks of daily life with 

artificial limbs. We argue that this paradigm shift will ultimately serve well the users of 
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prosthetic hands who have long waited for advances in the technological leverage of 

robotic dexterity
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7 TOWARD PROSTHETIC HAND DEXTERITY: THE CRUCIAL ROLE OF 

MULTICHANNEL SENSORIMOTOR INTEGRATION

7.1 Introduction 

The amputee in general has problems with the commercially available prosthetic hand. 

The main problem is the disconnection between the motor and sensory pathways. 

Sensorimotor integration in prosthetic hands would improve the ability of the users to have 

a rich interaction when manipulating any objects. In this study, the importance of 

sensorimotor interaction is examined. Amputees are suffering from objects being slipped 

from their artificial hands since they do not have the ability to feel the slipping event in 

order to prevent the objects from slipping. Integrating the haptic feedback into the motor 

control strategies can improve amputee’s experience and can improve their life. This study 

focuses on slip detection and prevention based on the haptic feedback on multichannel. 

Haptic feedback availability on multiple channels is essential for any prosthetic hand to be 

able to mimic the intact hand. Twelve human subjects include 3 amputees participated in 

this research to evaluate and test the slip detection and prevention platform using 

vibrotactile stimulator as haptic feedback. During this research artificial neural network 

(ANN) algorithm was used to classify six surface EMG signals into four classes to allow 
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human subjects to control the slipping platforms. During this research the tactile sensors 

(BioTac) attached to the index and little fingers on the shadow hand were used to detect 

the slip using electrodes impedance signals to design ANN classification algorithm. For 

each BioTac an independent ANN was designed to detect the slip. Results showed that 

human subjects including the amputees were able to detect the slipping with high response 

time and were able to prevent the slipping events with a very high success rate.  

7.2 Materials and Methods 

7.2.1 Human Subjects 

Twelve human subjects participated in these experiments. Six were female and six were 

male subjects, of the six male subjects, three had an amputation. All participants gave 

informed written consent under a protocol approved by Florida Atlantic University’s IRB, 

which was in accordance with the declaration of Helsinki. 

7.2.2 Stepper Motors Platform 

The slipping platform contains two independently controlled stepper motors. The first 

platform is controlled to be sliding against the index finger, while the second platform was 

controlled to be sliding against the little finger.  The sliding speed was fixed at 0.5 mm/s. 

Each platform contained a stepper motor, stepper motor driver, lead screw rod, 2 Linear 

Shaft Optical Axis with Rod Rail Support, copper nut, 4 bearing pillow blocks, flexible 

stepper coupler, and 3D printed surface. The stepper platforms were fixed on an aluminum 
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plate. Fig. 7.1(a-e) is shown a photo sequence explaining the slipping platforms. The 

slipping platforms were designed to be controlled to slide in the z axis.  

 

Figure 7.1. (a-d) Photo sequence showing the slipping platforms with Shadow 

hand in contact with the sliding surfaces, (f) BioTac electrodes impedances for the 

index finger showing the different scenarios, and (g) BioTac electrodes 

impedances for the little finger showing the different scenarios. 
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7.2.3 Haptic Feedback Platform 

The haptic feedback platform was designed using Teensy 3.6 to control two vibrotactile 

stimulators as a response to two tactile sensors (BioTac) placed on the index and little 

fingers. The vibrotactile stimulators were integrated into soft robotic armband to rapidly 

deliver critical information about the slipping events. The vibrotactile stimulators were 

used to mimic the rapidly adapting mechanoreceptors respond to high frequency slip 

sensations. 

7.2.4 System Configuration and ROS Network 

The robotics system used during this experiment includes a Shadow hand (Shadow 

Hand Company, London) fit with BioTac artificial tactile sensor arrays (SynTouch, CA) on 

both the index and little fingers (Fig. 7.2). Three ROS nodes were designed and integrated 

to collect the data and provide data management to interact with the system. The first ROS 

node was used to control the Stepper motors to initiate the slip with respect to the tactile 

sensors. The stepper motors were moved initially to establish the slip event and then the 

tactile sensor would be able to detect the slip. The second ROS node was used to control 

the haptic feedback actuators (Vibrotactile stimulators). Once the tactile sensors detect the 

slip, an activation signals would activate the Vibrotactile stimulators to inform the human 

subjects about the slip events. The third ROS node was used to collect the EMG signals to 

let the human subjects control the shadow hand movement and the stepper motors. Six 

EMG electrodes were used to collect the EMG activities from the forearm. These six EMG 

signals were processed to be used to design an artificial neural network (ANN) machine 
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learning classifiers to allow the human subject to control the system. The ROS nodes were 

responsible for gathering all the data from the hardware components and feed that data into 

ROS master so that the data would be available to be logged throughout the experiment.  

7.2.5 EMG Classifier and Offline Data Analysis 

The ANN classifier was designed for real-time application, the classifier was designed 

with data collected offline first. The ANN classifier was designed with 6 inputs and 4 

outputs. The 6 inputs are EMG signals that were collected from 6 EMG electrodes fixed 

on the forearm of each human subjects after distributing the electrodes around the forearm 

with an approximately equal distance between each electrode. The outputs from the ANN 

classifier were No Move (NM), Index finger flex (IF), Little finger flex (LF), and co-

 

Figure 7.2. The experiment robotics system configuration showing the main 

components of the experiment. All the system components are interacting with 

each other through ROS, Python, and MATLAB/Simulink. 



165 

contraction (Fist). For each class 10 trials were collected in which the human subjects were 

asked to follow a rectangular pattern in the monitor in front of them for each trial.  The 

data collection sampling frequency was 200Hz. The time domain data collected was 

amplified and filtered before using it to design the ANN classifier. The time domain data 

was manually separated into four different matrix and labeled to design the ANN classifier.  

The ANN classifier was designed using built in tool in MATLAB neural network pattern 

recognition tool (nprtool). A two-layer feedforward neural network with 6 neurons for the 

input, 100 neurons for the hidden layer and 4 neurons for the output layer was used to 

classify the collected data into four classes. Sigmoid and SoftMax activation functions were 

used for the hidden layer and the output layer respectively. The cross-entropy and confusion 

matrices were used to evaluate the performance of the ANN classifier. The networks were 

trained with scaled conjugate gradient backpropagation. To train and test the ANN, the 

collected data was divided into 3 categories: training, testing, and validation. The ANNs 

were trained using 70% of the data and the network was adjusted based on the error 

generated from this dataset. Network generalization was measured using the 15% 

validation data set, and the training stopped when generalization error stopped improving. 

The 15% testing dataset did not affect the network error, providing a new performance 

measure that was independent from the training and validation performance measure. 
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Figure 7.3. Vibrotactile stimulator activity evaluation, (a-b) Shadow hand without 

and with the vibrotactile attached, (c-g) Slow vibration activation signal 

spectrogram features, (h-k) Fast vibration activation signal spectrogram features. 
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7.2.6 BioTac Classifiers and Offline Data Analysis 

To design ANN classifiers to detect the direction of slip, an experiment was designed 

to collect data from the tactile sensors (BioTac) attached to the index, and little fingers Fig. 

2(f, g). The collected data was used to train and test the ANN classifier. An ANN classifier 

was designed for each BioTac sensor independently for each other.  The data was 

collected by moving the shadow hand fingers and make sure that a firm contact was 

established between the tactile sensors (BioTac) and the slipping platforms. After 

establishing a firm contact the platforms were moved in the up direction for 10 trials and 

then to the down direction for 10 trials. The sampling frequency for the data collected was 

200 Hz. The signals acquired from the BioTac sensors were low pass filtered and then used 

to design the machine learning classifiers. For each BioTac 24 electrodes are available to 

measure the impedance and this impedance measurements were used to design the 

classifiers. The ANN classifiers were designed using the same tool mentioned in the EMG 

classifier configuration. The ANN classifiers were designed with 24 input and 2 output 

with 100 neurons in the hidden layer. 

7.2.7 Vibrotactile Stimulator Vibration Modes Frequency Analysis 

To evaluate the frequency specifications for the vibrotactile stimulators, the BioTacs 

sensors were utilized. The vibrotactile stimulators were connected firmly to the tactile 

sensor (BioTac) Fig. 7.3(b). The BioTacs sensors were used to measure the two vibration 

modes from the vibrotactile stimulators because it can accurately record the vibration 

signals at high sampling rates. The vibrotactile activation signals for this test were created 
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in MATLAB Simulink using ROS toolbox with 200 Hz sampling rates. The signals were 

then sent to the haptic feedback platform to control the vibrotactile stimulators. The slow 

vibration mode frequency was 1 Hz while the fast vibration mode frequency was 200 Hz. 

The static and dynamic pressure signals from the BioTac were recorded for both the slow 

vibration mode Fig. 7.3(c) and the fast vibration mode Fig. 7.3(d). The time frequency 

(spectrogram) analysis for both vibration modes are shown in Fig. 7.3(c, d). In the 

spectrogram plots, the signal energy is focused on frequencies below 20 Hz.  

7.3 Experiment Design and Data Acquisition  

7.3.1 BioTac ANN Design for Real Time  

To prepare the platform for subjects, we started by design the ANN classifiers for the 

BioTacs to be able to classify the 24 electrodes impedances into two classes (Slip Up, Slip 

Down). The training and testing process for the ANN classifier for the BioTacs design was 

performed for each human subjects. The ANN classifiers for both index and little fingers 

were trained in offline setup and then tested for real time to make sure that the classification 

accuracies are high before starting the experiments with any human subjects.  

7.3.2 EMG ANN Design for Real Time 

The experiment with human subjects started by attaching six EMG electrodes (four are 

from (13E200 AC, Otto Bock), and 2 are from Myolab II (Motion Control, Inc., Salt Lake 

City, USA)) around their forearm with an equal spacing between each electrode. The 

human subjects were asked to move their fingers to make sure that all the EMG electrodes 
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were in contact with the skin and their signals had a good response. The human subjects 

were asked to perform the fingers movements to mimic the intended movements to design 

the ANN classifiers to make sure that their signals are distinguishable with no need to adjust 

the EMG electrode’s location and gain.  The human subjects were asked to keep the 

resting position same throughout the entire experiment. The ANN classifier for the EMG 

was designed to classify the EMG signals into four classes No Move (NM), Index Flex 

(IF), Little Flex (LF), and co-contraction (Fist). The human subjects were asked to follow 

a rectangular pattern in the display in front of them and provide the same movement for 

each class 10 times. The EMG ANN classifier was tested in real time before the actual 

experiments took place.  

7.3.3 Human Subject Training with Vibrotactile Stimulators 

Training and testing the human subjects with the vibrotactile stimulator feedback were 

the next step. The vibrotactile stimulator were placed on the upper arm and human subjects 

were asked to distinguish between the two stimulation modes before fixing the location of 

the stimulators. The training process started by controlling the vibrotactile stimulator 

activation modes through MATLAB Simulink in real time. The vibrotactile stimulators 

were programmed to be activated in two modes, the slow mode and the fast mode. The 

activation frequency for the slow mode was 1 Hz while the activation frequency for the 

fast mode was 200 Hz. The slow activation mode indicate that the stepper platform is 

slipping in the up direction, while the fast activation mode indicate that the stepper platform 

was slipping in the down direction. After establishing this mapping for the human subjects, 
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their perception was tested. A sequence of 25 trials were generated using MATLAB 

(randperm) ()) to test the human ability to detect the direction of slip through the 

vibrotactile stimulator.  Table 7.1 showed the activation modes when testing human 

perception with the vibrotactile stimulator. 

Table 7.1. Vibrotactile Stimulators Activation Modes 

Activation Mode 
Index vibrotactile 

stimulator 

Little vibrotactile 

stimulator 

Both up Slow Vibration Slow Vibration 

Both down Fast Vibration Fast Vibration 

Index up, Little down Slow Vibration Fast Vibration 

Index down, little up Fast Vibration Slow Vibration 

No Haptic Off Off 

 

7.3.4 Data Collection for the Real Time Test 

Human subjects were trained with the actual system before the start of the experiments. 

To collect the data for this experiment, human subjects were not able to see the system. An 

opaque surface was placed in front of all human subjects to prevent them from seeing the 

Shadow Hand interacting with the slipping platforms. The human subjects were asked to 

wear a noise cancelling headset to prevent them from hearing the noise generated when the 

steppers were moving. During the experiment five different interaction modes table 7.2 

were tested by a randomly generated sequence containing 50 trials (10 repetition for each 

interaction mode) using MATLAB (randperm ()). All the human subjects went through the 
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same 50 trials sequence. The human subjects controlled the flow of the experiments by 

pressing the Enter key in the keyboard in front of them. Each trial was designed to be 15 

second long, during these 15 seconds human subjects were asked to identify the vibrotactile 

stimulator activation mode and respond to the fast activation mode which indicate that the 

slipping platform was slipping down. The human subjects were asked to respond to the fast 

activation mode by controlling the stepper motors and the shadow hand fingers positions 

through the EMG signals. For example, if the human subject indicated that the fast 

vibration was on the index finger and slow vibration was on the little finger, then he/she 

would flex the index finger to stop the slipping on the shadow hand index finger while 

he/she would leave the sliding on the shadow hand little finger and so on. 

Table 7.2. Sensation and Actuation Modes 

Sensation Actions 

Index 

Finger 

Little 

Finger 

Index 

Finger 

Little 

Finger 

↑ ↑ x x 

↓ ↓ √ √ 

↑ ↓ x √ 

↓ ↑ √ x 

□ □ x x 
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All the trials were programmed to last for 15 second and human subjects have to decide 

when to respond to the vibrotactile stimulator. Based on the trials interaction mode of 

slipping the index and little fingers platforms would slip up or down. The human subjects 

were asked to respond to the fast vibration activation mode which means the sliding 

platform was slipping down. The force controller is activated just in slipping down modes. 

Fig. 7.4 showed the force control diagram. MATLAB Simulink was used to design two 

hybrid force-velocity controllers [200] to control shadow hand index and the little fingers. 

Each controller had an outer force feedback loop and an inner velocity feedback control 

loop Fig. 7.4. 

 

 

Figure 7.4. Control system overview. Hybrid force-velocity controllers to control 

the forces applied to two different slipping platform by a dexterous Shadow Hand.  
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Figure 7.5. EMG ANN classifier accuracy for all subjects, (a) Normalized EMG 

signals, (b) ANN EMG classifier output, (c) Subjects EMG classification accuracy 

for each class independently, and (d) Overall classification accuracy for all the 

subjects. 
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7.4 Results  

7.4.1 EMG ANN Classifier Classification Accuracy  

The real time classification accuracy for EMG ANN classifier is reported in Fig. 7.5 (c, 

d). For each class the classification accuracy was calculated for each subject individually 

Fig. 7.5 (c) and the overall classification accuracy for each subject are shown in Fig. 7.5 

(d). As we can see in the Fig. 5.7 (c, d), all the participants perform very well even the 

amputee with overall mean classification accuracy 95.53% ± 0.2%. The highest 

classification accuracy for individual classes was the no move class with 100% mean 

accuracy while the classification accuracy for the rest of the classes 94.93% ± 4.43%, 91.72% 

± 9.27%, and 91.30% ±5.61% for index, little and fist classes respectively.  

 

Figure 7.6. Subject response time, (a) Response time for each class independently 

in (s), and (b) Overall subjects’ response time in (s).  
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The ANOVA analysis showed that there was no significant difference between the 

subjects EMG classifier accuracy (p>0.05). The interaction between subjects and the 

classes was also not significant (p>0.05).  

7.4.2 Subjects Response time  

Subjects were asked to respond to the slip after making sure that they have the correct 

perception from the haptic feedback. The response time was not the main focus of this 

study. We were reporting the subject’s response time in Fig. 7.6 to show that the human 

subjects had different sensory-motor response time. As we can see in Fig. 7.6 the first 3 

subjects were the amputee subjects and they have higher response time than the non-

amputee subjects. The mean response time was 2.54s ± 0.52s. Subjects with fastest 

response time was S4 with 1.50s ± 0.56s and subjects with slowest response time was S1 

with 3.32s ± 0.89s. 

Performing ANOVA analysis on the response time showed that there was a significant 

difference between the amputee and non-amputee subjects (p<0.01). The response time 

was significantly different among the operation modes. The interaction between subjects 

and the operation modes was also not significant (p>0.05).  
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7.4.3 Success Rate for each Condition 

The success rate was defined by the EMG classifier accuracy. If the EMG classifier 

accuracy for a trial pass 50%, this mean this trial is a success trial and if the EMG classifier 

accuracy below 50%, this mean this trial is failure trial. The success rate in performing the 

task was very high with mean success rate for each condition being 100%, 98.33%, 94.16%, 

95.83%, and 100% for both up, both down, index up little down, index down little up, and 

no haptic operation modes respectively. Subjects were able to perceive the information and 

perform the right action to prevent the platform from slipping in the down direction. In 

some cases, subjects misinterpret the information, and they perform the wrong action as 

seen in Fig. 7.7.   

 

Figure 7.7. Subjects’ success rate for each condition.   
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7.5 Conclusion  

Multichannel Slip detection and prevention in real time was investigated during real 

time multichannel sensorimotor integration with prosthetic hand. Using the artificial neural 

network (ANN) to design a machine learning classifier to classify six surface EMG signals 

into four classes to control prosthetic hand fingers, while at the same time using ANN 

designed to classify the slip status of a surface while interacting with the prosthetic hand. 

The sensory feedback was conveyed to the human subject’s upper arm using the 

vibrotactile modalities from the bimodal haptic armband. The results show that, human 

subjects were able to integrate the vibrotactile sensory feedback to detect slip events and 

to help prevent slipping with very high success rate. Also, the results show that the ANN 

classifier was with very high accuracy to classify the EMG signals. The response time for 

the three amputees participate in the experiment was significantly higher than the response 

time for non-amputee subjects. 
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8 NON-INVASIVE BIDIRECTIONAL NEUROPROSTHETIC PLATFORM TO 

INVESTIGATE HAPTIC RESTORATION WITH PROSTHETIC HAND

8.1 Introduction  

The main goal of this research is to improve the life of limb absent people and improve 

their everyday experience. Since the sense of touch is essential to perform daily tasks, it is 

important to restore this sensation for the amputee to perform everyday tasks successfully. 

When the tactile sensation is impaired the human experience with everyday activities is 

affected.  Restoring the sensation of touch even partially would improve the way amputee 

are controlling their prosthetics.  

To be able to integrate the neuroprosthetic with severed neural pathways for sensation 

and control of an artificial limb, it is important to understand the dynamic behavior of the 

nerves when they are subject to a pulse train of action potential signals (stimulation). In 

this research, a novel noninvasive neuroprosthetic research platform is developed (Fig. 8.1) 

to study the change in biological neural dynamics when exposed to electrical stimulation. 

This neuroprosthetic platform is designed to give the ability to perform limitless 

experiments in a well-controlled environment at an affordable cost. The developed 
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noninvasive neuroprosthetic platform (Fig. 8.1) will be utilized to investigate the neural 

dynamics and their ability to control an artificial limb.  

8.2 Methods for Neuroprosthesis Platform  

8.2.1 Culturing Biological Neurons in Multichannel Microelectrode Arrays (MEA)  

Bidirectional neurorobotic experiments were performed with neurons under two 

different conditions. These cultures were prepared under appropriate conditions to 

spontaneously generate structural and functional connectivity between biological neuronal 

network inputs and outputs. In this work, primary cortical neuronal cultures were isolated 

from postnatal day 0-1 mouse pups. Animals were housed and bred in a temperature-

controlled vivarium at Florida Atlantic University [191]. All animal procedures were 

approved by the Institutional Animal Care and Use Committee of FAU and in compliance 

with the National Institutes of Health Guidelines for the Care and Use of Laboratory 

Animals. Pups were euthanized by quick decapitation and brains were immediately 

removed and placed in ice-cold dissection medium (1 mM sodium pyruvate, 0.1% glucose, 

10 mM HEPES, 1% penicillin/streptomycin in HEPES-buffered saline solution).  

Cortexes were extracted under a dissecting microscope and pooled together. The tissue 

was digested with 0.25% trypsin in the dissection buffer for 15 min at 37oC followed by 

further incubation with 0.04% DNase I (Sigma-Aldrich) for 5 min at room temperature. 

The digested tissue was triturated with a fire-polished glass pipette 10 times and cells were 

pelleted by centrifugation. As mentioned, we prepared two different cultures of cells. Cells 
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for Culture 1 were plated at ~5,000 cells/mm2in neuronal basal medium supplemented with 

2% B27 (Invitrogen) and 1% penicillin/streptomycin in the MEA-60 (Multichannel 

systems), (Fig. 8.1(a)). All methods were identical for Culture 2 with the exception that 

BrainPhysTM neuronal culture medium was used. Cultures were maintained with half 

media changes performed every three days. 

8.2.2 Neuroprosthetic Platform Overview 

The Neuroprosthetic platform consist of two subsystems (Fig. 8.1), the robotics side 

subsystem and the biological side subsystem of the platform. The robotics subsystem 

consists of Shadow Hand (Shadow Hand Company, London) fit with BioTac artificial 

tactile sensor (SynTouch, CA), a computational station under ROS (Open Robotics, CA) 

managing efferent (ROS Node 1) and afferent (ROS Node 2) computations. The efferent 

control signal is generated from the biological neural networks to control the robotic hand, 

while the afferent signal is converts the BioTac tactile signals into trains of action potentials 

in real-time to mimic the slowly adapting (SA) and the rapidly adapting (RA) 

mechanoreceptors. The afferent spiking patterns are sent to a to a custom-build action 

potential generator (APG) board that would generate the trigger pulse to stimulate the 

biological neurons. 

The biological subsystem is the neurophysiological part, which includes head stage of 

the MEA (Multi-Channel Systems, Reutlingen, Germany) that houses the neuronal culture, 

signal collector unit, interface board and their interconnection.  
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The MEA system contains 60 electrodes, each electrode can be used as a data 

acquisition channel or as stimulation channel. During this experiment a pair of electrodes 

was used to stimulate the neurons and record the firing activities. The selection of 

electrodes depends on the health of spontaneous firing activities.  

The tactile information acquired by the tactile sensor mounted on the fingertip of the 

prosthetic hand were encoded to mimic the SA and the RA mechanoreceptors afferent pulse 

train. The generated action potential pulses from tactile sensor were used to stimulate 

biological neurons cultured in multichannel microelectrode arrays (MEA). 

8.2.3 Efferent Decoding for Motor Control 

An efferent neurorobotic control signal was implemented in ROS Node 1 (Fig. 8.1(d)), 

with spike trains from the recording site of the MEA as input to specify the desired joint 

angle (𝜃) of the Shadow Hand’s index finger metacarpophalangeal (MCP) joint. Briefly, 

the algorithm performed three functions: (1) a thresholding of its biological neural input 

 

Figure 8.1. System level diagram showing the hardware implementation of the 

closed-loop noninvasive neuroprosthetic research platform.  
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signal to separate spikes from background noise, (2) a temporal aggregation to recruit MEA 

neural activity that satisfies criteria over a neurophysiologically-meaningful time interval, 

and (3) a desired index finger MCP joint angle signal for triggering robotic fingertip 

tapping motions to generate fingertip forces.  

For computational efficiency, we used the extracellular multiunit MEA activity, VMEA 

(Fig. 8.1(a)), from the selected recording electrode as an input to the efferent decoding 

algorithm for motion control of the Shadow Hand. Spikes (S) were detected as 

 

𝑆 = {
0       𝑖𝑓 (𝑉𝑀𝐸𝐴 < 𝑉𝑡ℎ𝑟𝑒𝑠)
1      𝑖𝑓 (𝑉𝑀𝐸𝐴 ≥ 𝑉𝑡ℎ𝑟𝑒𝑠)

        (8.1) 

 

where Vthresh is the action potential spike detection threshold. Subsequently, S is 

integrated over a window of time, BinSize (50ms, (Fig. 1(c)-(e))), and compared to a 

spatiotemporal aggregation coefficient, Sthres (3 spikes). Then, the algorithm outputs a TTL 

pulse of 100 ms, MEAout, determined by, 

 

𝑀𝐸𝐴𝑜𝑢𝑡 = {
0     𝑖𝑓 (∑ 𝑆𝐵𝑖𝑛𝑆𝑖𝑧𝑒

𝑖=0 )    <   𝑆𝑡ℎ𝑟𝑒𝑠

1     𝑖𝑓 (∑ 𝑆𝐵𝑖𝑛𝑆𝑖𝑧𝑒
𝑖=0 )    ≥   𝑆𝑡ℎ𝑟𝑒𝑠

      (8.2) 

 

MEAout was then passed through a low pass filter. MEAout affects the desired joint angle 

(𝜃𝐷) of the Shadow Hand finger: 
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𝜃𝐷 = {
𝜃1      𝑖𝑓    (𝑀𝐸𝐴𝑜𝑢𝑡  = 0)
𝜃2      𝑖𝑓    (𝑀𝐸𝐴𝑜𝑢𝑡  = 1)

       (8.3) 

 

Desired joint angle 𝜃1 corresponds to a fully open hand, where the fingertip does not 

contact anything. However, desired joint angle 𝜃2 corresponds to index finger flexion to 

create fingertip contact with a surface, producing tactile forces. The measured joint angle, 

𝜃, is realized by a PID joint angle controller of the tendon-driven Shadow Hand. The joint 

angle (𝜃) is related to the fingertip force (𝐹𝐷C) by: 

 

𝐵(𝜃)�̈�  +  𝐶(𝜃, 𝜃)�̇�̇  +  𝐹𝑓𝑟�̇� + 𝑔(𝜃) =  𝜏𝑎 − 𝜏𝑓𝑟 − Ϳ𝑇 (𝜃)𝐹𝐷𝐶   (8.4) 

 

where 𝐵(𝜃) is the inertia matrix, 𝐶 (𝜃, �̇�) is the matrix representing the Coriolis and 

centrifugal forces, 𝐹𝑓r is the viscous friction coefficient, 𝑔(𝜃) is the vector representing the 

gravitational effect, 𝜏𝑎 is the actuating joint torque, 𝜏𝑓r is the joint friction, 𝐽 is the Jacobian 

matrix of the finger kinematics, and 𝐹𝐷C is the contact force at the fingertip. Both 𝐹𝐷C and 

the rate of change of the fingertip force (𝐹𝐴C) are used within the Izhikevich 

neurocomputational model to generate SA and RA afferent action potential pulse trains that 

electrically stimulated the neuronal cultures (Fig. 8.1(f)-(i)). 
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8.2.4 Action Potential Generator Board (APG) 

To stimulate the cortical neurons inside the MEA a custom action pulse generator board 

was designed to output an action potential pulse with the ability to control the pulses 

frequency, pulses amplitude, pulses duration and the distance between each pulse as shown 

in the Fig. 8.2. The action pulse generator board is designed to provide eight independent 

channels with action potential pulse waveforms. Pulse waveform shapes, defined by the 

 

Figure 8.2.  Action Pulse Generator board to generate the customized signal 

shaped like biological action pulse with different frequencies and different 

amplitude for each channel.  
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user as a set of 64 samples/channel, are stored in user-programmable memory.  Output 

pulses are generated when pulse trigger events occur. The pulse generator is fully 

programmable with custom pulse shapes, DC offsets, and output rates for each channel. 

Pulse triggers for each channel can be generated internally at rates up to 1 KHz or externally 

via a USB serial interface. When internal triggering is used output pulses can be generated 

in bursts with a programmable burst rate and pulse count. On each trigger event, the 

sampled waveform shape is output digitally via an onboard microcontroller to a digital-to-

analog converter (DAC). Eight independent output channels are implemented using two 

quad 16-bit digital-to-analog converters (DAC) driven by a microcontroller via a high-

speed SPI interface. The maximum output sample rate/channel is 50 KHz. Each DAC 

output channel is low pass filtered and fed to an output amplifier providing a user-selectable 

gain of 1.0 or 0.1 yielding a full-scale output voltage range of ±6V or ±0.6V at up to 10mA.  

The action pulse generator board can be programmed to generate an action pulse signals 

shape like the biological action pulse signal and can be programmed to output frequencies 

correlated to the amplitude of the tactile signals that acquired. 

 

8.2.5 Afferent Encoding of Tactile Sensations 

An afferent neurorobotic feedback signal was implemented in ROS Node 2 (Fig. 8.1(h)) 

for SA or RA encodings of tactile sensations as the feedback signal to the MEA.  

Humans are able to detect fine details about the objects and the surfaces that they are 

interacting with through their hands and fingers even without vision. The reason for this 
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accurate information is the existence of the somatosensory system (mechanoreceptors) that 

are distributed along the glabrous skin. The biological receptors are able to encode 

information from the physical form (like pressure, vibration and so on) to an action 

potential form and then through the peripheral and central nervous system to the brain. The 

brain is able to decode and process this information and send a response as motor control 

signals to the muscles in response to the kind of information during the interaction.  

The mechanoreceptors that are distributed in the human glabrous skin are categorized 

into two categories, the slowly adapting (SA1, SA2) and the rapidly or fast adapting (RA1, 

RA2) types. Each type of mechanoreceptors is responsible to processes and encode a 

different kind of information depending on how deep they are in the skin layers. The action 

potential frequency transmitted from the mechanoreceptors in the human hand depends on 

the type of applied force. The slowly adapting mechanoreceptors are used to detect static 

pressure, texture, and lateral skin stretch while the rapidly adapting mechanoreceptors are 

used to detect vibration, slip, and any rapid motion.  

A mathematical model is used to simulate the behavior of the mechanoreceptors in the 

fingertips and the skin to convert the tactile information into a digital action potential spike. 

The slowly adapting mechanoreceptors generate action potential spikes at a frequency 

proportional to the intensity of the applied pressure (encoding the intensity of the stimulus), 

while the rapidly adapting mechanoreceptor produce a response based on the stimulus 

changing rate (encoding the transient behavior).   
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Different mathematical models were developed to simulate the behavior of the 

biological neurons like Hodgkin–Huxley Model [209], leaky integrate-and-fire model 

[210], Izhikevich Model [211]. The Izhikevich mathematical model used in this research 

to mimic the spiking behavior of the mechanoreceptor available in the human skin. The 

reasons for choosing the Izhikevich model are it is computationally simple and able to 

produce a firing rate similar to the one produced by real biological mechanoreceptors. 

The mathematical model implemented here to simulate a slow adapting (SA1) and 

rapidly adapting (RA1) mechanoreceptors. The model was used to convert the tactile 

information (𝐹𝐴𝐶 and 𝐹𝐷𝐶) acquired from the tactile sensor (BioTac) to a digital spike to 

stimulate the cortical neurons that extracted from mice and cultures in the MEA chamber. 

The Izhikevich model is described in the following equations [211]: 

 

�̇� = 𝑋𝑣2 + 𝑌 𝑣 + 𝑍 + 
𝐼𝑖𝑛𝑝𝑢𝑡

𝑊
− 𝑢                  (8.5) 

 

𝑢 ̇ = 𝑎(𝑏𝑣 − 𝑢)                    (8.6) 

 

𝑖𝑓 𝑣 ≥ 30 𝑚𝑉,     𝑡ℎ𝑒𝑛 { 
𝑣 ← 𝑐

 𝑢 ← 𝑢 + 𝑑
  𝑒𝑙𝑠𝑒 { 

𝑣 ← 𝑣
 𝑢 ← 𝑢

   (8.7) 
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Where 𝑣 is the membrane potential, 𝑢 is the adaptation variable, 𝐼𝑖𝑛𝑝𝑢𝑡 is the neuron 

input current. The X, Y, Z, W are a standard parameter for the model and a, b, c, and d 

decay rate, sensitivity, membrane rest potential, and reset value respectively are parameters 

used to produce the desired spiking behavior table 1 show the model parameters. 

The neuron input current  𝐼𝑖𝑛𝑝𝑢𝑡 is calculated based on the tactile value produced by 

the tactile sensor (BioTac) and represented by the following equations: 

 

𝐼𝑖𝑛𝑝𝑢𝑡𝑆𝐴
= 𝛽 + 𝑘𝑆𝐴 𝐹𝐷𝐶 + 𝑘𝑅𝐴 𝐹𝐴𝐶                  (8.8) 

 

𝐼𝑖𝑛𝑝𝑢𝑡_𝑅𝐴 =  𝛼 + 𝑘𝑅𝐴 𝐹𝐴𝐶        (8.9)  

 

Table 8.1. Izhikevich Model Parameters. 

a b c d X Y Z W 

0.1 0.2 -.65 8 0.04 5 140 1 
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Where 𝛽, 𝛼  is a constant gain parameter,  𝑘𝑆𝐴 , 𝑘𝑅𝐴  are static and dynamic gain, 

respectively.  

The Izhikevich Neuron model was implemented for the real-time application using 

Python 3, and the system configuration can be shown in Fig. 8.3. The nerve stimulation 

cycle using the tactile signal from a tactile sensor (BioTac) mounted on the prosthetic hand 

(Shadow Hand) to generate the action potential pulse spikes simulating the action potential 

pulse produced from human mechanoreceptors.  

 

Figure 8.3. (a) Shadow Hand with BioTacs attached, The BioTac signals passed 

through the Izhikevich Neuron Model to generate the action potential pulse 

triggers. The static and dynamic signals from the BioTac. (c) Slowly Adapting 

response from the Izhikevich Neuron Model. (d) Rapidly Adapting response from 

the Izhikevich Neuron Model. (e) The MEA System with the cortical neurons. 
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Fig 8.4 shows the rapidly adapting RA and the slowly adapting SA stimulation signals 

and the neuron firing activities. The nerve activities are driving the robotics system as 

shown in Fig. 8.4. 

8.3 Experimental Setup and Analysis Strategy  

All experiments begin with verification that system noise is within acceptable bounds 

with the connection of a fixed resistance test chamber provided by Multichannel Systems. 

The test chamber was recorded for 1 minute outside the incubator and then placed inside 

the incubator; allowing 20 minutes for the temperature to stabilize. Confirmation data were 

subsequently recorded for 1 minute. After confirming the system noise level was stable and 

 

Figure 8.4. The Nerve activities measured through the recording electrode for (a) 

the rapidly adapting (RA), and (c) slowly adapting (SA) stimulation. The stimulation 

signal for (b) the rapidly (RA) and (d) slowly (SA) adapting coming from the 

robotics system, this signal is passing to the MEA through the stimulation electrode. 
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consistent, the chamber containing the biological neural network was inserted into the head 

stage and allowed to settle for 2 minutes. The chamber was recorded for 5 minutes with no 

stimulation to obtain a baseline of spontaneous neural activity. Next, we ran the closed loop 

neurorobotic experiments with the SA encoding of fingertip tactile sensation S and the 

experiment was conducted for 5 minutes. Immediately upon completion another 5-minute 

recording was made without stimulation to collect data after the stimulation was applied. 

Next, the experiment was repeated with the RA encoding of fingertip sensations. 

Microscope imaging was taken before the baseline recordings and after the experiment. 

This procedure was repeated for both cultures of neurons. However, experiments with 

Culture 2 were repeated over five consecutive days (DIV 19-23), while Culture 1 

experiments were conducted only once on DIV35. 

8.3.1 Coordination of Robotic Behavior and Neural Organization of Information  

To investigate the coordination between the robotic behavior and the self-organization 

of evoked neural information we analyzed the Inter-Tap-Interval (ITI) of the fingertip for 

 

Figure 8.5. Results of the tapping experiments with RA and SA patterns. Inter-Tap-

Intervals (ITI) 

 



192 

both SA (Fig. 8.5 (b)-(e)) and RA (Fig. 8.5 (f)-(i)) closed loop experiments. This represents 

the time interval between finger taps triggered by the neural activity. We extracted the 

timestamps of each neural event, MEAout, and calculated the time interval from one event 

to the next. MATLAB was used to perform an unbalanced ANOVA of the ITI datasets for 

RA and SA experiments with both cultures. 

8.3.2 Artificial Neural Networks to Classify Impact of Tactile Encoding on 

Biological Neuronal Network Activity  

After conducting the online experiments, the recorded raw MEA data was further 

analyzed offline with a pattern recognition neural network in MATLAB. The objective of 

the offline analysis was to investigate if the closed-loop tactile interactions (SA or RA 

tactile sensation encoding method) produced different evoked patterns of activity in the 

MEA.  

We explored two different avenues of investigation that are particularly important for 

use of these classification efforts to augment our real-time experiments in the future.  

There were four methods we explored for pre-processing SA and RA activity using 

techniques ranging from computationally inexpensive (conducive to real-time control) to 

computationally expensive (to yield higher classification accuracy). In the mid-range of 

computational expense, the time-based signals of neuronal activity were used (VMEA-time, 

Fig. 8.6). On the higher side of computational expense, the time-based features were 

decomposed into corresponding frequency components to explore potential for high 

classification accuracy (VMEA-Spectrogram, Fig. 8.6). On the low side of computational 
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expense, the TTL pulses triggered by the neural activity (S-time, Fig. 8.6) and their 

corresponding spectral components (S-Spectrogram, Fig. 8.7 were also used to train ANNs 

to classify SA and RA activity. For the frequency-based classification approaches, signal 

power features extracted from the time domain data were calculated using a 512-point FFT 

with 0.08s frame length and a Hanning window with 90% overlap.  

For all four of these signal processing approaches, we performed SA/RA classification 

experiments over two different windows of time in which to classify the MEA network 

activity into either SA or RA classes. These time windows were1s and 2s.  

The neural network pattern recognition (nprtool, MATLAB) was used to create and 

train a network for each of these four classification approaches applied over the five 

 

Figure 8.6. (a) Slowly Adapting recorded time data, frequency analysis of the raw 

electrode recordings, (c) event detection based on defined thresholds, and (d) 

frequency analysis of the spikes extracted. 
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different time windows. Their performances were evaluated using cross-entropy and 

confusion matrices. A two-layer feedforward network with sigmoid hidden and SoftMax 

output neurons was used to classify the collected data into the SA and RA classes. The 

hidden layer neurons were selected to be 100 neurons for all the configurations. The 

networks were trained with scaled conjugate gradient backpropagation.  

To train and test the ANN, the collected data was divided into 3 categories: training, 

testing, and validation. The ANNs were trained using 70% of the data and the network was 

adjusted based on the error generated from this dataset. Network generalization was 

measured using the 15% validation data set, and the training stopped when generalization 

error stopped improving. The 15% testing dataset does not affect the network error, 

providing a new performance measure that is independent from the training and validation 

performance measure.  

Mean classification success rates were generated from running each classifier 10 times 

with randomization of the training-testing data. Two factor ANOVA were performed to 

assess the whether the time window segmentation duration or the signal processing method 

significantly impacted the classification accuracy. 

8.4 Results  

Transfer of information through the noninvasive neuroprosthetic platform began when 

MEA activity (VMEA) rose above the voltage threshold, Vthresh, to trigger a spike, S (8.1). 

When S was triggered Sthresh=3 times within BinSize=50 ms (8.2) to trigger MEAout, the 
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desired joint angle of the finger (𝜃𝐷) increased from 𝜃1 to 𝜃2 (8.3). This caused the finger 

joint controller to increase the joint angle (𝜃) so that the fingertip contacted the 

environment, increasing the fingertip force (FDC (8.4)) and force rate of change (FAC). 

Illustrative data from the SA encoding of fingertip forces (8.5) produced spike trains that 

were used to stimulate MEAin. This process repeated cyclically (Fig. 8.5(a)), for both SA 

(Fig. 8.5(b)-(e)) and RA (Fig. 8.5(f)-(i)) experiments, producing repetitive finger tapping 

with variable ITIs. 

 

Figure 8.7. Two different culture’s classification results for the various time 

windows (1s,2s,3s,4s,5s) tested in the pattern recognition neural network to 

distinguish between SA and RA stimulation patterns. (a) Culture on DIV35 and (b) 

Culture on DIV19. Data was sampled at 20kHz for all experimentation. 
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8.4.1 Encoding Method of Tactile Sensations Impacted Biological Neural Network 

Activity.  

For the experiments with neuronal Culture 1, the ANN classification accuracy had a 

trend of increasing accuracy as the time window increased from 1s to 5s. The highest 

accuracy was obtained with VMEA-Spectrogram with 89.05% ± 2.04%, while for VMEA-

time the accuracy was 88.74% ± 1.80%. The accuracy for the spectrogram feature for just 

the S-Spectrogram was 86.79% ± 3.32%, while the accuracy for S-time was 69.45% ± 9.16% 

(Fig. 8.7 (a)).  

The two factor ANOVA on Culture 1 indicated that the S-time approach with the 1s 

window was statistically significant compared to the other approaches (p<0.01). There 

were no other significant effects.  

 

Figure 8.8. comparing culture 1 vs. culture 2 Inter Tap Interval analysis. (Day in 

VETRO (DIV)) 
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For the experiments with Culture 2 of neurons, the highest classification accuracy was 

obtained with VMEA-time with accuracy of 84.21% ± 2.94% (Fig. 8.7(b)). The two factor 

ANOVA on Culture 2 again showed that only the S-time approach with the 1s time window 

was statistically significant (p<0.01). The relatively high classification accuracy with both 

cultures suggests that the SA or RA encoding method impacted the biological neural 

network’s patterns of activity in a distinguishable manner that can be further explored for 

online classification during experiments. 

8.4.2 Biological Neural Network Activity Impacted Robotic Behavior  

Comparing the extracellular recordings from RA and SA stimulation patterns against 

each other showed a statistically significant difference (p < 0.01) between the 

corresponding ITIs for Culture 1 and Culture 2 (Fig. 8.8). In all but one case of DIV19 with 

Culture 2, the ITI of the finger using the SA encoding method was longer than the RA 

method. This indicates a statistically significant difference between the ITIs of the RA and 

SA experiments for both cultures likely due to different organizations of the evoked neural 

activity. This reveals that the tactile information fed into the stimulation site had altered the 

behaviors that the robotic hand adopted within the closed-loop system. Or in other words, 

the haptic information was embodied by the neuronal cultures. 

8.5 Conclusion  

We have created a novel bidirectional noninvasive Neuroprosthetic research platform 

that can be used to study the interaction between biological neuronal networks and robotic 
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systems. Results showed that the encoding method of tactile sensations from a robotic 

fingertip in an SA or RA manner impacted the activity of the stimulated neurons cultured 

in the MEAs across multiple cultures and days. Correspondingly, the different patterns of 

evoked biological neural network activity impacted the behavior of the robotic hand in a 

closed loop fashion, as evidenced by the statistically significant ITIs with both cultures. 

Robotically embodying biological neurons can enable a well-controlled experiment to 

better understand some of the complex aspects of sensorimotor restoration afforded by 

Neuroprosthetic devices. 

8.6 Contributions 

This part of the research was performed by Moaed A. Abd and Craig Ades. Moaed Abd 

was responsible for the Robotics side (Shadow Hand) programming and implementing the 

Izhikevich neuron model to encode the tactile information and generate the slowly and 

rapidly adapting mechanoreceptor response, designing and program the ROS nodes to 

establish the communication between all the components in the system. Craig Ades was 

responsible for handling the MEA side of this research.



199 

9 CONCLUSION

The developments in the functionalities of prosthetic hands have the potential to 

improve the life of millions of amputees worldwide. To improve the functionalities of 

prosthetic hands, the sensory-motor pathways need to be integrated efficiently. The main 

goal of this dissertation was to study a new ways and methods to improve the prosthetic 

hand dexterity to help amputee improve their lifestyle by enhance the way they are 

interacting with the surrounding environment. The recent advancements in the field of 

artificial intelligence (AI) and the ability to integrate the AI with the way amputees are 

controlling their prosthetic hands has a great impact on the performance of the control 

strategies. Haptic feedback improvement and the ability to substitute for the sensory 

feedback has also a great impact on the prosthetic hand performance. The sensorimotor 

integration was the ultimate target for improving the performance of prosthetic hands and 

the way to help amputees integrate the prosthetic limb into their body image.  

During this dissertation two tactile sensors were investigated, the commercially 

available tactile sensor (BioTac) was evaluated and tested for real time application with 

machine learning. Using the information from the tactile sensor BioTac to design an ANN 

classifier to detect the direction of sliding contact of objects grasped by robotic hands in 

real-time. The ability to detect the direction of grasped object slip was used for adaptive 
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grasp control in the context of both a human-robot and robot-robot collaborative task. The 

Stretchable liquid metal tactile sensor (LMS) was designed, manufactured and tested for 

real time application after embedded into a fingertip of prosthetic hand. The LMS tactile 

sensor mold was manufactured using photolithography process and the LMS sensor was 

manufactured using spin coating process. The LMS tactile sensor was employed to detect 

and prevent sliding contact of grasped object in real time. Furthermore, The LMS tactile 

sensor was utilized to reliably distinguish between different speeds of sliding contact and 

different textures with individual fingers using different machine learning algorithms 

(KNN, SVM, RF, and ANN). Beyond this, we demonstrated the capability for hierarchical 

tactile sensation integration from four fingertips simultaneously to distinguish between 

complex multi-textured surfaces.  

To restore the sensory feedback and test the importance of using sensory feedback when 

interacting with the surrounding environment, a bimodal haptic armband was developed 

with the ability to conveys two distinct information streams about pressure changes and 

directional, slip-elicited high-frequency vibrations and therefore proposes a haptic 

interface that more closely approaches the complexity of a real hand’s haptic 

communication channels. The haptic feedback armband was evaluated for different design 

parameters and different pumps selection. We tested a variety of geometric designs for the 

air chambers, combinations of pump and material of the pneumatic actuator. The human 

ability to retrieve information from the haptic armband was evaluated for both modalities. 
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For this reason, a study was designed to test human ability to interact with the armband and 

predict the right information based on the haptic armband modalities.   

Using two surface EMG electrodes to perform simultaneous grasp control and 

proportionally control the grip force applied to two objects simultaneously for an object 

transportation task simulating a daily task with a prosthetic hand. The sensory feedback 

sensation was integrated through the bimodal haptic armband attached to the subject’s 

upper arm to enhance the motor control strategies. A comparison between the importance 

of haptic feedback and vision was conducted. The results show that the haptic feedback 

was significantly more important than vision for the object manipulation tasks.  

Multichannel Slip detection and prevention in real time was investigated during real 

time multichannel sensorimotor integration with prosthetic hand. Using the artificial neural 

network (ANN) to design a machine learning classifier to classify six surface EMG signals 

into four classes to control prosthetic hand fingers, while at the same time using ANN 

designed to classify the slip status of a surface while interacting with the prosthetic hand. 

The sensory feedback was conveyed to the human subject’s upper arm using the 

vibrotactile modalities from the bimodal haptic armband. The results show that, human 

subjects were able to integrate the vibrotactile sensory feedback to detect slip events and 

to help prevent slipping with very high success rate. Also, the results show that the ANN 

classifier was with very high accuracy to classify the EMG signals. The response time for 

the three amputees participate in the experiment was higher than the response time for non-

amputee subjects.  
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A noninvasive bidirectional Neuroprosthetic research platform was designed to 

investigate the interaction between the biological neuron culture in VITRO and the robotic 

system through encoding the haptic information with Izhikevich neuron model in real time. 

Results showed that the encoding method of tactile sensations from a robotic fingertip in a 

slowly adapting (SA) or rapidly adapting (RA) manner impacted the activity of the 

stimulated neurons cultured in the MEAs across multiple cultures and days. 

Correspondingly, the different patterns of evoked biological neural network activity 

impacted the behavior of the robotic hand in a closed loop fashion, as evidenced by the 

statistically significant inter tap interval (ITIs) with both cultures. Robotically embodying 

biological neurons can enable a well-controlled experiment to better understand some of 

the complex aspects of sensorimotor restoration afforded by Neuroprosthetic devices. 
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