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1 Introduction

Bionic hands or robotic prostheses was sought after for decades,

Inferring Fine Finger Motions for
Prosthetic Control:

An Ultrasound-Based Approach
to Real-Time Estimation of
Finger Kinematics

A central challenge in building robotic prostheses is the creation of a sensor-based system
able to read physiological signals from the lower limb and instruct a robotic hand to perform
various tasks. Existing systems typically perform discrete gestures such as pointing or
grasping, by employing electromyography (EMG) or ultrasound (U.S.) technologies to
analyze muscle states. While detecting finger activation has been done in the past, we are
interested in detection, or inference, done in the context of fine motions that evolve over time.
Examples include motions occurring when performing fine and dexterous tasks such as
typing on a keyboard or playing a musical instrument. We consider this task as an important
step toward higher adoption rates of robotic prostheses among arm amputees, as it has the
potential to dramatically increase functionality in performing daily tasks. To this end, we
present an end-to-end robotic system, which can successfully infer fine finger motions in
real-time. This is achieved by modeling the hand as a robotic manipulator and using it as an
intermediate representation to encode muscles’ dynamics from U.S. images. We evaluated
our method by collecting data from a group of subjects and demonstrating how it can be used
to replay music played on the piano or text typed on a computer keyboard. To the best of our
knowledge, this is the first study demonstrating these downstream tasks within an end-to-end
system. [DOI: 10.1115/1.4068887]

Keywords: artificial organs and prostheses, biomechanics, physiological systems

In recent years, it was shown that replacing EMG with ultrasound
(U.S.) imaging that captures the muscles’ morphological state

yet the first commercial robotic prostheses only became available in
2007 [1] while a fully functioning prosthesis enabling all range of
daily tasks is still out of reach. Existing robotic prostheses are
typically connected to the limb of an amputee (or to a subject with
severe phalanx or palm deformations) when the subject’s muscles
still respond to electric potentials generated by the brain [2]. These
electric potentials allow inferring different finger motions by
placing a noninvasive sensor on the residual limb, having subjects
attempt these motions or gestures, and then discriminating between
the different types of recorded electrical signals [3.4], or learn to
control a digital device online [5,6]. This sensing technology, called
electromyography (EMG), allows the reproduction of grasp flexion
and extension yet is unable to reproduce finer, or more gentle,
motions typically involved in daily tasks, such as pressing on a
keyboard.
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allows for better differentiation between discrete gestures or to
classity full-finger flexion [7]. These images are obtained by placing
a U.S. probe on the residual limb and its efficacy is based on the fact
that the muscles generate different deformation patterns for different
actions, and this behavior can be generalized among different
subjects [7-10]. Arguably, the most popular approach to infer
motions from (high-dimensional) U.S. images is via data-driven
methods [8,10,11]. However, to the best of our knowledge, these
methods still fall short of fully detecting dexterous and fine finger
motions that the subject intended to perform. Predicting such
motions, which is the focus of our work, is instrumental to the fine
control of robotic hands for fine-motion tasks and, consequently, to
increase functionality and adoption rates of robotic prostheses.
Specifically, the key question this research aims to answer is “To
what extent can we predict and differentiate between fine finger
motions by only having access to the lower-arm muscles?” In our
context, we use the term “fine” to refer to finger motions that are
gentle and require slight activation of flexion muscles [12,13]. As
challenging exemplary use cases, we consider piano playing and
keyboard typing. In these tasks, finger gestures required to press or
type are usually finer than those required to grasp objects or fully flex
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Fig. 1 (Left) Visual segmentation of two U.S. images (top of each image is the skin shell). The Ulna and radius (the two main
bones) are marked in blue, and the flexion muscles are marked with different colors. All fingers are at rest in the leftimage while in
the right image the ring finger is fully flexed. Notice that the region capturing the FDS in the right image is larger than on the left
image as the FDS becomes more dominant in this area during movement. (Right) illustration of probe mounting position during
data collection, based on the “transverse” location proposed by Mcintosh et al. [11], and a visual illustration of a hand’s
configuration. The thumb (F") is associated with two joints [J], J}], the other four fingers F' (ic{2,...,5}) are each associated
with three joints [Ji, Ji, Ji] and three additional DOFs are associated with the wrist [J, J%, J¥]. The set of joints {Ji[1<i<5},

r>YprYy

{Ji|2<i<5}, and {Ji|2<i<5} correspond to the MP, PIP, and DIP joints, respectively (see Sec. 3). Figures are best viewed in

color.

the fingers, generating smaller and less observable lower-arm
muscle movements. To the best of our knowledge, predicting finger
motions for these tasks has not been evaluated as part of an end-to-
end system and we hope that our method and dataset will be used as a
baseline for understanding these motions.>

To this end, we present an end-to-end robotic system that allows
to successfully solve our research question. This success stems from
the design choices we took to construct our system which we view as
a major contribution of this work. These include: (i) choosing a
B-mode® U.S. sensor to capture precise observation of the flexion
muscles, (ii) using a sequence of multiple U.S. images at each step,
and (iii) a learning framework designed to exploit the temporal
nature of the input U.S. images. The proposed neural network (NN)
architecture allows one to utilize the fact that finger pressing can be
inferred by both the muscles’ dynamics and an intermediate lower-
dimensional representation of the palm of the hand inspired by
robotic manipulators.

Our framework can be used to accurately reproduce music played
or text typed, applications that were previously unattainable. This
was done by collecting data from a group of subjects and
successfully predicting finger motions in our two motivating
applications. Finally, we demonstrate our system by connecting it
to a robotic arm that replayed piano notes in real-time.

2 Related Work

Object grasping is one of many actions human hands perform
daily. One reason for the low adoption rates of prosthetic arms
among arm amputees is the lack of functionality in performing daily
tasks [14]. To enrich the variance of gestures, advanced wearable
surface-EMG (sEMG) sensors have been used (e.g., Myo armband
[4,15]). The array of features provided by sEMG enabled inferring
more than grasp intention, and classifying a varied set of hand
gestures via machine learning and deep learning (DL) [15,16].
Additionally, recent findings suggest that DL techniques can
effectively control robotic prostheses using proportional control to
predict continuous degrees-of-freedom (DOFs) [17-20]. Further-
more, SEMG demonstrated promising performance for arm
amputees [4,21]. Noteworthy, in this domain, subjects differ in
their gestures, which puts forth the requirement of operating across a
variety of muscular structures [22].

2Note that we do not showcase our results on deformed muscles. We performed tests
on healthy subjects with fully functioning hands in order to provide an accurate
benchmark for the task we concentrate on. Our code and dataset are available on https://
github.com/deanzadok/finemotions.

3Also known as Brightness mode ultrasound, the most common type of ultrasound
imaging used in medical diagnostics. It produces a two-dimensional cross-sectional
image of tissues and structures within the body.
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Inrecent years, U.S. sensing technologies emerged as a promising
alternative to EMG. Mclntosh et al. proposed to extract the optical
flow of a U.S. stream prior to the classification [11]. Others used
machine learning algorithms demonstrating gesture classification
from downsampled U.S. images of the same area [7,23]. Gesture
recognition was achieved with wearable single-transducer sensors
[8,24,25]. In addition, researchers demonstrated that similar
techniques allow for more accurate decoupling of different DOFs
and use them to classify gestures [10,26]. Unsupervised techniques
were also studied, showing discrimination of unlabeled gestures
[9,27], which might imply the possibility to understand the muscle
behavior of arm amputees without explicit labeling. Nevertheless,
the feasibility of instructing a robotic hand to execute fine finger
motions remains an open challenge.

For the analysis of U.S. imagery DL techniques have become
increasingly dominant in tasks ranging from tissue segmentation
and pathology detection [28], and image enhancement [29],
replacing traditional beamforming techniques with learned beam-
formers for faster and better image acquisition [30,31]. In the
context of learning dynamics of human organs, U.S. imaging with
transducers placed under the jaw demonstrated reliable speech and
pronunciation recreation from imaged tongue movements [32,33].
Vogt et al. utilized the tongue’s morphological behavior to
extrapolate sung pitch and phonemes [34]. Lulich et al. studied the
correlation between tongue motion and the frequencies generated by
clarinet playing [35]. These works suggest that U.S. provides a rich
signal source describing minute muscular motion.

3 Anatomical Background

In this section, we provide the anatomical background required to
understand the approach we take to predict fine finger motion.
Specifically, we explain (in general terms) the relation between
lower-arm muscles and the state of the wrist’s and fingers’ joints.
The lower arm contains two main bones, the Ulna and the Radius.
Surrounding these bones are different muscles that are responsible
for the flexion, extension, and rotation of different joints in our
palms (including all the fingers). Two annotated U.S. images of this
region are presented in Fig. 1 (left), highlighting the muscles
relevant to our problem as well as different muscle states
corresponding to different finger motions. All images were captured
by placing the probe in the location illustrated in Fig. 1 (second
right).

We start by concentrating on the four fingers (Index through Little
finger). There are three types of joints associated with these four
fingers: the metacarpophalangeal (MP) joints, the proximal
interphalangeal (PIP) joints, and the distal interphalangeal (DIP)
joints (Fig. 1 rightmost). Close to the skin shell, we can find the flexor
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carpiradialis and the flexor carpi ulnaris that are in charge of flexion
of the wrist, and the palmaris longus that contributes to the wrist and
four fingers flexion, using tendons connecting to the MP joints.
Between the flexor carpi ulnaris and the flexor carpi radialis muscles,
we can identify the flexor digitorum superficialis (FDS) that flexes
the four fingers, and, in full flexion, also contributes to the flexion of
the wrist. The palmaris longus is found under the FDS and is not
clearly visible given the placement of our U.S. probe but both work
in concert actuating some of the joints. The FDS connects to tendons
that go through the PIP and MP joints of the four fingers. Deeper into
the arm, the flexor digitorum profundus (FDP), similar to the FDS, is
in charge of finger flexion and wrist-control assistance using tendons
connected to the DIP joints. Lastly, close to the FDP, is the flexor
pollicis longus, which controls the Thumb joints. To summarize,
observing the state of the FDS and FDP muscles allows (in theory) to
estimate the whereabouts of all four fingers, while the flexor pollicis
longus provides the knowledge required to understand Thumb
movement.

4 System Design

Following the anatomical background presented, we argue that
one can infer key-pressing actions by considering only lower-arm
muscles. To design such a system, we require choosing (i) the type of
sensor, (ii) the input it provides to the inference algorithm, and (iii)
the inference algorithm itself. For our system, we chose to use a B-
mode U.S. sensor capable of recording high-quality images at a high
frequency, to capture muscle properties and dynamics. See Sec. 6.1
for technical details. Choosing U.S. instead of EMG relies on
previous work [16] in which U.S. completely outperformed EMG in
classifying gestures. Moreover, when compared to the single-
dimensional signal provided by an EMG sensor, spatial features that
are found in a U.S. image have more information about fingers’
whereabouts and are less noisy. This will be key in the way we
address the latter two design choices.

Recall that the U.S. sensor provides us with an image. However, in
contrast to existing approaches [7,26,36], we chose to use a sequence
of the latest-acquired U.S. images as the input to our inference
algorithm. As we will demonstrate empirically (Sec. 6), considering
a sequence of U.S. images allows to exploit the dynamics which in
turn, leads to significantly better results. Given a stream of U.S.
images, we chose to solve the inference problem via a NN
architecture that is tailored for processing images, exploits temporal
coherence, and allows a domain expert to inject domain knowledge
via an intermediate representation. In our setting, this intermediate
representation is an encoding of the hand, modeled as a robotic
manipulator. We detail the exact architecture and specific design
considerations in Sec. 6.

5 Inference Learning Framework

In this section, we describe our inference learning framework. We
start (Sec. 5.1) by formally defining and modeling the inference
problem and then continue (Sec. 5.2) to describe an approach where
we only make use of U.S. images without the aforementioned
intermediate representation. As we will see (Sec. 6), utilizing an
intermediate representation during training can lead to better
inference capabilities. Thus, in Sec. 5.3 we extend our first method
to account for said representation. Notice that in this section, we
concentrate on the high-level learning framework and the exact
training and inference procedures are detailed in Sec. 6.2.

5.1 Notation and Model. In this section, we introduce the
necessary notation and formally define our inference problem. We
assume to be given a sequence of k£ U.S. images corresponding to &
timestamps and wish to use them to predict which finger was pressed
for each timestamp £.

Let F!, ..., F3 denote the five fingers with F! and F> correspond-
ing to the Thumb and Little finger, respectively. For each finger F'
and each timestamp #;, we associate a binary variable p} € {0,1}
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such that pj’: = 1 if finger F' is pressed at timestamp #; and p; =0
otherwise. For every timestamp #;, we denote by p; € {0, 1}5 the
binary vector indicating which fingers are pressed at #; which we
term a pressing vector. Namely, p; := (p PN 5 2). We assume that
for every timestamp ¢; there is a correspondlng U.S. image s; as well
as a configurationx;. Here, x; is an encoding of the fingers and wrists
as a set of joint angles (see Fig. 1 rightmost).

Our training data consists of tuples (s¢,X¢,p;). Here, s :=
( oo Skt is a sequence of k consecutive U.S. images, Xy :=
(X, s Xi40) 1s @ sequence of k consecutive configurations and py :
= (pe -, Pr+¢) 18 asequence of k consecutive pressing vectors all of
which start at timestamp 7,. We denote by S and X the sets of all
sequences of k£ U.S. images and configurations, respectively. For
each finger F' and each timestamp #; we wish to predict p} (i.e., if F'
was pressed at #;). To this end, our system will output the variable

€1[0,1] estimating the probability that p; = 1. Denote p;:=
L. ,p]> and p, == (py, ..., prs¢). Notice that the complexity of
our problem is higher than traditional classification problems, as we
allow to have different fingers pressing simultaneously. As we will
see, our approach will make use of an intermediate representation
corresponding to the configuration at each timestamp. Thus, we will
also denote &%; as the system’s estimation of x; and
o= (%¢, ..o Xxpe). In Sec. 6, we describe the experimental setting
which allows us to obtain labeled training data for our two
representative tasks, piano playing and keyboard typing. In the
meantime, we describe our approach to solving our inference
problem.

5.2 Learning Pressing Events Directly. To estimate pressing
vectors, we use a hybrid architecture starting with a convolutional
neural network (CNN) module [37] to extract spatial features from
the U.S. images, followed by a recurrent neural network (RNN)
[38,39] to aggregate these features and infer pressing vectors.
Similar combinations were shown to be effective in various
computer-vision tasks that require temporal coherence [40—42].
By combining these modules, we create a sequence-to-sequence
model, which receives a sequence of U.S. images 5, as input and
outputs p[ which estimate the pressing vector py. We call this the
multiframe (MF) model and denote it as Gy where 0 is the set of
model parameters that we optimize in training, such that the trained

model is used by computing Gy(s) =p, to output predicted
pressing vectors p,.

5.3 Learning Pressing Events Via Hand Configurations. To
estimate pressing vectors while making use of an intermediate
representation of the finger’s configuration, we use an auto-encoder
[38,43] framework composed of two main blocks—an encoder
mapping the sequence of U.S. images 5, to a sequence of
configurations x; and a decoder using X, to estimate the pressing
vector by outputting ﬁ[. The encoder’s architecture follows the
architecture proposed for the MF model (i.e., a CNN followed by an
RNN) while the decoder uses an additional RNN module together
with a residual connection [44] that feeds the model with the hidden
features from the encoder (see Fig. 2 for visualization).

Auto-encoders allow a domain expert to inject domain knowledge
via an intermediate representation (hand configurations in our
setting) [45,46]. The residual connection was added to better allow
the decoder to infer pressing vectors by obtaining knowledge from
both U.S. images and configurations. We name this model the
conﬁguration based multiframe (CBMF) model and denote it as
Hpy = h o hfy where 0 and ¢ are the encoder’s and decoder’ s
parameters respectlvely, which we optimize in the training phase.*

While the exact details of how we train this model are explained in
the experimental section (Sec. 6.2), we note that the training process

PRy

“Here the superscript “e” and “d” are used to refer to the encoder and decoder
modules, respectively.
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Fig. 2 A schematic flow of the proposed CBMF model (Sec. 5.3). An ultrasound sensor is placed on the lower arm while the
subjectis playing the piano. A continuous stream of ultrasound images s, from the sensor is fed into the neural-network encoder
h§ which creates a latent representation of hand skeleton configurations x,. The decoder hg receives the latent representation
and outputs the vector of probabilities p,jindicating the pressed keys. The entire system is trained to produce a common
representation for both the skeleton tracking and key prediction tasks.

is done in two phases. In the first phase, we train only the encoder Aj,
while in the second phase, we simultaneously train the (pretrained)
encoder hj together with the (untrained) decoder hg . Splitting the
learning into two phases (i.e., a single and a multimodal supervised
learning task) was shown to produce better results in similar tasks
[47-49]. Roughly speaking, by pretraining /4, we get a “coarse”
mapping between U.S. images 5y and predicted hand configurations
X This allows us to “bootstrap” the network’s parameters when
solving the entire inference problem in our multimodal task. During
real-time control, the trained model uses only a sequence of U.S.
images 5, to compute Hpy(5,) = (3r,p,) and change finger
positions according to the predicted pressing vectors p,.

6 Experiments

In this section, we empirically evaluate our system and the
parameters that govern its performance. This culminates in
demonstrating the efficacy of our framework in performing tasks
that require fine finger motions. We start (Sec. 6.1) by describing our
experimental setup and data-collection methodology. We then
describe our model and training details (Sec. 6.2) and finish with an
analysis of the data collected, by answering (i) How accurately can
we predict finger-pressing tasks (Sec. 6.3), (ii) How accurate are our
intermediate robotic representations (Sec. 6.4), (iii) How good is our
method in applying finger pressure (Sec. 6.5), and (iv) Demonstrat-
ing real-time applicability of our robotic system (Sec. 6.6).

6.1 Experimental Setup and Data Collection. Our setup
includes a Clarius L15HD (wireless B-mode U.S. device), a Roland
FP-30 (digital piano), a standard keyboard, and a Vicon motion-
capture system. The U.S.’s configuration was set for the musculo-
skeletal task, with 10 MHz frequency generating a 5 cm X 5 cm
processed image at arate of 19-21 images per second, at a resolution
of 480 x 480. It was attached using a wearable strap (see Fig. 2) to
the so-called “transverse” location (see, e.g., Ref. [11]). The piano
and keyboard were used to record the set of pressed notes and keys
during each U.S. frame and the Vicon system was used to track the
palm’s joint locations. Here, each joint location is captured and used
to extract the joint angles that form the hand’s configuration, as
described in Appendix A.

We collected data from 12 subjects; averaging at 23 years old,
seven of whom are men and five of whom are women. All subjects
were confirmed to be right-handed, experienced in playing piano,
and without any neurological disorders or deformity in the relevant
hand area. At the beginning of both tasks, subjects were instructed to
put their hands in a stationary state in which each of their fingers
must be on the same note/key for the entire session. For piano
playing, subjects were asked to play melodies that only require five
distinguished notes and can be played using one hand only. For
keyboard typing, subjects were asked to randomly type on each of
the five keys their fingers are stationed over, while not using more
than one key at the same time. For each task, subjects were asked to
perform 2-3 sessions, with approximately 90 s for each session, and
rest between sessions. The process was approved by the institution’s

091005-4 / Vol. 147, SEPTEMBER 2025

Ethics Committee. The final dataset includes 44,596 samples for
piano playing and 42,143 samples for keyboard typing, each sample
representing the tuple (s¢, X¢, p) (see Sec. 5.1).

6.2 Model Training. Before training, both images s; and
configurations x; were normalized to the range of [0, 1]. On
feedforward, our MF model Gy receives a sequence of k = 8 U.S.
images §y, such that each image s; is downsampled to a resolution of
224 x 224 and fed to the CNN block to extract feature maps, which
are then flattened, concatenated and fed into the RNN module to
output k pressing vectors. Our CBMF model Hy ¢, works such that the
encoder Ay is fed with images similar to the MF model, and outputs k
configurations, that are then fed to the decoder h‘d’) (an additional
RNN block), along with the features from the residual connection.
The decoder h’é) is designed to output £ predicted configurations. The
entire architecture is detailed in Appendix E. During backpropaga-
tion, for the predicted configurations, the applied loss function for
N =32 samples in a batch is the mean squared error on all
configurations, i.e., Lmse = 1/(N - k)" cy il 1% — xng. A configu-
ration x; is a vector of 17 angles, as depicted in Fig. 1 (rightmost). For
the predicted pressing vectors, the applied loss objective for N = 32
samples in a batch, such that each sample is k vectors of M =5
probabilities, is the binary cross entropy for all probabilities, i.e.,
Lyce =1/(N-k-M)3 icpd_jenpilogp;+ (1=pj)log(1=pj). To
train the MF model, we apply the loss function Lpcg, and to train
the CBMF model, we apply the combined loss function
ALwmsE + LacE, where A is chosen using a trial-and-error procedure
(see Appendix C). All training sessions were executed for 20 epochs,
to avoid overfitting. Adam [50] was used as the optimization
method, with a learning rate of 0.001.

6.3 Downstream Tasks Evaluation. In this section, we
consider the performance on our downstream finger-pressing tasks.
We start by testing how accurately can we predict finger-pressing
tasks and show the efficacy of our CBMF model compared to
alternative methods. We then continue to concentrate on our CBMF
model and evaluate its robustness by evaluating how robustly our
method predicts finger pressing for different subjects and how robust
our method is for different fingers. The experiments were evaluated
using five-fold validation: for each task, all sessions of all subjects
were divided into five folds, and trained such that the ith fold was set
aside for testing and not used in training. This ensures that the test set
contains unseen intervals of motion, in contrast to what has been
considered in previous research [51,52].

How accurately can we predict finger-pressing tasks? We
evaluated the inference capabilities of the models presented in
Sec. 5 (MF and CBMF) on the piano-playing and keyboard-typing
tasks by plotting the accuracy, recall, precision, and F1 (Fig. 3) as
well as the test loss during training (Figs. 4(a) and 4(b)). For
baselines, we added the single-frame (SF) model, where we simply
take our MF model and replace the RNN with a multilayer
perceptron (MLP) to predict a single pressing vector from a single
image. To compare our methods with the wide literature, we have
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Fig.3 Evaluation of the MF and CBMF methods (Secs. 5.2 and 5.3) as well as the five baselines (Sec. 6.3) for piano-playing and
keyboard-typing tasks. The first four baselines are different state-of-the-art algorithms. Implementation details for baseline
algorithms are available in Appendix B. Accuracy, recall, precision, and F1 were averaged over all test samples in five folds. The
height of each bar represents its mean value, while the horizontal segment represents the standard deviation range.
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Fig.4 Comparison of the optimization process using Lgce as afunction of the epoch number for the piano-playing
(a) and keyboard-typing (b) tasks. (c¢) Training loss as a function of epoch number for different sizes of U.S.

sequences as inputs.

implemented and evaluated different state-of-the-art algorithms that
were designed for different ultrasound-based systems in recent
years. Previous research showed that ultrasound features are linearly
correlated with finger positions when performing similar tasks
[51,52]. Such approach serves as a baseline to evaluate the potential
of nonlinearity in neural networks. In addition, we implemented
leading gesture classification algorithms [11,16] by concatenating

an MLP module to their output, to allow detection of pressing
vectors. Lastly, we implemented previously developed neural
network architecture designed to estimate finger joints based on a
single U.S. image [36], to compare it with our design choices in our
SF model. Implementation details are in Appendix B. We also tested
common computer-vision models, such as the VGG16 [26,53]
model (pretrained on ImageNet [54], or not), and C3D [55], which

Keyboard Typing

Fig. 5 Samples from executing the MF and CBMF models for both piano-playing and keyboard-typing tasks. In
each rollout, the upper row represents finger F5 (little finger) and the lower row represents finger F' (thumb).
Ground-truth labels are marked in black. The differences between both models are expressed in consistency and
correctly deciding when to press or leave a key. Notice from the U.S. images how hard is it for a human eye to
understand subtle morphological changes during such gentle movements.
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Fig. 6 (Left) Recall and precision for the CBMF model for all 12 subjects. Vertical segments denote one standard deviation.
(Right) Recall and precision separated for all five fingers, showing the expected performance of each finger.

were shown to perform favorably in video classification. However,
the models did not converge in any of the tasks and therefore were
excluded from evaluation.

The overall performance for piano playing is significantly higher
than for keyboard typing. We associate this difference with
differences in pressing duration and body postures: The maximum
note offset on our piano and our keyboard is 10.45 mm and
2.95 mm, respectively. This implies longer muscle flexing when
playing the piano, which leads to more dominant motions in U.S.
images. Additionally, playing the piano involves different body
postures which often lead to more dominant motions in U.S. images.

Moving on to compare the different models, the SF model and
[36] cannot recreate the finer task of keyboard typing, but are able to
learn to play the piano. This backs up our conjecture that a sequence
of multiple frames is required for parameterized models to infer fine
finger motions. Evidently, the MF model outperforms the five
baselines, while the CBMF model outperforms all (see Fig. 5 for
visualization). This is especially noticeable in the harder keyboard-
typing task (see recall and precision), which backs up our conjecture
that our intermediate representation allows us to better infer fine
finger motions, by reducing false positive and false negative
predictions. Interestingly, the method proposed in Ref. [52],
achieved high precision despite low recall on both tasks, resulting
in safe, but a very weak detection of pressing events. It is important
to mention that, unlike deep learning models that do not require
optimization during inference to extract features from the input
signal, this method requires linear regression to optimize features for
each U.S. image, making it infeasible for real-time deployment.

In addition, we examined piano playing with different sizes of
sequences (k € {1,2,4,6,8}), showing that convergence on the test
set improves gradually the more we increase k. Larger sequences
may have been beneficial, however, we did not use more than eight
consecutive images due to GPU memory limitations.

How robustly can our method predict finger pressing for different
subjects? We plot the different metrics for each subject individually
to see how the CBMF model varies across different subjects (Fig. 6).

Overall, the results for piano playing are better than for keyboard typing,
and those who performed better on piano playing, performed better on
keyboard typing, but most importantly, the method works for all subjects,
showing us the potential for large-scale adoption of these algorithms.

How robust is our method across different fingers? We computed
the recall and precision values for each of the fingers individually to
understand how each of the fingers affects the quality of the solution
(Fig. 6). On both tasks, the model performs better on fingers F2, >,
and F*, rather than on fingers F' and F>. A possible explanation is
that operating the three middle fingers causes larger movement in the
muscles that are found in the U.S. images when compared to the
Thumb and Little finger. As illustrated in Fig. 1 (left), the muscle
responsible for Thumb movement is significantly less dominant than
the rest of the muscles, which might explain why Thumb movement
is the least understandable gesture.

6.4 Evaluation of Model’s Intermediate Representation of a
Robotic Hand. Recall that our CBMF model uses an intermediate
representation corresponding to the configuration at each timestamp
(Sec. 6.3). Here, we would like to evaluate the accuracy of the
predicted representations. Specifically, we explore whether the
CBMF model can predict not only the key pressing event but also
the exact hand configuration that led to the predicted event. To this
end, we measured the error in predicting hand configurations for
each of the 12 subjects (Fig. 7), as well as the absolute error (in
radians) for each of the individual 17 joints (Fig. 8).

Additionally, we plotted the error of the predicted fingertip
locations by calculating their Euclidean distance from the labeled
fingertips positions. This was done by taking the lengths of the
fingers’ links for each subject and calculating the relative positions
of the fingertips for both predictions and ground truth (Fig. 8). The
results demonstrate that the more the task requires longer finger
movements, the higher the average error, especially for the more
dominant joints, such as fingers F 2 F3, and F*. Interestingly, the
most dominant DOFs near the wrist (J 11 Y JI’,V, J;V ) achieve a smaller

Error [rad]

B P Playing
[ K. Typing

0.20

Subject

Fig. 7 Prediction of hand configurations for each of the 12 subjects using our CBMF model. Results are the average error in
radians of the 17 joint angles. Vertical segments denote one standard deviation.
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deviation.

error on average, which could be related to the large region captured
by the corresponding muscles in the U.S. images.

To visually understand the accuracy of the intermediate
representation, we consider two rollouts (Fig. 9) where different
fingers are pressed (F3 and F4, respectively). For each one, we
depict the joint angles (in radians) of the pressed finger as well as the
hand configuration (both the ground truth as well as the estimated
configuration obtained by the model) for two different timestamps.
Note that while there is a (arguably) small error in the joint values,
the estimated hand configuration is a fairly accurate representation
of the ground truth. We expect that the fact that we are able to
accurately estimate hand configurations will be useful in other tasks
that require an explicit hand model (e.g., sign language) but this is
left for future work.

It is important to mention that there is a tradeoff between
optimizing the model for computing hand configurations and
computing key-pressing probabilities (see Appendix C). As a result,
we reached significantly smaller errors in predicting joint values
when training the encoder part of the CBMF model for longer
epochs, implying that the model can overfit finger motions perfectly.
However, we empirically discovered that for the second phase of
training the CBMF model to converge as expected, it is better to
bootstrap the model with parameters from an earlier step.

6.5 Learning to Apply Finger Pressure. Important to the
continuation of this research is the potential of our method to be
modified to answer different tasks, especially tasks that involve

applying finger pressure. Among these is the need to approximate
the force of the finger while pressing a note, as in professional
musical instruments. Unlike previous papers that concentrated on
extracting force from a single U.S. image [56,57], we are aiming to
prepare the ground for robotic prostheses that can perform note
pressing while changing the force of the finger pressing.

As for musical instruments, musical instrument digital interface
(MIDI) [58] is a technical standard used to digitally describe musical
compositions. Technically, a MIDI message is composed of the
note’s pitch, if it was pressed or released, and a 7-bit “velocity” (a
number ranging from 0 to 127) that is used to indicate how forcefully
the note was played. To demonstrate the model’s ability to learn new
tasks, we show that it can be easily adapted to predict MIDI
velocities while a subject is playing the piano. To this end, we
modified the proposed MF model by replacing the last layer with a
linear layer that aggregates the temporal features of the previous
(second-to-last) layer and outputs a single-valued MIDI velocity.
Then, the model was trained in a similar fashion to the original MF
model. Results, presented in Fig. 10, show the error as the percentage
of the maximal error (i.e., 127 — 0]) in predicting MIDI values.
Despite the variability across subjects’ performance in piano
playing (implying a wide range of MIDI values), the majority of
the subjects achieved less than 10% out-of-sample error. It is worth
noting that force estimation may be obtained from our original
models, but here, we are interested in showcasing the ability to adapt
to new tasks, which in our setting is learning a function that can
directly generate the desired MIDI result.

6.6 Real-Time Deployment. To demonstrate the applicability
of our method to deal with data in real-time, we built a real-time
system with our CBMF model and connected it to a robotic hand (see
Fig. 11 and our repository), which continuously replayed notes
played on the piano in real-time. Importantly, our method works
without any image preprocessing and fits the online setting. This isin
contrast to existing methods for which subjects were instructed to
perform gestures according to predefined instructions [7], or
separate between gesture categories before feature extraction [11].
We provide the technical details of the implementation in
Appendix D.

During real-time inference, the U.S. sensor is not placed in the
exact location for which training data was obtained (also known as
sensor reattachment). To this end, we define an “enrollment” as a
period of 2-3 recording sessions, in which the U.S. sensor was not
removed from the forearm. We used a single subject to demonstrate
the number of enrollments needed in training in order to infer from
an unseen enrollment. Specifically, we randomly sampled the
number of enrollments used in training and then requested the
subject to play the piano after wearing the sensor back on the arm.

2.59 1
2.394

2671
251

24843

2.76

2,971
2.80

-] 2.544

2.83

Fig.9 (Top)Samples of hand configurations taken from the intermediate representation of the CBMF model (dark gray) as well
as the ground truth (light gray). In each rollout, the three graphs represent the joint angles in radians of the relevant finger that is
enlarged inthe top two illustrations (i.e., F2 and F* in left and right, respectively). This is done both for our model as well as for the

ground truth.
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We plot (Fig. 12(a)) the four metrics (Accuracy, Precision, Recall,
and F'1) as a function of the number of training enrollments. We can
observe that (i) as the number of enrollments increases in the training
session, our inference capabilities increase and (ii) the number of
enrollments required in the training session is relatively moderate. In
other words, our method provides a real-time system adaptable to
sensor replacement, without large data requirements.

Figure 12(b) shows how the methods described in Sec. 6.3 behave
under the same conditions. We focus on measuring F1, since it is
composed of both recall and precision and allows us to count false
positive and false negative predictions. We can see that not only does
our CBMF model outperform any other method but it is the fastest
method to achieve significant performance for smaller amounts of
data. For example, to achieve F1 = 0.6, the CBMF model needs
only 2-3 enrollments, while any other method requires at least twice
the data to obtain the same performance.

7 Discussion and Future Work

In this paper, we explored the task of predicting and differ-
entiating between fine finger motions by only having access to a
stream of lower-arm U.S. images. Our findings demonstrate that
incorporating temporal coherence and a kinematic hand represen-
tation using our CBMF model doubles the performance on the finer
task of keyboard typing compared to the five baselines (see F'1
values in Fig. 3). Furthermore, we show the versatility of our
approach by demonstrating accurate estimation of finger kinematics
(Sec. 6.4) and adapting the model to estimate finger pressure
(Sec. 6.5). We believe that the inference capabilities we present will
pave the way toward enabling fully operational prostheses for those
in need.

7.1 Limitations. While U.S. probes offer better performance in
detecting hand gestures [16], its use faces several limitations
compared to EMG-based sensors. Notably, the delay in image
acquisition, from radio frequency signal transmission to image
retrieval, can impair the accurate detection of rapid finger motions,
such as fast keyboard typing. Additionally, U.S. imaging consumes
more energy compared to EMG, which may result in a reduced

TI ]

Fig. 11 Our real-time system implementation. (a) The subject
wears the ultrasound probe, and the probe sends U.S. images to
the algorithm. The algorithm computes predictions and sends
instructing signals to (b) the robotic hand that flexes fingers to
(c) play the piano.
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battery life for devices that use this technology. Addressing these
concerns is important for the successful development of U.S.-based
robotic hands. Importantly, the study did not address the challenge
of generalizing results to previously unseen subjects, as this would
require incorporating prior knowledge about muscle structure.

7.2 Future Work. Future directions that we are exploring
include (i) restoring fine finger motions for people with muscular
deformations such as different types of amputations or trauma
conditions, where we cannot obtain accurate labels of intended
motions. This will potentially require different data-driven solutions
to learn continuous and unlabeled finger motions for nonable-bodied
subjects. (ii) Recent advancements in feedback sensing for robotic
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Fig. 12 Piano-playing evaluation given a certain number of
training enroliments. At each step, we randomly add a new
enrollment to the training set and evaluate an unseen enroliment.
(a) Behavior of the CBMF model for the four metrics. (b) F1 values
for each of the methods described in Sec. 6.3. Each point is an
average over ten random experiments.
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prostheses allow amputees to sense objects they are engaging with
[59]. Sensor feedback can also be used to endow our inference
algorithm with additional input such as surface type or texture which
can then be used to improve decision making. (iii) Commercially
available robotic prostheses are often equipped with manual options
that allow changing the system’s behavior or parameters according
to the desired task (e.g., grasping, pinching, etc.). We conjecture that
our internal representation (possibly augmented) can assist with
providing additional daily gestures, improve control of fingers’
operation, and replace traditional approaches of manually deciding
between operated gestures.
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Appendix A: Joints Computation

The set of joint angles forming a configuration is acquired by
placing markers on the relevant joints and using a motion-capture
system to obtain the [x, y, z] location of each marker (see Fig. 13).
Then, each joint angle is computed using the markers’ locations as
we detail next. Hereafter, we compute vectors as the point-wise
subtraction of the marker locations. For example, given two 3D
points (that can be considered as two 3D vectors with respect to some
reference frame) £y, and fi3, we denote the vector from fy; to fi3 as
follows:

Vin—fiz = fai3 —fao (A1)

Next, we describe how we compute the angle between two
vectors. Consider, for example, the vector from fi, to f43 and the
vector from fi, to f4;, we compute the joint angle Jg as follows:

J:Z = arctan 2(||Vg, -5, X Vip—fis |l (A2)
Vf42~>f4| . Vﬂz"fzﬂ)

This allows us to compute joint angles. We start with the four
fingers F2, ..., F> and will use finger F° (Little finger), for example.
The three joints that are required are J3, /3, and J3. Hence, we will
compute J; and J3 as follows (fingers F { , %, and F’ 3 are calculated in
a similar fashion):

J? = arCtanz(HVfMHIS X Vf41ﬁf42||2

Vuots * Viu—fo) A3

Jg - arCtanz(HVﬁszHﬁu X VfAZ“fASHZ
Vio—fu " Viofs)

Shttps://github.com/deanzadok/finemotions
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Fig. 13 An image showing the position of each marker on the
subject’s hand

As for the Thumb, we compute two joint angles; J! andJ}. Similar
to Eq. (A3), we compute J. 2‘ as follows:

1
Jy = arctan 2(||Vy iy X Vil (Ad)

Vig—ts * Vig—s)

where jointJ! is acquired by computing the angle between v, ., and
the normal vector to the plane approximating the palm’s plane, by
taking the three points fi;, f4;, and #4. Denoting this normal as fl,,,
joint J! is computed as follows:

Jll = arctan 2(||Vi,—;, X Dy, (AS)
Vis—t * p)

This is done differently in order to compute the angle that
corresponds to the pressing motion of the Thumb. As for the three
DOFs of the wrist, we have J)*, J}7, and J)! for roll, pitch, and yaw,
respectively. As for pitch, we compute the angle between n, and
Vi,—,- For yaw, we compute the angle between vy, ., and v,,_;,,
and for roll, we compute the angle between n,, and a vector obtained
from two additional points located on the elbow.

Appendix B: Baselines Implementation

As presented in Sec. 6.3, we implemented five baselines to asses
our models in solving the two downstream tasks. The evaluation was
using the same five-fold validation over the same datasets. We
started by evaluating the importance of temporal coherence by
defining the SF model. Here, we take our MF model and replace the
RNN with an MLP, such that the CNN module is the same as in the
MF and CBMF models and the addition is two linear layers. On
inference, the model receives a single 224 x 224 U.S. image and
predicts a single pressing vector.

In addition, we compared our work to four additional papers that
succeeded in inferring finger motions from U.S. images. Impor-
tantly, all four papers were missing code repositories and therefore
were implemented according to the explained text. The methods
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presented by Huang and Liu [16] and Mclntosh et al. [11] were
originally designed to classify full recorded sessions in an offline
setting, and since these algorithms were evaluated on different
gestures with different sensors, we modified the input to receive the
last acquired eight images as in our models. Second, these
algorithms were designed to discriminate between gestures and
here we allow multiple fingers pressing at the same time. Therefore,
we set the number of available classes to 2° = 32 (i.e., a class
corresponds to a subset of fingers pressed).

Huang and Liu [16] proposed to sample five columns of pixels
from the image, imitating the feature structure of A-mode
transducers. These columns are then separated into segments,
from which they extracted two coefficients using linear fitting. Then,
these features are concatenated across the temporal axis and fed to
the classifier. Here, the authors used sequences of 36 images, but
since we did not observe any improvement, the results are presented
for sequences of eight images. Next, McIntosh et al. [11] proposed to
extract the optical flow from adjacent frames, perform average
pooling on patches of size 20 x 20, and accumulate them across the
temporal axis. In the same way, we calculated these features for a
sequence of eight U.S. images and fed them to the classifier. For both
baselines, we evaluated all classifiers that were proposed by the
authors, and in both cases, MLP outperformed all other classifiers.

In addition, we implemented the algorithm presented by
Castellini et al. [51,52]. They proposed to compute linear regression
on rounded patches to estimate the gray value given pixel
coordinates, and taking the resulting coefficients as features. We
chose their best solution of 180 patches (i.e., 180 x 3 = 540 features
for image). The radius of the patches was decided using trial and
error, and ridge regression was implemented for each finger
separately as proposed in the paper.

Lastly, we implemented the neural network architecture pre-
sented by Bimbraw et al. [36] to infer finger positions from a single
U.S. image. The architecture was implemented according to the
explained in the paper, and was used to evaluate our backbone by
changing the output to predict a pressing vector, and thus compare it
to our SF model. Evidently, the SF model outperformed, leaving the
same backbone to be used by our MF and CBMF models.

Appendix C: Losses Weighting

We empirically chose the value of A to minimize the objective
function ZLvsg + Lpce. Here, we executed training sessions to
obtain results for 2 € {2|i € [0, ..., 6] } and chose the result yielding
the lowest Lpcg, without harming the optimization of Lysg. Results,
presented in Fig. 14, show that by taking A = 4, we benefit from
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Fig. 14 Lgce and Lyse for different values of i. On average,
results are showing that using lower values of . yields lower
values of Lgce and higher values of /1 yields lower values of Lysg
and higher values of LgcE.
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using both modalities. The same experiment with 4 = 0 (i.e., only
using Lpcg) resulted in Lpcg = 0.093 and Lysg = 2.582, and
therefore was ruled out from the evaluation.

Appendix D: Real-Time Implementation

We built a setup for online real-time inference to demonstrate
piano playing on demand. The code is written in C++- and includes
multithreading to deal with interfaces to the U.S. sensor, the robotic
hand, and model inference simultaneously. For optimized inference,
our CBMF model was divided into two software modules—the
encoder’s convolution block and the remaining recurrent blocks
including the residual connection. On inference, the incoming
images from the U.S. sensor are fed to the first module to extract
features, while an additional thread, simultaneously feeds the
sequence of the last eight extracted features to the second module
and stores the predictions as instructions that are sent to the robotic
hand. The model was optimized using the ONNX Runtime library,
the entire model weighs 745 MB and the inference is executed at
60 Hz on a powerful GPU (Nvidia RTX 2080Ti) or 29 Hz on a low-
budget GPU (Nvidia Quadro P620).

Appendix E: Neural Network Architecture

Tables 1 and 2 show the network architectures for the MF and
CBMF models, respectively. The tables are divided into blocks,
such that the first block represents the CNN module and the others
represent the RNN modules. The input shape for both models is
[224 x 224 x 8], corresponding to eight consecutive grayscale U.S.
images. The shape of the intermediate representation is [§ x 17],
corresponding to a trajectory of eight robotic configurations, each of
size 17. The output shape is [8 x 5], denoting eight pressing vectors,
each containing five probabilities for the five fingers.

The CNN module is based on the encoding part of UNet [60], due
to the high success of this architecture when used in medical imaging
tasks. This block is used to extract 512 3 x 3 feature maps from each
of the eight images, such that the same parameters are shared across
all images. These are flattened, concatenated, and fed into the
recurrent block. In the CBMF model, the trajectory, along with
8 x 128 features are taken from the output of the second GRU layer,
concatenated, and fed as an input to the decoder.

Table 1 Neural-network architecture of our MF model G,

Layer Act. Out. shape Parameters
Conv2D ReLU 224 x 224 x 32 320
Conv2D ReLU 224 x 224 x 32 9248
MaxPool2D (2 x 2) — 112 x 112 x 32 —
Conv2D ReLU 112 x 112 x 64 18.50k
Conv2D ReLU 112 x 112 x 64 36.93k
MaxPool2D (2 x 2) — 56 x 56 x 64 —
Conv2D ReLU 56 x 56 x 128 73.86k
Conv2D ReLU 56 x 56 x 128 147.58k
MaxPool2D (2 x 2) — 28 x 28 x 128 —
Conv2D ReLU 28 x 28 x 256 295.17k
Conv2D ReLU 28 x 28 x 256 590.08k
Dropout (p =0.3) — 28 x 28 x 256 —
MaxPool2D (2 x 2) — 14 x 14 x 256 —
Conv2D ReLU 14 x 14 x 512 1.18 M
Conv2D ReLU 14 x 14 x 512 236 M
Dropout (p =0.3) — 14 x 14 x 512 —
MaxPool2D (4 x 4) — 3x3x512 —
Flatten — 4608 —
Concatenate (x 8) — 8 x 4608 —
GRU ReLU 8 x 1024 1731 M
GRU ReLU 8 x 128 443.14 K
GRU Linear 8§ x5 2025
Total 2293 M
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Table 2 Neural-network architecture of our CBMF model H;

Layer Act. Out. shape Parameters
Conv2D ReLU 224 x 224 x 32 320
Conv2D ReLLU 224 x 224 x 32 9248
MaxPool2D (2 x 2) — 112 x 112 x 32 —
Conv2D ReLU 112 x 112 x 64 18.50k
Conv2D ReLLU 112 x 112 x 64 36.93k
MaxPool2D (2 x 2) — 56 x 56 x 64 —
Conv2D ReLU 56 x 56 x 128 73.86k
Conv2D ReLU 56 x 56 x 128 147.58k
MaxPool2D (2 x 2) — 28 x 28 x 128 —
Conv2D ReLU 28 x 28 x 256 295.17k
Conv2D ReLU 28 x 28 x 256 590.08k
Dropout (p =0.3) — 28 x 28 x 256 —
MaxPool2D (2 x 2) — 14 x 14 x 256 —
Conv2D ReLU 14 x 14 x 512 1.18 M
Conv2D ReLU 14 x 14 x 512 236 M
Dropout (p =0.3) — 14 x 14 x 512 —
MaxPool2D (4 x 4) — 3x3x512 —
Flatten — 4608 —
Concatenate (x 8) — 8 x 4608 —
GRU ReLU 8 x 1024 1731 M
GRU ReLU 8 x 128 443.14 K
GRU Linear 8 x 17 7497
Merge — 8 x 145 —
GRU ReLU 8 x 256 309.50 K
GRU ReLU 8 x 128 148.22 K
GRU Linear 8§ x5 2025
Total 2293 M
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