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Bioinspired Head-to-Shoulder Reference Frame
Transformation for Movement-Based

Arm Prosthesis Control
Bianca Lento , Vincent Leconte , Lucas Bardisbanian , Emilie Doat , Effie Segas , and Aymar de Rugy

Abstract—Movement-based strategies are being explored as al-
ternatives to unsatisfactory myoelectric controls for transhumeral
prostheses. We recently showed that adding movement goals to
shoulder information enabled Artificial Neural Networks (ANNs),
trained on natural arm movements, to predict distal joints so well
that transhumeral amputees could reach as with their valid arm
in Virtual Reality (VR). This control relies on the object’s pose
in a shoulder-centered reference frame, whereas it might only be
available in a head-centered reference frame through gaze-guided
computer vision. Here, we designed two methods to perform the
required head-to-shoulder transformation from orientation-only
data, possibly available in real-life settings. The first involved an
ANN trained offline to do this transformation, while the second
was based on a bioinspired space map with online adaptation.
Experimental results on twelve participants controlling a prosthesis
avatar in VR demonstrated persistent errors with the first method,
while the second method effectively encoded the transition between
the two frames. The effectiveness of this second method was also
tested on six transhumeral amputees in VR, and a physical proof
of concept was implemented on a teleoperated robotic platform
with computer vision. Those advances represent necessary steps
toward the deployment of movement-based control in real-life
scenarios.

Index Terms—Prosthetics and exoskeletons, robust/adaptive
control, reference frame transformation, human factors and
human-in-the-loop, artificial neural network.

I. INTRODUCTION

D ESPITE the remarkable advancements in upper limb
prosthetic devices, simultaneous myoelectric control of

multiple degrees of freedom (DOFs) continues to pose chal-
lenges [1], [2]. In cases of amputation at the humeral level,
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research focuses on restoring elbow flexion-extension, wrist
supination-pronation, and hand opening-closing [3], [4], com-
monly available in commercial prostheses. Yet, no myoelectric
solution exists to efficiently control those 3 DOFs, to which 2
DOFs (wrist flexion-extension and radial-ulnar deviation) would
still need to be added to correctly position and orient the hand
so as to grasp objects in a large reachable space. This lack of
efficient control over sufficient DOFs contributes to the high rate
of abandonment of the prosthetic device [5], [6].

Movement-based approaches are promising alternatives
whereby the control of the prosthetic limb is based on the motion
of the residual limb and its natural coordination with the missing
joints [7], [8], [9], [10], [11]. Grounded on these advances, we
previously presented a movement-based control system which
also takes the movement goal as an input [12], [13]. An Artificial
Neural Network (ANN), called Proximo Contextual (PC) was
designed to forecast the configuration of distal joints (red block
in Fig. 1), missing to people with transhumeral limb loss, based
on proximal joint motion (green block) and movement goals
(blue block). Predictions of PC ANN led to remarkable results,
enabling individuals with transhumeral limb loss to control a
prosthesis avatar and perform pick-and-place tasks in a wide
range of locations in a virtual reality (VR) environment as well
as with their valid arm [13].

Deploying this control system in real-world settings requires
the integration of a camera and computer vision algorithms for
real-time object estimation, along with Inertial Measurement
Units (IMUs) to gather data on the head, the trunk, and the
arm. In this setup, information regarding the object to reach
(target) might only be available in a head-centered reference
frame through gaze-guided computer vision [14], [15], [16], [17]
(purple block in Fig. 1). Yet, PC relies on the target expressed
in a reference frame called armroot, which has its origin at
the shoulder articulation and has the orientation of a sensor
attached to the trunk of the operator. Furthermore, positional data
needed to transform the target information from the head to the
armroot reference frame may not be available as we might only
have access to orientation data from IMUs (cf question mark in
Fig. 1).

Given the complex biomechanics of the human cervical spine
and shoulder girdle, and the difficulties associated with scaling
a kinematic model of this region to each individual participant,
relying on a traditional kinematic model to perform the required
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Fig. 1. Problem definition. Computer vision algorithms retrieve information
about the target in the head reference frame (purple block). This information
requires transformation into the armroot reference frame (blue block) to be
employed, along with the residual limb angles (green block), by the PC ANN
to predict the angles to apply to the prosthesis (red block). BRA and BPA

indicate the rotation and position of reference frame A expressed in the reference
frame B.

transformation from orientation-only data would merely yield a
rough approximation (for a review, see [18]) which would not
suit our purposes.

Here, we approached the problem from a black box per-
spective, our contribution being to propose and test alternative
methods inspired by the brain’s mechanisms for coordinate
transformation and representation of peripersonal space [19],
[20], [21], [22], [23], [24], [25], [26]. In a first approach, an
ANN called Armroot2Head (A2H) was trained on a previously
acquired database of natural head and arm movements [27],
in order to predict the head position in the armroot referential
from participants-morphology and ongoing head and shoulder
orientation data. As errors persisted that affected the control,
a second approach was designed to fine-tune in real-time a
representation of the head position in the armroot reference
frame that is specific to each participant, and that is encoded
in a spatial map (SMAP) of the different movement-goal
positions.

The present paper is organized as follows. In Section II,
the proposed methods are detailed, and experimental protocols
designed to test them in VR are presented. Experimental re-
sults from those protocols, conducted on participants with both
valid arm (n=12) and amputated arm (n=6), are provided in
Section III. Section IV briefly presents a physical proof of
concept conducted on the robotic platform Reachy [28], and
Section V discussed and concluded the work.

II. MATERIALS AND METHODS

A. Adaptation Algorithms and Associated Control Systems

We implemented and tested two methods to derive the missing
positional data of the head needed to transform target informa-
tion from the head to the armroot reference frame (cf question
mark in Fig. 1 and armrootP̂head in red in Fig. 2): A2H and
SMAP. The A2H is an ANN trained offline on a dataset of
natural head and arm movements collected previously [27] to
predict the head position in the armroot referential given the
head orientation, the participant height, and the residual limb
joints angles (i.e., shoulder F/E and A/A, as depicted Fig. 1).
The A2H architecture consists of seven layers: an input linear
layer, two hidden layers, each with 128 units and rectified linear
unit activation functions, three dropout layers with a dropout rate
of 0.25 to prevent overfitting (one positioned after each layer),
and an output linear layer. Fig. 2(a) shows the proposed control
system combining the PC ANN (red block) with A2H ANN
(yellow block): the head position in the armroot referential pre-
dicted by the A2H ANN is used to transform target information
from the head to the armroot reference frame, before being sent
as an input to the PC ANN prosthesis control of [13].

Our second method, SMAP, draws inspiration from the brain’s
multisensory integration processes [19], [20], [21] and computes
the head position in the armroot referential by combining infor-
mation from multiple sensory modalities (i.e., computer vision
from a head-mounted camera, combined with artificial neck
and arm proprioception from sensors on the head, trunk and
arm). Specifically, the system can compute the prosthetic hand
position in the armroot referential through forward kinematics
while concurrently detecting the prosthetic hand position in the
head referential using computer vision. This hand position in
the head referential can be aligned with the orientation of the
armroot (PheadRarmrootPhand in Fig. 2(b)) and compared to
the hand position in the armroot referential obtained through
forward kinematics. The difference between the two represents
the position of the head in the armroot referential. As this differ-
ence depends on both the user’s morphology and the particular
posture of their arm, head, and upper body while reaching targets
in space, we chose to encode it in a spatial map (SMAP) accessed
based on the target the user is reaching. Inspired by the brain’s
encoding of peripersonal space [22], [23], [24], [25], [26], this
spatial encoding, illustrated in Fig. 3, was achieved by adapting
the weights of a single-layer network of spatially tuned neurons
online, according to the following formula:

wi(t+ 1)=wi(t) + α · gi · error

error=
(
armrootPhand−PheadRarmroot Phand

)−
N∑
i

gi · wi

in which wi is the weight of the i-th neuron, α is the learning
rate, gi is the firing rate of the i-th neuron (Gaussian activa-
tion function), N is the number of neurons, and

∑N
i gi · wi(t)

represents what the algorithm already learned.
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Fig. 2. Adaptation algorithms and associated control systems. a. Control system combining the PC ANN (red block) with the A2H ANN (yellow block).
Computer vision algorithms provide information about the target in the head referential. Assuming that the head and armroot orientations are available from IMUs,
we transform the target orientation from the head to the armroot referential (rotation transform (RT) block). The same rotation is applied to the target position. Then,
the A2H ANN predicts the head position in the armroot referential, which is applied to the resulting target position to complete the reference frame transformation
(translation transform (TT) block). The target information in the armroot referential, combined with the residual limb angles, is employed by PC ANN to predict
the angles to apply to the prosthesis. b. Control system combining the PC ANN (red block) with the SMAP (blue block). Computer vision algorithms supply
information about the target and the hand in the head referential. As in a., we convert the target orientation from the head to the armroot referential and apply
the same rotation to both the target and hand positions (RT block). The SMAP takes as input the resulting target position and computes the head position in the
armroot reference frame. The predicted head position is then applied to the input to complete the reference frame transformation (TT block) for the PC ANN to be
functional. Simultaneously, real-time weight updates occur based on the difference between the hand position detected by computer vision algorithms and aligned
with the orientation of the armroot and the hand position obtained through forward kinematics. The SMAP leverages the difference between the two data to rectify
its weights and correct errors.

Fig. 3. SMAP algorithm structure. Each neuron is characterized by a 3D
position in the input space and a Gaussian activation function centered on its
position. When the target position is sent as input to the SMAP, each neuron
fires according to its distance from this input, and the output is computed as the
weighted sum of all firing rates.

A tuning process was carried out to choose the values for the
learning rate, the width of the Gaussian, and the distance be-
tween neurons, all of which significantly impact the algorithm’s
performance and efficiency. We explored different values for the
three parameters by replaying the data previously collected [27]
and updating the weights of the SMAP as if it were operating
in real-time. The goal was to maintain spatial specificities and
memory by preventing learning from spreading too widely, all
while allowing sufficiently fast learning to ensure successful task
completion within a single trial. This was achieved with values
of 0.004 for the learning rate, and 3 cm for the width of the
Gaussian and the distance between neurons.

TABLE I
EXP2 PARTICIPANTS’ AMPUTATION DESCRIPTION

Fig. 2(b) illustrates the proposed control system, integrating
the SMAP with PC ANN alongside the online adaptation process
of the SMAP.

Offline assessments of the A2H ANN revealed a mean pre-
diction error of 2 cm. Capitalizing on the SMAP’s capacity to
learn from errors, we implemented and tested a third solution
which combines the A2H ANN with the SMAP, employing the
latter to correct errors made by the former.

B. Participants

Exp1 was conducted on twelve intact-limbs participants (four
males) aged 20-28 (mean 22.83; SD 1.92), whereas Exp2 was
conducted on six participants presenting a transhumeral ampu-
tation (five males) aged 34-64 (mean 49; SD 11.5). Participants’
handedness was assessed using the Edinburgh Handedness In-
ventory (EHI, Exp 1 mean 82; SD 17) [29]. Table I provides all
the information about Exp2 participants’ amputation. None of
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Fig. 4. Participant wearing headset and trackers, attached to the main segments
of the dominant arm and the upper arm of the non-dominant arm. The task is
illustrated at the top right from an egocentric point of view. It involved picking
a bottle from a platform and releasing it onto another.

the participants suffered from any mental or motor disorder that
could interfere with the task performance (except limb difference
in Exp2).

C. Experimental Setting

The experimental set-up is similar to that of [27]: the par-
ticipant sat on a stool wearing the headset (ViveTM Pro, HTC
Corporation) and five (three in case of limb difference) motion
trackers (ViveTM Tracker, HTC Corporation), as shown in
Fig. 4.

The tracking setup received signals from the trackers and
the headset at 90 Hz (sampling rate) using SteamVR (Valve
Corporation) as middleware. Unity simulation engine (Unity
Technologies) was used to manage the virtual scene’s contents
and interactions with the participant.

D. Task

The participants performed a pick-and-place task involving
repeatedly picking a bottle from one platform and releasing it
onto another (Fig. 4). A transparent bottle was added to the
virtual hand or on the platform to facilitate the task. When
the position and orientation of the virtual hand matched the
bottle, within a positional tolerance of 3 cm and an angular
tolerance of 10◦, the bottle turned red. To grasp/release the bottle
and complete the task, the participant had to press a key on a
keyboard while the bottle was red. To avoid long and tedious
experiments in case of control difficulties, a time restriction of
6 s per trial was applied, defined as the time from a successful
pick to a successful place or vice versa.

E. Target Set Generation

The target set was generated using our previously acquired
database [27] and adapting the data to the participant morphol-
ogy. A generator algorithm drew at random 7-DOFs arm angular

Fig. 5. Protocols of experiment 1 and 2.

configurations following a multivariate uniform probability dis-
tribution. The targets were then obtained through forward kine-
matics and filtered based on the criteria used in [27], excluding
targets too close to the participant’s trunk or legs and targets
pointing downward. This process was iterated until a target set
of 100 targets was obtained. For Exp2, a supplementary filter,
which took into account the limits of the participant’s residual
limb, was added.

F. Virtual Arm Calibration

Once the participant was equipped with the trackers and the
headset, following the procedure outlined in [27], we proceeded
with the same calibration process to link the virtual arm with
the participant’s arm. To this end, we recorded data while the
participant executed slow movements, using all DOFs of both
arms for 15 s, followed by the head for 10 s. Based on this
data, we employed the techniques detailed in [27] to estimate
the joint centers’ locations. The dimensions of the virtual arm
were resized according to the participant’s own dimensions,
calculated as the difference between the estimated joint centers.
To complete the calibration, the participant had to overlap an
arm made of sticks and spheres, representing their arm, with the
virtual arm locked in a reference posture. Additional details can
be found in [13], [27].

G. Protocol

Experimental protocols are shown in Fig. 5. Familiarization
phases (”fam”) were designed to familiarize the participants with
the environment and virtual arm controls. In these phases, the
target set corresponded to the second half of the main target set.
The other keywords represent the control used in that specific
phase: “Nat” stands for natural control, whereby all joints of the
virtual arm follow the user’s actual arm movements. “PC” stands
for Proximo Contexual, the prosthesis control implemented
in [13]: the proximal joints of the virtual arm mimicked the
participant’s proximal joints, while PC ANN predictions were
used to operate on the distal joints. “SMAP” and “A2H” stand for
the use of the SMAP and A2H algorithms and their associated
control systems (cf Fig. 2). In these phases, constraints of a
real-world setting were simulated by computing target and hand
information in the head reference frame “as if” obtained from
computer vision, and then relying solely on orientation data “as
if” obtained from IMUs.

Exp1 included nine phases and aimed to compare the per-
formances of the proposed methods with that of an ideal case
(PC), in which the change of reference frame from the head
to the armroot was performed with high precision from all the
information available in the VR system. A first block (PC 1)
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was conducted early in both protocols for participants to get
used to this ideal control before being tested in our alternative
controls, and a second block (PC 2) was conducted at the end of
both protocols to ensure comparison with the ideal control once
participants were fully accustomed with the device and controls.

Offline tests of the A2H algorithm revealed a mean error in
prediction of about 2 cm. To assess how much this error might
affect the control, we tested the control condition illustrated in
Fig. 2 a using A2H predictions (PC A2H). A “washout” phase,
during which the participants reverted to using the ideal PC
control again (PC fam), was then included to wash out possible
compensations associated with this control before testing other
controls.

A crucial aspect of the SMAP we aimed to assess was its
memory. Recognizing that the learning process would take time
and that the initial performances might not be optimal, we
repeated the target set twice in PC SMAP and PC A2H SMAP.
We anticipated that the second attempt would yield results closer
to the ideal case, as the algorithm would have assimilated the
necessary corrections. Moreover, the order between PC SMAP
and PC A2H SMAP was counterbalanced among participants.

Exp2 included six phases: four involving the residual limb
followed by two involving the sound limb. Building on the
insights from Exp1, which demonstrated that the SMAP alone
was sufficient for the task, we refined the protocol and compared
only the SMAP with the ideal case PC.

III. RESULTS

The proposed methods were assessed based on the following
objective metrics: success rate, movement time, and shoulder
spread volume. The first refers to the percentage of successful
trials achieved; the second to the time taken to reach and validate
each target; the latter refers to the volume of the ellipsoidal
region containing 97% of the shoulder positions recorded within
a phase, as a proxy of postural stability and body compensa-
tion [12]. Considering the high success rates obtained in all the
phases (medians above 90%), movement times and shoulder
spread volumes were calculated on successful trials only. Fur-
thermore, after testing for the first time each control (exclud-
ing the familiarisation phases), participants provided qualitative
feedback on their experiences with each control strategy through
two surveys, the System Usability Scale (SUS) [30], [31] and the
first part of the Prosthesis Task Load indeX (rawProsTLX) [32].
These surveys assess usability and cognitive load, respectively,
providing a comprehensive understanding of user perceptions,
mental effort, and overall satisfaction with the control system. A
score for each survey and each control was obtained. A higher
SUS score and a lower rawProsTLX score suggested that the
control method is intuitive and demands minimal effort.

The statistical analysis was conducted using the R software
with a significance level set at 0.05 and applying a Bonferroni
correction for multiple comparisons. Based on the results of the
normality test (Shapiro-Wilk) and the test for homogeneity of
variances (Maulchy’s Test), a repeated measures ANOVA or a
Friedman test was performed for movement time and shoulder
spread volume. If a significant difference was detected at this

stage, post-hoc tests were carried out (Tukey’s or Conover’s
test, respectively). For success rate, a Cochran’s Q test was per-
formed, followed by a McNemar test if a significant difference
was detected.

Fig. 6 illustrates the results of Exp1 (a-e) and Exp2 (f-j).
For the objective metrics, in the phases PC SMAP and PC
A2H SMAP, the two repetitions of the target set are analyzed
separately. With PC A2H, the lower success rates, increased
movement times, and increased shoulder spread volumes all
indicate that the error in the A2H predictions does affect the
control. Nevertheless, as the prediction error is small, the com-
bination of A2H with SMAP results in a control system that
is reliable and accurate in executing the reference frame trans-
formation, obtaining performances similar to the ideal case PC.
Furthermore, as the SMAP has to learn small corrections, there
is mainly no difference between the repetitions of the target set
(PC A2H SMAP B1 and PC A2H SMAP B2).

In PC SMAP B1, movement times and shoulder spread vol-
umes are statistically higher than in PC due to the initial learning
phase of the SMAP algorithm, during which it has to assimilate
substantial errors. The increased movement times and shoulder
spread volumes probably reflect the adaptation period required
for the system to learn and memorize the necessary corrections.
This is confirmed by the fact that the results of PC SMAP B2 (the
second repetition of the same target set) are drastically improved.
The learning process required time, but once the corrections
were memorized, its performances closely resembled those of
PC.

In Exp2, movement times tended to be longer, and shoulder
spread volumes to be higher than in Exp1. Nevertheless, when
comparing the different control strategies, PC SMAP B2 also
exhibited performances similar to PC across all metrics. As in
Exp1, the increased movement times, shoulder spread volumes,
and lower success rates in PC SMAP B1 probably reflect the
adaptation period required for the algorithm to learn the neces-
sary corrections.

Video 1 illustrates a participant with transhumeral limb loss
using PC ANN with SMAP. The orange and green virtual
cylinders, not visible to the participant, represent the object
transformed from the camera to the armroot reference frame
without and with the application of the SMAP prediction. The
green cylinder acts as a dynamic representation of the conver-
gence status of the SMAP. As the algorithm learns the proper
corrections, its position is progressively adjusted toward the
actual object position. In the second part of the video, leveraging
its past learning, the algorithm applies the corrections it has
already acquired, resulting in the green cylinder being positioned
closer to the actual object.

The results of the objective metrics are corroborated by the
subjective assessments (SUS score and rawProsTLX score). In
this context, the phase Nat serves as the baseline, as the virtual
arm mimicked the participant’s actual arm movements. In Exp1,
the only control strategy exhibiting a significant difference from
the baseline is PC A2H. As the error in prediction did affect the
control, participants necessitated additional physical and mental
effort to achieve the task. Both intact limb participants and
participants with limb loss evaluated control strategies involving
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Fig. 6. Data analysis results. Individual data are represented by hollow dots and dotted lines. Stars represent significant differences between control strategies
with * for p < 0.05, ** for p < 0.01 and *** for p < 0.001. Results of Exp1 are presented for each phase. a. Success rate (Cochran’s Q test Q = 304.45, p <
0.001). b. Movement time (Friedman chi.sq = 56.57, p < 0.001). c. Shoulder spread volume (Friedman chi.sq = 36.85, p < 0.001). The dashed red line represents
a volume of 1 dm3(=1 L). d. SUS score (Friedman chi.sq = 19.68, p < 0.001). e. rawProsTLX score (Friedman chi.sq = 18.02, p < 0.01). Results of Exp2 are
presented for each phase. f . Success rate (Cochran’s Q test Q = 45.57, p < 0.001). g. Movement time (RM ANOVA DFn = 3, DFd = 15, F = 6.15, p = 0.006,
ges = 0.277). h. Shoulder spread volume (Friedman chi.sq = 1, p = 0.801). The dashed red line represents a volume of 1 dm3(=1 L). i. SUS score (Friedman
chi.sq = 4.66, p = 0.097). j. rawProsTLX score (Friedman chi.sq = 7, p = 0.03).

SMAP with scores similar to the PC and Nat phases. This
indicates that our control system, including the SMAP, exerts
minimal influence on the virtual arm’s behavior, thereby main-
taining natural reaching movements. Furthermore, participants
from Exp2 reported high satisfaction with the control system
and expressed a keen interest in utilizing such natural control
methods with real prostheses.

IV. PROOF OF CONCEPT

Although Exp1 and Exp2 tested conditions with reduced in-
formation “as if” obtained from computer vision, the feasibility
of employing SMAP in a real-life setting remains to be estab-
lished. To do so, we used the robotic platform REACHY [28],
which has been recently upgraded to include stronger arm and
head actuators and enable teleoperation from an egocentric point
of view (cf Fig. 7 and Video 2). In this setup, a Zed Mini camera,
mounted on the head of the robot and connected to the VR
headset, enabled the user wearing the headset to control the
robot from an egocentric point of view.

Although determining the head position in the armroot ref-
erential is straightforward with a robot as its kinematic model
is known, we aimed to verify that the SMAP is effective in this
context whereby the hand position and orientation needed for the

algorithm genuinely come in the head referential from computer
vision.

One intact-limbs participant (male, aged 26, EHI 100), who
had prior experience with the robotic platform, was instructed to
control the robot to reach and grasp a block of five polyethylene
foam cylinders (r=1.8 cm, h=11 cm) placed on a wooden board
in various positions and orientations. The robot was controlled
by applying the participant’s arm joint configuration to its arm
(teleoperation). ArUco markers, placed on both the robot’s end
effector and the cylinders, combined with user gaze data, enabled
real-time and highly accurate object pose estimation.

The protocol included two phases: reaching at a natural pace
(Nat Pace) and Grasping on Convergence (GoC), with the latter
being recorded in Video 3. Visual feedback, presented as virtual
cylinders, was provided to the participant: the red cylinder, rep-
resenting the object detected by computer vision in the camera
referential, was transformed in the armroot referential without
and with the application of the SMAP prediction (the orange
and green cylinder, respectively). As the algorithm learned the
proper corrections, the green cylinder adapted its position toward
the actual object position.

In Nat Pace, the participant performed the task at his natural
pace whereas in the GoC, the participant executed the block
twice (B1 and B2) and was instructed to grasp the object only
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Fig. 7. Proof of Concept. Experimental setup (on the top) and algorithm’s loss
(on the bottom). Each subplot represents a target (a cylinder to grasp), while each
color represents a different phase or block repetition.

once the algorithm had converged (i.e., when he saw the virtual
green cylinder on the object). Indeed, we were not sure that
convergence would be achieved at a natural pace.

Fig. 7 shows the loss of the algorithm, computed as the
difference between the actual value of the head position in the
armroot referential and the output of the SMAP. As shown, the
SMAP algorithm effectively operates in real-world situations. It
requires some time to learn and memorize the necessary correc-
tions (GoC B1), as already established in the experiments in VR,
but once it has learned and memorized them, its performances
improve dramatically (GoC B2).

V. DISCUSSION

In this letter, we have presented and tested two methodologies
to perform the head-to-shoulder transformation required for
deploying in real-world settings our movement-based prosthesis
control [13]. Rather than relying on a kinematic model of the
biomechanically complex region encompassing the human spine
and shoulder girdle, which would demand extensive individual
calibration, we approached the problem as a black box by
learning its input-output relationship.

The first method, A2H, proved ineffective in resolving this
issue: the ANN, trained offline on a database of natural move-
ments by multiple participants, failed to encapsulate sufficiently
well the specificity of the user’s morphology, resulting in a mean
prediction error of 2 cm which was found to affect the prosthesis
control. The second method, SMAP, elicited much better results,

as it effectively encoded the transition from the head to the arm-
root associated with different targets in space. This bioinspired
spatial coding [19], [20], [21], [22], [23], [24], [25], [26] enabled
to capture online features specific to the user’s morphology, as
well as to the particular head, body, and arm postures employed
when reaching various targets in space. Although the learning
process required an adaptation period, subsequent performance
on already explored targets was comparable to the ideal scenario,
as observed from the twelve participants with intact limbs tested
in a condition of simulated amputation in Exp1.

While the combination of both methods yields favorable re-
sults, the second approach alone suffices for the task, as shown on
six participants with transhumeral limb loss in Exp2, eliminating
the need for unnecessary complexity in the control system.

In addition to the effectiveness of SMAP in performing the
required head-to-shoulder transformation in a VR environment,
we also provided a physical proof of concept in a simple
real-world scenario involving the teleoperation of the robotic
platform REACHY. Instead of being known by design as in
the VR system, the end effector information was gathered from
computer vision in this proof of concept. Although this brings
additional challenges associated with missing visual data, such
as when outside the field of vision or obstructed, the memory
associated with our spatial coding in SMAP proved robust to
such situations, ensuring continued smooth operation.

Combining the hand pose from vision and forward kine-
matics to compute the head position in the armroot refer-
ence frame bears similarities to self-observation methods used
for self-calibrating the parameters of the kinematic chain in
robotics [22], [33], [34]. Yet, instead of learning constant offsets
between consecutive frames as in the cited papers, SMAP learns
a 3D position that varies according to the user’s morphology and
the specific posture of the user’s arm, head, and upper body while
reaching for targets in space. Therefore, this variable is encoded
within a map of the peripersonal space, which enables accessing
it through the target the user gazes at and endeavors to grasp.

While our proof of concept has shown that using the SMAP is
feasible in a simplified real-world scenario, the lack of coupling
between the robotic device and the user remains a limitation of
this work. Overcoming this limitation necessitates a prosthetic
device compatible with testing our control system, featuring
five active joints–a capability currently absent in commercial
options.

In future directions, we also aim to evaluate the algorithm’s
effectiveness in settings closer to real-life scenarios, using eye-
tracking and robust computer vision to gather information about
the prosthetic hand and the target object. In addition to advances
in prosthesis control, the findings presented here also provide
insights into broader applications of the SMAP. These include
diverse scenarios involving reference frame transformations,
online adaptation, or camera misplacement, enabling corrections
in both position and orientation.

VI. VIDEOS

Video 1: https://youtu.be/IsEasynQHkk
A transhumeral amputee using PC ANN with SMAP.

https://youtu.be/IsEasynQHkk
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Video 2: https://youtu.be/7GQemjYP5rI
Reachy V2 teleoperated from an egocentric point of view.
Video 3: https://youtu.be/SQNKJrkQBXE
SMAP adaptation on Reachy.
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