2025 IEEE International Conference on Robotics and Automation (ICRA) | 979-8-3315-4139-2/25/$31.00 ©2025 IEEE | DOI: 10.1109/ICRA55743.2025.11127529

2025 IEEE International Conference on Robotics and Automation (ICRA)

May 19-23, 2025. Atlanta, USA

Continuous Wrist Control on the Hannes Prosthesis:
a Vision-based Shared Autonomy Framework

Federico Vasile, Elisa Maiettini, Giulia Pasquale, Nicoldo Boccardo and Lorenzo Natale

Abstract— Most control techniques for prosthetic grasping fo-
cus on dexterous fingers control, but overlook the wrist motion.
This forces the user to perform compensatory movements with
the elbow, shoulder and hip to adapt the wrist for grasping.
We propose a computer vision-based system that leverages the
collaboration between the user and an automatic system in a
shared autonomy framework, to perform continuous control of
the wrist degrees of freedom in a prosthetic arm, promoting
a more natural approach-to-grasp motion. Our pipeline allows
to seamlessly control the prosthetic wrist to follow the target
object and finally orient it for grasping according to the user
intent. We assess the effectiveness of each system component
through quantitative analysis and finally deploy our method
on the Hannes prosthetic arm. Code and videos: https:
//hsp-iit.github.io/hannes-wrist-control.

I. INTRODUCTION

Latest advancements in prosthetic technologies have made
significant steps toward restoring motor functions of am-
putees. However, achieving dexterous and intuitive control
of prosthetic hands is yet a challenging task, requiring to
meet the user intent with the complicated joints motion
needed for object grasping. Most commercial prostheses are
based on electromyography (EMG) or mechanomyography
(MMG), relating these input signals to the velocity of
the prosthesis motors [1]. When more than one degree-of-
freedom (DoFs) is available, the Sequential Switching and
Control (SSC) paradigm is used. In this case, only one
joint at a time is driven and the user gives an explicit
input signal to switch between the different DoFs, resulting
in a cumbersome control [2]. Therefore, relieving the user
from complex control input modalities is of high interest in
prosthetics. Exploiting the know-how from grasp synthesis
techniques in robotics [3] might be a possibility. However,
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Fig. 1: The phases of the prosthetic grasping pipeline.

they generally predict a set of grasp poses, then naively
select one (e.g., highest score) to be executed by the robot.
Instead, in prosthetics, the prediction must conform to the
user’s intent, i.e., how the user is approaching the object.
In view of this, the shared-autonomy (or shared-control)
principle has been introduced in the literature [4], relying on
the collaboration between the user and a semi-autonomous
system, generally exploiting additional sources of input such
as images or inertial measurements. However, previously
presented semi-autonomous systems [5], [6] do not consider
a continuous control for the prosthesis during the approach-
to-grasp action. Instead, we believe that in order to foster a
more natural grasping approach, the automatic system should
continuously drive the joints in compliance with the user
motion.

In this work, we introduce a novel eye-in-hand vision-
based shared autonomy system designed to continuously
control the wrist DoFs of a prosthetic arm. We present a pros-
thetic grasping pipeline based on three phases (see Fig. 1):
(i) first, while the user approaches the object, an automatic
system continuously control the prosthetic wrist to follow the
object in order to achieve a natural motion (transport phase);
(ii) then, as soon as the user triggers a signal, the system pre-
dicts the target object part and prepares the wrist accordingly
for grasping (rotation phase); (iii) finally, the control is left
to the user who will use the EMG signals to drive the fingers
opening-closing (grasping phase). Moreover, we propose an
object parts segmentation network, called DINOv2Det, that
exploits the powerful feature descriptors of DINOv2 [7],
together with the well-established Mask R-CNN [8] structure
for instance segmentation. We devised a tool to generate a
synthetic dataset for objects parts segmentation and a semi-
automatic pipeline to annotate existing prosthetic grasping
video sets. We used these for training and testing our vision
system. We tested each component of the proposed eye-in-
hand shared autonomy control pipeline with datasets and
simulation and, finally, we deployed it on the Hannes [9]
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arm to verify its effectiveness on a real prosthesis.

II. RELATED WORK

Prosthetic control. While the SSC paradigm is a well-
established control method, it prevents the direct control
of multiple DoFs simultaneously. A viable alternative and
active field of research is the EMG pattern recognition.
This aims to recognize repeatable and distinct features from
the EMG input signals and associate them to the hand
movements. However, bringing these techniques into the real
world is still a challenge due to robustness issues (e.g.,
electrode shift, muscle fatigue, etc.) [1]. Another possibility
is exploiting additional input sources. For instance, in [10],
the user aims at the target object with the prosthesis and
four laser scanner lines are used to estimate the object shape
and size. Then, the wrist orientation and grasp size are
automatically computed. In [11], instead, the information of
the hand-object pose during the approach-to-grasp action is
leveraged to predict the final wrist pose and pre-shape type.
However, the model needs the hand-object pose as input,
requiring a preliminary pose estimation. Other approaches
exploit the visual input from an eye-in-hand camera (i.e.,
a camera embedded into the prosthesis palm) as additional
information, showing promising results [5], [6], [12], [13].
For instance, in [13], an object detector is used to identify
the target object in the clutter and predict the grasp type.
Similarly, in [6], the embedded camera is used to take a
picture of the target object, classify it, retrieve the associated
grasp from a database and suggest it to the user. The database
is also exploited to select the best hand and wrist pre-
grasp trajectories for the approach. However, taking a picture
before grasping may hinder a smooth and natural approach to
grasp. Thus, in most of the systems for transradial amputees,
either the hand is not controlled during the movement or the
control is non-adaptive—meaning it relies on a one-shot de-
cision before grasping rather than continuous control during
the approach. Instead, we propose a control architecture for
transradial amputees that integrates visual servoing [14] for
continuous wrist control during the approach, enabling more
natural movement. Additionally, we segment the target object
into parts and utilize this finer information to predict the final
wrist configuration for grasping.

Object parts segmentation. Segmenting the object into parts
for prosthetic grasping might resemble the affordance detec-
tion problem as both computer vision tasks aim at identifying
the different parts of an object and the human actions (or
grasp types) associated to them. However, they are substan-
tially different and this limits the adoption of affordance
detection systems for prosthetic grasping. Specifically, the
affordance detection task is typically framed with a coarse
labeling [15], [16] using, e.g., only the class grasp, while, in
prosthetics, specific grasp types are required. Furthermore,
available image datasets are mostly taken from egocentric
or external cameras while the eye-in-hand configuration is
preferable in prosthetics [5]. Finally, the affordance recogni-
tion is generally framed as an object detection followed by a
semantic segmentation of the affordances within the bound-

ing box [17]. Instead, in prosthetic grasping, it is fundamental
to identify the different parts of an object sharing the same
affordance label as distinct instances. Therefore, in this work,
we frame the task as an instance segmentation since we need
to consider all object parts as separate instances and select
one of them to obtain the final wrist configuration. Finally,
to overcome the aforementioned limitations of affordance
detection datasets, we devise a semi-automatic procedure to
obtain ground truth masks for a video dataset from prior
work [5] and we propose a synthetic dataset generation tool.
We use this data for training and testing the models.

III. CONTROL ARCHITECTURE

We propose an eye-in-hand vision-based pipeline to con-
trol the wrist of a prosthetic hand using a camera embedded
into the palm. The framework is presented in Sec. III-A, and
its components are detailed in Sec. III-B and Sec. III-C.

A. Shared-autonomy prosthetic grasping

A reach-to-grasp task can be split into three differ-
ent phases: transport, rotation and grasping (or manipula-
tion) [18]. During the transport stage, the user moves the
hand toward the target object. Right before the hand closure,
the wrist should be aligned according to the object part
to grasp (rotation step). Finally, in the grasping phase, the
fingers close around the object.

The proposed work aims to closely follow the above
phases in order to enable a natural grasping approach. We
delegate the transport and rotation phases to an automatic
vision system while leaving only the final action (i.e.,
grasping phase) to the user, thus reducing the cognitive
load. Specifically, throughout the transport phase, given an
input image, an object parts segmentation network locates
the object, then a visual servoing control scheme drives the
wrist to keep the object in the image center. As a result, the
wrist is continuously adjusted in accordance with the user’s
movements around the object. However, it might end up in a
suboptimal configuration for grasping. Therefore, when the
user triggers the rotation phase through an explicit EMG
signal, the visual servoing stops running and the wrist is
instantaneously configured for grasping using a prediction
based on object parts. Moreover, note that since the visual
servoing kept the object in the field of vision, an optimal
view is ensured, resulting in better grasp prediction. Finally,
the control is left to the user who uses the EMG signals to
drive the fingers opening and closing to grasp the object
(i.e., grasping phase). We refer to Fig. 1 for a detailed
illustration. The presented framework, based on a shared-
autonomy paradigm, relieves the user from complex mode
switching and control of multiple DoFs.

B. Visual servoing control

In this section, we first revise the traditional visual ser-
voing control. Then, we discuss how the prosthetic setting
differs from the standard robotic setup. We leverage such
argument in Sec. V-B to design an ad hoc control method
for the Hannes [9] prosthetic arm.
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Fig. 2: The natural wrist motion (a-b) and a non-natural
motion (c) as the user drives the arm around the object.

Visual servoing background. A classical visual servoing
control system minimizes the error function e(t) = s(t) —s*,
being s(¢) and s* the current and target visual features,
respectively. We design a velocity controller in the joint
space [19] for an eye-in-hand system. Hence, the control
law is:

q=—A(Ls Ve Te(q)) " (s(t) —s7) (D

where q € R™ encodes the position for n robot joints,
¢J.(q) € R5*™ is the robot Jacobian expressed in the end-
effector frame, °V, € R%6 is the spatial motion transform
matrix [14] to transform velocities from the end effector to
the camera frame, L, € R**% is the interaction matrix [14],
L™ is the Moore-Penrose pseudo-inverse of a matrix L and
A is the visual servoing gain. The features s(t), s* and the
interaction matrix Ls depend on the chosen visual servo
scheme. We adopt the Image Based Visual Servoing (IBVS)
due to its robustness under imprecise measurements [14],
[20]. Finally, given an input image, the IBVS will iteratively
drive the robot joints q to align the current feature to the
target. We refer to this scheme as standard IBVS (s-IBVS).

Visual servoing for prosthesis control. While in a classical
scenario the robot base is fixed and the control system drives
the joints to bring the end-effector to the target, here the
user moves the prosthetic hand while the robot joints (i.e.,
the prosthesis wrist) should perform compensatory motions
to keep the object in the field of view. In such condition,
given the strict coupling between the user movements and
the control scheme, it is crucial to generate joint motions
that are compliant with the user intentions (see Fig. 2a-
b). In this regard, as we will discuss in Sec. V-B, the s-
IBVS might generate non-natural trajectories (see Fig. 2c).
This is mitigated by applying a similar idea to Partitioned
IBVS [20]: being 5 the robot joint causing these trajectories,
we remove it from s-IBVS and apply a separate control
law for it. The objective is to obtain a natural motion
while ensuring convergence. Thus, for this joint, a simple
proportional control can be applied. The details are specified
in Sec. V-B as they depend on the desired motion. Instead,
the other joints are still controlled using the s-IBVS, thus
q € R" ! and ¢J.(q) € R®*(™=1) in Eq. (1). We call this
method proportional and partitioned IBVS (pp-IBVS).

C. Object parts segmentation

We use the information of the object location in the
image in two parts of the pipeline presented in Sec. VI.
Firstly, we use the object mask centroid as input for the
visual servoing during the transport phase. In addition, the
segmented object parts are used to predict the final wrist
configuration during the rotation phase. Each object part
is considered as a different instance and labeled with a
grasp type (or no grasp for non-graspable parts). Thereby,
we propose to use an instance segmentation network. We
remark that, differently from related work [6], the object
parts are segmented based on the grasp types. We do not
inject any object-specific information into our model as we
strive for an object-agnostic pipeline by design. Even though
the generalization to novel objects is not the focus of this
work, we believe that an object-agnostic model would serve
as a basis for such generalization, facilitating future research.
DINOv2Det. For the proposed vision system, we leverage
the recently introduced DINOv2 [7] foundation model as a
general-purpose backbone. Since DINOV2 is a Vision Trans-
former (ViT) [21], it is not directly applicable for the instance
segmentation task. Nevertheless, [22] proposed ViTDet, a
network based on Mask R-CNN [8] structure but with a ViT
as backbone. In addition, as opposed to the well-established
Feature Pyramid solution, ViTDet only uses the last feature
map of ViT to produce multi-scale feature maps. Then, the
pipeline follows the standard Mask R-CNN: the multi-scale
feature maps are used as input for the Region Proposal
Network (RPN) and the Region of Interest (Rol) heads.
The architecture obtains remarkable results when ViT is pre-
trained in a self-supervised fashion. These findings support
the strategy of using pre-trained ViTs as general purpose
backbones, with minimal adaptation for the downstream
tasks. Therefore, we push this idea forward by replacing
the original ViT backbone of ViTDet with DINOv2. We
refer to this novel architecture as DINOv2Det. Notice that
despite DINOvV2 features have shown great capabilities in
clustering semantic parts (e.g., differentiate between the legs
and the body of an animal) [7], our object parts do not
necessarily have such distinction. Indeed, in some cases, no
exact boundaries in terms of object shape or texture can be
drawn (e.g., see the 010_banana in Fig. 3). We discuss it
in details in Sec. V-C.

IV. DATASETS

In the considered grasping task, the prosthetic hand might
approach the object from any direction. Adopting an eye-
in-hand configuration, this means that the object parts seg-
mentation model should work well from all the object view-
points. However, collecting and labelling a dataset with such
characteristic is a tedious procedure. Therefore, motivated by
recent works on bridging the sim-to-real gap [5], we aim to
train the models on a synthetic dataset and evaluate them
on a real dataset. Given the similarity with the task and
setting, in this work, we adopt the real dataset from [5] but
with significant modifications. Firstly, while in [5] the grasp
type labels are defined in terms of the fingers configuration
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Fig. 3: The 15 YCB objects with labeled object parts. The red
and green masks encode the top and side grasps, respectively.
The non-highlighted object parts are labeled as no grasp.

for grasping (e.g., pinch grasp), in this work, we consider
the wrist configurations (i.e., top grasp and side grasp).
Therefore, we convert every object part label considered
in [5] from the fingers to the wrist configuration (e.g., the
power grasps of the 006_mustard_bottle are converted
to side grasps). Secondly, in [5] the label is assigned to
an entire video, while for this study we consider a per-
frame instance segmentation task. Thus, masks labels are
required. In the following sections, we describe how we adapt
the prosthetic dataset, namely the iHannes dataset, collected
in [5], to the task at hand and the generation process of the
synthetic dataset used for training the vision models.

A. Real dataset annotation

The iHannes dataset consists of RGB-D videos of
approaching-to-grasp actions for 15 YCB objects [23]. Since
no ground-truth masks are available, in this work, we devise
an efficient way to obtain them. Despite the emerging avail-
ability of semi-automatic mask annotation tools, the masks
of the considered object parts may not have clear boundaries
(e.g., a mask boundary is not necessarily aligned with
the edges of the object’s texture), resulting in error-prone
manual labeling (i.e., incoherent parts boundaries between
images). Therefore, we conceived a two step approach: (i)
we manually partition the 3D mesh of all the 15 considered
objects into graspable parts and assign the correspondent
grasp type to each of them (see Fig. 3); then, (ii) for every
image, the pose of the object (o) with respect to the camera
(c), i.e. T, € SE(3), is used to project the object mesh
onto the image plane in order to obtain the exact masks of
the object parts. However, T, is unknown and needs to be
computed for every image.

In the iHannes RGB-D videos, the target object position
is fixed and the camera is moving toward it. Consequently,
while the camera-to-object pose needs to be directly esti-
mated for the first frame (T ,), for any subsequent frame
k, the relative camera displacement from frame 1 to k
(T o) is sufficient to obtain T« ,,. For instance, let T 1 .2
denote the camera pose from the first to the second frame
(i.e., camera displacement) and T2 , the camera-to-object
pose for the second frame. T., can be computed as
Te, = Tc’f’cz T ,. In general, being Tx-1 o« the camera
displacement from frame k — 1 to k, we first derive the
camera displacement from frame 1 to frame k as T .» =

1) oo 5 then Ter, = T' T, is obtained.
Hence, T¢1 , and T, ;i+1 are needed for every video.

In practice, we run a state-of-the-art object pose estima-
tor [24] on the first frame of the video to obtain a coarse
estimate of Ty , and we manually refine it to be used as
ground truth. Then, the camera displacement for subsequent
frames ([Tci’ciﬁ»l]?:_ll) is estimated using [25]. We applied
this two-step procedure rather than directly estimating T': ,
for every frame ¢ using [24] since its predictions can be noisy
(e.g., if the object is scarcely visible). Instead, estimation of
the camera displacement [25] allows to use features from
the surrounding environment. We used this procedure on the
Same person subset [5] of the iHannes dataset, resulting
in 311 videos labeled with the camera-to-object pose for
every frame (T.: ,). However, some frames were discarded
because the blur caused a too noisy estimate of Ti ci+1.
Overall, 14692 frames were labeled with the T.: , pose.
Finally, note that in some cases it was not possible to
initialize T , using [24], since the pre-trained weights do
not include a few objects used in the iHannes dataset. For
those cases, the initialization of T's1 , was done by manually
aligning the object mesh with the object in the point cloud.

B. Synthetic dataset generation

While the iHannes set is composed of real grasping videos
and is used for testing the proposed prosthetic vision system,
a training set comprised of images and mask labels is also
required. Morever, it should meet the main requirement of
the eye-in-hand configuration, i.e., the variability of object
viewpoints. Thus, we design a dataset generation tool.

We import the partitioned meshes of the 15 YCB objects,
introduced in the previous section, in the Unity engine. The
data generation pipeline works as follows: (i) one object
at a time is considered in the indoor tabletop scene; (ii)
we uniformly sample 400 points on the surface of a upper
hemisphere centered on the 3D centroid of the object; (iii)
the simulated camera is placed on each of these points,
look at the object and capture an image. We use the Unity
High Definition Render Pipeline (HDRP) to obtain photo-
realistic images and the Perception package to collect the
ground-truth masks of the object parts. In addition, we apply
domain randomization to various extent: (i) we randomize
the background, light condition, table and position of the
object; (ii) we use hemispheres of radius in the range from
0.2 to 1 meter by applying stratified sampling, i.e., the range
is divided into 6 bins and then uniformly sample values
within each bin; (iii) we apply random rotations (between
0 and 90 degrees) about the camera optical axis and make
the camera look at a random point on the object. In summary,
400 points are sampled for each radius bin, resulting in
2400 images per object. This dataset is used for training
the vision model. Moreover, one further dataset with slight
modifications is generated for model validation. Specifically,
for this, 100 points are sampled on the surface of the same
hemisphere. In this case, the background and light condition
are not randomized but we use a completely different scene,
representing an outdoor environment with sunlight.

15110

Authorized licensed use limited to: IIT - Istituto Italiano di Tecnologia. Downloaded on April 23,2026 at 08:13:20 UTC from IEEE Xplore. Restrictions apply.



s-IBVS pp-IBVS

é

@ initial pos.

* target pos.
WFE conf.: 10° FL ( T

— WFE conf.: 20° EX =
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V. EXPERIMENTS
A. The Hannes prosthetic device

We test the proposed methods on the Hannes arm [9], con-
sidering the setup for a right arm transradial amputation [26].
It has three DoFs: wrist flexion-extension (WFE), wrist
pronation-supination (WPS) and fingers opening-closing
(FOC). The WFE and WPS are revolute joints that are
orthogonal and intersect at a common point (see Fig. 4c). The
FOC is a single DoF being the fingers actuated all together
using one motor. Moreover, a tiny RGB camera is embedded
into the prosthesis palm. It points downward with an angle
6 = 16° with respect to the WPS rotational axis.

B. Visual servoing simulation

Setup. The virtual Hannes [27] is imported into Unity to
evaluate the visual servoing schemes in simulation. The aim
is to control the WFE and WPS to bring the object at the
image center. The IBVS represents the features as image
plane coordinates, thus, we use the ground truth object mask
from simulation and select the mask centroid as the current
feature s(t), while the image center is the target s*. Hereafter,
we firstly present an example highlighting the limitation
of the s-IBVS and, then, how the pp-IBVS overcomes it.
Finally, we provide a quantitative comparison.

Standard IBVS (s-IBVS). This controls both the WFE and
WPS using Eq. (1). Our objective is to analyze the travelled
trajectories in two scenarios having the same hand-object
pose (hence same initial input image) but different initial
WEFE configurations (i.e., 10° flexion and 20° extesion). We
run the control scheme while keeping the arm fixed in space
and analyze the wrist motion. As shown in Fig. 4a, the
s-IBVS demands two completely distinct trajectories. The
green-line trajectory is considered natural since the wrist
rotates inward, i.e., the normal to the palm point toward the
object (as in Fig. 2a). Instead, the red-line trajectory is non-
natural as the wrist rotates outward (similarly to Fig. 2c).
This is due to the different WFE initial configuration. Indeed,
as the WFE rotates, the angle 6 between the WPS rotational
axis and the camera optical axis varies. In addition, when the
WPS rotates, any point on the image plane translates both
vertically and horizontally following a circular path governed
by 6. Therefore, there exist initial values of 6 such that, in
the first optimization step, a WPS outward rotation has the
lowest error toward the target, eventually leading to a non-
natural trajectory.

TABLE I: Quantitative Results for s-IBVS and pp-IBVS

Method Convergence time (iter.)  Natural configuration (succ.)
s-IBVS 213.5+124.9 13/20
pp-IBVS 361.7 = 70.5 20/20

Proportional and Partitioned IBVS (pp-IBVS). The s-
IBVS controls both the WFE and WPS using Eq. (1),
however, the WPS joint causes non-natural trajectories. Con-
sequently, we control only the WFE using Eq. (1) and
apply a proportional control law for the WPS: ¢,,s =
SigN Awps |€wps|, being Ayps the proportional gain. Then, at
each timestep, we set sign to either +1 or -1 depending on
whether the object mask centroid is to the left or right of the
image center and e,,s = . — T, (i.e., the horizontal offset
between the object mask centroid and the image center).
This way, the direction of the WPS rotation only depends
on the hand-object relative positioning. As a result, a WPS
inward rotation is always executed (see Fig. 4b), resulting in
a natural wrist motion (as in Fig. 2a).

s-IBVS vs. pp-IBVS. We aim to quantitatively assess the
convergence time and naturalness of the final configuration
through experiments in simulation. We sample 20 points
on the surface of a upper hemisphere centered on the
006.mustard-bottle. We place the hand on each point
and randomly orient the wrist (i.e., the WFE and WPS) such
that the object is in view. We run the control schemes and
analyze both the convergence time (i.e, iterations required
to converge) and the naturalness of final configuration (i.e.,
successful if the normal to the palm points toward the object).
As shown in Tab. I, the convergence time for pp-IBVS is
slightly higher, this is expected since two different control
laws are used for WPS and WFE, though the naturalness of
WPS is ensured by design thanks to the ad hoc control law.
Instead, since s-IBVS controls both WPS and WFE using
Eq. 1, the shortest path toward the target is ensured. However,
this may result in non-natural wrist configurations.

C. Object parts segmentation

The proposed DINOv2Det network is compared with
Mask R-CNN [8] and ViTDet [22]. For the backbone, we
use the smallest DINOv2 model size available, for a fast
inference. Instead, Mask R-CNN and ViTDet are based on a
ResNet-50 FPN [28] and a ViT-Base, respectively. The input
image size is 640x480px but this is not suitable for DINOv2
since it uses a patch size of 14. Hence, we interpolate
the pre-trained weights of the patch embedding filters from
14x14x3 to 16x16x3. We rely on the Detectron2 framework
to implement DINOv2Det and to train our models. Mask R-
CNN and ViTDet are initialized with the weights provided
within the framework. ViTDet is fine-tuned end-to-end while
in Mask R-CNN the first two stages of the ResNet-50 are
freezed. Regarding DINOv2Det, we first trained from scratch
the RPN and Rol heads while keeping DINOv2 (i.e., the
backbone) freezed, then fine-tuned the whole network. Each
model is trained on the synthetic dataset for 22500 iterations
and we validate it every 1125 iterations on the synthetic

15111

Authorized licensed use limited to: IIT - Istituto Italiano di Tecnologia. Downloaded on April 23,2026 at 08:13:20 UTC from IEEE Xplore. Restrictions apply.



TABLE II: Bounding Box and Segmentation Results on the Synthetic and Real Sets

Bounding box Mask
Method Hemisphere val. set iHannes test set Hemisphere val. set iHannes test set Inf. time (ms)
AP AP50 AP75 | AP APso  APrs AP AP50 AP75 | AP APso  APrs
Mask R-CNN [8] 76.2 949 85.1 | 377 6838 38.0 | 67.0 904 75.8 | 23.1 50.6 18.0 41.0
ViTDet [22] 733 96.0 829 | 437 787 436 | 641 913 72.6 | 29.1 62.0 24.0 128.2
DINOv2Det (Ours) 76.1  95.6 85.2 | 55.7 914 60.7 | 669 917 752 | 369 73.8 329 54.6

TABLE III: Texture Generalization Results When Training on Random Textures and Testing on Unseen Textures

Bounding box Mask
Method Hemisphere val. set iHannes test set Hemisphere val. set iHannes test set Inf. time (ms)
AP AP50 AP75 | AP APso  APrs AP AP50 AP75 | AP APso  APrs
Mask R-CNN [8] 62.0 87.0 69.6 | 19.1 38.1 17.0 | 509 783 552 | 11.7 285 7.5 41.0
ViTDet [22] 65.0 923 72.8 | 344 69.3 30.2 | 549 86.1 59.2 | 200 49.0 13.1 128.2
DINOv2Det (Ours) 70.1  93.2 79.2 | 531 89.0 573 | 60.5 88.7 67.4 | 349 70.7 29.9 54.6

validation set presented in Sec. IV-B. When the training
ends, the best performing checkpoint is evaluated on the
iHannes test set. To assess models performance, we consider
the Average Precision (AP) of both the masks and bounding
boxes, computed at different Intersection over Union (IoU) of
the ground truth with the prediction. Specifically, we use the
APs5g and AP75 with IoU set to 50 and 75, respectively, and
the standard COCO AP obtained by averaging the AP over
multiple IoUs. The results and the inference time are shown
in Tab. II. Interestingly, Mask R-CNN and DINOv2Det
obtain comparable performance on the synthetic validation
set. However, DINOv2Det achieves higher results on the
iHannes test set (+18.0 on the bounding box AP and +13.8
on the Mask AP), proving the effectiveness of adopting
DINOV?2 features for instance segmentation in zero-shot sim-
to-real transfer. The cross-dataset generalization capability of
self-supervised features is further confirmed by comparing
Mask R-CNN with ViTDet. Indeed, while the former can
better fit the training data, the latter retains more general
features, resulting in higher performance when moving from
the synthetic to the real domain. Finally, we show the APs5q
and AP75 to highlight that the models are generally able to
coarsely identify the object parts in the image (e.g., 73.8 for
the Mask AP5y of DINOv2Det). The main challenge is to
precisely draw the mask of the object part, which for some
objects is ambiguous since no clear object part boundaries
exist, resulting in a performance drop (e.g, from 73.8 for the
Mask AP5q to 32.9 for the Mask AP75 of DINOv2Det).

Texture generalization. We conduct an exploratory study on
the generalization to unseen textures for each vision model.
For this, we generate a synthetic training set following the
procedure in Sec. IV-B, but applying random textures to
objects. Prior to each capture, a texture is uniformly sampled
from a set of 15 pre-defined textures and applied to the
current object. We trained the models on this dataset and
evaluate on the same synthetic validation set and iHannes
test set as the previous experiment (i.e., where the objects
have their original texture). As shown in Tab. III, DINOv2Det
exhibits strong generalization to the original (unseen) tex-
tures, reporting only a slight drop, i.e., from 36.9 to 34.9 for

the Mask AP. This suggests that our model uses the object’s
shape instead of the texture to classify the parts. We believe
this characteristic to be crucial for future works targeting
generalization to unseen objects.

VI. APPLICATION ON THE HANNES PROSTHESIS

We deploy the proposed wrist control pipeline on the
Hannes prosthesis. This arm is equipped with two EMG
electrodes placed on the forearm flexor and extensor muscles
of the user. These are used to trigger the rotation phase and
to control the fingers opening-closing during the grasping
phase. Moreover, the pipeline automatically starts/ends when
the user brings the prosthetic arm up/down. An Inertial
Measurement Unit (IMU) is used to detect such motion.

The pipeline runs at 15 Hz on a laptop equipped with
a NVIDIA RTX 3080. The supplementary video shows a
qualitative comparison between the SSC baseline and the
proposed vision-based control. Note that during the transport
phase, we do not run the visual servoing on an object part
mask since it would bias the approach. Instead, we use the
full object mask. This is obtained by merging the neighboring
masks into a single mask, then the closest one to the image
center is selected. Subsequently, in the rotation phase, the
closest object part mask to the image center is selected and
its label is used to rotate the wrist accordingly.

VII. CONCLUSIONS

In this work, we addressed the challenge of controlling
the wrist of a prosthetic arm during a reach-to-grasp task.
Leveraging the shared-autonomy principle, we introduced
a novel computer vision-based framework focused on a
continuous wrist control followed by predicting the final
wrist configuration for grasping. The system has the potential
to reduce both the compensatory body movements and the
cognitive burden on the user. Such characteristics can be
quantified using a motion capture system and fatigue mea-
sures such as the pupil dilation. We leave this for future work
by testing our system with amputees.
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