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Abstract  13 

Functional Electrical Stimulation (FES) may be effective as a therapeutic treatment for 14 

improving functional reaching and grasping. Upper-limb FES models for predicting joint 15 

torques/angles from stimulation parameters can be useful to support the iterative 16 

design and development of neuroprostheses. Most such models focused on shoulder 17 

or elbow joints and were defined for fixed electrode configurations. This work proposes 18 

the use of a Recurrent Fuzzy Neural Network (RFNN) for modelling FES induced wrist, 19 

thumb, and finger movements based on surface multi-field electrodes and kinematic 20 

data from able-bodied and neurologically impaired subjects. Different combinations of 21 

structure parameters comprising fuzzy term numbers and feedback approaches were 22 

tested and analyzed in order to see their effect on the model performance for six 23 

subjects. The results showed mean success rates in the range from 60% to 99% and 24 

best success rates in the range from 78% to 100% on test data for all subjects. No 25 

common trend was found across subjects regarding structure parameters. The model 26 

showed the ability to successfully reproduce the response to FES for both able-bodied 27 

and hemiplegic subjects at least with one of the tested combinations. 28 

 29 

Keywords:  functional electrical stimulation, modelling, fuzzy neural networks, hand, 30 
neuroprosthesis, multi-field electrodes 31 

 32 

1. Introduction  33 

Functional Electrical Stimulation (FES) artificially activates motor nerves in order to 34 
elicit muscle contractions that lead to functional movements. This is achieved by 35 
means of an electrical stimulator and, at least, a pair of electrodes responsible for 36 
delivering electrical pulses to peripheral nerves [1]. FES has shown positive results in 37 
neurorehabilitation, where it has been used in a variety of therapeutic applications 38 
aimed at neurologically impaired patients [2-9]. It is known as neuroprosthesis when its 39 
aim is to assist functional movements by bridging the loss of central neuronal 40 
connectivity.  41 

Surface electrodes are commonly used in therapeutic applications [9] for being non-42 
invasive and easy to don/doff by placing them over the skin. Multi-field surface 43 
electrodes, consisting of an array of electrodes [10], allow increased target nerve 44 
selectivity compared to conventional surface electrodes [11,12]. This is essential in 45 
applications such as grasping, where precise activation of multiple muscles at different 46 
depths and positions over the forearm is required.  47 

Modelling of FES has been addressed by many research groups over the last years. 48 
The classical FES model describes the relation of an electrical input or stimulation 49 
parameters to dynamic or kinematic outputs of the joints, which usually consists of a 50 
chain of sub-system models, such as skin models [13], nerve models [14,15], or 51 
musculoskeletal models [16,17]. 52 
 53 
Complete analytical upper-arm FES models include a shoulder model for 3 dimension 54 
force control, which was developed and validated with a SCI patient [18]; and a model 55 
of the elbow for predicting joint torques based on recursive adaptation and validated 56 
with both healthy and stroke subjects [19]. Regarding the hand, a thumb model for a 57 
force control application with surface FES electrodes was presented in [20]. Another 58 
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work showed a simplified model of the fingers and wrist consisting of a 3-link rigid body 59 
system, where four fingers were considered as a single virtual finger, which was 60 
designed for an iterative learning control application [21]. Finally, another model based 61 
on multi-field FES surface electrodes was able to predict flexion forces of the four 62 
fingers from stimulation parameters [22]. 63 
 64 
Models that do not describe a chain of physical sub-systems but use bio-inspired 65 

approaches such as artificial neural networks (ANN) were used for a FES elbow 66 

extension controller for SCI subjects, where the model predicted FES parameters from 67 

remaining EMG activity signals [23]. Another approach included ANNs in feedforward 68 

and feedback parts to model the inverse dynamics of the arm [24]. Expert systems 69 

based on fuzzy logic have been presented for other lower-limb FES applications such 70 

as rowing [25] or cycling [26,27]. Finally, hybrid neuro-fuzzy approaches have shown 71 

successful results in lower-limb FES control applications, such as rowing, where the 72 

system was tested in SCI subjects and was able to adapt to fatigue [28].  73 

Most of the described upper-limb FES models focused on elbow and shoulder joints, 74 

they were simplified for control purposes and they were based on a fixed electrode 75 

configuration. However, electrode position affects significantly the elicited hand 76 

movements due to high inter-subject variability and high musculoskeletal complexity of 77 

the forearm and the hand [29-32]. Thus, models involving application sites as inputs 78 

could help the design of advanced selective surface neuroprostheses for grasping.  79 

Therefore, in this work we present a recurrent fuzzy neural network (RFNN) approach 80 

for modelling wrist, thumb and fingers kinematics induced by a forearm surface multi-81 

field FES system, in which electrical stimulation application sites on the forearm are 82 

taken into account. This approach has been tested on data collected from three healthy 83 

and three chronic brain injured hemiplegic subjects. Since neurophysiological 84 

characteristics of healthy compared to hemiplegic subjects are very different [29-32], 85 

an analysis has been carried out to find out how different structure approaches affect 86 

the performance of the model across subjects. 87 

2. Methods  88 

2.1 Subjects 89 

 90 

Data from three healthy subjects and three chronic acquired brain injury subjects 91 

suffering from left hemiparesis were collected. Details are provided in Table 1. Passive 92 

range of motion (PROM) and active range of motion (AROM) of the wrist for each 93 

subject are provided to indicate the functional impairment of the hemiplegic subjects. 94 

All the participants were familiar with FES as each of them had received at least 60 95 

hours of electrical stimulation (above motor threshold) during a month prior to the data 96 

collection session. Approval for the data acquisition sessions was obtained at ADACEN 97 

(Acquired Brain Injury Association of Navarra) and all subjects signed an informed 98 

consent before participating in the study. 99 

 100 

Table 1. Information of participants 101 

Subj Gender  Age Brain injury 
cause 

Time from 
injury 

Wrist PROM 
flex.(º)/ext.(º) 

Wrist AROM 
flex.(º)/ext.(º) 

1 Female 27 n.a. (healthy) n.a. (healthy) 69.2 / 78.5  69.2 / 74.9 



4 
 

2 Male 29 n.a. (healthy) n.a. (healthy) 71.5 / 71.9 71.5 / 67.23 

3 Male 38 n.a. (healthy) n.a. (healthy) 70.4 / 72.2 70.4 / 70.2 

4 Male 53 Trauma 4 years 42.1 / 35.3 42 / 7.6 

5 Female 65 Stroke 4 years 51.2 / 32.6 51.1/ 0 

6 Female 61 Stroke 10 years 51.5 / 54.1  51.5 / 45.4 

 102 

2.2 Setup 103 

 104 

The equipment used in this work was composed by a multi-field electrical stimulation 105 

system and a sensorized glove based on inertial and fiber-optic bend sensors. The 106 

stimulation system was in charge of generating and delivering electrical pulses to the 107 

peripheral nerves, and it was composed of a stimulator and multi-field electrodes. The 108 

stimulator used in this work was the FES:a stimulator, from TECNALIA Research & 109 

Innovation (shown in Figure 1a). It was a wireless stimulator with a single current 110 

source, capable of delivering pulses and controlling up to 40 electrode fields (32 111 

cathodes and 8 anodes) independently by means of an internal multiplexer. It could be 112 

remotely controlled via Bluetooth or through the incorporated touchpad. 113 

Transcutaneous multi-field electrodes were used, which were specifically designed for 114 

the forearm [33]. 32 cathode electrode fields were distributed in a matrix form covering 115 

the forearm and two anodes were placed on the posterior and anterior parts of the wrist. 116 

The multi-field electrodes were embedded into a garment (shown in Figure 1b) to 117 

ensure proper electrode-skin contact as well as to simplify the donning phase.  118 

 119 

 120 
 121 

Figure 1: a) FES:a stimulator, b) FES:a electrodes embedded in a garment, c) 122 

sensorized glove.  123 

Hand kinematics were recorded with a sensorized glove (5Data - Fifth Dimension 124 

Technologies) for measuring finger flexion/extension movements and two inertial 125 

sensors (3DSpace- YEI Technology) for measuring wrist flexion/extension movements. 126 

The sensorized glove measured the curvature of fiber-optic bend sensors that 127 

comprised the metacarpophalangeal and proximal phalangeal joints of each of the five 128 

fingers. The values provided by the glove were flexion percentages of each finger with 129 
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respect to a maximum finger flexion configuration, which in this case was predefined in 130 

the calibration stage. Similarly, wrist flexion/extension angle was obtained from Euler 131 

angles provided by two wireless inertial sensors attached to the glove (shown in Figure 132 

1c), which had an orientation accuracy of +/- 1º. 133 

Data were recorded at a sampling frequency of 10Hz.  134 

 135 

2.3 Experiments 136 

 137 

The experimental protocol consisted of one data acquisition session per subject, which 138 

lasted 45 minutes approximately. 139 

At the beginning of the session, the garment was attached to the forearm and the glove 140 

was donned to the subject (shown in Figure 1c). The subject was instructed to sit on a 141 

chair, resting the arm on top of the table. The elbow was flexed at 90 degrees and the 142 

forearm was kept in neutral pronosupination position throughout all the session. During 143 

the calibration phase, PROM and AROM of fingers and wrist were measured. 144 

Additionally, maximum tolerated stimulation amplitudes were recorded. Two maximum 145 

amplitudes were selected, one for anterior forearm and a second for posterior forearm. 146 

For each of these sites, four random fields were selected and the amplitude was 147 

increased gradually until the subject’s pain tolerance level was reached. The lowest of 148 

these four amplitudes was then selected to be the maximum stimulation amplitude for 149 

the corresponding forearm area. The subject was then asked to relax the arm and 150 

avoid voluntary movements. The stimulation waveform was set to biphasic 151 

compensated pulses with a 25 Hz frequency and 200 µs pulse-width throughout the 152 

entire session. 153 

The stimulation consisted of repeated random activation of 32 fields of the electrodes 154 

with different amplitude patterns (shown in Figure 2) to cover the full range of 155 

amplitudes (0 mA to maximum tolerated by each subject), including both ramps and 156 

steps. Resting periods (shown in Figure 2) were introduced between stimulations in 157 

order to avoid fatigue affecting the tests. The amplitude patterns are represented in 158 

percentages with respect to the maximum amplitude tolerated by the subjects. Data 159 

corresponding to patterns from Figure 2a to 2g were used for training, whereas data 160 

corresponding to Figure 2h were used for testing.  161 

 162 

 163 

 164 

Figure 2: Amplitude patterns applied in the acquisition session. 165 
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If the subjects indicated discomfort with a specific field, stimulation was immediately 166 

stopped and the session continued with the activation of the next field. 167 

  168 

2.4 Model 169 

 170 

We chose to train a fuzzy neural network to take advantage of the learning capacity of 171 

ANNs and the linguistic interpretability of fuzzy systems. Indeed, Recurrent Fuzzy 172 

Neural Networks (RFNN) showed the ability to identify dynamic systems with a smaller 173 

network structure and less number of parameters than other networks [34,35]. As 174 

shown in Figure 3, the RFNN includes internal recurrences in the fuzzy term layer 175 

nodes, which provide the network with memory from previous inputs. In a preliminary 176 

study, both RFNN and Co-Adaptive Neural Fuzzy Inference Systems showed the ability 177 

to learn from real data [36], but the latter needed more parameters and was therefore 178 

computationally more expensive, so the RFNN with a grid partition was selected for this 179 

work.  180 

 181 

 182 

Figure 3: RFNN network generic scheme 183 

Main structure consisted of three inputs and six outputs. Regarding the inputs, two 184 

represented the position coordinates of the active field in the distal and medial planes, 185 

where the reference point was the most lateral-proximal point of the forearm, next to 186 

the elbow (shown in Figure 4). In the case of the medial position, values were scaled 187 

from -1 to 1, where negative and positive values represented posterior and anterior 188 

parts of the forearm respectively. The third input was the amplitude value, scaled with 189 

respect to the maximum amplitude tolerated by each subject. 190 

 191 
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 192 

 193 

Figure 4: Lateral and medial coordinates for determining the active electrode field 194 

position. The 0.75 distal and -0.5 medial field is highlighted as an example. 195 

Outputs of the model represented the scaled flexion/extension positions of the wrist 196 

and the five fingers. In order to remove noise and disturbances, data recorded by 197 

sensors were preprocessed before the training stage was carried out. All values were 198 

scaled to PROM values, and afterwards, a smoothing of the signal with an average 199 

moving window of 9 samples was carried out, followed by the removal of the offset at 200 

the resting periods. As a result of this process, outputs were kept in the -1 to 1 range, 201 

where negative and positive values represented extension and flexion positions 202 

respectively. 203 

The training of the network was carried out by the gradient descent and error 204 

backpropagation method. The learning rate was set to 0.01 and the number of epochs 205 

was set to 50 in previous trials for all cases. In order to be able to define best RFNN 206 

structure parameters for this application, different combinations of fuzzy terms and 207 

feedback approaches were tested as explained next. 208 

 209 

Number of fuzzy terms 210 

In this RFNN the input space was divided into a predefined number of fuzzy terms. 211 

These were represented by Gaussian membership functions and they were all 212 

initialized uniformly distributed throughout the input space. Different trainings were 213 

carried out with different number of fuzzy terms, which were integer numbers between 214 

3 and 7. The lower limit was set to 3 because medial position shows different behavior 215 

at least among three stimulation areas in the forearm, which are the anterior, radial and 216 

posterior parts. Upper limit was set to 7 because it was assumed that dividing the 217 

forearm position input space in a grid of 7x7 was enough to reproduce the selectivity 218 

achieved with the surface electrodes used in this work.  219 

 220 

Feedback 221 

As we were trying to identify a dynamic system, we assumed that providing the system 222 

with previous output information would improve or support the RFNN network training 223 

performance. However, additional inputs result in an exponential growth of the network 224 

structure, number of parameters and computational cost. Therefore, a limited amount 225 

of feedback combinations was tested, which included wrist, index and ring finger 226 
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feedbacks. This selection was done taking into account the independence of the digits 227 

in common movements [37], where the index finger is one of the most independent 228 

fingers together with thumb and where the ring finger is the least independent one.  229 

Different feedback approaches implied adding extra inputs to the structure described 230 

earlier, which were seven different approaches: one additional input (wrist, index or ring 231 

finger), two additional inputs (wrist and index or wrist and ring finger), and three 232 

additional inputs (wrist, index and ring finger). 233 

For these feedback approaches, series-parallel model was used for training, whereas 234 

parallel model was used with test data. The overall scheme of the model including 235 

feedback approach is shown in Figure 5. 236 

 237 

 238 

Figure 5: Scheme of the series-parallel model for used for training.  239 

All the possible combinations of number of fuzzy terms (5) and feedback approaches (7) 240 

were tested, which resulted in 35 cases in total. 241 

 242 

Analysis 243 

The mean square error (MSE) was calculated for each of the six outputs per case. An   244 

average of the six MSE values was then calculated for each of the 35 cases and for 245 

each of the 6 subjects. Additionally, success rate was also calculated for each case, 246 

which aimed at providing performance information focused on stimulation periods. The 247 

response to each stimulation period resulted in peaks and valleys in the 248 

flexion/extension outputs, and a successful prediction was assumed if the absolute 249 

error between the recorded and the predicted peak/valley values was less than 5% of 250 

the output range. Thus, the success rate was defined as the percentage of successful 251 

predictions over all stimulation periods.  252 

As statistical analysis non-parametric Friedman tests were carried out for each of the 253 

subjects with a significance level set to α=0.05. These tests were made to find 254 

statistically significant differences among the test average MSE values obtained by 255 

training the RFNN with different numbers of fuzzy terms and feedback approaches. 256 

The Bonferroni correction method was applied for the post-hoc analysis. Additionally, a 257 

Kruskal Wallis analysis was carried out to find if there were significant differences on 258 

performance between models trained with data collected from healthy or brain injured 259 

subjects. All the 35 cases tested with each subject were taken into account in this 260 

analysis, so the results would be independent of the used structure.  261 

 262 
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3. Results  263 

As an illustration, results of the trained RFNN for subject 4 are shown in Figures 6 and 264 

7. An intermediate case was chosen, in which the RFNN was trained with 3 fuzzy terms 265 

and wrist and ring finger feedback, resulting in a training success rate of 99.6% and 266 

test success rate of 81%. Figure 6 shows a portion of the training data, where the 267 

recorded data from wrist, thumb, index and ring fingers are shown together with their 268 

corresponding predicted outcomes. Middle and little fingers in general showed very 269 

similar behaviors, i.e. coupling to the ring finger, and therefore are not specifically 270 

illustrated. Similarly, Figure 7 shows test results, where recorded outputs are displayed 271 

together with predicted outcomes.  272 

 273 

Figure 6. Training data – Recorded vs. Predicted outcomes for 3 fuzzy terms and 274 

wrist+ring feedback case for subject 4. Successful predictions are represented with 275 

green dots. 276 

 277 
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 278 

Figure 7. Test data – Recorded vs. Predicted outcomes for 3 fuzzy terms and 279 

wrist+ring feedback case for subject 4. Successful predictions are represented with 280 

green dots and not successful ones with a red cross. 281 

If we analyze the figures qualitatively, it can be noted that for subject 4 and for the 282 

presented case (3 fuzzy terms and wrist and ring feedback approach), training data 283 

outputs were properly reproduced by the RFNN. However, for the test data, the model 284 

failed to correctly predict the strong response to stimulation of the ring finger in this 285 

case, and as expected by the strong coupling of the ring finger, a similar behavior was 286 

found for middle and little fingers.  287 

As the model was trained for 35 RFNN structure combinations for each subject, a 288 

summarizing table shows mean, best and worst average MSE, and success rate 289 

results obtained for each subject (Table 2) over the 35 cases. The table only shows the 290 

results for the test data. Regarding the training data, mean success rates for the 35 291 

cases of the six subjects were in the range 88%-99.7%, best results in the range 93%-292 

100% and worst results in the range 78%-99%. 293 

 294 

 295 
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 296 

Table 2 Test results - best and worst average MSE values and success rates obtained 297 

for each subject over the 35 tested cases. 298 

No. 
terms 

Subjects Mean Best case Worst case 

 
 

Average MSE 
 

1 0.0046 0.003 0.0088 

2 0.0015 0.00049 0.0035 

3 0.00081 0.00028 0.0025 

4 0.0085 0.0059 0.011 

5 0.00018 0.00003 0.0015 

6 0.0079 0.0023 0.024 

Success rate 

1 61.7% 77.8% 44.4% 

2 90.6% 97.2% 83.3% 

3 92.7% 97.2% 83.3% 

4 80.5% 88.9% 75% 

5 98.6% 100% 91.7% 

6 60.3% 88.9% 30.6% 

 299 

At a first glance, we can observe that there is a high variation in the average MSE 300 

values and success rates across different subjects. Four subjects showed successful 301 

results with mean success rates comprised between 80% and 99%, best success rates 302 

between 89% and 100% and worst success rates between 75% and 92%. However, 303 

poor results were obtained for subjects 1 and 6, which resulted in mean success rates 304 

of 62% and 60% respectively. Best success rate achieved for subject 1 was 78%, 305 

corresponding to four fuzzy terms and no feedback case, and worst success rate was 306 

44% corresponding to three fuzzy terms and wrist and index feedback. Similarly, 307 

subject 6 achieved the best success rate of 89% in the seven fuzzy terms and ring 308 

feedback case, and the worst success rate of 31% for the five fuzzy terms and wrist 309 

feedback case.  310 

3.1 Number of fuzzy terms 311 

Figure 8 shows the average MSE values of each subject grouped by number of fuzzy 312 

terms in a boxplot configuration. Significant differences between fuzzy term groups 313 

were only found in two of the subjects, in which the performance was completely 314 

opposite. One of them presented lower average MSE values with less fuzzy terms, 315 

whereas the other one showed the opposed effect.  316 

 317 
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 318 
Figure 8. Average MSE values grouped by fuzzy terms. Significantly different groups 319 

are represented with different colors. 320 

 321 

3.2 Feedback approaches 322 

Figure 9 shows the average MSE values of each subject grouped by feedback 323 

approaches. Significant differences between groups were found in five out of six 324 

subjects by the Friedman test. However, in some cases the Bonferroni correction 325 

method resulted too conservative to find which groups were statistically different, which 326 

was probably due to the small data sample. Nevertheless, it can be easily seen that 327 

there were differences in the average MSE values across different groups. However, 328 

these did not follow a common trend across different subjects. Indeed, feedback 329 

approaches which resulted in low average MSE values in some subjects resulted in 330 

high average MSE values in others.  331 

 332 



13 
 

 333 

Figure 9. Average MSE values grouped by feedback approaches. Significantly different 334 

groups are represented with different colors and feedback abbreviations mean W=wrist, 335 

I=index, and R=ring. 336 

 337 

3.3 Subject groups 338 

Finally, a significant difference was found in performance between healthy and brain 339 

injured subject groups taking into account the 35 cases for each subject. Figure 10 340 

shows the 35 test average MSE errors obtained by all subjects grouped by subject type. 341 

Lower test average MSE errors were found in the healthy group than in the brain 342 

injured subject group.  343 

 344 
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 345 

Figure 10. Average MSE values grouped by subject group types.  346 

 347 

4. Discussion  348 

Most models presented for upper-limb FES focused on shoulder and elbow joints. 349 

Those involving the hand were proposed for modelling either the thumb force [20], 350 

kinematics of a single virtual finger and the wrist [21] or the force of four fingers [22]. 351 

[20] and [21] were based on fixed electrode configurations, and [22] was based on 352 

multi-field electrodes, but focused on isometric finger forces. Main challenges in hand 353 

FES models include the musculoskeletal complexity of the forearm and hand, the 354 

number of DOFs involved in the wrist, thumb and finger movements and the large 355 

variability among different subjects with different pathologies [29-32]. 356 

In this work, a RFNN approach for modelling an upper-limb FES system was presented, 357 

which was based on data collected from three healthy and three brain injured subjects. 358 

The RFNN was trained with 35 different combinations of fuzzy terms and feedback 359 

approaches, which resulted in successful results for most of the subjects. The posterior 360 

analysis showed a great variability of the effect that fuzzy terms and feedback 361 

approaches produced among subjects. From this we conclude that best parameter 362 

combinations are greatly dependent on subject-specific data characteristics. Finally, 363 

healthy subjects got significantly lower test average MSE values than brain injured 364 

subjects. This could be a result of the increased response to FES that is present in 365 



15 
 

healthy subjects compared to brain injured subjects, which would result in a richer 366 

training data set.   367 

In conclusion, all the subjects showed results with success rates of over 78% in at least 368 

one of the cases, where success rate was defined as the percentage of successful 369 

predictions over all the stimulation periods, even though some subjects with some 370 

specific structure parameters showed poor results with success rates of 60% or less. 371 

The RFNN was thus able to successfully reproduce the response to FES with most 372 

structure parameter combinations for all subjects, which, in fact, comprised two groups 373 

with completely different characteristics (healthy and brain injured subjects). These 374 

types of models can be useful for carrying out simulations before testing new 375 

stimulation techniques and control methods in subjects or for the design of subject-376 

specific surface neuroprostheses for grasping. Further work should include the design 377 

of a fast parameter tuning method, bigger subject samples, other training strategies 378 

and comparison of the model behavior for different sessions, among others. 379 
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