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Abstract
Background
Current commercial prosthetic hand controllers limit patients’ ability to fully engage high Degree-of-Freedom (DoF) prosthetic hands. Available feedforward controllers rely on large training data sets for controller setup and a need for recalibration upon prosthesis donning. Recently, an intuitive, proportional, simultaneous, regression-based 3-DoF controller remained stable for several months without retraining by combining chronically implanted electromyography (ciEMG) electrodes with a K-Nearest-Neighbor (KNN) mapping technique. The training dataset requirements for simultaneous KNN controllers increase exponentially with DoF, limiting the realistic development of KNN controllers in more than three DoF. We hypothesize that a controller combining linear interpolation, the muscle synergy framework, and a sufficient number of ciEMG channels (at least two per DoF), can allow stable, high-DoF control.

Methods
Two trans-radial amputee subjects, S6 and S8, were implanted with percutaneously interfaced bipolar intramuscular electrodes. At the time of the study, S6 and S8 had 6 and 8 bipolar EMG electrodes, respectively. A Virtual Reality (VR) system guided users through single and paired training movements in one 3-DoF and four different 4-DoF cases. A linear model of user activity was built by partitioning EMG feature space into regions bounded by vectors of steady state movement EMG patterns. The controller evaluated online EMG signals by linearly interpolating the movement class labels for surrounding trained EMG movements. This yields a simultaneous, continuous, intuitive, and proportional controller. Controllers were evaluated in 3-DoF and 4-DoF through a target-matching task in which subjects controlled a virtual hand to match 80 targets spanning the available movement space. Match Percentage, Time-To-Target, and Path Efficiency were evaluated over a 10-month period based on subject availability.

Results and conclusions
In 3-DoF, S6 and S8 matched most targets and demonstrated stable control after 8 and 10 months, respectively. In 4-DoF, both subjects initially found two of four 4-DoF controllers usable, matching most targets. S8 4-DoF controllers were stable, and showed improving trends over 7–9 months without retraining or at-home practice. S6 4-DoF controllers were unstable after 7 months without retraining. These results indicate that the performance of the controller proposed in this study may remain stable, or even improve, provided initial viability and a sufficient number of EMG channels. Overall, this study demonstrates a controller capable of stable, simultaneous, proportional, intuitive, and continuous control in 3-DoF for up to ten months and in 4-DoF for up to nine months without retraining or at-home use with minimal training times.

Supplementary Information
The online version contains supplementary material available at https://​doi.​org/​10.​1186/​s12984-021-00833-3.
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Abbreviations
	APT Center
	Advanced Platform Technology Center

	ciEMG
	Chronically implanted EMG

	DARPA
	Defense Advanced Research Projects Agency

	DoF
	Degree of freedom (positive and negative)

	ECRB
	Extensor carpi radialis brevis

	ECRL
	Extensor carpi radialis longus

	ECU
	Extensor carpi ulnaris

	ED
	Extensor digitorum

	EMG
	Electromyography

	FCR
	Flexor carpi radialis

	FCU
	Flexor carpi ulnaris

	FDS
	Flexor digitorum superficialis

	FES center
	Functional electrical simulation center

	HAPTIX
	A DARPA Project, “Hand Proprioception and Touch Interfaces”

	IDE
	Investigational Device Exemption (Food and Drug Administration)

	IRB
	Institutional Review Board

	RoM
	Range of motion (for a joint in the prosthetic hand visualization)

	RPNI
	Regenerative peripheral nerve interfaces

	RU
	Refers to 4-DoF subject controller engaging ‘Radial-Ulnar’ movements

	sEMG
	Surface EMG

	S6
	A subject in the study, with 6 functional electrodes

	S8
	A subject in the study, with 8 functional electrodes

	TH
	Refers to 4-DoF subject controller engaging ‘Thumb’ movements.

	TMR
	Targeted muscle reinnervation

	VR
	Virtual reality




Background
At present, an outstanding challenge in biomedical engineering is the restoration of hand function to upper limb amputees. Current commercially available myoelectric hand prostheses are typically limited to one or two Degrees of Freedom (DoF) and experience a 10–35% abandonment rate [1]. The man–machine interface, limited in both feed-forward control and closed-loop control, is a major contributor to abandonment [2, 3]. Advanced prosthetic systems, such as the 10-DoF DEKA/LUKE Arm [4] and the 16-DoF Modular Prosthetic Limb [5], have expanded prosthetic hand capabilities, but place even higher demands on prosthetic hand controllers.
Recent work has demonstrated the potential of chronically implanted man–machine interfaces. Chronically implanted nerve electrodes have shown stable sensory feedback [6–9], and chronically implanted Electromyographic (ciEMG) electrodes have demonstrated stable, low-crosstalk EMG recording capabilities [10]. Using ciEMG to improve feed-forward EMG controllers could allow users to gain more functional benefit from both advanced and commercially available prosthetic devices.
Feed-forward EMG controllers
Feed-forward EMG controllers interpret user EMG to drive a prosthetic hand, and typically involve three main steps. First, raw EMG is recorded, filtered, and windowed into sections of 100–200 ms. Then, features such as the mean-absolute-value or number of zero crossings are extracted from the windowed EMG. Lastly, features are mapped to hand velocities. Prior work suggests that feed-forward EMG controllers should meet several criteria to provide natural hand control (Table 1) [11–19].Table 1Natural hand control criteria [11–19]


	Category
	Criteria (a controller providing natural hand control should…)

	Runtime
	be responsive; processing time < 100 ms

	Theoretical Capability
	have many Degrees of Freedom (DoF)

	be Proportional; allow variable hand speed

	allow Simultaneous DoF activation

	be Continuous; not limit simultaneous DoF activations to fixed ratios

	Accuracy
	have a low error rate

	Practicality
	provide Intuitive control

	have a low daily set-up time

	require infrequent training

	Impact
	be functionally beneficial

	be tolerant to daily use

	address a large commercial audience


The terms proportional, simultaneous, and intuitive commonly appear in literature. Continuous controllers typically appear in literature as regressions and contrast with classifiers, which only allow movement in fixed, pre-defined DoF ratios. Studies often increase the number of movement classes rather than the number of continuously-controlled DoF



Recent studies demonstrate intuitive, simultaneous, proportional controllers
Intuitive prosthetic hand control has been widely adopted since its introduction by (Hudgins 1993) [20]. Intuitive controllers are generated by recording a sample of user EMG, a training data set, and tailoring controller behavior to the user based on this sample. Studies have demonstrated that intuitive controllers, generated by machine learning methods, are capable of simultaneity, allowing combined movements, and proportionality, allowing hand speed to change with user effort, as 3-DoF classifiers [9, 18, 21]. Continuous controllers have also been demonstrated through 2-DoF [12, 22], and very recently, 3-DoF [10] regressions. In this work we propose a novel simultaneous, continuous, intuitive, and proportional controller for 4 + -DoF.
Higher DoF control is limited by training data collection
One limit on simultaneous, intuitive, proportional 3 + -DoF prosthetic hand control is training data acquisition. Gathering and labelling sufficient volumes of data is particularly problematic for simultaneous high DoF controllers: providing a single complete training set for a simultaneous 4-DoF controller, for example, would require sampling 80 non-rest movement combinations and, at 30 s per movement, correspond to a 40-min exercise. Training periods of this length are impractical for commercial systems and unduly burden users. As a result, training data is often limited to individual movements or limited simultaneous combinations (Young 2013) [14]. Training data collection time can be reduced either by lowering the controller’s reliance on data volume or by reducing the frequency of controller re-training [21, 23–25].
Synergy Theory can reduce training data volume
Synergy Theory is a framework for describing muscle activity which states that muscles are driven in synergies, sub-movements in which individual muscles are contracted in fixed ratios commanded by a common neural signal [26]. The formulation of Synergy Theory used in this study describes synergies as time-invariant and assumes that EMG signals are at steady state and that only the mean-absolute-value (mABS) feature is used. Under these assumptions, the EMG signal for a movement is a linear combination of EMG from underlying sub-movements. Synergy Theory can be used to allow control over complex movements from small training sets [23], which is typically done by identifying synergies and using them to control individual DoF [23, 27, 28]. This work instead engages Synergy Theory to motivate the choice of controller algorithm and training data set.
Users have direct control over synergy magnitudes, and synergy magnitudes relate linearly to force, a proxy measurement for user effort [29]. This implies that user movements have unique steady-state EMG patterns. It is therefore unnecessary to sample movements at several levels of effort if the controller used is a mapping homogeneous in degree one (e.g. a linear map). Also, if the number of synergies used equals the number of EMG channels, the mapping from EMG feature space to synergy space is an orthogonal change of basis. Under these conditions, mappings such as linear regression and linear interpolation implicitly operate in synergy space. Such mappings would also implicitly implement proportionality using synergy magnitudes, which has been hypothesized to reduce user effort compared to traditional mappings [29].
Linear interpolation follows from linear regression studies
Linear regression for prosthesis control has been examined in past work [15, 22, 30]. Notably, Nowak and Castellini [31] found that linear regression performance improves if un-trained multi-DoF movements are approximated by linear combinations of trained single-DoF movements. Additionally, Nowak and Castellini found that non-linear regression methods are more accurate than linear regression (although importantly proportionality was not evaluated).
In this work, we have developed a controller that uses linear interpolation to map EMG mABS features to user intent. Linear interpolation implicitly combines the EMG of trained movements to predict the EMG of un-trained movements. Linear interpolation is also piecewise-linear, presenting a middle ground between non-linear and linear approaches. Interpolation estimates outputs from a set of input–output pairs. Input space is partitioned into regions bounded by the sample inputs, outputs are predicted by linearly interpolating partition vertices. In the context of EMG, this can be accomplished by loosely viewing all steady-state EMG for a trained user movement as a point in EMG feature space. This lumps training repetitions together and ties controller performance to the repeatability, rather than volume, of training data. The controller’s goal is, from a collection of such irregularly spaced points, to determine a user’s movement given a new signal in EMG feature space. These methods have been extensively developed in other fields [32, 33]. Linear interpolation is best compared to regression controllers, as the output of interpolation is continuous. An important distinction between linear interpolation and linear regression is that interpolation fits user data exactly rather than in a least-square sense: if a user recreates a training movement exactly, interpolation will always provide the correct movement.
Stability of chronically implanted EMG
Chronically implanted EMG (ciEMG) has been shown to reduce the need for frequent controller re-training, as recently demonstrated 3-DoF simultaneous, intuitive, regressive, proportional controller employing a K-nearest-neighbor mapping that retained performance in a posture-matching task over several months [10]. Separately, ciEMG has also been shown to improve user performance with standard tests and reduce fatigue [2].
Additionally, combining the synergy framework and ciEMG can potentially reduce user effort associated with implementing proportional control. Proportionality is often implemented by scaling prosthesis speed by the average magnitude across all EMG recordings (e.g. Simon 2011 [19]). This is less effective with ciEMG, where a user’s movement might only manifest on a single EMG channel. Instead, synergy magnitudes can be used to implement proportionality [30]. This work engages ciEMG recordings from two subjects.
Hypothesis
In this work we propose a novel, intuitive, simultaneous, proportional and continuous controller for prosthetic hands. The controller uses ciEMG recordings to model user activity through linear interpolation as inspired by the synergy framework. The controller is evaluated in an online Virtual Reality (VR) posture-matching task.
In particular, we hypothesize that, provided a sufficient number (at least two per DoF, see Methods) of relevant ciEMG channels, (1) subjects will be able to use such a controller to match most targets in 3-DoF and 4-DoF and (2) that controllers will remain stable, showing no decline in performance for more than 6 months without retraining. Additionally, we explore controller performance when trained on a single ‘best’ training repetition for each trained movement, with the hypothesis that performance will remain unchanged compared to a default training set.
Methods
Two subjects with unilateral, transradial limb loss, S6 and S8, participated in the study. Both were previously implanted with 8 pairs of intramuscular myoelectric signal (IM-MES [34]) recording electrodes, accessible through percutaneous leads. After recording training data, a controller incorporating a synergy framework was developed and evaluated through a posture-matching task. Controllers were evaluated in lab over 8–10 months and varied by subject availability. Between lab sessions, subjects used a single-DoF prosthesis controlled by two surface myoelectric sites as provided by their prosthetist. All research was conducted as an IDE trial granted by the Food and Drug Administration and under approval and oversight by the Louis Stokes Cleveland Veterans Affairs Medical Center Institutional Review Board, and the Department of Navy Human Research Protection Program.
Data and training
Seven bipolar IM-MES electrodes were implanted in the pronator, FCR, FDS, FCU, supinator, ED, and ECU muscles of both subjects. An eighth electrode was placed in the ECRL for S6 and the ECRB for S8. (Dewald [10]) describes surgical details and stable 3-DoF controller performance over several months without retraining in S6. After fitting new sockets on S6, electrodes in the pronator and ECRL exhibited considerable noise 11 and 17 months post-implant, respectively, and were not used in this study.
A computer visualization (Fig. 1) previously used in similar studies [35] guided the acquisition of training data. The visualization displays two hands whose joints can be controlled in real time through a Matlab/Simulink interface. The controllable joints mimic the capabilities of the LUKE prosthetic hand. During training, both hands present target postures guiding the user through a set of movements. During online evaluation, one hand presents a target posture, while the other is under the user’s control.[image: ../images/12984_2021_833_Fig1_HTML.png]
Fig. 1Training and testing setup. The subject was seated in front of a VR representation of a prosthetic hand. The Ripple Grapevine system collected ciEMG at 2 kHz with a 15–350 Hz band-pass filter. The only EMG feature collected was the mean absolute value over a 200 ms window updated every 50 ms


Five training sets were collected per subject: one 3-DoF set and four 4-DoF sets. The movements collected for each training set were determined by which DoF were included. All training sets included three DoF from (Dewald 2019): wrist flexion/extension, wrist pronation/supination, and D2 (index) flexion/extension. The 4-DoF sets also included either thumb flexion/extension, thumb ab/adduction, synchronous D3-5 flexion/extension, or wrist radial/ulnar deviation as the 4th DoF. These DoF reflect the capabilities of the LUKE prosthetic hand (Table 2). Visually, radial-ulnar deviation was mapped to a thumb movement as the LUKE is not capable of controlling this motion independently. Additionally, when synchronous D3-5 flexion/extension was not evaluated, user D2 (index) flexion/extension was made to control fingers D2-5. While this does not allow meaningful grasps in 3-DoF, it limits user confusion during controller evaluation. In practice, D2 flexion/extension can be mapped to a grasp.Table 2Usability of trained controllers


	 	 	User training sets

	 	 	3-DoF
	4-DoF
	4-DoF
	4-DoF
	4-DoF

	DoF Trained
	Wrist Pro/Supinate
	 √
	 √
	 √
	 √
	 √

	Wrist Flex Extend
	 √
	 √
	 √
	 √
	 √

	D2 Flex Extend
	 √
	 √
	 √
	 √
	 √

	D3-5 Flex Extend
	 	 √
	 	 	 
	Thumb Ab/Adduct
	 	 	 √
	 	 
	Thumb Flex/Extend
	 	 	 	 √
	 
	Radial-Ulnar Deviate
	 	 	 	 	 √

	Usable
	S6 Controllers
	3D
	 	 	TH
	RU

	S8 Controllers
	3D
	 	TH
	 	RU


Subjects could deem a controller unusable during controller tuning and testing. Each subject deemed the 3-DoF (3D) and two of four 4-DoF (the radial-ulnar movement RU, and a thumb movement, TH) controllers usable



To generate training data, subjects attempted to move their phantom limb as prompted by a visualization at a self-selected medium level of exertion while mirroring the motion with their intact limb. Every N-DoF training set consisted of individual movements ( 2(N) movement classes: two directions (‘ + ’, ‘−’) per DoF) and all simultaneous pairs of movements (4(N!/(2!(N-2)!)) movement classes: four directions (‘ + / + ’, ‘+/-’, ‘−/ + ’, ‘−/−’) for each DoF pair). Training was done in batches of 5–10 movement prompts, grouped by movement similarity and complexity. Each batch was repeated five times with random presentation order to collect five repetitions of each movement. To mitigate fatigue, subjects could choose to take short breaks following each movement batch. Subjects determined break length, and typically chose to proceed without one. Each movement prompt had three periods: a two-second no-movement visualization period to recognize the target posture, a two-second muscle contraction period to move the phantom, and then a one-second break period. Screen color changes indicated period transitions. To ensure that subjects followed the intended movement, a researcher mimicked this exercise while sitting next to the subject and watching his intact limb.
Total training time for all five training sets was approximately 135 min including breaks, producing one 18-movement 3-DoF set and four 32-movement 4-DoF sets (Table 2). Training data was recorded 23 months post-implant for S6, and 12 (3-DoF) and 17 (4-DoF) months post-implant for S8. Both subjects had substantial experience with training data collection and wore their regular prosthesis during both data collection and controller evaluation. The only EMG feature collected was the mean-absolute-value feature from a 200 ms window of EMG sampled at 2 kHz, updated every 50 ms.The mean-absolute-value EMG feature on each channel was normalized to a maximum of ‘1′ per training data set [36]. A visualization of the ciEMG patterns for the S8 3-DoF training set (18 movements, 5 repetitions of each) is provided as Additional file 1.
Channel sufficiency
A previous study, (Muceli 2010 [37]), found that 2-DoF multi-DoF movements can be accurately reconstructed using four, but not three, synergies extracted from single-DoF movements. The same could also be achieved with only three synergies extracted from multi-DoF movements, but depended strongly on the choice of sampled movements. As we cannot guarantee that the movements sampled in this study meet the second criteria, Channel Sufficiency is defined as twice the number of DoF.
Controller
The controller used in this study uses linear interpolation to map user ciEMG to intended prosthesis movement. Prior to controller generation, the five repetitions of each movement are limited to steady state activity, here defined as a half-second interval beginning one second after the ‘go’ instruction. Additionally, two repetitions with EMG patterns most distant from the movement mean are removed to account for errors during user training.
Partitioning space (Fig. 2a, b)
[image: ../images/12984_2021_833_Fig2_HTML.png]
Fig. 2Graphical description of controller. a Per trained movement, a representative steady-state point in feature space is found and assigned a movement label b Representative points are normalized to have unit L1 norm, and Delaunay Triangulation partitions feature space into regions emanating from the origin c The movement label for online EMG is determined by linear interpolation, providing an estimated level of user intent in every DoF (D) A physiologically inspired relation maps estimated levels of user intent to nominal hand velocity. Subject preferences then set gains and thresholds

Fit steady state. Per trained movement, a vector is drawn through the cluster of steady state EMG points via a least-distance fit (uncentered 1st principal component). A point, [image: $${\varvec{s}}$$], is then found by projecting the movement’s steady-state EMG points onto this vector, then averaging their positions. [image: $${\varvec{s}}$$] is representative of its movement’s steady state EMG pattern at a medium level of exertion. [image: $${\varvec{s}}\in {R_{\ge 0}^{n}}\text{;}\, n \text{ is the number of EMG channels; } {\varvec{S}}\text{ is the set of all } {\varvec{s}} \text{ in some fixed order}$$].
Assign movement labels. For each [image: $${\varvec{s}}$$] a corresponding movement label [image: $${\varvec{c}}$$] is made. [image: $${\varvec{c}}$$] is an array encoding the user’s movement that generated [image: $${\varvec{s}}$$]: the values in [image: $${\varvec{c}}$$] represent the direction and level of effort in each DoF. (Ex: [1,0,0] is the label for supination in 3-DoF; [− 1,0.3,0,0] is the label for a simultaneous pronation (negative supination) and slight wrist flexion in 4-DoF.) [image: $${\varvec{c}}\in {R}^{DoF};$$] [image: $${\varvec{C}} \text{ is the set of all }{\varvec{c}}\text{; The }i^\text {th} \text{ element of } {\varvec{C}} \text{ is the movement label for the } i^\text{th} \text{ element of }{\varvec{S}}\text{.}$$]
Normalize all elements of [image: $$S$$] to have L1 norms of 1, generating [image: $$\widehat{S}$$] and [image: $$\widehat{C}$$]. [image: $${\Vert x\Vert }_{1}$$] denotes the L1 norm for any vector [image: $$x$$]. [image: $$\text{Let }\overrightarrow{{{\varvec{s}}}_{{\varvec{i}}}} \text{ be the vector from } \left\{0\right\} \text{ to } {{\varvec{s}}}_{{\varvec{i}}} \in {\varvec{S}}\text{.}$$]; [image: $$\text{The corresponding element }\widehat{{{\varvec{s}}}_{{\varvec{i}}}} \in \widehat{{\varvec{S}}} \text{ is } \frac{{{\varvec{s}}}_{{\varvec{i}}}}{{\Vert \overrightarrow{{{\varvec{s}}}_{{\varvec{i}}}}\Vert }_{1}};$$] The movement label for [image: $$\widehat{{{\varvec{s}}}_{{\varvec{i}}}}$$] is [image: $$\widehat{{{\varvec{c}}}_{{\varvec{i}}}}=\boldsymbol{ }\frac{{{\varvec{c}}}_{{\varvec{i}}}}{{\Vert \overrightarrow{{{\varvec{s}}}_{{\varvec{i}}}}\Vert }_{1}};$$] [image: $$\widehat{{{\varvec{c}}}_{{\varvec{i}}}} \in \widehat{{\varvec{C}}}$$]
Expand [image: $$\widehat{S}$$] and [image: $$\widehat{C}$$]. Activity on individual EMG channels appears on Cartesian basis vectors [image: $$\{{e}_{1},{e}_{2},\dots ,{e}_{n}\}$$] in EMG feature space. [image: $$\stackrel{\sim }{{\varvec{S}}}$$] is [image: $$\widehat{{\varvec{S}}}$$] appended with [image: $$\{{e}_{1},{e}_{2},\dots ,{e}_{n}\}$$] and {0}. [image: $$\stackrel{\sim }{{\varvec{C}}}$$] is [image: $$\widehat{{\varvec{C}}}$$] appended with [image: $$(n+1$$]) DoF-dimensional zero vectors: individual EMG channels and the origin are conservatively assigned movement labels indicating no movement.
Partition space with Delaunay triangulation. Delaunay triangulation tessellates EMG space into simplices emanating from the origin in a way that maximizes the minimum simplex angle using [image: $$\stackrel{\sim }{{\varvec{S}}}$$] as a set of vertices. (Normalizing [image: $${\varvec{S}}$$] to a one-norm of one and including the origin forces simplices to emanate from zero.)
Online EMG evaluation (Fig. 2c, d)
For an incoming EMG signal, [image: $${\varvec{p}}$$], the controller must find the corresponding movement label [image: $${{\varvec{c}}}_{{\varvec{p}}}$$].
Scale [image: $$p$$] to have an L1 norm of 1. [image: $$\widehat{{\varvec{p}}} =\frac{{\varvec{p}}}{{\Vert \overrightarrow{{\varvec{p}}}\Vert }_{1}}; \overrightarrow{{\varvec{p}}}\text{ being the vector from }\left\{0\right\}\text{ to }{\varvec{p}}\text{.}$$]
Find the simplex containing [image: $$\widehat{{\varvec{p}}}$$]
Simplices are parsed until the simplex containing [image: $$\widehat{{\varvec{p}}}$$] is found.
Let T be the set of (n + 1) points bounding the simplex being parsed. T includes n points of [image: $$\stackrel{\sim }{{\varvec{S}}}$$] and the origin. Let [image: $${\varvec{U}}$$] be the elements of [image: $$\stackrel{\sim }{{\varvec{C}}}$$] which correspond to [image: $${\varvec{T}}$$]; T and [image: $${\varvec{U}}$$] depend on the simplex.
[image: $$\widehat{{\varvec{p}}}$$] can be described as a weighted sum of steady-state EMG activity from training data by:[image: $$\widehat{{\varvec{p}}}={k}_{1}{{\varvec{t}}}_{1}+\dots +{k}_{n+1}{{\varvec{t}}}_{n+1}; {{\varvec{t}}}_{i} \text{ being the }i^\text{th} \text{ point in } {\varvec{T}}; {k}_{1 },\dots , {k}_{n+1}\text{ scalars}$$]




Solving this linear system yields [image: $${k}_{1 },\dots , {k}_{n+1}$$]
If [image: $$\underset{i}{\text{min }}{k}_{i}\ge 0$$] and [image: $$\sum_{1}^{{\varvec{n}}+1}{k}_{i}=1$$], the correct partition has been identified.
Interpolate to find [image: $${{\varvec{c}}}_{\widehat{{\varvec{p}}}}$$].
Once the correct partition has been found, linear interpolation determines [image: $${{\varvec{c}}}_{\widehat{{\varvec{p}}}}$$]:[image: $${{\varvec{c}}}_{\widehat{{\varvec{p}}}}= {k}_{1}{{\varvec{u}}}_{1}+\dots +{k}_{n+1}{{\varvec{u}}}_{n+1}; {{\varvec{u}}}_{i} \text{ being the } i^\text{th} \text{ element of } {\varvec{U}};{k}_{1 },\dots , {k}_{n+1 } \text{ scalars}$$]




Scale [image: $${c}_{\widehat{p}}$$] by [image: $$\Vert \overrightarrow{p}\Vert$$] to find [image: $${c}_{p}$$].[image: $$c_{p} = \left( {\left\| {\vec{p}} \right\|_{1} } \right)*\left( {k_{1} u_{1} + \cdots + k_{n + 1} u_{n + 1} } \right)$$]




[image: $${{\varvec{u}}}_{i}\mathrm{ being the }i\mathrm{th element of }{\varvec{U}};{k}_{1 },\dots , {k}_{n+1 }\mathrm{scalars}$$]
Post-interpolation. The output [image: $${{\varvec{c}}}_{{\varvec{p}}}$$] is an estimate of user effort in each DoF, with ‘a medium level of exertion’ corresponding to the value ‘1’. Two further steps convert user effort to hand velocity.
First, every actuated DoF is scaled in a physiologically-inspired mapping (Fig. 2d) to set nominal hand velocity [38]. The mapping is a smooth, piecewise curve consisting of four regions: very low, low, medium, and high effort. The regional mappings exhibit exponential, linear, square-root, and constant relationships, respectively. This effort-velocity mapping sets user activity below 50% of ‘a medium level of exertion’ to cap out at only 25% of maximum speed and penalizes effort exceeding ‘medium’. The mapping is meant to allow precise movements at lower EMG levels as well as quick movements at higher EMG amplitudes [39].
Second, prior to controller evaluation, the gains and thresholds for each degree of freedom are calibrated to user preference. This allows a “medium level of exertion” to correspond to any desired speed.
Controller evaluation
Prosthetic hand controllers were evaluated by having subjects complete a target-matching task in the same VR environment used for controller training. Given the long training period needed to gather all training datasets and corresponding questions of user fatigue, as well as existing evidence of ciEMG controller stability, controllers were not evaluated on the same day as they were trained.
Target matching process
The target-matching task includes 80 targets in 5 batches of 16, with user-defined rest periods between batches. This number balances user fatigue against a thorough target selection [22].
To match a target posture, subjects use an EMG controller to move each DoF of a virtual hand to within 15% of the Range-of-Motion (RoM) of the target posture and then remain within that window for a continuous second. In our experience, subjects encounter difficulty in visualizing posture errors when tolerances are below 15% RoM (see Kinematic 4D videos—Additional file 2, Additional file 3). Subjects are given a 30 s time limit to match a target.
Targets
Target postures span transitions in joint-movement space in a quasi-random manner:
First, generic movement directions are listed and shuffled. In 4-DoF, there are 80 generic movement directions (4-DoF, each of which can be − 1, 0 or 1, with ‘rest’ excluded). In the 3-Dof case, there are 26 generic movement directions. These were repeated thrice and, after shuffling, padded with two extra targets, excluded from analysis, to maintain the 80-target test length.
Target postures begin with a neutral hand posture, and subsequent postures are set by randomly changing each DoF based on the list of generic movement directions. No targets are within matching range of a range-of-motion limit. For example: if all DoF are limited between − 1 and 1, the matching window is 15% RoM, and the current generic movement direction is [1, − 1, 0] (a combined supination and wrist extension), the generated target will be at [rand(0.6,0.7), rand(− 0.6, − 0.7), 0]. If a target cannot be placed for the current generic movement direction, the next one is attempted. If none can be placed, the previous target is removed, the list of generic movement directions is circularly shifted, and the process proceeds from one target back.
This generates a set of targets that includes simultaneous movements in variable ratios and covers all generic movement directions without returning to a neutral posture. Target postures cover transitions requiring three or four combined movements despite training data only including single and paired movements.
Analysis
Target matching metrics are described in prior work [40]. Briefly, Match Percentage is the percentage of targets matched within the time limit. Time-To-Target is the time it takes a subject to match a target. Path Efficiency compares the travel path taken by the subject with the minimum straight-line travel path to the target posture. A 50% Path Efficiency, for example, indicates that the virtual hand traveled twice as far as strictly necessary to reach the target. Time-To-Target and Path Efficiency were only calculated for targets which were matched within the time limit. Path Efficiency excludes movement within the target matching window preceding a match (overshoots are accounted for), and Time-To-Target excludes the 1-s dwell time.
Match Percentages were compared using Fischer’s exact test. Time-To-Target and Path Efficiency were compared using two-way ANOVAs followed by paired t-tests. Bonferonni corrections were applied when comparing more than two data sets. Pearson’s Coefficients were used for determining the significance of trends over time. Significance was set at the p < 0.05 level. All metrics are written as mean ± standard error and drawn as mean with 95% CI.
Kinematic recordings
To provide subject-specific reference points, 3-DoF and 4-DoF target matching tasks were also repeated with the subjects’ intact limb. Electrogoniometer (Biometrics Ltd., Ladysmith, VA) recordings, with the fourth DoF controlled by thumb flexion/extension, were used.
In analyzing Path Efficiency with kinematic recordings, small-magnitude movements were adjusted to remove the effect of sensor noise. Pronation-supination recordings had a high resolution, and changes in sensor values were thresholded by assuming noise to be Gaussian around 0: a Normal curve was fitted to a 30-point histogram of frame-to-frame differences in sensor recordings, and the histogram window was adjusted until a minimal Root Mean Square Error was found for the fit. The threshold was set at three times the standard deviation of this fitted Normal curve, excluding movements below (0.12–0.34% RoM per 50-ms frame). Qualitatively, this approach excludes Gaussian low-magnitude movements. Wrist, finger, and thumb flexion–extension sensors had a lower resolution (around 0.17% RoM), and jitter between discretization levels was removed.
Results
Controller usability
During controller evaluation, subjects were given the option to declare a controller ‘unusable’ at any point in its evaluation. This would usually be decided while gains and thresholds were being tuned prior to controller evaluation, but sometimes occurred within the first few 16-target blocks. If a subject indicated that a controller was ‘unusable’, its evaluation would be de-prioritized for the day to minimize the effects of fatigue on other controllers being evaluated. Controllers which provided unreliable control over single-DoF movements were typically declared ‘unusable’.
Initially, both subjects found the 3-DoF (3D) controller and two of four 4-DoF controllers usable—one with the thumb controlled by a thumb movement (TH) and one with the thumb controlled by a radial-ulnar movement of the wrist (RU). (Table 2).
3-DoF performance over time
3-DoF controllers were evaluated for both subjects shortly after training and again after a period of 8–10 months (Fig. 3). Neither EMG controller showed significant (p < 0.05) changes after this period.[image: ../images/12984_2021_833_Fig3_HTML.png]
Fig. 3.3-DoF performance over an 8–10 month period. S6 (Red, a–c) and S8 (Blue, d–f) performances in 3-DoF over an 8–10-month period are shown. (a, d) All targets were matched (b, c, e, f) EMG controllers were different (ANOVA, p < 0.05) from kinematic recordings, and showed no significant changes over 8–10 months. Values are presented as mean with 95% CI


Subject S6, with his intact limb, matched all targets averaging 1.80 ± 0.17 s/target and 46 ± 2% Path Efficiency. In initial tests, the EMG controller matched all targets averaging 2.69 ± 0.21 s/target and 39 ± 3% Path Efficiency.
Subject S8, with his intact limb matched all targets averaging 2.41 ± 0.21 s/target at a 52 ± 3% Path Efficiency. In initial tests, the EMG controller matched all targets averaging 5.36 ± 0.46 s/target at a 32 ± 3% Path Efficiency.
Anecdotally, S8′s movements appear to be less ballistic and more carefully planned than S6′s, potentially leading to slower match times (see S6 3-DoF video—Additional File 4; S8 3-DoF video, for data shown in Fig. 5,– Additional file 5).
4-DoF performance over time
4-DoF controllers were evaluated for both subjects over a period of up to 9 months (Fig. 4). This evaluation shows trends that may indicate improvement over time without either retraining or at-home use.[image: ../images/12984_2021_833_Fig4_HTML.png]
Fig. 4.4-DoF performance over nine months. a–c Subject S6 4-DoF performance was unstable over time and differed from kinematic performance (paired t-test). d–f Subject S8 performance in 4-DoF over a 9-month period is shown. S8 RU showed an improving trend in Time-To-Target (Pearson, p < 0.05). S8 TH performance after 7 months showed significant improvement in Time-To-Target (paired t-test, p < 0.05). Comparisons to the S8 kinematic set were not explicitly drawn. All values are presented as mean with 95% CI


Subject S8 matched all targets with his intact limb averaging 5.28 ± 0.39 s/target at a 30 ± 2% Path Efficiency.
With one radial-ulnar 4-DoF EMG controller, S8 initially matched 86% of targets, averaging 10.94 ± 0.88 s/target at a 22 ± 2% Path Efficiency, then significantly improved in Time-to-Target and Match Percentage over the following 9 months (Pearson, p < 0.05). With an earlier 4-DoF RU controller (see 3.4), S8 matched 100% of targets, averaging 8.62 ± 0.64 s/target at a 34 ± 2% Path Efficiency.
With one thumb ab/adduction 4-DoF EMG controller, S8 initially matched 98% of targets, averaging 11.07 ± 0.65 s/target at a 22 ± 1% Path Efficiency; after 7 months S8 matched 94% of targets with this controller, averaging 8.48 ± 0.70 s/target at a 23 ± 2% Path Efficiency, significantly improving in Time-To-Target (paired t-test, p < 0.05). Although these S8 TH controllers were later found to be missing 2/32 training movements and the initial TH controller evaluation used a slightly different target set consisting solely of simultaneous movements in all 4-DoF, these changes did not affect performance as S8, with an earlier TH controller, matched 88% of targets averaging 12.42 ± 0.89 s/target at a 24 ± 2% Path Efficiency (see 3.4).
Subject S6 performance was also evaluated in a 4-DoF case, despite the subject having fewer than 2xDoF EMG channels. With his intact limb, S6 matched 98% of targets averaging 5.66 ± 0.48 s/target at a 31 ± 2% Path Efficiency.
In initial tests with a 4-DoF thumb-flexion EMG controller, S6 matched 94% of targets, averaging 9.24 ± 0.71 s/target at a 20 ± 2% Path Efficiency. The controller was unstable upon re-evaluation after seven months.
While subject S6 did find the radial-ulnar 4-DoF EMG controller initially usable, matching 86% of targets and averaging 10.88 ± 0.88 s/target at a 20 ± 2% Path Efficiency, the controller was later found to be incorrectly trained and missing all paired movements involving radial-ulnar deviation (12/32 training sets). Although this controller was not usable on re-evaluation after seven months, no general conclusions about controller stability can be drawn from the RU evaluations.
Reduced training dataset performance
One goal in prosthetics research is to reduce controller training time. The controller presented in this study builds a piecewise-linear model of user activity and needs an accurate, rather than large, training set. We hypothesized that controller performance with a reduced, single-best-repetition, training set would be comparable to performance with the default, multiple-repetition, training set. Default and reduced sets were compared to evaluate the controller’s performance with a minimal data set (Fig. 5). Default sets were run first. Order effect was examined in the 4-DoF S8 RU case, which was evaluated twice with different controllers 1 month post training, alternating whether the default or reduced case was run first.[image: ../images/12984_2021_833_Fig5_HTML.png]
Fig. 5Reduced training dataset performance. S6 (Red) and S8 (Blue) performance with a default ‘D’ 3-of-5 repetition controller and reduced ‘R’ 1-of-5 repetition controller are shown. The S8 RU sets differ on whether the default case was run first (left) or the reduced case was run first (right), using different controllers evaluated 1 month post training. a, d No differences in Match Percentage were found (Fisher). b, c S8 3-DoF Time-to-Target and Path Efficiency improved with reduced repetitions (ANOVA, p < 0.05). e S6 Time-To-Target increased with the reduced set (paired t-test, p < 0.05). f Only one of two S8 RU sets indicated a significant (paired t-test) drop in Path Efficiency with a reduced training set. All values are presented as mean with 95% CI


Default: The default case (used in Figs. 3, 4) averages three of five movement repetitions to set the muscle pattern corresponding to a movement. This was done after accounting for possible user errors by removing two of five training repetitions with steady state patterns furthest from the mean movement pattern.
Reduced: The reduced case uses only one of the three ‘default’ repetitions—the repetition whose pattern is closest to the movement mean—to set the muscle pattern corresponding to a movement. Assuming that the distribution of EMG activity reduces with practice, shown in past studies [41, 42], this case represents the performance of a skilled user.
In 3-DoF, subject S6′s performance did not change with a reduced repetition set; subject S8′s Time-To-Target and Path Efficiency improved (paired t-test, p < 0.05; Video in Additional File 6).
In 4-DoF, subject S8′s performance did not change significantly with a reduced repetition training set, excepting a drop in Path Efficiency, but not other metrics, in the Default-Controller-First RU case. However, general conclusions on the interplay between training volume and Path Efficiency cannot be drawn as this was not observed in the second S8 4-DoF RU case. Missed S8 4-DoF targets were primarily composed of simultaneous 3-DoF and 4-DoF movements. Fatigue from successive evaluations does not appear to play a major role: in no case did the controller that was evaluated second have more than 20% of missed targets appear in the last of five batches.
In 4-DoF, subject S6′s Time-To-Target increased (paired t-test, p < 0.05) with a thumb-based 4-DoF controller; the reduced repetition radial-ulnar-based 4-DoF controller was unusable.
Results imply that the controller proposed in this study can function without performance loss, and possibly even with performance gains, in minimal-data conditions provided sufficient EMG channels. Under minimal-data conditions, training data collection times for the 32 recorded movements in a 4-DoF controller could be reduced to just under three minutes at five seconds per target.
Discussion
We used linear interpolation, inspired by the synergy framework, with ciEMG electrodes to evaluate a novel simultaneous, intuitive, continuous, and proportional 4-DoF controller in VR.
When given at least two EMG channels per degree of freedom, the controller provides stable, possibly improving 3-DoF and 4-DoF control without retraining for up to 10 months. Past work indicates that strong VR controller performance carries over to functional benefit [43] and that continuous controllers can provide additional functional gain [21] relative to classifiers. Consequently, the presented controller may provide an avenue for improving the benefit that patients receive from modern prostheses. Additionally the controller demonstrated stable, possibly improving, Time-To-Target and Match Percentage metrics when trained on a one-movement-repetition training set provided sufficient EMG channels. While this is presently hypothesized to be of value only to skilled users, further examination is warranted.
High-DoF control
This study demonstrated that linear interpolation, inspired by the synergy framework and using ciEMG electrode recordings, can provide 4-DoF simultaneous, continuous, intuitive, and proportional control in two subjects. The presented controller expands demonstrated continuous control beyond previously reported 2-DoF [12, 44] and 3-DoF [10, 30] cases. Furthermore, the controller examines a method of proportionality [29, 45] which only makes use of relevant EMG signals, although it does not quantify its effectiveness. As ciEMG is more localized than surface EMG [46] (sEMG), this approach may be less fatiguing than the traditional proportionality implementation of scaling velocity by the average global signal (e.g. Simon 2011 [19]).
While the controller takes roughly ten seconds to match a target in 4-DoF, these times should be placed in the context of the subject’s kinematic performance of roughly five seconds per target. First, this long kinematic match time implies that there is likely a heavy visualization component. Second, there appears to be a large practice component, as the best-performing S8 RU controller had a time-to-target of 6.3 ± 0.4 s/target (video in Additional File 7), compared to a kinematic time-to-target of 5.3 ± 0.4 s/target (video in Additional File 3). It is unclear how the 4-DoF controller would perform in activities of daily living without further investigation. Additionally, examining the target-matching videos leads to an interesting observation: “steady-state” activity is rare, and users start and stop frequently. The presented controller is built around the assumption of steady state EMG. We hypothesize that circumventing this assumption—such as by predicting steady-state EMG from transient EMG prior to interpolation—could improve performance.
Stability and improvement
Few studies have engaged chronically implanted EMG to evaluate controller stability without retraining. In particular, Catalan [9] demonstrated stable control over three months with a 3-DoF classifier, Dewald [10] demonstrated stable control over three months with a 3-DoF regression, and Vu [47] demonstrated stable classification in 1–2 DoF over a 300-day period. This study demonstrates a controller capable of up to ten months of stable 3-DoF and up to nine months of stable, possibly improving, continuous 4-DoF control without retraining or at-home use through ciEMG recordings. This contrasts sharply with surface electrode controllers which need to be frequently retrained to maintain performance.
It is interesting to examine the changes in Subject S8′s RU 4D Time-to-Target over nine months. It appears that S8 becomes more consistent in matching targets despite months between controller evaluations (Table 3). This allows us to speculate on how the user’s default prosthesis controller impacts their use of the experimental controller. In particular, if the user’s controller had a detrimental impact, we would expect early batches to perform worse than later batches as the user becomes more acclimated to the experimental controller. Such acclimation is somewhat observed in the Kinematic case. RU cases, however, do not demonstrate consistent trends.Table 3Mean time-to-target for S8 4D RU controllers per test batch


	Time-to-Target Average (s)

	Months
Post-training
	Batch number
	Std.
Dev.

	1
	2
	3
	4
	5

	1 Month*
	6.6
	11.6
	8.4
	9.5
	12.5
	2.4

	1 Month
	8.2
	10.5
	15.1
	13.1
	13.8
	2.8

	4 Months
	7.0
	7.7
	8.0
	9.6
	10.3
	1.4

	6 Months
	7.0
	8.4
	6.6
	8.2
	6.6
	0.9

	9 Months
	7.9
	6.8
	10.1
	8.5
	8.7
	1.2

	Kinematic
	7.3
	6.5
	5.7
	5.7
	6.1
	0.6


Values in the central 6 × 5 grid are mean Time-To-Target, with missed targets excluded. The rightmost column shows the standard deviation across batches. Evaluations 4/6/9 months post-training appear to have more consistent rates between batches than both 1-month post-training evaluations
*From Sect. 3.4



Controller behavior and low training time
A major advantage of the proposed controller is its piecewise-linear model of user EMG. This allows structured and predictable outputs, contrasting with ‘black-box’ approaches, and eliminates a reliance on training volume. As a result, neither Match Percentage nor Time-To-Target deteriorated when trained on one ‘best case’ repetition of each movement when provided with a sufficient number of EMG channels.
Low training times are frequently included in literature as a desired characteristic of prosthetic hand controllers [14, 21, 48]. The controller proposed in this study can potentially be trained in as little as three minutes, opening several directions for further research. First, rapid training times enable higher DoF controller development as even comprehensive high-DoF training data sets can be collected in just a few minutes. Second, small training times enable frequent, even daily, recalibrations and training set collections. In addition to simplifying training data collection in a take-home environment, this makes more complex studies on learning, EMG stability, and adaptive controllers, possible.
Although in practice such a controller will initially rely on a training set with multiple movement repetitions, the ‘best’ data tested here represents a reasonable prediction of the performance of a skilled user, as EMG activity becomes more consistent with use. While there is little recent research on EMG consistency, there is a demonstrated decrease in the coefficient of variability over a four-hundred repetition task [49] and an observed elimination of unwanted neural activity with practice [50]. With time, therefore, retraining this controller will only require a single repetition of each movement and take the user little time or effort. Determining how much practice, if any, a user requires to provide EMG signals sufficiently consistent for controller use warrants further investigation.
Relationship between number of EMG channels and controllable DoF
Beyond the primary study conclusions, our data also suggests that the number of intuitively controllable DoF is not simply a function of the number of EMG channels. In (Table 2), only two of four evaluated 4-DoF controllers were deemed usable by either subject. The other two failed despite having a sufficient number of independent EMG channels. Additionally, a Monte-Carlo method was used to determine whether all movements were fundamentally reachable by subjects. 100,000 random velocity vectors were generated, and a corresponding EMG signal that would provide the requested velocity vector was found for every controller in Table 2. Hypothetically, every subject controller—except the under-trained S6 RU controller—was capable of providing a velocity vector in an arbitrary direction. The number of intuitively controllable DoF therefore appears to depend on the number, relevancy, and discernibility of user signals. In this regard, approaches such as TMR [52] or RPNI [45] may be beneficial. For example, recording signals from a thumb muscle would likely improve intuitive control of the thumb.
Additional controller characteristics to be explored
Two aspects of the developed control algorithm provide additional, useful, customization options. First, the presented controller only implements a simple, unweighted interpolation where EMG patterns from known movements are combined in a linear manner to determine user’s intended movement. Other algorithms can be tuned to weight single-class movements preferentially or to implement features such as stiffness [52] or ‘positional wells’ [53].
Second, the effort–velocity curve converts intended movement effort into hand speed. We implemented this in a physiologically inspired relation, but any mapping can be used. Useful variants could emphasize fine movement control, stall hand speed when observing a stiffening co-contraction, or optimize hand acceleration.
As these customization steps are isolated from the controller’s ciEMG and homogeneity premise, benefits such as chronic stability or low-training-data requirements should carry over while evaluating new ways of tailoring controllers to tasks or users.
Controller drawbacks
The controller has two primary drawbacks. First, the algorithm is not presently optimized and requires substantial computational resources during operation. These requirements increase combinatorially with more EMG channels and DoF. The calculation time is roughly 20 ms for a 4-DoF case on a modern (Intel i5-8250) processor. This calculation time is almost entirely devoted to a sequential search through simplices, whose number grows from 10,000 in a 4-DoF/8-EMG case to 200,000 in a 5-DoF/10-EMG case. Algorithmic optimization is necessary prior to deployment on embedded systems in 4 + -DoF or 10 + -EMG-Channel cases.
Second, the algorithm, as implemented, is likely only valid for use with implanted EMG. Linear interpolation assumes that ‘rest’ occurs when all EMG signals are near zero. Non-zero recordings during rest, which may be more prevalent with sEMG, would break this assumption. At present, we have not evaluated the controller’s performance with sEMG but expect that noise-floor-reduction techniques will be necessary to extend results to sEMG interfaces.
Study limitations
This study is a case series and its greatest limitation is the small number of subjects, although all possible subjects with the appropriate implanted hardware were involved in the study. This number of subjects parallels past studies with implanted control and sensory restoration systems [2, 9, 10, 54, 55]. While the number of subjects is low, the volume of amputee subject data, covering 25 80-target evaluations, thoroughly examines subject performance and is not low compared to most prosthetics controls studies.
Conclusions
The presented controller builds a linear model of user activity based on a synergy framework, reducing training time and implementing a synergy-based method of proportionality that may be more compatible with ciEMG recordings.
When provided with a sufficient number of EMG channels, the controller allowed subjects to match most targets in 3-DoF and 4-DoF posture-matching VR tasks; the controller also demonstrated stable, possibly improving, performance over 7–10 months without retraining, despite limited in-lab use. The controller also demonstrated stable Time-To-Target and Match Percentage when trained on minimal training data sets. Overall, the presented controller is an important step towards stable, High-DoF prosthesis control with short training times.
Acknowledgements
We would like to thank Dr. Ajiboye for advice and consultation on the synergy framework; Melissa Schmitt for her brilliant management of the clinical and research care of the subjects; Jennifer Kerbo and APT Center for illustrations; the members of Dr. Tyler's and Dr. Kirsch's Lab for sharing their insight on controller development in other programs that helped in the development of the work presented here; Anton Lukyanenko for advice and review of the mathematical presentation of the work; and, most importantly, our volunteers.

Authors’ contributions
PL developed the interpolation approach, conducted experiments, analyzed results, and was the primary manuscript author. HAD conducted experiments, provided review and suggestions for analysis methods, and reviewed paper drafts. JL developed the VR system and substantially contributed to manuscript editing. RFK provided insight and interpretation of results during manuscript preparation. DJT managed the HAPTIX project, developing overall project direction, insights to controller development and data analysis, and was significantly involved in manuscript writing. MRW provided direction for experimental design and analysis, was directly involved with oversight and guidance of the study. All authors read and approved the final manuscript.

Funding
This work was sponsored by and does not represent the official views of: DARPA HAPTIX Program (award #N66001-15-C-4014, “iSens: Implanted Somatosensory Electrical Neurostimulation and Sensing”); Department of Veterans Affairs Merit Review Award (1 I01 RX001077-01, R.F. Kirsch, PI) “Fully implanted system for upper limb myoelectric prosthesis control”; Department of Veterans Affairs Merit Review Award (1 I01 RX001334, D.J. Tyler, PI) "Peripheral Nerve Stimulation for Sensory Restoration in the Amputee"; NIH Training Grant: T32 EB004314.

Availability of data and materials
Data will be made available upon request.

Ethics approval and consent to participate
DARPA HAPTIX Project. IRB: 10035-H22, IDE: G110043. Louis Stokes Cleveland Department of Veterans Affairs Medical Center. DON HRPP approval, 10035-H22, “Neural Interfaces for Prosthesis Sensory Feedback”.

Consent for publication
No identifiable patient information was presented.

Competing interests
To best of our knowledge, there are no competing interests to declare.


References
	1.
Roche AD, Rehbaum H, Farina D, Aszmann OC. Prosthetic myoelectric control strategies: a clinical perspective. Curr Surg Rep. 2014;2(3):1–11. https://​doi.​org/​10.​1007/​s40137-013-0044-8.Crossref

	2.
Pasquina PF, Melissa Evangelista AJ, Carvalho JL, Griffin S, Nanos G, McKay P, Hansen M, Ipsen D, Vandersea J, Butkus J, Miller M, Murphy I, Hankin D. First-in-man demonstration of a fully implanted myoelectric sensors system to control an advanced electromechanical prosthetic hand. J Neurosci Methods. 2015. https://​doi.​org/​10.​1016/​j.​jneumeth.​2014.​07.​016.CrossrefPubMed

	3.
Atkins DJ, Heard DCY, Donovan WH. Epidemiologic overview of individuals with upper-limb loss and their reported research priorities. J Prosthetics Orthotics. 1996. https://​doi.​org/​10.​1097/​00008526-199601000-00003.Crossref

	4.
Resnik L, Borgia M. User ratings of prosthetic usability and satisfaction in VA study to optimize DEKA Arm. J Rehabil Res Dev. 2014;51(1):15–26.Crossref

	5.
Johannes MS, Bigelow JD, Burck JM, Harshbarger SD, Kozlowski MV, Van Doren T. An overview of the developmental process for the modular prosthetic limb. Johns Hopkins APL Technical Digest. 2011;30(3):207–16.

	6.
Michael P. Thesis. Restored hand sensation in human amputees via Utah slanted electrode array stimulation enables performance of functional tasks and meaningful prosthesis embodiment. 2016.

	7.
Marasco PD, Hebert JS, Sensinger JW, Shell CE, Schofield JS, Thumser ZC, et al. Illusory movement perception improves motor control for prosthetic hands. Sci Transl Med. 2018. https://​doi.​org/​10.​1126/​scitranslmed.​aao6990.CrossrefPubMedPubMedCentral

	8.
Tan DW, Schiefer MA, Keith MW, Anderson JR, Tyler J, Tyler DJ. A neural interface provides long-term stable natural touch perception. Sci Transl Med. 2014. https://​doi.​org/​10.​1126/​scitranslmed.​3008669.CrossrefPubMedPubMedCentral

	9.
Ortiz-Catalan M, Håkansson B, Brånemark R. An osseointegrated human-machine gateway for long term sensory feedback and control of artificial limbs. Sci Transl Med. 2014;6(257):1–9.Crossref

	10.
Dewald H, Lukyanenko P, Lambrecht J, Anderson J, Tyler D, Kirsch R, Williams M. Stable, three degree-of-freedom myoelectric prosthetic control via chronic bipolar intramuscular electrodes: a case study. J Neuroeng Rehab. 2019;16(1):147. https://​doi.​org/​10.​1186/​s12984-019-0607-8.Crossref

	11.
Farrell TR, Weir RF. the optimal controller delay for myoelectric prostheses. IEEE Trans Neural Syst Rehabil Eng. 2007;15(1):111–8. https://​doi.​org/​10.​1109/​TNSRE.​2007.​891391.CrossrefPubMed

	12.
Hahne JM, Biessmann F, Jiang N, Rehbaum H, Farina D, Meinecke FC, et al. Linear and nonlinear regression techniques for simultaneous and proportional myoelectric control. IEEE Trans Neural Syst Rehabil Eng. 2014;22(2):269–79. https://​doi.​org/​10.​1109/​TNSRE.​2014.​2305520.CrossrefPubMed

	13.
Cipriani C, Antfolk C, Controzzi M, Lundborg G, Rosen B, Carrozza MC, Sebelius F. Online myoelectric control of a dexterous hand prosthesis by transradial amputees. IEEE Trans Neural Syst Rehabil Eng. 2011;19(3):260–70. https://​doi.​org/​10.​1109/​TNSRE.​2011.​2108667.CrossrefPubMed

	14.
Young J, Smith LH, Rouse EJ, Hargrove LJ. Classification of simultaneous movements using surface EMG pattern recognition. IEEE Trans Biomed Eng. 2013;60(5):1250–8.Crossref

	15.
Hahne JMM, Rehbaum H, Biessmann F, Meinecke FCC, Muller KR, Jiang N, et al. Simultaneous and proportional control of 2D wrist movements with myoelectric signals. IEEE Int Workshop MachLearn Signal Process MLSP. 2012. https://​doi.​org/​10.​1109/​MLSP.​2012.​6349712.Crossref

	16.
Ishii C, Harada A, Nakakuki T, Hashimoto H. Control of myoelectric prosthetic hand based on surface EMG. IEEE Int Conf Mechatron Autom. 2011;2011:761–6. https://​doi.​org/​10.​1109/​ICMA.​2011.​5985757.Crossref

	17.
Jiang N, Rehbaum H, Vujaklija I, Graimann B, Farina D. Intuitive, online, simultaneous, and proportional myoelectric control over two degrees-of-freedom in upper limb amputees. IEEE Trans Neural Syst Rehabil Eng. 2014;22(3):501–10. https://​doi.​org/​10.​1109/​TNSRE.​2013.​2278411.CrossrefPubMed

	18.
Nielsen JLG, Holmgaard S, Jiang N, Englehart K, Farina D, Parker P. Enhanced EMG signal processing for simultaneous and proportional myoelectric control. Proceedings of the 31st Annual International Conference of the IEEE Engineering in Medicine and Biology Society: Engineering the Future of Biomedicine, EMBC 2009, 4335–4338. https://​doi.​org/​10.​1109/​IEMBS.​2009.​5332745

	19.
Simon AM, Hargrove LJ, Lock BA, Kuiken TA. A decision-based velocity ramp for minimizing the effect of misclassifications during real-time pattern recognition control. IEEE Trans Biomed Eng. 2011;58(8):2360–8. https://​doi.​org/​10.​1109/​TBME.​2011.​2155063.Crossref

	20.
Hudgins B, Parker P, Scott RN. A new strategy for multifunction myoelectric control. IEEE Trans Biomed Eng. 1993;40(1):82–94. https://​doi.​org/​10.​1109/​10.​204774.CrossrefPubMed

	21.
Jiang N, Vest-Nielsen JL, Muceli S, Farina D. EMG-based simultaneous and proportional estimation of wrist/hand dynamics in uni-lateral trans-radial amputees. J NeuroEng Rehabil. 2012;9(1):42. https://​doi.​org/​10.​1186/​1743-0003-9-42.CrossrefPubMedPubMedCentral

	22.
Hahne JM, Schweisfurth MA, Koppe M, Farina D. Simultaneous control of multiple functions of bionic hand prostheses: performance and robustness in end users. Sci Robot. 2018. https://​doi.​org/​10.​1126/​scirobotics.​aat3630.CrossrefPubMed

	23.
Jiang N, Englehart KB, Parker PA. Extracting simultaneous and proportional neural control information for multiple-DOF prostheses from the surface electromyographic signal. IEEE Trans Bio-Med Eng. 2009;56(4):1070–80. https://​doi.​org/​10.​1109/​TBME.​2008.​2007967.Crossref

	24.
Jiang N, Vujaklija I, Rehbaum H, Graimann B, Farina D. Is accurate mapping of EMG signals on kinematics needed for precise online myoelectric control? IEEE Trans Neural Syst Rehabil Eng. 2014;22(3):549–58. https://​doi.​org/​10.​1109/​TNSRE.​2013.​2287383.CrossrefPubMed

	25.
Kapelner T, Jiang N, Vujaklija I, Aszmann OC, Holobar A, Farina D. Classification of motor unit activity following targeted muscle reinnervation. Int IEEE/EMBS Conf Neural Eng NER. 2015. https://​doi.​org/​10.​1109/​NER.​2015.​7146707.Crossref

	26.
D’Avella A, Portone A, Fernandez L, Lacquaniti F. Control of fast-reaching movements by muscle synergy combinations. J Neurosci. 2006;26(30):7791–810. https://​doi.​org/​10.​1523/​JNEUROSCI.​0830-06.​2006.CrossrefPubMedPubMedCentral

	27.
Matrone GC, Cipriani C, Carrozza M, Magenes G. Real-time myoelectric control of a multi-fingered hand prosthesis using principal components analysis. J NeuroEng Rehabil. 2012;9(1):40. https://​doi.​org/​10.​1186/​1743-0003-9-40.CrossrefPubMedPubMedCentral

	28.
Artemiadis PK, Kyriakopoulos KJ. EMG-based control of a robot arm using low-dimensional embeddings. IEEE Trans Rob. 2010;26(2):393–8. https://​doi.​org/​10.​1109/​TRO.​2009.​2039378.Crossref

	29.
Ajiboye B. Investigation of muscle synergies as a control paradigm for myoelectric devices (dissertation). 2007. Northwestern University, Evanston, Illinois

	30.
Smith LH, Kuiken TA, Hargrove LJ. Evaluation of linear regression simultaneous myoelectric control using intramuscular EMG. IEEE Trans Biomed Eng. 2016;63(4):737–46.Crossref

	31.
Nowak M, Castellini C. The LET procedure for prosthetic myocontrol: towards multi-DOF control using single-DOF activations. PLoS ONE. 2016;11(9):1–20. https://​doi.​org/​10.​1371/​journal.​pone.​0161678.Crossref

	32.
Mitas L, Mitasova H. Spatial interpolation. In: Longley PA, Goodchild MF, Maguire DJ, Rhind DW, editors. Geographical Information Systems, volume 1: principles and technical issues. New York: Wiley; 1999. p. 481–92.

	33.
Akima H. A method of bivariate interpolation and smooth surface fitting for irregularly spaced data points. Algorithm 526. ACM Trans Math Softw. 1978;4:148–64.Crossref

	34.
Memberg WD, Polasek KH, Hart RL, Bryden AM, Kilgore KL, Nemunaitis GA, Hoyen HA, Keith MW, Kirsch RF. Implanted neuroprosthesis for restoring arm and hand function in people with high level tetraplegia. Arch Phys Med Rehabil. 2014;95(6):1201-1211.e1.Crossref

	35.
Pulliam CL, Lambrecht JM, Kirsch RF. User-in-the-loop continuous and proportional control of a virtual prosthesis in a posture matching task. Proc. Annu Int Conf IEEE Eng Med Biol Soc EMBS, pp. 3557–3559, 2012

	36.
Chapman AR, Vicenzino B, Blanch P, Knox JJ, Hodges PW. Intramuscular fine-wire electromyography during cycling: repeatability, normalisation and a comparison to surface electromyography. J Electromyogr Kinesiol. 2010;20(1):108–17. https://​doi.​org/​10.​1016/​j.​jelekin.​2008.​11.​013.CrossrefPubMed

	37.
Muceli S, Boye AT, d’Avella A, Farina D. Identifying representative synergy matrices for describing muscular activation patterns during multidirectional reaching in the horizontal plane. J Neurophysiol. 2010;103(3):1532–42.Crossref

	38.
Williams MR, Kirsch RF. Evaluation of head orientation and neck muscle EMG signals as three-dimensional command sources. J NeuroEng Rehabil. 2015;12(1):485–96. https://​doi.​org/​10.​1186/​s12984-015-0016-6.Crossref

	39.
Williams M. Evaluation of 2D and 3D command sources for individuals with high tetraplegia (Dissertation). 2009. Case Western Reserve University, Cleveland, Ohio.

	40.
Zardoshti-Kermani M, Wheeler BC, Badie K, Hashemi RM. EMG feature evaluation for movement control of upper extremity protheses. IEEE Trans Rehabil Eng. 1995;3(4):324–33.Crossref

	41.
Moore SP, Marteniuk RG. Kinematic and electromyographic changes that occur as a function of learning a time-constrained aiming task. J Motor Behav. 2013;18(4):397–426. https://​doi.​org/​10.​1080/​00222895.​1986.​10735388.Crossref

	42.
Gabriel DA. Changes in kinematic and EMG variability while practicing a maximal performance task. J Electromyogr Kinesiol. 2002;12:407–12.Crossref

	43.
Hargrove LJ, Miller L, Turner K, Kuiken T. Control within a virtual environment is correlated to functional outcomes when using a physical prosthesis. J Neuroeng Rehabil. 2018;15(Suppl 1 60):21–7.

	44.
Hwang H, Hahne JM, Mu K. Real-time robustness evaluation of regression based myoelectric control against arm position change and donning/doffing. PLoS ONE 12(11):e0186318. https://​doi.​org/​10.​1371/​journal.​pone.​0186318.

	45.
Berger DJ, Avella A. Effective force control by muscle synergies. Front Comput Neurosci. 2014;8(April):1–13. https://​doi.​org/​10.​3389/​fncom.​2014.​00046.Crossref

	46.
Hargrove A. comparison of surface and intramuscular myoelectric signal classification. IEEE Trans Biomed Eng. 2007;54:847–53. https://​doi.​org/​10.​1109/​TBME.​2006.​889192.CrossrefPubMed

	47.
Vu PP, Vaskov AK, Irwin ZT, Henning PT, Lueders DR, Laidlaw AT, et al. Neurotechnology A regenerative peripheral nerve interface allows real-time control of an artificial hand in upper limb amputees. 2020;12:eaay2857.

	48.
Muceli S, Farina D. Simultaneous and proportional estimation of hand kinematics from EMG during mirrored movements at multiple degrees-of-freedom. IEEE Trans Neural Syst Rehab Eng. 2012;20(3):371–8.Crossref

	49.
Gabriel DA. Changes in kinematic and EMG variability while practicing a maximal performance task. J. Electromyogr Kinesiol. 2002;12:407–12.Crossref

	50.
Moore SP, Marteniuk RG. Kinematic and electromyographic changes that occur as a function of learning a time-constrained aiming task. J Mot Behav. 1986;18(4):397–426. https://​doi.​org/​10.​1080/​00222895.​1986.​10735388.CrossrefPubMed

	51.
Farina D, Rehbaum H, Holobar A, Vujaklija I, Jiang N, Hofer C, et al. Noninvasive, accurate assessment of the behavior of representative populations of motor units in targeted reinnervated muscles. IEEE Trans Neural Syst Rehabil Eng. 2014;22(4):810–9. https://​doi.​org/​10.​1109/​TNSRE.​2014.​2306000.CrossrefPubMed

	52.
Lam TM, Boschloo HW, Mulder M, Van Paassen MM. Artificial force field for haptic feedback in UAV teleoperation. IEEE Trans Syst Man Cybern Part A Syst Hum. 2009;39(6):1316–30. https://​doi.​org/​10.​1109/​TSMCA.​2009.​2028239.Crossref

	53.
Segil JL, Weir RFF. Novel postural control algorithm for control of multifunctional myoelectric prosthetic hands. J Rehabil Res Develop. 2015;52(4):449–66.Crossref

	54.
Graczyk EL, Schiefer MA, Saal HP, Delhaye BP, Bensmaia SJ, Tyler DJ. The neural basis of perceived intensity in natural and artificial touch. Sci Transl Med. 2016;8(362):1–11. https://​doi.​org/​10.​1126/​scitranslmed.​aaf5187.Crossref

	55.
Page DM, George JA, Kluger DT, Duncan C, Wendelken S, Davis T, et al. Motor control and sensory feedback enhance prosthesis embodiment and reduce phantom pain after long-term hand amputation. Front Hum Neurosci. 2018;12(1):1–16. https://​doi.​org/​10.​3389/​fnhum.​2018.​00352.Crossref



Publisher's Note
Springer Nature remains neutral with regard to jurisdictional claims in published maps and institutional affiliations.


OEBPS/images/12984_2021_833_Fig1_HTML.png





OEBPS/images/12984_2021_833_Article_TeX_IEq28.png





OEBPS/images/12984_2021_833_Article_TeX_IEq29.png
(n+1





OEBPS/images/12984_2021_833_Article_TeX_IEq26.png
{617627 oo 7671}





OEBPS/images/12984_2021_833_Article_TeX_IEq27.png





OEBPS/images/12984_2021_833_Article_TeX_IEq35.png
p= #;7} being the vector from {0} to p.

Iy





OEBPS/images/12984_2021_833_Article_TeX_IEq36.png
B~))





OEBPS/images/12984_2021_833_Article_TeX_IEq33.png





OEBPS/images/12984_2021_833_Article_TeX_IEq34.png





OEBPS/images/12984_2021_833_Article_TeX_IEq31.png





OEBPS/images/12984_2021_833_Article_TeX_IEq32.png





OEBPS/images/12984_2021_833_Article_TeX_IEq30.png
N





OEBPS/images/12984_2021_833_Fig2_HTML.png
b
Least distance fit finds EMG patterns Delaunay triangulation partitions feature
for medium effort steady-state contractions space into simplices emanating from origin
1

XK L )
E Supination [1 0 0] %
8 Wrist Flexion [0 1 0] 5
£ 0.5 £
Uzc; Index Flexion s
; | / [001] 2
l}
2 ) :’—% - % S
0 0.5 | .
norm. FCR mABS norm. FCR mABS
c d
Online EMG is scaled, interpolated User effort in each DoF
to find user effort in each DoF is mapped to hand velocity
2 | > [ 1 .
I I
é [0.8.0.7.0] _§ : 1 L. ]
5 @ 0.8 Supinate > 075} :V '
= 0.7 Wrist Flex b= I I Vo EY
£ 05 = 05} ' '
= z ey |
"E’. é 025t |
I I I
S
2 z 0 L
0 0.5 1 0 0.5 1 133

norm. FCR mABS User Effort in a DoF





OEBPS/css/sidebar.gif





OEBPS/navigation.xhtml

    
      Contents


      
        		Stable, simultaneous and proportional 4-DoF prosthetic hand control via synergy-inspired linear interpolation: a case series


      


    
    
      Landmarks


      
        		Body Matter


      


    
  

OEBPS/images/12984_2021_833_Article_TeX_IEq19.png
Ci

=L
~
Ci





OEBPS/images/12984_2021_833_Article_TeX_IEq17.png
The corresponding element s; € S is —”?sf” :
il





OEBPS/images/12984_2021_833_Article_TeX_IEq18.png





OEBPS/images/12984_2021_833_Article_TeX_IEq15.png





OEBPS/images/12984_2021_833_Article_TeX_IEq16.png
Let’s; be the vector from {0} to s; € 8.





OEBPS/images/12984_2021_833_Article_TeX_IEq24.png
N





OEBPS/images/12984_2021_833_Article_TeX_IEq25.png





OEBPS/images/12984_2021_833_Article_TeX_Equa.png
p=kit;+-- +ky1t,1;t; being the ih pointin T; ky, ..., k,, scalars





OEBPS/images/12984_2021_833_Article_TeX_IEq22.png





OEBPS/images/12984_2021_833_Article_TeX_Equb.png
c5 = kiuy + -+ + Kypltyy1; u; being the i" element of U: kq, . . ., k,+1 scalars





OEBPS/images/12984_2021_833_Article_TeX_IEq23.png
{617627 oo 7671}





OEBPS/images/12984_2021_833_Article_TeX_Equc.png
Cp = (”ﬁ”l) # (kyuy + - -+ Ky lnr1)





OEBPS/images/12984_2021_833_Article_TeX_IEq20.png
c;eC





OEBPS/css/envelope.png





OEBPS/images/12984_2021_833_Article_TeX_IEq21.png





OEBPS/images/12984_2021_833_Fig4_HTML.png
Target
Match %

Time To

Target (s)

Path
Efficiency (%) q
t

[

100

S6 4D Match Percentage

*

——

Kinematic Initial RU Initial TH

S6 4D Time to Target
151 A
—
10
M
0
Kinematic Initial RU Initial TH
S6 4D Path El‘l‘clency
40
’l ' - -
0
Kinematic Initial RU Initial TH

Target
Match %

Time To

Target (s)

Path
cieney (%) =™

o

(1)

i

Eff

S8 4D Match Percentage
i
r @ 2 @ o
o
90 !
L |
1
80 1
1 N M N
Kinematic <40 Dwe 4 6 7 9
5 S8 4D Time to Target
1
1
10 1 ’* - .
! ]
st @ o
1
0 . 1 " L PR N
Kinematic <40 Days 4 6 7 9

20

~ S84D Path Efficiency

¢

" L " "

op B bg ¥

0

Kinematic <40 Days 4 6 7

[ @TH ®RU @ Kinematic






OEBPS/images/12984_2021_833_Article_TeX_IEq48.png





OEBPS/images/12984_2021_833_Article_TeX_IEq49.png
o~





OEBPS/images/12984_2021_833_Article_TeX_IEq13.png





OEBPS/images/12984_2021_833_Article_TeX_IEq14.png
1l





OEBPS/images/12984_2021_833_Article_TeX_IEq11.png





OEBPS/images/12984_2021_833_Article_TeX_IEq12.png





OEBPS/images/12984_2021_833_Article_TeX_IEq1.png





OEBPS/images/12984_2021_833_Article_TeX_IEq53.png





OEBPS/images/12984_2021_833_Article_TeX_IEq10.png
C is the set of all ¢; The i™ element of C is the movement label for the i element of S.





OEBPS/images/12984_2021_833_Article_TeX_IEq3.png
n .
seR>O,

n 1s the number of EMG channels; S is the set of all s in some fixed order





OEBPS/images/12984_2021_833_Article_TeX_IEq51.png





OEBPS/images/12984_2021_833_Article_TeX_IEq2.png





OEBPS/images/12984_2021_833_Article_TeX_IEq52.png
u;beingtheithelementofU; ki, . . ., k. scalars





OEBPS/images/12984_2021_833_Article_TeX_IEq5.png





OEBPS/images/12984_2021_833_Article_TeX_IEq4.png





OEBPS/images/12984_2021_833_Article_TeX_IEq50.png
Il





OEBPS/images/12984_2021_833_Article_TeX_IEq7.png





OEBPS/images/12984_2021_833_Fig5_HTML.png
Target
Match %

Time To

Target (s)

Path
Efficiency (%) ©

o

Reduced Training Set 3D Match Percentage

100

90

80

Default Reduced

Ms6
S8

Default Reduced

g Reduced Training Set 3D Time To Target

L

o

Default Reduced

Reduced Training Set 3D Path Efficiency

Default Reduced

Default Reduced

Default Reduced

*
ey

Target
Match %

e

Time To
Target (s)

-

Path
Efficiency (%)

Reduced Training Set 4D Match Percentage

100 - [lS6 TH [0 S8 TH

90

80

[JS8RU ]

D R D R

1.

D R

15

——

wn

Reduced Training Set 4D Time To Target
R — — ey

D R D R

Reduced Training Set 4D Path Efficiency

D R D R

40 *
—t—
20+
0
D R D R D R D R





OEBPS/images/12984_2021_833_Article_TeX_IEq6.png





OEBPS/images/12984_2021_833_Article_TeX_IEq9.png
= RDOF.





OEBPS/images/12984_2021_833_Article_TeX_IEq8.png





OEBPS/images/12984_2021_833_Article_TeX_IEq39.png





OEBPS/images/12984_2021_833_Article_TeX_IEq37.png
B~))





OEBPS/images/12984_2021_833_Article_TeX_IEq38.png
N





OEBPS/images/12984_2021_833_Article_TeX_IEq46.png
Zill+l ki -1





OEBPS/images/12984_2021_833_Article_TeX_IEq47.png





OEBPS/images/12984_2021_833_Article_TeX_IEq44.png
k17° . °7kn+1





OEBPS/images/12984_2021_833_Fig3_HTML.png
Target
Match %

Time To
Target (s)

Path
Elficiency (%) o

o

a S6 3D Match Percentage S8 3D Match Percentage

o

100 . 100
53
90 52 9
=3
80 80
Kinematic 1 Week 8 Months Kinematic 1 Month 10 Months
S6 3D Time to Target e S8 3D EMG Time to Target
- * . " . " = -
4+ * o7 e —— Y
[SRS)
2t g 04
I "7
0 0
Kinematic 1 Week 8 Months Kinematic 1 Month 10 Months
S6 3D Path Efficiency f S8 3D Path Efficiency
: . A —_ ; * v A
60 ,—*_‘ é 60 =T—‘
R
40 = = 401
a9
0 oo

Kinematic 1 Week 8§ Months Kinematic 1 Month 10 Months





OEBPS/images/12984_2021_833_Article_TeX_IEq45.png
min k; > 0
1





OEBPS/images/12984_2021_833_Article_TeX_IEq42.png





OEBPS/images/12984_2021_833_Article_TeX_IEq43.png
B~))





OEBPS/images/12984_2021_833_Article_TeX_IEq40.png





OEBPS/images/12984_2021_833_Article_TeX_IEq41.png





