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Abstract— The control of high degree of freedom prosthetic
hands requires high cognitive effort and has proven difficult
to navigate particularly as prosthetic hands become more
advanced. To reduce control complexity, vision-based shared
control methods have been proposed. Such methods rely on
image processing and/or machine learning to identify object
features and classes and introduce a level of autonomy to the
grasping process. However, currently available image datasets
lack focus in the area of prosthetic grasping. Thus, in this paper,
we present a new dataset capturing user interactions with a
wide variety of everyday life objects using a fully actuated,
human-like robot hand and an onboard camera. The dataset
includes videos of over 100 grasps of 50 objects from 35 classes.
A video analysis has been conducted, using established grasp
taxonomies to compile a list of grasp types based on interactions
of the user with the objects. The resulting dataset can be used to
develop more efficient prosthetic hand operation systems based
on shared control frameworks.

I. INTRODUCTION

The evolution of prosthetic technology and robotic grasp-
ing has led to the development of electromechanical an-
thropomorphic hands that outperform their predecessors in
terms of dexterity, aesthetics, and grasping capabilities. How-
ever, complex anthropomorphic prosthetic hands, such as
the i-LIMB [1] and the Michelangelo hand [2] often are
complex to control due to their many degrees of freedom.
Additionally, users need to put more cognitive effort into
the operation of such complex devices. To achieve a more
simplified control of dexterous prostheses, shared control
schemes can be employed [3].

Vision-based approaches, alongside muscle machine in-
terfacing methods such as electromyography (EMG) based
control, have thus been proposed to introduce a level of
autonomy and improve prosthetic control systems. In such
scenarios, a human operator is assisted by intelligent control
systems that partially handle task execution and simplify the
operation of the device [4]. Such shared control systems
can use vision to estimate the size and shape of the object
and thus select an object-specific grasp [5], [6]. Others have
used machine learning methods to determine the object class
and trigger appropriate grasp selection [7]. By reducing
unnecessary user input to a prosthesis and lowering user
effort, prosthetic acceptance can be improved [8], [9].
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Fig. 1. The prosthetic device used and the camera views. Subfig. a) shows
the developed humanlike prosthetic device, b) shows the view from the
perspective of the hand while the user is approaching the object, and finally
c¢) the view from the onboard camera when the object is securely grasped.

In our previous work, an affordances-based approach com-
bined with myoelectric decoding for the control of a robotic
hand was proposed [10]. This framework employed an object
detection model pre-trained on the COCO dataset [11]. The
COCO dataset contains a wide variety of 91 object classes.
However, for vision-based systems implemented for pros-
thetic hand control, many of these classes are not necessary
(e.g., airplane, horse, bus). Additionally, as the hand gets
closer to the object, the image seen from the hand is often
much different from the images of objects and that the COCO
dataset provides, which can lead to misclassification.

Other researchers have created image/video datasets that
are more suited to grasping. In [12], RBG-D data was
collected from a camera attached to the user’s arms as they
performed tasks such as food preparation and housekeeping.
This is not practical for prosthetic use as such hands often
have limitations and cannot perform activities with the same
dexterity as the human hand. In [13], the authors created
a dataset with prosthetic applications in mind. Similarly,
RGB-D data was collected from a camera attached to the
user’s forearm while limiting the variation in grasp types for
better grasp transferring to prosthetic hands. In [14], authors
developed a classification model for a vision-based shared
control scheme, in which they created their own private
dataset with thirteen objects from the YCB object set [15].
However, there is no publicly available dataset containing
videos focusing on grasping of different everyday life objects
with a prosthetic device (from the field of view of the
prosthetic device).
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Fig. 2.

In this paper, we present a dataset created to support grasp-
ing and manipulation applications using prosthetic devices.
The dataset comprises videos of users grasping different
objects using a prosthetic interface built to operate a hu-
manlike prosthetic hand [16] that is shown in Fig. 1. The
videos have been captured from the perspective of the hand
using an onboard camera attached to the prosthetic device.
The onboard camera provides information on the grasped
object during all stages of the grasping process. The video
recordings have been analyzed, and a set of grasp types has
been extracted for each object based on a comprehensive
grasp taxonomy, representing a list of all the possible grasps
for each object examined. Furthermore, the analysis includes
the identification of the most frequently employed grasps
for each class of objects. This dataset can be used for
training robust object detection models employed to be used
from the perspective of the prosthetic hand. The dataset can
help develop shared control frameworks for the operation
of prosthetic hands, providing extra information for the user
or control module, leading to an easier and more efficient
deployment of such interfaces.

II. METHODS

The data collection involves the acquisition of grasping
data that is composed of video data from an onboard camera
and the motor states from a prosthetic device. After collection
of the data, the videos are annotated. These video annota-
tions, along with the motor states, are used to establish a list
of grasp types for each object class.

A. Prosthetic Device Design and Control

In this work, we modified one of our prosthetic hands,
the OpenBionics robot hand [16]. The OpenBionics hand
is an adaptive, humanlike robot hand. The previous hand
version used three motors to control the fingers: one for
finger flexion/extension, one for thumb flexion/extension, and
one for abduction/adduction. To achieve individual control of
all fingers, three extra Dynamixel XM430-W350-R motors

Set of objects grasped by the prosthetic device. The dataset consists of videos recorded using the onboard camera while the operator uses them.

were added to perform finger flexion/extension for the index,
middle, and ring fingers. A hand base was specially designed
to fit the extra motors. The base was made to be attached
to the interfaces presented in [17]. In addition to accom-
modating the extra motors, this interface includes joysticks
and an adapter to connect the base to a wrist brace worn by
the user. The user can control the connected prosthetic hand
by operating the control interfaces. Furthermore, a Logitech
BRIO camera was attached to the interface so as to record
video during the execution of the grasping tasks, resulting in
a video dataset of objects and grasps from the perspective of
the hand. The prosthetic device can be seen in Fig. 1a).

B. Data Acquisition

A user was asked to grasp different objects found in
everyday life using the prosthetic device in all the logical and
feasible ways they could, while having the Cutkosky’s grasp
taxonomy [18] as a reference (with the exception of grasps
employing an adducted thumb, due to grasping limitations
of the prosthetic hand). The video data from the onboard
camera was recorded throughout the experiments at a rate of
27 fps, and the data was synchronized with the recordings of
all motor states, sampled at 10 fps, and saved to a .csv file
with timestamps. Synchronization and recording of all data
is implemented in the Robot Operating System (ROS) [19].

C. Establishing Grasp Types

Based on the data acquired, a list of grasp types is
obtained. For this paper, the goal is to determine a list of
possible grasps that the user can employ to securely handle
a determined object. To achieve this goal, a human annotator
was employed to analyze the videos. For each time step, the
annotator selects the object type that is being grasped and
the grasp type that is employed, as defined by the previously
chosen grasp taxonomy [18]. Through the camera videos and
the identification of the motor states, a list of all grasp types
employed for each object class was retrieved.



TABLE I
OBJECTS USED AND EMPLOYED GRASP TYPES. OBJECTS ARE CLASSIFIED AS BLUE - SMALL, GREEN - MEDIUM SIZED, AND YELLOW - LARGE.

OBJECTS ARE SORTED FROM SMALLEST TO LARGEST.

Object Grasp type
Large Small |[Medium| Thumb- | Thumb-|Thumb-| Thumb- Disk | Sphere Disk Sphere Tripod
Diameter | Diameter| Wrap (4 Finger|3 Finger|2 Finger|Index Finger|(Power)|(Power)|(Precision)|(Precision) PO
Glasses2 v v 4 v
Pen I v/ v
Glasses] || v v v/ v/
Watch || v
Bucket ] v
Toothbrush || v
Battery || v v
Marker2 || v v v v
Jug I v
Fork I v v v
Markerl || v v v v
Spatula || v
Dustpan | v
Hairbrush ] v
Marble ]| v
Wallet v 4 v
Screwdriverl | v v
Screwdriver2 | v v
Headphone || v v
Cleaning brush|]| v
Ball3 I v v
Bottle3 || v
Shaker || v v
Drilll I v
Umbrella || v v
Plier I v v
Bath toy || v v
Drill2 I v
Spray bottle2 || v
Spray bottlel || v
Mousel || v v v
Mouse2 || v v v
Food box v v
Bottle2 || v v
Balll [l v v v
Can I v
Pencil case2 || v 4 v
Clamp || v v
Jar I v v
Pencil casel || v v
Ball2 Il v v
Cupl I v v
Bottlel | v v/ v
Sponge || v v v v v
Socks I v
Cup3 I v v
Container [| v v
Cup2 I v v
Tapel I v v v
Tape2 I v v v

III. EXPERIMENTS AND RESULTS

The experiments consisted of the user grasping a total of
50 objects from 35 different object classes, shown in Fig. 2
and listed in Table I. The final video dataset consists of more
than 48 minutes of video recordings, where more than 100
grasps were captured from the perspective of the hand using
the onboard camera. The dataset zip file can be found at:

http://www.newdexterity.org/everydaygraspdataset

The dataset .zip file consists of two separate folders, one
containing the videos for each object and one containing the
.csv files with the motor states and the grasp type employed
by the user for each timestamp. More information can be
found in the readme.txt file in the dataset folder.

From this dataset, a human annotator classified each grasp
used by the user for each timestamp of the video. As
explained in Section II, the list of possible grasps for each
object is derived. The list of grasp types is shown in Table I.
In this table, the objects are also sorted based on their
smallest dimension, which is usually where the user grasps
the object. Dimensions from 0 to 25 mm were grouped as

small, 25 mm to 60 mm were grouped as medium, and 60
mm or higher were grouped as large objects. Some grasp
types, such as disk (precision) and large wrap become more
prevalent as the object size increases.

For most objects, more than one grasp type is achievable
using the prosthetic device; however, a prosthetic device will
likely not be able to achieve as many grasps as the human
hand. Moreover, different prosthetic hands will have different
capabilities. Still, a variety of precision and power grasps
were performed, resulting in 12 grasp types employed by
the user using the prosthetic device. From Table I it can
be seen that for some objects within the same class (e.g.,
bottles), a different set of grasps is employed. This suggests
that grouping such objects in the same class might make
sense in the context of using the video dataset for training
object detection models, but in terms of grasping strategy
needed they need to be treated differently.

Fig. 3 shows the occurrences of the grasp types employed
during data collection. It can be noticed that the most
employed grasp for this dataset was the medium wrap, as
many objects presented radial symmetry (mostly due to the
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Fig. 3. Occurrence of each grasp type. The radar plot shows the number
of times each grasp type is employed to grasp the objects during the
experiments. Power grasps are mostly employed when the user requires
a grasp that provides more security and stability, whereas precision grasps
are employed when an emphasis on dexterity and sensibility is needed.

presence of handles that facilitate the grasping). However,
when all the grasp types are grouped into power and preci-
sion grasps, Fig. 3 makes it clear that more precision grasps
were used. This can be explained by the fact that several
objects presented a small geometry, especially relative to the
size of a prosthetic hand, which is bulkier compared to the
human hand. Of course, the variety of precision and power
grasps employed by the user demonstrates the dexterity and
grasping capabilities of the examined prosthetic device, and
the radar plot will be different for different prosthetic hands.

IV. CONCLUSION

This paper introduces a new open-access dataset designed
to contribute to the development of prosthetic device shared
control frameworks. The dataset features videos capturing
user interactions with various objects through a wearable
interface, employing a humanlike prosthetic hand. In total,
50 objects of 35 different classes were grasped resulting
in a comprehensive video dataset capturing more than 100
grasps from the perspective of the hand. The subsequent
analysis of the video recordings resulted in the extraction
of a comprehensive set of grasps derived from well known
grasp taxonomy that delineates all possible grasps. Addi-
tionally, objects were grouped into sizes to find correlation
between object size and grasps employed. While the video
dataset can improve computer vision algorithms applied in
prosthetic control, the grasp type list can be used, similarly
as in our previous work [10], in the development of shared
control frameworks, thereby facilitating a smoother and
more efficient deployment of prosthetic operation schemes.
In future works, this dataset may be used to train object
detection models, such as YOLO [20], which can then be
deployed in a shared control scheme with the same or other
prosthetic hands. Additionally, the dataset can be expanded
to encompass more objects, involving more annotators.
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