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Abstract  1 

Background: Although surface electromyography is commonly used as a sensing strategy for 2 

upper limb prostheses, it remains difficult to reliably decode the recorded signals for controlling 3 

multi-articulated hands. Sonomyography, or ultrasound-based sensing of muscle deformation, 4 

overcomes some of these issues and allows individuals with upper limb loss to reliably perform 5 

multiple motion patterns. The purposes of this study were to determine 1) the effect of training 6 

on classification performance with sonomyographic control and 2) the effect of training on the 7 

underlying muscle deformation patterns. 8 

Methods: A series of motion pattern datasets were collected from five individuals with 9 

transradial limb loss. Each dataset contained five ultrasound images corresponding each of the 10 

following five motions: power grasp, wrist pronation, key grasp, tripod, point. Participants 11 

initially performed the motions for the datasets without receiving feedback on their performance 12 

(baseline phase), then with visual and verbal feedback (feedback phase), and finally again 13 

without feedback (retention phase). Cross-validation accuracy and metrics describing the 14 

consistency and separability of the muscle deformation patters were computed for each dataset. 15 

Changes in classification performance over the course of the study were assessed using linear 16 

mixed models. Associations between classification performance and the consistency and 17 

separability metrics were evaluated using Pearson correlations. 18 

Results: The average cross-validation accuracy for each phase was 92% or greater and there was 19 

no significant change in cross-validation accuracy throughout training. Misclassifications of one 20 

motion as another did not persist systematically across datasets. Few of the correlations were 21 

significant, although many were moderate or greater in strength and showed a positive 22 

association between accuracy and improved consistency and separability metrics. 23 
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Conclusions: Participants were able to achieve high classification rates upon their initial 24 

exposure to sonomyography and training did not affect their performance. Thus, motion 25 

classification using sonomyography may be highly intuitive and is unlikely to require a 26 

structured training protocol to gain proficiency.  27 

 28 

Keywords: sonomyography, prosthesis control, gesture recognition, motor learning, training 29 

 30 

Background 31 

Despite the enormous investment of resources in the development of new multi-32 

articulated upper limb prosthetics, a large proportion of individuals with upper limb loss 33 

discontinue use of their prosthesis (1–3). Users often experience dissatisfaction with the function 34 

and control of the prosthesis (4,5), which may explain why a majority of non-users (88%) report 35 

the systems are “too difficult or tiring” to use (6). Although 74% of those who have abandoned 36 

their upper limb prosthesis state that they would reconsider their decision if improvements in 37 

functionality and usability were made (6), it remains technically challenging to robustly infer a 38 

user’s volitional motor intent for controlling a dexterous prosthesis. This could contribute to the 39 

lack of difference in user satisfaction between terminal devices having single or multiple degrees 40 

of freedom (7).  41 

Surface electromyography (EMG) has historically been the predominant method for 42 

sensing muscle activation, but it is limited by poor amplitude resolution and low signal-to-noise 43 

ratio, especially with dry electrodes used in prosthesis sockets (8,9). There is also low specificity 44 

between muscles, especially in the forearm, due to cross-talk and co-activation (10–13). 45 

Consequently, multi-articulated hands tend to rely on direct control strategies for opening and 46 
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closing the terminal device in which EMG signals are recorded from an agonist-antagonist 47 

muscle pair. Mode-switching is then used to toggle between different grasp patterns, requiring a 48 

special EMG trigger (e.g., co-contraction), physical gesture, or button press to initiate the switch. 49 

These functions are time-consuming and unintuitive, leading some users to report that they 50 

strongly dislike mode switching (14).  51 

An alternative approach for controlling multi-articulated prosthetic hands relies on 52 

pattern recognition to decode user intent from EMG signal patterns. Pattern recognition has 53 

received considerable attention in the literature and there are currently three commercially-54 

available systems in the United States with FDA clearance (COMPLETE CONTROL - Coapt; 55 

Sense - Infinite Biomedical Technologies; Myo Plus - Ottobock). Although pattern recognition 56 

algorithms enable successful real-time grasp classification (15–17) and allow for control of a 57 

prosthetic hand during real-world functional tasks (18–21), users and therapists both report that 58 

extended periods of training are typically necessary to achieve stable performance (22,23). It is 59 

important to note that training to use a prosthesis involves multiple stages—including learning 60 

about the underlying functioning of the control system and how to generate the requisite control 61 

signals (conceptual training), learning to control a physical prosthesis (control training), and 62 

learning to use the prosthesis for completing functional tasks (functional training) (24). In this 63 

paper, we will restrict our discussion to the earliest phase of training. 64 

Although all training phases appear to be difficult for patients who are new to pattern 65 

recognition, learning to produce the control signals can be especially problematic. During this 66 

phase, the user must learn to produce a specialized set of EMG patterns that are sufficiently 67 

consistent and separable from each other to permit accurate classification. This can be difficult 68 

since people generally do not have experience modulating EMG signal amplitudes (25). 69 
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Individuals with limb loss may be further disadvantaged by motor cortex reorganization 70 

following amputation (26), as well as muscle atrophy due to disuse of the residual limb and/or 71 

increased reliance on the intact limb (27). Given these difficulties, it is unsurprising that first 72 

attempts to use pattern recognition are often error-prone. For example, initial classification 73 

accuracies for individuals with transradial limb loss have been reported to range from 46.37% 74 

(28) to 77.5% (29). Training over the course of multiple sessions or days appears to mitigate 75 

some of these errors for individuals with and without limb loss, regardless of whether feedback 76 

on their performance is provided (29–32). These improvements are credited to changes in the 77 

EMG signal patterns such that they become more consistent and/or separable, although the 78 

correlation between performance and EMG pattern characteristics is complex and not yet fully 79 

understood (32). 80 

In order to overcome these problems with myoelectric control, some researchers are 81 

exploring the use of sonomyography (SMG), or ultrasound-based sensing of muscle 82 

deformations. This modality avoids many of the limitations of EMG because it can spatially 83 

resolve individual muscles with sub-millimeter precision, including those in deep-seated muscle 84 

compartments. As a result, cross-talk is effectively suppressed and the control signals derived 85 

from the detected muscle activity have a high signal-to-noise ratio. Prior studies have 86 

demonstrated clear potential for the use of SMG in controlling a prosthesis or other human-87 

machine interface (33–40). Our own work has shown that SMG is capable of accurately 88 

classifying motor intent for able-bodied individuals (41,42) and individuals with upper limb loss 89 

(43,44) in both offline and real-time settings. Importantly, individuals with upper limb loss are 90 

able to achieve 96% classification accuracy for five grasps after only a few minutes of training 91 

(44).  92 
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Given the known challenges with prolonged training times required for EMG pattern 93 

recognition and the promising initial results with SMG, we wanted to systematically investigate 94 

whether it was feasible for individuals with upper limb loss to generate the requisite control 95 

signals and demonstrate proficiency with SMG motion classification in a single session. In 96 

particular, it is unclear whether training with SMG will lead to any improvements in 97 

classification performance over time. The relationship between performance and muscle 98 

deformation pattern characteristics (i.e., separability between patterns of different motions and 99 

consistency within patterns of the same motion) is also currently unknown. Therefore, the 100 

primary goal of this study was to determine the effect of training on SMG classification 101 

performance. We hypothesized that providing feedback during training would improve the 102 

classification accuracy and that this improvement would be retained if the feedback was 103 

removed. A secondary goal of this study was to determine the effect of training on muscle 104 

deformation patterns. We hypothesized that the patterns would change with training such that 105 

they correlate with the classification accuracy.  106 

 107 

Methods 108 

Subjects 109 

We recruited five individuals with unilateral transradial limb amputation (Table 1). All 110 

individuals reported using myoelectric prostheses at the time of data collection. Some 111 

participants had experienced the use of SMG for one or two sessions while participating in other 112 

studies, but at least nine months had elapsed between their prior exposure and participation in the 113 

current study. All participants provided written informed consent prior to participating in this 114 

institutionally approved study. 115 
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[INSERT TABLE 1 ABOUT HERE] 116 

 117 

Experimental protocol 118 

 Participants were instrumented with a clinical ultrasound system (Terason uSmart 3200T, 119 

Terason, Burlington, MA). A low-profile, high-frequency, linear 16HL7 ultrasound transducer 120 

was positioned on the volar aspect of the residual limb using a stretchable fabric cuff such that 121 

muscle deformations associated with all individual phantom finger movements were visually 122 

identifiable on the ultrasound images. Ultrasound image sequences were acquired and transferred 123 

to a PC in real-time using a USB-based video grabber (DVI2USB 3.0, Epiphan Systems, Inc.). 124 

The captured screen was then downscaled to 100 × 140 pixels to include only the relevant 125 

ultrasound image. The acquired image frames were processed in MATLAB (MathWorks, Natick, 126 

MA) using custom algorithms. 127 

 A series of datasets were collected from participants following the procedures outlined 128 

previously (44). For each dataset, participants performed repeated iterations of one motion from 129 

a set of five (power grasp, wrist pronation, key grasp, tripod, point). Starting from a resting 130 

position, they followed a cue and moved towards the end state of the desired motion over the 131 

course of one second, held the end state position for one second, moved back to rest over the 132 

course of one second, and remained at rest for one second. After they repeated this process five 133 

times in succession, we extracted the ultrasound image frames corresponding to the motion end 134 

state and rest. The extracted frames were averaged into a single image representing the motion 135 

end state or rest, which was then added to the dataset. This process was repeated until all five 136 

motions were included in the dataset. Once the dataset was completed, we performed leave-one-137 

out cross-validation with a modified 1-nearest-neighbor classifier that used Pearson’s correlation 138 
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coefficient as a similarity measure, following an algorithm described in more detail previously 139 

(42). Our modified classifier averages the similarity measurements by class and selects the most 140 

similar class instead of selecting the most similar individual image. 141 

 The datasets were collected in three different phases. During the first phase (baseline), 142 

participants were not given any feedback about their performance in order to evaluate how well 143 

they could intuitively use the system. Three datasets were collected in this phase. During the 144 

second phase (feedback), participants were given visual and verbal feedback about their 145 

performance. Participants were told that the system was sensing their muscle deformation and 146 

were allowed to view the raw ultrasound images in real-time for context. They were also given a 147 

visual cue to help them monitor the extent of muscle deformation detected by the system. For 148 

each movement sequence, we calculated the Pearson correlation between the first ultrasound 149 

image frame (corresponding to a rest state) and the incoming image. The correlation value was 150 

inverted and graphically displayed in real-time such that peaks corresponded to high muscle 151 

deformation (i.e., dissimilarity from rest) and valleys corresponded to low muscle deformation 152 

(i.e., similarity to rest). This real-time display has been described elsewhere (44). After each 153 

dataset was created, participants were told the results of the cross-validation and were shown the 154 

associated confusion matrix to help them understand the source of any errors. They were also 155 

given suggestions on how they could alter their movements to try and improve the classification 156 

accuracy. Depending on the amount of time participants had available for data collection, either 157 

three or five datasets were collected during this phase. During the final phase (retention), three 158 

more datasets were collected in the absence of any feedback in order to evaluate whether any 159 

changes in performance with feedback were maintained. 160 
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 All datasets were collected in succession on a single day without repositioning the 161 

ultrasound transducer, except for Am7. He had a longer testing session because he needed the 162 

motion performance speed to be slowed from one second to two seconds per cue. As a result, he 163 

required a break between collection of the third and fourth datasets and requested to have the 164 

transducer removed. Additionally, Am5 terminated the testing session early because of a 165 

scheduling conflict before datasets in the retention phase were collected. He returned three days 166 

later to complete a full testing session. Data for both sessions were retained for analysis in this 167 

case. 168 

 169 

Data analysis 170 

 The primary outcome metric was cross-validation accuracy (Eq. 1), defined as the percent 171 

of data correctly classified during the leave-one out validation process for a given dataset i: 172 

 𝐶𝐴𝑖 = 100 ∗ 𝑃𝑐𝑜𝑟𝑟𝑒𝑐𝑡𝑖𝑃𝑡𝑜𝑡𝑎𝑙𝑖 , (1) 

where 𝑃𝑐𝑜𝑟𝑟𝑒𝑐𝑡𝑖 is the correct number of predictions by the closest-class classifier and 𝑃𝑡𝑜𝑡𝑎𝑙𝑖 is 173 

the total number of predictions (i.e., the total number of datapoints).  174 

Cross-validation accuracy is a combined measurement of the user’s ability to perform a 175 

motion and the classifier’s ability to label individual motion performances. Since user 176 

performance and classifier performance are inherently linked in this metric, it is possible that a 177 

user’s performance could change over time without affecting the cross-validation accuracy. For 178 

example, a user may perform the tripod grasp with very little variation for a given dataset, 179 

resulting in a high cross-validation accuracy. On the next dataset, they may perform the grasp 180 

with two different variations having slightly different levels of middle finger flexion. As long as 181 

the closest identified class for each of the variations is still tripod, the cross-validation accuracy 182 
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would be unaffected. Therefore, in order to more appropriately understand the changes in user 183 

performance independent of the classifier performance, we represented the 100 x 140 pixel 184 

images in our dataset as points in 14,000-dimensional space such that each pixel in the image 185 

corresponds to an axis in the high dimensional space. We can then define point clusters in this 186 

high dimensional space such that each cluster is comprised of all the points in an associated 187 

motion class. We utilized metrics from the unsupervised learning literature to describe the 188 

characteristics of these clusters, and thus of the performances of each motion. 189 

The clustering metrics used in our analysis include Caliński-Harabasz (CH) Index (45), 190 

the Silhouette Index (46), and the S_Dbw Index (47). The CH Index and Silhouette Index are 191 

both commonly used in the unsupervised learning literature, while the S_Dbw Index is less 192 

common but has been shown to be more robust (48). Each of these metrics is a combination of 193 

some measurement of cluster consistency and cluster separability. As such, we also discuss these 194 

constituent components (consistency and separability) as supplementary metrics to better 195 

understand inter-motion vs intra-motion behavior independently from each other. If a user’s 196 

performance of a given motion becomes more consistent with other performances of the same 197 

motion, the points in that motion cluster move closer together and the consistency measurements 198 

improve. If a user’s performance of a given motion becomes more distinct from the 199 

performances of another motion, the clusters themselves move further apart and the separability 200 

metrics improve. A more detailed explanation of the clustering metrics and their consistency and 201 

separability constituents is provided below.  202 

 203 

CH Index 204 
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The CH Index is a positive unbounded measurement where higher values indicate more 205 

consistent and/or separable clusters. It has been shown to be robust when evaluating clusters that 206 

may have varying densities and may be comprised of subclusters themselves, but can be 207 

susceptible to errors when evaluating clusters with noise in the data or clusters with imbalance 208 

(48). The CH Index (Eq. 2) is defined as a ratio of the variance of the cluster centroids (CH-209 

Separability) to the variance within each cluster (CH-Consistency): 210 

 𝐶𝐻 𝐼𝑛𝑑𝑒𝑥 =  (𝑁−𝑘)(𝑘−1)  ×  ∑ 𝐶𝐻𝑆𝑖𝑘𝑖∑ 𝐶𝐻𝐶𝑖𝑘𝑖 , (2) 

where N is the number of datapoints, k is the number of clusters, CHSi is the CH-Separability 211 

metric for a cluster Ci, and CHCi is the CH-Consistency metric for Ci,. CH-Separability and CH-212 

Consistency are defined as: 213 

 𝐶𝐻𝑆𝑖 = 𝑁𝑖‖𝜇𝑖 − 𝜇‖2 (2.1) 

 𝐶𝐻𝐶𝑖 =  ∑ ‖𝑥 − 𝜇𝑖‖2𝑥∈𝐶𝑖 , (2.2) 

where Ni is the number of points in Ci, 𝜇𝑖 is the cluster centroid of Ci (average of all points in Ci), 214 𝜇 is the data centroid or the average of all datapoints, and x is a datapoint in a given cluster, Ci.  215 

 216 

Silhouette Index 217 

 The Silhouette Index is a bounded measurement between [-1 and 1] where higher values 218 

indicate more consistent and/or separable clusters. It has been shown to be robust when 219 

evaluating clusters with noise in the data, clusters that may have varying densities and clusters 220 

with imbalance, but can be susceptible to errors when evaluating clusters that may be comprised 221 

of subclusters themselves (48). The Silhouette Index (Eq. 3) is defined on a per point basis and 222 

summed across all N datapoints in a given dataset D: 223 
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 𝑆𝑖𝑙ℎ𝑜𝑢𝑒𝑡𝑡𝑒 𝐼𝑛𝑑𝑒𝑥 =  1𝑁 ∑ 𝑆𝑆(𝑥)−𝑆𝐶(𝑥))max( 𝑆𝑆(𝑥),   𝑆𝐶(𝑥))𝑥∈𝐷 , (3) 

where SS(x) represents the separability for a given datapoint x and SC(x) represents the 224 

consistency for a given datapoint x. SS(x) is defined as the minimum over clusters of the average 225 

distance between x and points in another cluster: 226 

 𝑆𝑆(𝑥) =  min1≤𝑖≤𝑘 (𝐶𝑥′ + 1𝑁𝑖 ∑  ‖𝑥′ − 𝑥‖  𝑥′∈𝐶𝑖 ) , 𝑤ℎ𝑒𝑟𝑒 𝐶𝑥′ =  {∞, 𝑖𝑓 𝑥 ∈ 𝐶𝑖    0, 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒 , (3.1) 

where Ni is the number of points in Ci, k is the number of clusters, and 𝐶𝑥′  ensures that the SS 227 

calculation only considers distances to neighboring cluster and ignore distances to points in the 228 

same cluster as x. SC(x) is defined as the average distance between x and points in its own 229 

cluster: 230 

 𝑆𝐶(𝑥) =  ∑ 𝐶𝑥 × 1𝑁𝑖−1 ∑  ‖𝑥′ − 𝑥‖ 𝑥′∈𝐶𝑖  𝑘𝑖=1 , 𝑤ℎ𝑒𝑟𝑒 𝐶𝑥 = {1, 𝑖𝑓 𝑥 ∈ 𝐶𝑖   0, 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒, (3.2) 

where Ni is the number of points in Ci, and k is the number of clusters, and Cx is a selection 231 

variable to ensure the distances in SC are computed only to points in the same cluster as x.  232 

Although the Silhouette Index is defined on a per point basis, we represent the 233 

separability and consistency constituents as averages across all clusters. Thus, the Silhouette-234 

Separability score SSi is defined as the average separability over all points in a given cluster Ci : 235 

 𝑆𝑆𝑖 =  1𝑁𝑖 ∑ 𝑆𝑆(𝑥)𝑥∈𝐶𝑖 . (3.3) 

Similarly, the Silhouette-Consistency score SCi is defined as the average consistency over all 236 

points in a given cluster Ci : 237 

 𝑆𝐶𝑖 =  1𝑁𝑖 ∑ 𝑆𝐶(𝑥)𝑥∈𝐶𝑖 . (3.4) 

 238 

S_Dbw Index 239 
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The S_Dbw Index is a positive unbounded measurement where lower values indicate 240 

more consistent and/or separable clusters. It has been shown to be robust when evaluating 241 

clusters with noise in the data, clusters that may have varying densities, clusters that may be 242 

comprised of subclusters themselves, and clusters with differences in the number of points in 243 

each cluster (48). The S_Dbw Index (Eq. 4) is defined as the sum of a scatter measurement 244 

(S_Dbw-Consistency) and a density between clusters measurement (S-Dbw-Separability): 245 

 𝑆_𝐷𝑏𝑤 𝐼𝑛𝑑𝑒𝑥 =  1𝑘 ∑ (𝑆𝐷𝐶𝑖 + 𝑆𝐷𝑆𝑖)𝑘𝑖=1 , (4) 

where k is the number of clusters, SDCi is the S-Dbw-Consistency score for a given cluster Ci, 246 

and SDSi is the S-Dbw-Separability score for a given cluster Ci. SDCi is defined as the magnitude 247 

of the variance of Ci divided by the magnitude of variance of the whole dataset D: 248 

 𝑆𝐷𝐶𝑖 =  ‖𝜎2(𝐶𝑖)‖‖𝜎2(𝐷)‖. (4.1) 

SDSi is defined as the average of a ratio of densities d(m, Cij): 249 

 𝑆𝐷𝑆𝑖 = 1𝑘 − 1 ∑ 𝑑(𝑚𝑖𝑗, 𝐶𝑖𝑗)max ( 𝑑(𝜇𝑖, 𝐶𝑖𝑗),   𝑑(𝜇𝑗,, 𝐶𝑖𝑗) )𝑘
𝑗=1,𝑗≠𝑖  (4.2) 

 𝑑(𝑚, 𝐶𝑖𝑗) =  ∑ 𝑓(𝑥, 𝑚)𝑥∈𝐶𝑖𝑗 , 𝑤ℎ𝑒𝑟𝑒 𝑓(𝑥, 𝑚) = {0, 𝑖𝑓 ‖𝑥 − 𝑚‖ >  𝜎(𝐷)1, 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒                   (4.2.1) 

where Cij is the union of clusters Ci and Cj, 𝜇𝑖 is the centroid of cluster Ci, 𝜇𝑗is the centroid of 250 

cluster Cj, and mij is the midpoint between 𝜇𝑖 and 𝜇𝑗. The density d(m, Cij) is the number of 251 

points in Cij that are within the neighborhood of a point m, where the neighborhood size 𝜎(𝐷) is 252 

defined as the average across all clusters in D of the magnitude of the standard deviation of each 253 

cluster. SDSi values are high when there are more points around the midpoint of two clusters than 254 

there are around either one of the individual cluster centroids. 255 

 256 
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Statistical analysis 257 

 To determine the effect of training and feedback on classification performance, we fit the 258 

following linear mixed model: 259 

 𝑌𝑖𝑗 =  𝛽0 + 𝑏𝑖 + 𝛽1𝑋𝑖𝑗1 + 𝛽2𝑋𝑖𝑗2 + 𝛽3𝑋𝑖𝑗3 + 𝜖𝑖𝑗, (5) 

where 𝑌𝑖𝑗 is the overall cross-validation accuracy for the ith subject on the jth dataset. In this 260 

model, 𝑋𝑖𝑗1 is the normalized elapsed time since the collection of the first dataset, 𝑋𝑖𝑗2 = 1 if the 261 

jth dataset is in the feedback phase and 𝑋𝑖𝑗2 = 0 otherwise, 𝑋𝑖𝑗3 = 1 if the jth dataset is in the 262 

retention phase and 𝑋𝑖𝑗3 = 0 otherwise, 𝜖𝑖𝑗 is the residual error, and 𝑏𝑖 is a random intercept 263 

accounting for within-subject correlations among repeated measures. Both 𝑏𝑖 and 𝜖𝑖𝑗 are 264 

assumed to be normally distributed and independent. The baseline phase is treated as the 265 

reference level. To account for the small sample size and potential violation of the model 266 

assumptions, we used the permutation test (49) to assess the significance of the effects of training 267 

and feedback on the overall cross-validation accuracy (α = 0.05). 268 

 To determine the effect of training and feedback on the muscle deformation patterns, we 269 

first calculated the average overall cross-validation accuracy and the average accuracy per grasp 270 

across subjects for each of the three phases. We then calculated the change in accuracy between 271 

the baseline and feedback phases, as well as the baseline and retention phases. Similarly, we 272 

calculated the change in the clustering metrics between phases. Finally, we calculated Pearson’s 273 

correlation coefficients between the changes in these metrics and the changes in accuracy rates. 274 

To account for the small sample size, we used the permutation test (49) to test the null hypothesis 275 

that there was no correlation (α = 0.05). 276 

 277 

Results 278 
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Cross-validation accuracy exceeded 76% for all 57 datasets collected across all subjects 279 

and was at least 92% for 45 of the datasets. Furthermore, the average cross-validation accuracy 280 

for each phase was at least 92% (baseline: 94.4 ± 3.1%; feedback: 95.4 ± 3.6%; retention: 92.0 ± 281 

7.1%; Figure 1). The entire data collection session was somewhat lengthy since at least nine 282 

datasets per participant were collected, with the exception of the first session for Am5. The 283 

average elapsed time for the five completed collections was 97 ± 47 minutes (Figure 2), although 284 

this value is elevated by the unusually long testing time for Am7 (190 minutes). The elapsed 285 

time was much more consistent across the remaining subjects (86 ± 8 minutes). Ultimately, the 286 

linear mixed model showed no significant effect of phase or elapsed time on overall cross-287 

validation accuracy (Table 2). 288 

[INSERT TABLE 2 ABOUT HERE] 289 

Although overall cross-validation accuracy for all five grasps was generally high, 290 

inspection of the accuracy rates for individual grasps reveals that there was occasional 291 

misclassification. However, visual inspection of the misclassification rates across all collected 292 

datasets for individuals participant shows no obvious patterns over time (Figure 3, Additional 293 

File 1). 294 

There were few significant correlations between changes in cross-validation accuracy and 295 

changes in the clustering metrics (Table 3, Table 4). The change in accuracy for the tripod grasp 296 

between the baseline and feedback phases was significantly correlated with change in the S_Dbw 297 

Index (r = -0.896, p = 0.045) and S_Dbw-Consistency (r = -0.963, p = 0.031), while the change 298 

in overall accuracy was significantly correlated with change in the CH Index (r = 0.981, p = 299 

0.016). Between the baseline and retention phases, the change in accuracy for the point grasp 300 
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was correlated with the change in Silhouette-Separability (r = 0.884, p = 0.044) and S_Dbw-301 

Consistency (r = 0.947, p = 0.027). 302 

[INSERT TABLE 3 ABOUT HERE] 303 

[INSERT TABLE 4 ABOUT HERE] 304 

Although no other correlations were statistically significant, many were moderate or 305 

greater in strength (|r| > 0.5). Furthermore, the direction of the correlations was generally 306 

consistent with our expectation that improvements in accuracy would relate to improvements in 307 

clustering behavior. There were a few statistically insignificant exceptions (Table 3, Table 4), but 308 

their relevance cannot be determined based on the current study due to the small sample size.  309 

 310 

Discussion 311 

The primary purpose of this study was to determine the effect of training on classification 312 

performance. Although we expected that performance would improve with provision of feedback 313 

during training, our results did not support this hypothesis. In fact, all subjects were able to 314 

achieve successful classification without any instruction right after they started the study 315 

(average accuracy in the baseline phase = 94.4 ± 3.1%), and the classification performance did 316 

not systematically change over time or with the provision of feedback during training. Most 317 

participants experienced small fluctuations in classification performance between datasets due to 318 

isolated misclassifications (Additional File 1). These reductions in performance are more likely 319 

caused by movement of the transducer, minor variations in muscle contraction patterns, or other 320 

transient issues that would not preclude individuals with upper limb loss from successfully using 321 

SMG for motion classification. 322 
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These findings stand in contrast to previous research exploring the effect of training on 323 

classification performance in pattern recognition systems. The training protocols used in these 324 

studies have been lengthy, involving practice over multiple sessions or days with (29,32) or 325 

without (30,31) the provision of external feedback in order to improve classification 326 

performance. The necessity of including individualized coaching as part of a training protocol for 327 

pattern recognition remains unclear (32), but extensive training is a time-consuming and costly 328 

undertaking in either case. However, we anticipate that the benefit of undergoing a structured 329 

training protocol for learning to generate consistent and separable SMG signals would be low. A 330 

reduced need for this initial training could enable patients to devote more resources towards 331 

functional training with a physical prosthesis, which may still require involvement from a 332 

therapist. Interestingly, preliminary work from our group suggests that the need for functional 333 

training may also be reduced for patients using SMG compared to other control strategies. Am3 334 

was able to operate a sonomyographic prosthesis and complete a functional task immediately 335 

after donning it, despite receiving no specific instructions on how to approach the task. Although 336 

Am3 was an experienced user of a direct control myoelectric prosthesis, his performance with 337 

the sonomyographic prosthesis was visibly smoother and involved less compensatory movement 338 

(Additional File 3). 339 

A reduced need for controls and/or functional training may ultimately help diminish 340 

barriers to prosthesis access in the United States, where few clinicians specialize in caring for 341 

people with upper limb loss or have experience with justifying a course of treatment to insurers 342 

(50). For these reasons, it is perhaps unsurprising that one survey found that 35% of those with 343 

unilateral upper limb loss received no training of any kind and only 22% received more than 10 344 

hours of training from a prosthetist or therapist (51). Unfortunately, therapy is an essential 345 



18 
 

component of the rehabilitation process and the receipt of training to use a first prosthesis has 346 

been associated with increased satisfaction (7). With a more intuitive control strategy enabled by 347 

SMG, there may be a potential for increased satisfaction without the need for extensive 348 

involvement from a therapist. Experiencing an early sense of accomplishment from successfully 349 

learning the control strategy may also motivate users to continue practicing with the prosthesis 350 

and could reduce the likelihood that they abandon prosthesis use. 351 

Although our participants had fairly similar classification performances, it is worth 352 

highlighting individual participant performances in order to exemplify some advantages of SMG. 353 

In particular, Am5 was fully naïve to the use of SMG during his first data collection session but 354 

achieved perfect classification on the first dataset prior to receiving any feedback. He also 355 

maintained an average of 99% accuracy across all six datasets. Am7 was also fully naïve to the 356 

use of SMG, but had slightly poorer classification performance in comparison to the other 357 

participants and required nearly double the amount of time to create each dataset. Based on 358 

comments from Am7 and our observation of his SMG signals, it appears that he had a difficult 359 

time relaxing his muscles to a “resting” position in between the repeated grasps. Am7 had 360 

undergone amputation slightly over a year before participating in this study and was a highly 361 

inexperienced myoelectric prosthesis user, having only owned his prosthesis for one week. He 362 

had significant muscle atrophy in his residual limb as a result of this disuse, which may have 363 

contributed to his difficulties. While this could suggest that having general familiarity with 364 

prosthesis use may impact an individual’s ability to produce appropriate SMG signals, it actually 365 

seems that SMG motion classification can be easily learned even by those lacking prior 366 

prosthesis experience. Indeed, Am7 achieved an average cross-validation accuracy of 89% 367 

across nine datasets even as a novice prosthesis user.  368 
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Our finding that most participants were able to generate the requisite control signals on 369 

the very first dataset without being provided any instruction is indicative of the intuitive nature 370 

of SMG. Because SMG relies on sensing muscle deformations and these deformations are 371 

directly related to the proprioceptive afferents in muscle spindles, SMG control is highly 372 

congruent with the underlying proprioceptive sense in the residual limb musculature. 373 

Furthermore, the richness of the ultrasound features in high-dimensional space means that our 374 

algorithms can more easily distinguish the user’s natural motion patterns. Users can therefore 375 

rely on proprioception and may not need other cues to monitor their performance. In fact, others 376 

have demonstrated that able-bodied individuals can successfully modulate the degree of muscle 377 

activation to a desired level even when relying only on the implicit feedback available through 378 

proprioception (52). Am8’s results provide an interesting demonstration of this concept. Her 379 

average cross-validation accuracy was slightly worse during the feedback phase compared to the 380 

baseline and retention phases, suggesting that she performed best when relying on her own 381 

intuition rather than following explicit instructions. Although Am8 had one exposure to SMG 382 

five years prior to the current study, she regularly used a single degree-of-freedom myoelectric 383 

hand in her daily life and thus had minimal experience with gesture recognition to guide her 384 

performance. 385 

The second purpose of this study was to determine the effect of training on muscle 386 

deformation patterns. We hypothesized that changes in the patterns would correlate with changes 387 

in classification accuracy over training, but we did not see this trend in our results (Additional 388 

File 2). Few of the pattern characteristics were significantly correlated with changes in 389 

classification accuracy—most notably, changes in the CH Index were correlated with changes in 390 

overall accuracy between the baseline and feedback phases. Classification was performed using a 391 
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modified 1-nearest-neighbor classifier, in which motions are assigned to the nearest class within 392 

the high dimensional feature space. The CH Index, a ratio between the average inter-cluster and 393 

intra-cluster distances, is effectively a measure of distance between neighboring clusters. Thus, 394 

correlation between this distance-based metric and distance-based classification is to be 395 

expected.  396 

Although most other correlations were statistically insignificant, there are a few 397 

interesting trends to note in the magnitude of the correlation coefficients. In particular, the 398 

magnitude tended to be slightly higher for the consistency metrics than the separability metrics, 399 

indicating that changes in accuracy could be related more closely to greater intra-motion 400 

consistency rather than greater inter-motion separability. This would mean that participants 401 

became more consistent in executing the grasps but did not actually change how they executed 402 

them relative to the other motion. This is well-aligned with the idea that the users may be able to 403 

rely on their innate proprioception when using SMG and that SMG is an intuitive control 404 

paradigm due to direct relationship with proprioception. In particular, the algorithm is able to 405 

decode the user’s intent without the user needing to adapt to the algorithm. Nonetheless, it must 406 

be re-emphasized that these correlations were nonsignificant and should not be overinterpreted. 407 

Taken together, these findings suggest that participants were able to generate separable 408 

movements right away and were able to consistently repeat those movements without requiring 409 

external feedback. We believe this finding represents a significant advantage over pattern 410 

recognition control, which similarly requires that EMG signal patterns are distinct and 411 

repeatable. Unfortunately, people do not naturally have experience with modulating EMG 412 

patterns to meet these requirements (25), nor is it clear which EMG pattern characteristics are 413 

most relevant to classification performance (32). It is therefore difficult to know how to 414 
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effectively train users on pattern recognition, possibly limiting user motivation or interest in 415 

adopting this technology. Delineating the relationship between signal pattern characteristics and 416 

classification performance appears to be less critical to an individual’s success with SMG than 417 

EMG, as users seem capable of achieving successful classification without intervention. 418 

 There are several limitations to this study. First, the majority of our participants were not 419 

fully naïve to SMG prior to participation in this study. It is possible that this prior experience 420 

could have improved their performance on this protocol, but we believe this is unlikely given 421 

that a minimum of nine months had passed since their most recent exposure. They also returned 422 

to using a myoelectric prosthesis during the intervening time, which may have interfered with the 423 

retention of any motor learning or skills obtained in previous sessions.  424 

 Additionally, we tested the classification performance on a limited time scale while 425 

subjects remained stationary. It is well-known that EMG classification can degrade in response 426 

to changes in arm position, electrode shifting, sweating, muscle fatigue, or during changes in 427 

signal characteristics over time (53). Similar issues may occur with SMG classification, which 428 

would require users to retrain the classifier after some period of use. Even if these deteriorations 429 

in performance occur, it does not invalidate our current finding that users can initially achieve 430 

robust motion classification with minimal training. 431 

Another limitation of this study was that we utilized a commercially-available ultrasound 432 

imaging system with an array transducer. For translation of SMG technology to practical 433 

prosthesis sockets, we anticipate utilizing single-element transducers with low power electronics. 434 

Our previous work has indicated that the classification accuracy with sparse sensing is not 435 

compromised (54). However, this result has yet to be validated in individuals with limb loss. We 436 

are currently developing fully-integrated prototype SMG systems and additional studies are 437 
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planned in the future. It should also be noted that the reported classification accuracies were 438 

obtained using a 1-nearest neighbor classifier. We purposely utilized one of the simplest 439 

classifiers in an effort to decouple user performance from classifier performance. More 440 

sophisticated classifiers, such as linear discriminant analysis commonly used for EMG pattern 441 

recognition, are expected to provide improved classification accuracy for SMG data as well.  442 

 Finally, the sample size for this study was small. This may have reduced our ability to 443 

detect statistically significant results, especially for the correlations between classification 444 

performance and muscle deformation patterns. More of the correlations could prove to be 445 

significant if this protocol was replicated in a larger group of participants. Furthermore, we 446 

cannot fully distinguish between the effects of repetitive practice and provision of feedback on 447 

classification performance. There could have been an interaction between these factors, but we 448 

could not include an interaction term in the linear mixed model due to the small sample size. 449 

However, visual inspection of the results leads us to believe that an interaction term would not 450 

have been significant even if it was included. In addition to the small sample size, we only tested 451 

participants who had acquired limb loss. Individuals with congenital limb difference may have 452 

more difficulty learning to use SMG if they lack phantom hand sensations or have limited 453 

proprioceptive sense in their residual limb. Although our prior work showed that one individual 454 

with congenital limb difference achieved a cross-validation accuracy of 85% for four motions 455 

(44), we have not systematically tested whether this population can become achieve robust 456 

motion classification with minimal training. 457 

 458 

Conclusion 459 
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This study provides the first systematic investigation of the effect of training on SMG 460 

classification performance. We showed that individuals with upper limb loss were able to 461 

immediately achieve accurate motion classification using SMG and that their performance did 462 

not change over time or with the provision of feedback. Additionally, changes in the muscle 463 

deformation patterns did not significantly correlate with changes in classification accuracy, 464 

which further substantiates the idea that users do not have to alter their strategy over time in 465 

order to achieve successful classification rates. Together, these findings suggest that structured 466 

training protocols are unlikely to facilitate substantial improvements in classification accuracy 467 

for users of SMG. This work represents an important step towards demonstrating the viability of 468 

controlling upper limb prostheses with SMG. 469 

 470 
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Figure Captions 

 

Figure 1 Average between-subjects (grey bars) and within-subject (colored bars) cross-
validation accuracy for each phase. Error bars represent standard deviation.  

 

Figure 2 Cross-validation accuracy as function of elapsed training time for individual 
participants. The three sections of each plot correspond to the baseline, feedback, 
and retention phases. The break between the third and fourth datasets for Am7 
indicates that the transducer was removed and repositioned. 

 

Figure 3 Classification performance across individual datasets for Am3 (top) and Am7 
(bottom). The confusion matrices have been adapted to represent the temporal 
evolution of classification performance across all datasets (55). The squares in 
each confusion matrix are divided into n columns representing the n collected 
datasets for that subject. Thus, confusion between grasps for individual datasets is 
illustrated by the individual columns. For example, power grasp was identified 
correctly for four out of five motion instances during Am7’s first dataset (yellow 
bar) and was confused with point on one instance (maroon bar). 
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Tables 

 

 

Table 1. Participant characteristics. 

ID Sex Age 
Years since 

amputation 

Prior prosthesis 

experience* 

Affected 

limb 

Dates of prior data 

collections using SMG 

Date of data collection 

for current study 

Am1 M 56 46 DC (experienced) Right Nov. 29, 2017 Oct. 10, 2018 

Am3 M 68 50 DC (experienced), 
PR (novice) 

Left Oct. 24, 2017 
Dec. 11, 2017 

Sept. 11, 2018 

Am5 M 38 1.5 DC (novice),  
PR (novice) 

Right n/a Feb. 23, 2018
†
 

Feb. 26, 2018 

Am7 M 70 1 DC (novice) Left n/a Jan. 24, 2020 

Am8 F 74 12 DC (experienced) Right Aug. 6, 2015 Feb. 4, 2020 

* novice indicates less than two years of experience 
† session terminated early 
DC = direct control; PR = pattern recognition 
 

 

 

 

 

 

 

 

Table 2. Results from the linear mixed model. 

Parameter Estimate Standard Error t value Pr(>t)* 

Normalized elapsed time (β1) 3.1377 5.4201 .5789 0.322 
Feedback phase (β2) -0.6185 3.0983 -0.1996 0.707 
Retention phase (β3) -4.9912 4.7435 -1.0522 0.872 

*one-sided p-values based on 1000 permutations 

 

 

 

 

 

 

 

 

 

 

 

 



Table 3. Pearson correlation coefficients between changes in accuracy rates from baseline to feedback and changes in the separability 
and consistency metrics from baseline to feedback. 

 
 

 
Accuracy (key) Accuracy (point) Accuracy (power) Accuracy (tripod) Accuracy (wrist) Accuracy (overall) 

 

 S_Dbw Index 0.483
†
 -0.259 -0.449 -0.896* -0.457 -0.563 

 CH Index 0.099 0.142 0.692 0.262 -0.156
†
 0.981* 

 Silhouette Index -0.123
†
 0.327 0.509 0.625 0.185 0.849 

Separability 

C
H

 -
 

S
ep

a
ra

b
il

it
y
 Key grasp 0.652 - - - - - 

Point - 0.623 - - - - 

Power grasp - - 0.219 - - - 

Tripod - - - 0.593 - - 

Wrist pronation - - - - 0.432 - 

S
il

h
o

u
et

te
 -

 

S
ep

a
ra

b
il

it
y
 Key grasp 0.031 - - - - - 

Point - 0.19 - - - - 

Power grasp - - -0.204
†
 - - - 

Tripod - - - 0.605 - - 

Wrist pronation - - - - 0.55 - 

S
_

D
b

w
 -

 

S
ep

a
ra

b
il

it
y
 Key grasp 0.531

†
 - - - - - 

Point - 0.453
†
 - - - - 

Power grasp - - -0.33 - - - 

Tripod - - - -0.793 - - 

Wrist pronation - - - - -1 - 

Consistency 

C
H

 -
 

C
o

n
si

st
en

cy
 Key grasp -0.807 - - - - - 

Point - -0.457 - - - - 

Power grasp - - -0.791 - - - 

Tripod - - - -0.671 - - 

Wrist pronation - - - - -0.405 - 

S
il

h
o

u
et

te
 -

 

C
o

n
si

st
en

cy
 Key grasp -0.798 - - - - - 

Point - -0.386 - - - - 

Power grasp - - -0.78 - - - 

Tripod - - - -0.741 - - 

Wrist pronation - - - - -0.471 - 

S
_

D
b

w
 -

 

C
o

n
si

st
en

cy
 Key grasp -0.909 - - - - - 

Point - -0.563 - - - - 

Power grasp - - -0.699 - - - 

Tripod - - - -0.963* - - 

Wrist pronation - - - - -0.968 - 

* p < 0.05 (based on 1000 permutations) 
† unexpected direction of correlation  
 



Table 4. Pearson correlation coefficients between changes in accuracy rates from baseline to retention and changes in the separability 
and consistency metrics from baseline to retention. 

 
 

 
Accuracy (key) Accuracy (point) Accuracy (power) Accuracy (tripod) Accuracy (wrist) Accuracy (overall) 

 

 S_Dbw Index 0.429
†
 -0.688 -0.598 -0.213 -0.368 -0.511 

 CH Index -0.145
†
 0.403 0.673 0.256 0.224 0.542 

 Silhouette Index -0.031
†
 0.667 0.711 0.392 -0.01

†
 0.775 

Separability 

C
H

 -
 

S
ep

a
ra

b
il

it
y
 Key grasp 0.494 - - - - - 

Point - 0.877 - - - - 

Power grasp - - 0.352 - - - 

Tripod - - - -0.173
†
 - - 

Wrist pronation - - - - 0.675 - 

S
il

h
o

u
et

te
 -

 

S
ep

a
ra

b
il

it
y
 Key grasp 0.11 - - - - - 

Point - 0.884* - - - - 

Power grasp - - 0.096 - - - 

Tripod - - - -0.072
†
 - - 

Wrist pronation - - - - 0.694 - 

S
_

D
b

w
 -

 

S
ep

a
ra

b
il

it
y
 Key grasp 0.21

†
 - - - - - 

Point - -0.896 - - - - 

Power grasp - - -0.423 - - - 

Tripod - - - -0.123 - - 

Wrist pronation - - - - -1 - 

Consistency 

C
H

 -
 

C
o

n
si

st
en

cy
 Key grasp -0.621 - - - - - 

Point - 0.585
†
 - - - - 

Power grasp - - -0.725 - - - 

Tripod - - - -0.148 - - 

Wrist pronation - - - - -0.602 - 

S
il

h
o

u
et

te
 -

 

C
o

n
si

st
en

cy
 Key grasp -0.688 - - - - - 

Point - 0.352
†
 - - - - 

Power grasp - - -0.751 - - - 

Tripod - - - -0.204 - - 

Wrist pronation - - - - -0.67 - 

S
_

D
b

w
 -

 

C
o

n
si

st
en

cy
 Key grasp -0.621 - - - - - 

Point - -0.947* - - - - 

Power grasp - - -0.873 - - - 

Tripod - - - -0.536 - - 

Wrist pronation - - - - -0.879 - 

* p < 0.05 (based on 1000 permutations) 
† unexpected direction of correlation  



Additional Files 

 
Additional File 1 Classification performance across individual datasets. The squares in 

each confusion matrix are divided into n columns representing the n 
collected datasets for that subject. 

 

Additional File 2 Clustering metrics as function of elapsed training time for individual 

participants. The S_Dbw Index is negated to facilitate comparison with 
the other clustering metrics. Increasing values correspond to increasing 
separability and/or consistency. The three sections of each plot correspond 
to the baseline, feedback, and retention phases. 

 

Additional File 3 Box and Blocks Test for Am3. Am3 performed the test with his 
clinically-prescribed myoelectric prosthesis and an experimental 
sonomyographic prosthesis. 

 



Figures

Figure 1

Average between-subjects (grey bars) and within-subject (colored bars) cross-validation accuracy for
each phase. Error bars represent standard deviation.



Figure 2

Cross-validation accuracy as function of elapsed training time for individual participants. The three
sections of each plot correspond to the baseline, feedback, and retention phases. The break between the
third and fourth datasets for Am7 indicates that the transducer was removed and repositioned.



Figure 3

Classi�cation performance across individual datasets for Am3 (top) and Am7 (bottom). The confusion
matrices have been adapted to represent the temporal evolution of classi�cation performance across all
datasets (55). The squares in each confusion matrix are divided into n columns representing the n
collected datasets for that subject. Thus, confusion between grasps for individual datasets is illustrated
by the individual columns. For example, power grasp was identi�ed correctly for four out of �ve motion



instances during Am7’s �rst dataset (yellow bar) and was confused with point on one instance (maroon
bar).
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