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      Abstract 

A variety of bioengineering systems are being developed to restore the sense of touch in individuals 

who have lost this mode of sensory feedback because of spinal cord injury, stroke, or amputation.  

Typically, these systems detect touch pressure on the fingers of an insensate hand (or from a prosthetic 

hand in the case of amputees) and deliver the detected pressure information to sensate skin above the 

site of injury (for example, on the back of the neck) by electrically stimulating that skin with an intensity 

that matches the detected pressure.  We implemented a project that involves developing a method to 

artificially represent tactile and proprioceptive sensations using electrotactile feedback in prosthetic 

users. Our system uses one set of electrodes to provide information about contact forces applied by the 

digits and a separate set to indicate aperture of the hand. We tested the ability of five intact human 

subjects to distinguish objects of varying weight, width and compliance based on electrotactile feedback 

arising from sensors placed on the hand of an experimenter (not visible to the subject) grasping and 

lifting the test objects. Over the course of five separate training sessions, we observed a statistically 

significant (P=0.026) improvement in the mean performance of all subjects. Thus, this study serves as 

proof that human subjects can learn to make sense of multichannel-multivariable electrotactile 

feedback to comprehend certain physical features associated with an object. 
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1 Introduction 

 Recent years have marked major advances in the application of brain machine interfaces (BMI) and 

neuroprosthetics to restore movement in paralyzed individuals (Collinger JL et al. 2013; Hochberg LR et 

al.2012; Velliste M et al. 2008; Wessberg J et al. 2000). One goal of such systems is to extract signals from 

regions of the cerebral cortex that represent desired or intended movements and use those signals to 

control prosthetic devices.   

 The formulation of the motor commands in the cerebral cortex that drive movements, however, is 

highly dependent on visual and somatosensory inputs.  And while complex voluntary movements can be 

performed in the absence of vision (e.g., highly skilled musicians often perform with their eyes closed), 

removal of somatosensory feedback via deafferentation dramatically and persistently impairs voluntary 

movements even in the presence of vision (Mott and Sherrington 1895; Sherrington 1931; Twitchell 1954).  

As such, the ability of BMIs to decode intended movement trajectories from cortical signals may be 

hampered by deficient or absent somatosensory feedback that accompanies many forms of paralysis. 

 It should be noted, however, that retention of even a modicum of somatosensory feedback in 

deafferentation studies largely prevents the development of overt motor impairments (Mott and 

Sherrington 1895; Twitchell 1954).  As such, the inclusion of even relatively simple forms of artificial 

somatosensory feedback may markedly improve control over motor prosthetics.  Indeed, recent studies 

have explored the utility of artificial feedback signals detected with tactile (Tabott et al. Kim et al. 2015; 

Flesher et al. 2016) or movement sensors (Dardarlat et al. 2015) to directly stimulate somatosensory cortex 

with implanted microelectrode arrays.  Similarly, intrafascicular stimulation in residual peripheral nerves of 

amputees using implanted microelectrodes has also been used to provide tactile and proprioceptive 

feedback from a prosthetic hand (Horch et al. 2011). While such invasive approaches show promise, there 

remain several challenges and limitations, including, the necessity (and associated risks and costs) of 
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surgery, and the inherent lack of robustness in implanted microelectrodes (J. N. Turner et al. 1999; Roy 

Birana et al. 2005). 

 A non-invasive means to provide somatosensory feedback is to stimulate sensate skin using 

mechanical (e.g. Chatterjee et al. 2007; Witteveen et al. 2014; Shokur et al. 2016) or electrical (e.g. Prior et 

al. 1975; Marcus and Fuglevand 2011, Jorgovanovic et al. 2014; Patel et al. 2016) stimuli.   Such feedback 

systems typically provide information about a single variable, the most common being grasping force.  

However, recent studies have tested the feasibility of multichannel, multivariable feedback (Witteveen et 

al. 2012; Patel et al.  2016). One such study used feedback of grasping force and hand aperture in a task 

involving discrimination of stiffness in virtual objects (Witteveen et al. 2014).  While such feedback proved 

useful, haptic discrimination of real world objects involves integration of multiple physical attributes, not 

just compliance, for example.  

 Therefore, the purpose of this study was to test the ability of healthy human subjects to distinguish 

objects of varying sizes, weights, and compliances based entirely on electrotactile feedback arising from 

grip-force and hand-aperture sensors placed on the hand of an experimenter (not visible to the subject) 

grasping and lifting test objects.  We were also interested to determine the degree to which subjects could 

learn to use such feedback when tested over multiple sessions.   

2 Methods and Materials 

Five subjects participated in this study (4 males and 1 female, ages 22-28).  Each subject participated in 5 

experimental sessions on 5 consecutive days.  Each session lasted ~ 1.5 – 2 hrs. The Human Investigation 

Committee at the University of Arizona approved the experimental procedures and subjects gave their 

informed consent to participate.  
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2.1 Experimental Setup 

  The experimenter wore a glove fitted with two position sensors (Liberty, Polhemus, Colchester, VT) on the 

thumb and the index finger (Fig. 1).   In addition, a flexible force-sensitive resistor (9.5 mm diameter, 

Flexiforce A201 sensor, Tekscan, South Boston, MA) was attached to the glove over the distal, volar surface 

of the thumb.  The specific position of the force transducer was adjusted slightly to a location that ensured 

good contact with the objects during gripping.  A small foam disk (11.5 mm diameter, 1.5 mm thick) was 

placed between the glove and the force sensor in order to maximize object contact with the force 

transducer and to minimize object contact with uninstrumented portions of the glove.   Position and force 

data were recorded in real time (120 samples/s channel, USB-6001, National Instruments, Austin, TX) and 

delivered to a MATLAB (Mathworks, Natick MA) program for on-line processing.  The difference in the 3-D 

locations of the two position sensors was used to calculate hand aperture.  The force signal was used to 

indicate the grip force applied normal to the grasped objects.  Based on the force and aperture signals, the 

MATLAB program controlled a multichannel stimulator (STG4008, Multichannel Systems, Reutlingen, 

Germany) to deliver current-regulated pulses (described below) to two pairs of surface electrodes 

(Covidien/Kendall, Pediatric cloth ECG Hydrogel Electrodes H59P, Medtronic, Dublin, Ireland) placed on the 

left and right dorsal skin of the neck of the subject (Fig. 1).  This region was targeted (similar to Marcus and 

Fuglevand 2009) as it remains sensate in most types of spinal cord injury, it is unobtrusive, readily 

accessible, and does not serve other important functions.  During testing, the subject wore a blindfold and 

headphones that played brown noise to obscure any auditory cues that might inadvertently have arose 

while the experimenter was gripping test objects.  

Test Objects:   

An array of 27 plastic and glass cylindrical containers served as the test objects that subjects attempted to 

identify based on electrotactile feedback during grasping and lifting by the experimenter (Fig. 2).  Each 
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object was unique in terms of its combination of weight, width, and compliance.  Varying quantities of sand 

were placed inside the containers to bring each object to one of three weights: 100, 300, or 500 g (~ 1, 3, 

and 5 N, respectively).   The containers were selected to have one of three approximate diameters: 4.5, 6.5, 

10 cm.  And finally, containers made of glass, plastic, or silicone were selected that possessed different 

compliances, estimated to be: ~0.0, 0.45, and 2.0 mm/N.    

 Pairs of pliable plastic disks (11.5 mm in diameter, 2 mm thick) were glued on opposite sides of each 

object.  These disks were the target sites for thumb and index finger contact with the objects by the 

experimenter.  This ensured that the coefficient of friction was more-or-less the same for each object 

grasped and that the locations of contact on a given object were the same during repeated trials.  

 Each test object was labeled with an identifying code and the objects were arrayed on a table (Fig. 2) 

situated between the experimenter and subject such that the heavy objects were clustered to the left, the 

medium weight objects were in the middle, and the light objects were to the right of the subject.  Within a 

set of objects of a given weight, the widest objects were to the left and the narrowest on the right of the 

set.  The row of objects closest to the subject included the most compliant objects (silicone bottles), the 

middle row included objects of intermediate compliance (thin-walled plastic containers), and the stiffest 

objects (glass or thick plastic) were situated furthest away from the subject on the table.   With visual 

inspection and explanation by the experimenter, this systematic spatial arrangement of objects helped 

subjects to easily understand the characteristics of the objects to be tested.     

Electrotactile Feedback:  

  Grip force and aperture signals were transformed into amplitude-modulated current pulse trains (200 Hz, 

0.2 ms duration, monophasic pulses) delivered independently to the left and right set of electrodes, 

respectively, on the back of the subject’s neck.  A pulse frequency of 200 Hz was selected because this is 

approximately the lowest frequency that evokes relatively fused (rather than pulsatile) sensations (Marcus 
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and Fuglevand 2009).  Frequency modulation was not used to encode sensor signals because there is little 

change in perceived stimulus strength with increasing pulse frequency, particularly above 200 Hz 

(Kaczmarek et al. 1992; Marcus and Fuglevand 2009; Kim et al. 2015).   Monophasic pulses were used 

because perceptual responses to monophasic-pulse stimulation are somewhat more sensitive to stimulus 

intensity and provoke less discomfort than biphasic pulses (Tay and Fuglevand 2017).  

  The encoding of detected grip force (F) into current amplitude (I) delivered to the subject used a 

simple power function: 𝐼 = 𝑎 ∙ 𝐹𝑏 based on results from previous experiments (Marcus and Fuglevand 

2009). The coefficient a and exponent b were determined individually for each subject based on a brief 

calibration procedure that involved perceptual magnitude estimation to different current intensities.  The 

relationship was bounded for each subject by the perceptual threshold current, which was associated with 

a detected force 2 standard deviations above the mean level recorded on the unloaded force transducer, 

and by the discomfort threshold current which was associated with a grip force > 15 N (i.e. above the 

maximum grip force used in these experiments). The procedures for estimating the threshold currents are 

described below. Aperture encoding was based on a simple inverse linear relationship such that current 

amplitudes became stronger with smaller apertures.  The relationship was bounded for each subject by the 

perceptual threshold current associated with an extended hand posture having an aperture of about 12 cm 

(~ 2 cm greater than the widest test object) and by the discomfort threshold current associated with the 

thumb and index finger in contact with one another (i.e. zero aperture).   

2.2 Procedures 

2.2.1 Threshold determination 

In each session for every subject, we first identified the perceptual threshold for each electrode pair by 

repeatedly delivering 1-s trains of stimulus pulses (1-s intertrain interval) that increased in amplitude from 
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zero in 0.1 mA increments.  The subject verbally reported when they first detected a sensation and the 

associated current was deemed the perceptual threshold current   

 We then carried out a similar procedure for assessing the discomfort threshold. In this case, 

however, the subject was asked to report when the stimulus became uncomfortable. To reduce the total 

number of stimulus trains delivered for this procedure, current amplitude was incremented in 0.5 mA steps 

beginning at the previously identified perceptual threshold amplitude. Electrical stimulation was 

immediately stopped when the subject reported discomfort. This level was then deemed the discomfort 

threshold.  For the remainder of the experiment, stimulus pulses never exceeded 90% of the identified 

discomfort threshold level. 

2.2.2 Training 

 Once the operating current range was established, the training phase of the experiment began.  In 

each session, we first asked subjects to distinguish between just three objects. In each object set, only one 

of the three parameters of interest (weight, size, compliance) was varied while the other two were kept 

constant.  The subject was aware of what set of objects (and their attributes) were included in an object 

set.  With the subject blindfolded, the experimenter grasped, lifted, and squeezed each object in random 

order, and the information about the aperture and applied forces were fed back to the subject through the 

two pairs of stimulating electrodes.  After each trial, the subject guessed which of the three objects was 

lifted.  The experimenter then informed the subject what was the actual object lifted and the subject was 

allowed to look at the object.  This task was repeated until the subject could successfully identify the 

objects on six consecutive trials without an error.  This process was then repeated for each of two other 

object sets that varied in one attribute. The training phase enabled the subject to form initial associations 

between stimulus characteristics and object attributes.  The training phase lasted about 10 – 15 minutes. 
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2.2.3 Testing 

 Upon completion of the training phase, we tested the ability of subjects to distinguish among the 27 

test objects based on electrotactile feedback.  With the subject blindfolded, the experimenter slowly 

gasped, lifted, held the object stable, squeezed, and then replaced each of the 27 objects in random order.  

The duration of an entire grasping sequence was about 10 – 12 s.  The squeezing portion of the trial was 

included to facilitate detection of object compliance.  Trial start and the onsets of the holding and 

squeezing phases were reported verbally by the experimenter saying “starting”, “holding”, “squeezing” 

respectively.   After the object was replaced on the table, the subject was allowed to look at the entire array 

of objects and guess the one just lifted.  Subjects could also simply verbally report the individual attributes 

of the object (e.g. “light-weight, small, and stiff”). The experimenter then informed the subject which object 

was grasped.  The actual object, the object guessed by the subject, and the stimulus patterns delivered to 

the two sets of electrodes were recorded for every trial.   After completing a block of 27 trials, the subject 

was allowed about a 5-minute rest period.  A total of 3 blocks of trials were tested in each session.  

 Subjects repeated these experiments on five consecutive days to assess the degree to which 

subjects could learn the use of electrotactile information to identify objects. At the end of the fifth session, 

in 3 of the 5 subjects, we also tested the ability of the subjects to discriminate the 27 objects using their 

natural hand. While blindfolded, with no electrotactile feedback, but while wearing a thin leather glove 

(same type as used by the experimenter) an object was placed between the subject’s thumb and the rest of 

the digits with the hand held in an open configuration. The subject was then instructed to close their fingers 

onto the object, then to grasp, hold, and squeeze the object mimicking the protocol used by the 

experimenter while lifting each object.  The object was then removed from the subject’s hand and replaced 

on the table.  The subject then was allowed to look at the objects and guess the object they just lifted.   

 



12 
 

2.3 Data Analysis 

 The main performance measure quantified for each session was simply the percentage of correct 

identifications, with chance level being 1/27 = 3.7%.  To evaluate the effect of learning, a repeated 

measures one way- ANOVA was performed on the percentage of correct identifications with session (day 1 

– day 5) as the factor.  In addition, we calculated the percentage correct identifications of each attribute 

(weight, width, or compliance) to determine if some attributes were more readily identified than others.  In 

this case, the chance of correctly identifying the level (e.g. light, medium, heavy) of a single attribute (e.g. 

weight) was 1/3 = 33.3%.  A two-way repeated measures ANOVA was performed on these data with 

attribute (weight, width, compliance) and session (day 1 – day 5) as factors.   

2.3.1. Machine learning 

We were also interested to know whether sufficient information was even theoretically available in the 

signals fed back to discriminate between the test objects. As such, we trained a machine-learning algorithm 

using features extracted from the actual feedback signals delivered to one of the subjects. For each trial, 

the features extracted included:  1) current amplitude measured on the aperture channel when the current 

amplitude on the force channel was greater than zero (i.e. at object contact), 2) average current amplitude 

on the force channel during the hold phase, and 3) difference in the current amplitudes on the aperture 

channel between: a) object contact and the peak value during the squeezing phase, b) object contact and 

the average value of the holding phase, and c) the average value of the holding phase and the peak value 

during the squeezing phase.  These three features (five total predictors) were thought to provide 

reasonable representations of:  1) the width of the object, 2) the weight of the object (since grip force 

should be roughly proportional to object weight), and 3) the compliance of the object (since the degree of 

constriction of the aperture while first grabbing and during squeezing should provide a coarse indicator of 

compliance).    
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 Such feature data along with a categorical indicator of the actual object grasped from all trials prior 

to last block of trials on a given day was used to train the algorithm (weighted k nearest neighbors, R 

package “kknn”). As such, the amount of training data increased from day 1 to day 5, just as would occur in 

the case of the subject learning over successive days.  Accordingly, for day 1, data used to train the 

algorithm included the mean values from day 1 for the five predictors for each of the 27 objects. For the 

subsequent days the algorithm was trained with data from the previous days. For example, the algorithm 

on day 3 was trained with data collected from days 1 and 2 and used individual trial values not the mean 

values of a trial block. The percentage of correct identifications were then determined for each of the five 

days. 

3 Results 

Figure 3 shows examples of the aperture and grip force signals and the associated stimulus pulse trains 

delivered to a subject while the experimenter grasped a lightweight, wide, and compliant object (Fig. 3A) 

and a heavy, narrow, and stiff object (Fig. 3B).  When grasping the wide, lightweight, and compliant object 

(Fig. 3A), the initial contact (first dashed vertical line) was registered when the aperture was about 10 cm 

and was associated with a force feedback current slightly above the perceptual threshold current (~ 4 mA).  

During the subsequent initial gripping period, there was a slight change in aperture due to the compliance 

of the object.  During the holding phase, the force and aperture feedback currents were both near to the 

perceptual threshold values due to the low grip force and wide aperture of the hand needed to hold this 

object.  During the squeezing phase (onset indicated by 2nd dashed vertical line), there was a substantial 

increase in aperture-feedback current consequent to the marked closure of the hand during the application 

of the increased gripping force on this compliant object.  

 In contrast, when grasping the heavy, narrow, and stiff object (Fig. 3B), the patterns of feedback 

currents were quite different.  Contact occurred at a narrow aperture of about 5 cm and was associated 
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with a strong aperture-feedback current of about 12 mA.   Once contact was made, force continued to 

increase (and associated feedback current) until the gripping force was sufficient to lift and hold the object.  

The currents delivered during the holding phase were high for both aperture and force feedback due to the 

narrow width and relatively large gripping force needed to hold this object.  Because of the low compliance 

of this object, there was virtually no change in aperture during the squeezing phase of the trial.        

 Based on the types of feedback signals depicted in Figure 3, subjects attempted to identify the 27 

different objects that were grasped by the experimenter.  The black trace in Figure 4 depicts the mean (± 

SD) percent correct identifications out of 81 trials across the five subjects for each of the five days.  On each 

day, subjects performed well above chance (3.7%).  There was also a gradual improvement in performance 

over days from 25.9 ± 6.2% on day 1 to 46.2 ± 13.6% on day 5.  This represents a 78% improvement in 

object identification over the 5 sessions.  Overall, the ANOVA indicated a significant effect (P = 0.026) of 

training day on percentage correct identifications.  Post hoc analysis indicated a significant difference (P < 

0.05) only between day 1 and day 5.  

 Also, shown in Figure 4 is the outcome of the machine-learning predictions (green trace) for each of 

the 5 days.  With increasing amounts of training, machine-learning predictions approached that comparable 

to the level obtained when subjects used their own hands to identify the objects (red dashed line, Fig. 4).  

This result implies that, in theory, information was available in the feedback signals to enable identification 

of the objects.  

We also analyzed the ability of the five subjects to correctly identify each individual attribute associated 

with an object, namely, it’s weight (Fig 5A), width (Fig 5B), and compliance (Fig 5C).   A two-way ANOVA 

indicated a significant effect of session (P = 0.004) and attribute (P < 0.001) on percentage of correctly 

identified objects with no significant interaction between the two factors (P = 0.31).  Post-hoc analyses 

indicated significantly higher percentage correct identification on days 3, 4, and 5 compared to day 1 (Ps all 
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< 0.005).  With regard to object attributes, post-hoc analyses indicated that object weight was significantly 

(P <0.001) better identified (overall average of 83.2 ± 9.7%) than width (overall average 62.8 ± 8.7%) and 

significantly (P=0.004) better identified than compliance (overall average 70.1 ± 8.8%).  There was no 

significant difference (P = 0.054), however, in the identification accuracies of compliance compared to 

object width.  

4 Discussion 

 A learning-based object discrimination task was used to test the ability of intact human subjects to 

interpret haptic information derived from electrotactile feedback.  Subjects received simple feedback from 

two sources (contact force and hand aperture) and used that information to distinguish among 27 unique 

objects that varied in their weight, width and compliance.  With little training, subjects were able to identify 

objects at levels well above chance.  Furthermore, across 5 days of training, identification performance 

increased by about 75%.  These results suggest that simple, non-invasive methods can provide useful 

somatosensory feedback that might prove beneficial in improving the control over prosthetic limbs.    

4.1.  Comparison with other studies 

 Horch et al. (2011) showed previously that subjects provided with artificial somatosensory feedback 

delivered to peripheral nerves with implanted electrodes could successfully discriminate among 9 objects 

that varied in width and compliance about 27% percent of the time.  These results are comparable to the 

mean performance of the five subjects tested in our study on day 1.  If normalized to chance levels (11% for 

the Horch study, and 3% for the present study), however, the performance using our non-invasive system is 

relatively higher than that of Horch et al. (2011).  Our findings serve as evidence that electrotactile feedback 

might be a more feasible means for providing artificial sensory feedback.   
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4.2 Limitations 

One drawback of electrotactile feedback is the stimulation of a sensory pathway that does not directly 

correspondence to the natural pathway. Because of this, this feedback modality evokes sensations that are 

seemingly less natural than those elicited by using cortical or peripheral nerve stimulation (Saal et al. 2015). 

Also, there have been studies showing that feedback referred to the missing or insensate hand is possible 

through intra cortical stimulation (Tabotet al. 2012). Evoking such sensations would be difficult using 

indirect electrotactile feedback. 

 As mentioned earlier, we found that the subjects performed significantly better while identifying 

weight compared to compliance.  In attempting to estimate the compliance, subjects were required to 

interpret the change in aperture for a given increase in normal force. As such, subjects needed to integrate 

feedback from the two sources during the squeezing phase to guess the compliance. A problem reported by 

subjects in this regard is that while trying to estimate the changes in force and aperture, there was a 

perceptual crossover between the two signals. Previous studies have determined the minimum spacing 

needed between adjacent electrode pairs on the neck in order to discern the sensations as separate 

(Marcus and Fuglevand, 2009). Since we used a spacing that exceeded this minimum separation, we 

hypothesize that the perceptual cross over maybe a central processing phenomenon.   

 We found that the ability to identify object width was significantly less accurate than object weight. 

The strategy used to identify width involved interpreting the intensity of the aperture signal at the moment 

when the force signal onset. With the stiff objects, subjects were able to identify the size based on the 

perception of the aperture during the holding phase. However, with the compliant objects, there was some 

degree of deformation of the object from the onset of force until the holding phase. In such cases, if the 

subject were attending to the aperture signal during the holding phase, they could easily have 

underestimated the width of the object.   
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 4.3 Future directions 

 The electrotactile system used in these experiments was tested on intact humans but is yet to be 

tested in patients who have sustained spinal cord injuries or have had limb amputations. Previous studies 

have shown that providing electrotactile feedback that encodes just gripping force enhances motor 

performance in a virtual grasping task that mimicked the use of a prosthetic arm (Jorgovanovic et al. 2014). 

Thus, it would be interesting to test the effect of using multichannel-multivariable (force and aperture) 

feedback in prosthetic users and compare it to the results found by (Jorgovanovic et al. 2014). 

 Studies have shown that the somatosensory cortex is extremely plastic and can reorganize in 

response to chronic changes in input (Merzenich et al. 1984). This gives us hope that if used over an 

extended period, some degree of cortical remapping might take place giving the user a more natural and 

intuitive response to electrotactile feedback. To determine if such remapping takes place in response to 

chronic use of electrotactile feedback, it would require the use of techniques such as fMRI. 
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Figure 1. Experimental setup depicting the electrotactile feedback system involving the experimenter and 

the subject. 
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Figure 2. 27 test objects used. Each defined by a unique combination of size, weight and compliance. 
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Figure 3. (A) The actual and current amplitude encoded force and aperture while the experimenter lifts, 

holds and squeezes a large width, light weight and compliant object. (B) The actual and current amplitude 

encoded force and aperture while the experimenter lifts, holds and squeezes a small width, heavy weight 

and stiff object. 
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Figure 4. The black trace represents the mean (± SD) performance of five subjects over the course of five 

days with the green trace showing the performance obtained through the weighted nearest neighbor 

machine learning algorithm. The black and the red dashed lines depict the chance level and the mean 

performance of three subjects using their natural hands respectively.  
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Fig 5.  The mean (± SD) percent correct identifications broken down by each attribute related to an object: 

(A) Weight (B) Width (C) Compliance. The dashed line represents the chance level. 
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