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Abstract— This study addresses the critical need for diverse
and comprehensive data focused on human arm joint torques
while performing activities of daily living (ADL). Previous
studies have often overlooked the influence of objects on joint
torques during ADL, resulting in limited datasets for analysis.
To address this gap, we propose an Object Augmentation
Algorithm (OAA) capable of augmenting existing marker-
based databases with virtual object motions and object-induced
joint torque estimations. The OAA consists of five phases:
(1) computing hand coordinate systems from optical markers,
(2) characterising object movements with virtual markers, (3)
calculating object motions through inverse kinematics (IK),
(4) determining the wrench necessary for prescribed object
motion using inverse dynamics (ID), and (5) computing joint
torques resulting from object manipulation. The algorithm’s
accuracy is validated through trajectory tracking and torque
analysis on a 7+4 degree of freedom (DoF) robotic hand-arm
system, manipulating three unique objects. The results show
that the OAA can accurately and precisely estimate 6 DoF
object motion and object-induced joint torques. Correlations
between computed and measured quantities were > 0.99 for
object trajectories and > 0.93 for joint torques. The OAA
was further shown to be robust to variations in the number
and placement of input markers, which are expected between
databases. Differences between repeated experiments were mi-
nor but significant (p < 0.05). The algorithm expands the scope
of available data and facilitates more comprehensive analyses
of human-object interaction dynamics.

I. INTRODUCTION

High-quality data, characterised by comprehensive
datasets and reproducible methodology for grasping related
tasks performed by humans alone and with assistive systems,
is scarce. This scarcity primarily stems from the challenges
associated with collecting such data from human subjects,
often requiring expensive equipment that is not commonly
available. Consequently, data reported in the literature is
frequently collected for narrow and specialised use cases
[1]–[3]. As a result, researchers seeking a robust data
foundation for their investigations face the challenge of
searching for and combining multiple accessible datasets
or relying on singular studies. However, there are notable
exceptions where robust and reproducible hand kinematics
and grasping datasets exist [4], [5].

A marked example of this scarcity is the lack of diverse
data on human arm joint torques during activities of daily
living (ADL), with the authors being only aware of a single
study [6] covering a limited set of ADL. Over the past
decades, their data has been consistently used for various
fields such as rehabilitative robotics [7], [8], data-driven
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design optimisation [9], [10], and continual biomechanical
investigations of ADL manipulation [11], [12]. The manipu-
lation of objects forms an integral task of ADL, where object
manipulation-induced joint torques are at times multiple
times higher than limb-related terms. However, the influence
of objects was neglected in ADL joint torque estimations
of [6]. The lack of representative ADL joint kinetics led
the authors of Damerla et al. [13] and Toedtheide et al.
[14] to dimension their upper limb prosthetic mechanisms
based on the peak human torque capabilities reported in [15].
However, the maximal torques generated by human joints ex-
ceed functional requirements, resulting in excessively heavy
prosthetic devices — a significant concern for users. [16]–
[18].

Introducing objects into the dynamic analysis of human
trials was discussed extensively based on five different meth-
ods in [19]. The authors concluded that approaches based on
wrenches, which rely on known object kinematics, perform
better when compared to procedures that involve adding
object mass and inertia properties to the hand. The former
approach resulted in overall reduced dynamic inconsistencies
during inverse dynamics. In Muller et al. [20], object loca-
tions were inferred from inertial motion captured hand kine-
matics. However, the modelling of objects as a point mass did
not accurately represent object dynamics, causing errors in
their L5/S1 moment estimations, which increased with object
mass and inertia. Hence, accurate object motions, leading
to an object wrench ∈ R6, are required for reliable object-
induced joint torque computations. Wrench-based methods
enable the investigation of complex manipulation scenarios
where objects are constrained by the environment (i.e., partial
gravity compensation, reduced Degree of Freedom (DoF) of
object motion, friction, etc.). Unfortunately, datasets jointly
reporting human and object kinematics are few, with [21],
[22] forming noteworthy exceptions. Recent databases such
as [23], and [24], specifically cover Asian demographic,
and previously excluded ADL underlining that no singular
database exists that can satisfy all purposes.

Enabling the expansion and diversification of ADL joint
torque data, we propose an algorithm capable of auto-
matically and reliably augmenting existing marker-based
databases with virtual object motions and object-induced
joint torque estimations. Contrary to previous studies [20],
[25], [26], we capture 6 DoF object motion derived from
hand kinematics embedded in associated markers. Arbitrary
object dynamics are accurately represented by the wrench
necessary to move virtual object representations along pre-
scribed trajectories. Inverse dynamics and simplified, single-
point contact modelling compute induced joint torques. We
validate our method in physical grasping and manipula-
tion experiments against measured ground truth quantities,
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Fig. 1. Top Panel: 4 DoF limb motion trajectories and motion pictograms.
Bottom panel: Grasped experimental objects, representative virtual objects,
with and marker placements.

demonstrating the algorithm’s accuracy, precision, and ro-
bustness to variations between datasets.

II. METHODS AND MATERIALS

A. Measurement of ground truth data

1) Grasping experiments: A 4 DoF transhumeral prosthe-
sis platform, the Artificial Neuromuscular Prosthesis (ANP)
[14] equipped with a 7 DoF robotic hand (IH2 Azzurra, Pren-
silia SRL, Italy) was used to perform grasping experiments.
The kinematics of the ANP and IH2 reflect those of the
human elbow, forearm, wrist and hand. The objects utilized
were a 425 ml tin can, a 500 ml water bottle, and a cordless
drill weighing 720 g, Bosch GSR 12V-35 without battery.
They were manually placed in the open robotic hand and
grasped with the pre-programmed cylindrical grasp. Fig 1.
depicts corresponding joint configuration trajectories, where
the ANP was mounted on a static fixture at the elbow joint.
Subsequently, objects were moved by the ANP along four
pre-programmed motions as follows:

• Motion 1, Fig. 1 (a) shows sinusoidal wrist flex-
ion/extension ± 20◦ with elbow flexed at 90◦

• Motion 2, Fig. 1 (b) shows sinusoidal wrist deviation ±
20◦ while elbow is flexed at 90◦ with forearm pronated
at 90◦.

• Motion 3, Fig. 1 (c) shows sinusoidal prona-
tion/supination of the forearm ± 45◦

• Motion 4, Fig. 1 (d): elbow flexion/extension: ± 18◦

and Fig. 1 (e): fast sinusoidal elbow flexion/extension:
18◦ ± 14◦

After each motion, objects were removed from the grasp.
Experiments were repeated three times per object. Trajecto-
ries were tracked by an impedance controller set to a stiffness
of 10 Nm/rad and a damping of 0.7 Nms. Ground truth
recordings were obtained for joint angle, velocity, and torque
from sensors of the ANP.

2) Recording of object trajectories using motion capture:
The ANP was affixed with seven reflective markers, each
12 mm in diameter. Five such markers were placed on the
dorsal side of the robotic hand, which form the set Mh=
{Mh1, Mh2, Mh3, Mh4, Mh5} and 2 are placed on the
wrist Ulnar and Radial styloids forming Mw= {US, RS}.
Finally, each object also had three markers affixed such that
both the ANP as well as the objects can be tracked during
experiments. The motion capture was performed with seven
Valkyrie cameras (Vicon Motion Systems Ltd, Oxford, UK)
which was synchronised with the ANP using a user datagram
protocol (UDP) system.

3) Dynamics of the system: Considering the arm-hand
system of the ANP with four joints and their configuration
q, the dynamics of the system was formulated as

τ = τP +τ obj = M(q)q̈+C(q, q̇)+G(q)+J(q)
T
W obj ,

(1)
where, τP and τ obj represent prosthesis and object

related torques and M denoting the inertia matrix, and
C, centrifugal and Coriolis, and G gravity torques. Joint
torques caused by the wrench from manipulating an object
along its prescribed trajectory were considered as the end-
effector wrench vector, W obj ∈ R6. Therefore, joint torques
originating from objects were calculated by multiplying the
transpose of the Jacobian matrix J(q)

T with the object
wrench W obj . Ground truth object-induced joint torques
τGobj were computed for each experiment as the difference
between ANP torque measurements τmeas and simulated,
prosthesis-related joint torques τPs

. The latter were calcu-
lated from prosthesis terms in (1), and filtered measurements
of q, q̇, q̈. This was necessary since measured torques cannot
distinguish between object and prosthesis-related terms.

B. Object Augmentation Algorithm

We now have ground truth data consisting of joint angles,
velocity, and torque along with the marker trajectories from
the robotic hand and objects. In this section we propose
and validate an Object Augmentation Algorithm (OAA) that
computes the prescribed movement of objects based on
optical markers affixed on the robotic hand and wrist. Joint
torques induced by object manipulation were calculated by
applying the wrench necessary for object motion with respect
to the end effector. The algorithm pipeline comprises of five
phases (Fig. 2):

1) robotic hand coordinate frames Fhand from optical wrist
and hand markers

2) virtual object marker trajectories
3) virtual object kinematics
4) virtual object wrench by Inverse Dynamics (ID)
5) virtual object induced joint torques from object wrench
The algorithm requires the following inputs as outlined in

pseudocode Algorithm 1:
• Optical markers: trajectories of the individual markers
• Object: dimensions, mass, and inertia ∈ {D,m, I}.
• Limb: wrist deviation angles α for each input marker

frame.
• Limb: a kinematic model of the limb manipulating the

object, specifically its Jacobian J .
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Fig. 2. The 5-phase computation pipeline of the Object Augmentation Algorithm: 1. hand frame from input markers, 2. virtual object placement in
hand frame, 3. virtual object trajectory, 4. object wrench from object motion and 5. joint torques from object wrench. Validation: Object grasping - object
manipulation and tracking - torque measurements.

Algorithm 1 Object Augmentation
Input: {Mw,Mh} optical wrist and hand marker trajectories
Input: {D,m, I} object dimensions, mass, and inertia
Input: c(D) virtual object marker coordinates in hand

frames
Input: α wrist deviation angle
Input: J Jacobian of the object manipulator
Output: Pobj object motion, Wobj object wrench
Output: τobj object induced joint torques

Fhand ← [] hand coordinate frames
for each (Mw,i,Mw,i) in Mw,Mh do

Fhand.insert([n⃗i, p⃗i, f⃗i] = f(αi,Mw,i,Mh,i))
end for
Mo ← [] n virtual object marker trajectories
for each Fhand,i in Fhand do

Mo.insert({Ficn(d) ∀ virtual markers n}
end for
Pobj = IK(Mo) ▷ Object inverse kinematics
Wobj = ID(Pobj ,m, I) ▷ Object inverse dynamics
τobj = J(q)TWobj ▷ Limb inverse dynamics

Phase (1) computed the robotic hand coordinate systems
Fhand,i ∈ {n⃗i, p⃗i, f⃗i} for each frame i of input markers
{Mw,Mh}, as shown in Fig. 3. The first vector n⃗ represents
the normal vector of the palm. It was calculated using the
Singular Value Decomposition (SVD) method applied to Mh,
where n⃗ was found as the right singular vector associated
with the smallest singular value, equation (2). The intended
direction of n⃗ depicted in Fig. 2 is not guaranteed by SVD.
The direction of n⃗i reverses if there is an obtuse angle

M⃗w

Mw,k − Mh,k

M⃗w × (Mw,k − Mh,k)

n⃗SV D

α

projectionrotation by α

M⃗w

p⃗

f⃗i = n⃗ × p⃗i

hand markers Mh

wrist markers Mw

n⃗flip

obtuse angle

Fig. 3. Hand coordinate frame from hand Mh and wrist Mw markers.

between n⃗i and the result of the cross product between the
vector M⃗w and Mw,k −Mh,k (the vector from any wrist to
any hand marker, k = arbitrary index) as shown in equation
(2)

UΣ[, , n⃗i]
T = SV D(Mh,i −Mh,i)

s.t n⃗i · (M⃗w,i × (Mw,i,k −Mh,i,k)) ≤ 0.
(2)

p⃗, represents the thumbs up direction. It was realized by
projecting M⃗w,i onto the plane defined by n⃗i, and subsequent
rotation around n⃗i by the deviation angle of the wrist in the
current frame αi, equation (3):

p⃗i = R(n⃗i, αi)(M⃗w,i − (M⃗w,i · ni)ni). (3)

Finally, the robotic hand vector f⃗ , representing the direc-
tion of the outstretched index finger, was formed by n⃗i× p⃗i.
The resulting coordinate system Fhand,i was located at the
robotic hand marker frame centroid (Mh,i), which is the
mean position of all markers on the dorsal side of the same
robotic hand.

TABLE I
VIRTUAL OBJECT CHARACTERISTICS AND ASSOCIATED VIRTUAL

MARKER COORDINATES IN Fhand

VObject
r h / l m Ixx Iyy Izz VM c

θ
[mm] [kg] [kg mˆ2] [deg]

VCan 37 109 0.51 7e-4 7e-4 4e-4 VMt |r +H,h/2, r|⊤ 12
VMc |r +H, 0, r|⊤ 12

VBottle 30 210 0.57 2e-3 2e-3 3e-4 VMt |r +H,h/2, r|⊤ 12
VMc |r +H, 0, r|⊤ 12

VDrill 58 88/
128 0.72 3e-4 1e-3 1e-3 VMt |r +H,h, r + l|⊤ 0

VMc |r +H,h, r|⊤ 0

In phase (2), object movements were characterized by
computing trajectories of virtual markers placed on the
virtual objects Vobj ∈ {Vcan, Vbottle, Vdrill}. Vcan and Vbottle

were modelled as a cylinder with a radius r, height h, grasped
by the robotic hand with a palm thickness of H , while
the drill was modelled as cylinder resting on a cube, see
Fig. 1. Three virtual markers (VM) were placed on each
of the Vobj , one on top centre of the cylinder (VMt), the
second on the Center of Mass (CoM) of (VMc), and the
third on the cylinder circumference at the height of the CoM
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(VMs) of the Vobj , as shown in Fig. 1. The placement of
the aforementioned virtual markers was according to Fhand

frame as described by (4), with VM coordinates of VMt and
VMc collected in table I.

Mo =


∣∣∣∣∣∣
1 0 0
0 cos(θ) − sin(θ)
0 sin(θ) cos(θ)

∣∣∣∣∣∣ ∣∣n⃗i p⃗i f⃗i
∣∣ c ∀i

 (4)

Virtual objects, Vobj

Phase (3), calculates object motions Pobj through Inverse
Kinematics (IK) (OpenSim 4.4 IK solver [27]), where virtual
marker trajectories Mo were subjected to a 3rd order low
pass filter (cutoff 6 Hz). Resulting motions were either ∈ R6

or span a subspace if environmental constraints exist (e.g.,
partial support by surfaces, joints, etc.). Phase (4), calculates
the wrench Wobj ∈ R6 necessary to move objects along the
prescribed motion by ID (OpenSim 4.4 ID tool) as well as
dynamic object models. Object models were based on the
real objects described in subsection II-A.1. The mass and
inertia properties of the Vobj (table I) are reflective of the
physical objects (can, bottle, and drill).

Finally, in phase (5), joint torques resulting from object
manipulation were computed by applying Wobj to the hand.
The interaction between the robotic hand and the object was
assumed as a single point of contact at the center of mass
(CoM) of the object. This resulted in

τobj = J(q)
T
Wobj . (5)

Dynamic simulations of the robotic system were carried
out in Matlab R2023b (The MathWorks Inc. 2023), with
system dynamic properties estimated from CAD models.
Friction torques were neglected in our analysis.

C. Validation of OAA and statistical analysis
The validation of the OAA includes a comparison of

measured object trajectories and joint torques from ANP with
that of estimated by OAA for the following scenarios:

1) Computed vs. measured object trajectories
2) Computed vs measured object induced joint torques
3) Sensitivity test: variations in the number and placement

of hand markers Mh.
The test for sensitivity was performed where the size of

the hand marker set |Mh| ∈ {3, 4, 5, 6} and placement of
individual markers in Mh on the dorsal side of the hand,
were changed which altered the location of hand coordinate
frames produced by the OAA.

The average hand marker centroid distance for each |Mh|
was produced by changing the location of each marker in the
Mh set a 1000 times per marker, hence 5000 centroids were
generated. The marker placement was randomised within a
diameter of 6 cm, corresponding to the average breadth of
the female hand [28] minus one marker diameter (1.2 cm)
while ensuring a minimal inter-marker distance of 3 cm.

Differences between objects and repetitions were tested
by the Kruskal-Wallis H-test, with post hoc analysis done
with the Mann-Whitney U rank test. Values P < 0.05 were
considered statistically significant. Normality was tested by
visual inspection of histograms. Pearson’s r was employed
as a measure of correlation. The L1 (torques) and L2

1000 centroids for size Mh =

3 4 5 6

6 cm

f⃗

VCan

p⃗

n⃗

11.5 mm in f⃗

V Mc

V Mc,off

V Mt

V Mt,off

VCan,off

centroid offset for
different sizes of Mh

Fig. 4. Sensitivity analysis outcome of OAA, where centroids of marker
clusters 3, 4, 5 and 6 were calculated within a 6 cm diameter.

(marker coordinates) norms and the Root Mean Square
(RMS) error evaluated the distances between measured and
computed quantities. Statistical analysis was performed using
the Python package Scipy 1.10.0 (The SciPy community).

III. RESULTS

This section shows the performance and outcome of two
cases, namely

1) virtual markers (VM ) vs motion-captured markers
(GM )

2) virtual markers with offset (VMoff ) vs motion capture
markers (GM )

A. Sensitivity Analysis
Fig. 4 (left panel) shows 5000 centroids computed as in

section II-C. Hand marker cluster sets sizes |Mh| of 3, 4, 5,
and 6, each contribute 1000 centroids. The mean distances
between centroids were 14 mm for |Mh|=3, 12.4 mm for
|Mh|=4, 10.4mm for |Mh|=5, and 9.3 mm for |Mh|=6. The
mean distance across all clusters sizes (11.5 mm) was used
as the offset for case (2), where VMoff = VM + 11.5f⃗ , as
depicted for VCan in Fig. 4 (right panel).

B. Object trajectory tracking
Table II collects error statistics for all markers (VM ,

VMoff vs ground truth) averaged over three repetitions
per object. Fig. 5 (a) shows marker trajectory errors as L2
distances between marker coordinates between virtual and
ground truth.

TABLE II
DESCRIPTIVE STATISTICS OF VIRTUAL VS. OPTICAL MARKER

TRAJECTORY TRACKING ERRORS OVER THREE REPETITIONS PER TRIAL.
Object Marker Mean±SD Max RMS Corrx Corry Corrz

[mm] Mean±SD Mean±SD
[mm] [mm]

Can

VMt 9 ± 5 15 ± 5 9 ± 5 1.00 0.98 1.00
VMt,off 8 ± 4 13 ± 5 8 ± 4 1.00 0.99 1.00
VMc 8 ± 5 14 ± 5 9 ± 4 0.99 0.99 1.00
VMc,off 7 ± 4 12 ± 5 7 ± 4 0.99 1.00 1.00

Bottle

VMt 7 ± 2 13 ± 1 7 ± 2 1.00 1.00 1.00
VMt,off 6 ± 2 13 ± 1 7 ± 1 1.00 1.00 1.00
VMc 6 ± 2 17 ± 5 6 ± 2 0.99 0.99 1.00
VMc,off 6 ± 2 17 ± 5 6 ± 2 0.99 1.00 1.00

Drill

VMt 15 ± 6 25 ± 6 15 ± 6 1.00 0.99 1.00
VMt,off 15 ± 6 25 ± 6 15 ± 6 1.00 0.99 1.00
VMc 6 ± 1 10 ± 2 6 ± 1 1.00 1.00 1.00
VMc,off 6 ± 1 10 ± 2 6 ± 1 1.00 1.00 1.00

VMt and VMc of the Can exhibited maximal L2 marker
errors of ∼15±5 mm during wrist deviation. VMc tracking
errors for the Bottle were maximal during wrist flexion, with
broader error bands during forearm pronation and supination,
17±5 mm. In contrast, VMt error for the Bottle was smaller
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Fig. 5. (a) For case 1 – point-wise L2 tracking errors between virtual (VM ) and ground truth markers (GM ). Mean errors are solid lines. Error bands are
± 1SD across three repetitions. Panels (b) and (c) show x, y, and z marker trajectories affixed onto each object. Colored lines are VM case 1 trajectories.
GM trajectories are grey-scale dashed. Vertical, coloured bands indicate joint motions.

and narrowly distributed, 13±1 mm. Mean and RMS errors
were smaller than for the Can, 6±2 mm. In trials of the Drill,
maximal VMt error was the largest between objects, 25±6.
However, Drill VMc showed the smallest maximal error for
all experiments, 10±2. Overall, wrist pronation increased
errors for both Can VM , and the Bottle’s VMc. For the
Drill, VMc errors increased while VMt errors were reported
to be reduced. The error characteristics of VMs matched that
of VMc for all objects.

Inter-repetition differences in cases (1) and (2) tracking
errors were minor but significant p < 0.05 for the Can and
the Bottle. However, they were negligible for the Drill.

Inter-case differences were found to be small but signif-
icant (p < 0.05) for each object. Trajectories for case (1)
and case (2) (coloured) and ground truth (grey-scale) x, y,
and z coordinates are illustrated for all trials in Figs. 5 (b)
for VMt, as well as Figs. 5(c) for VMc. Virtual and ground
truth trajectories exhibited high correlation (p << 0) for all
trials, resulting in nearly overlapping trajectories in Figs. 5
(b) and (c).

C. Object induced joint torques

The maximum marker errors reported by OpenSim for
IK were 92±36 µm for virtual and 118±19 µm for ground
truth markers, averaged over all trials. Joint torques reported
below include prosthesis and object manipulation wrench-
induced terms according to equation (1). Joints are labelled
EF for the elbow flexion/extension, PS for forearm prona-
tion/supination, WF for wrist flexion/extension, and WD for
wrist Ulnar/Radial deviation. Torques were compared for
cases:

I τmeas = τP + τ obj (torque measurements from the
ANP composed of torques from robot dynamics +
torques induced by manipulating grasped objects)

II τP s + τV obj (simulated prosthesis dynamics + object
torques from virtual object trajectories)

III τP s + τV obj off (simulated prosthesis dynamics +
object torques from offset, virtual object trajectories)

IV τP s + τGobj off (simulated prosthesis dynamics + ob-
ject wrench from ground truth, motion-captured object
trajectories.)

Fig. 6 reports joint torque distributions for cases I-IV.
Black boxes indicate case I (measured) and coloured boxes
case II (computed) joint torques, whereas brown boxes relate
to simulated prosthesis torques in the absence of objects.
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Fig. 6. Box-plots of different torque terms for each joint. Torques were
computed over three repetitions per object.

Grey-scale boxes describe torque terms produced solely by
the objects described in cases II-IV. Case I and II torques
were similarly distributed for all joints except PS. In PS,
percentile and peak torques were higher in the computed
case. In EF and WD joints, measured peak torques were
higher than computed torques, while they were equal in the
WF joint. Distributions of τV obj , τV obj off , and τGobj off

were indistinguishable for all joints and objects. The ratio
between τP s and object-induced torques showed different
qualities between joints. In EF, τP s was higher than object
terms, while they were lower in PS. For wrist joints, τP s

and object terms were similarly distributed.
Fig. 7 (a) reports error trajectories±1SD between cases

I and II, where errors were computed as point-wise L1
differences for each joint, averaged across repetitions of the
same object. Since standard deviations are minor, no error
bands are seen. Errors computed for offset and ground truth
(case I vs case III) object trajectories nearly overlapped with
(case I vs case II) and were excluded for better readability.
Torque errors were not normally distributed in all cases and
increased during WF, WD, and fast EF motions.

Inter-case (II-IV) error differences within repetitions were
small but significant (p < 0.05). Intra-repetition differences,
comparing errors of each case with itself, were negligible.
Intra-object error differences (across all repetitions) for each
case with itself were significant, p < 0.05, except for WD
in the Can/Drill scenario.

Figs. 7 (b) and (c) compare Case I (grey-scale, dashed)
and Case II (coloured) torque trajectories during the first
repetition. Additional dotted lines mark isolated prosthesis-
related torque terms for the same cases. Case I τP was
obtained in physical experiments without objects, and Case
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joint torques, including virtual object wrenches. Coloured dotted lines are computed torques for prosthesis dynamics. Grey-scale dashed lines are measured
joint torques, including objects. Grey-scale dotted lines are measured joint torques without grasped objects. Vertical, coloured bands indicate joint motions.

II τPs in simulation by (1) without object wrench. Computed
and measured torque trajectories correlated well, except for
wrist WF and WD joints during their respective motions.
There τPs

∼= 0 Nm diverged from measured τP , with the
latter exhibiting similar trajectories as in trials including
objects. Fast elbow motion produced torque spikes in the
EF and WD joints.

TABLE III
JOINT TORQUE STATISTICS - MEASURED AGAINST COMPUTED, AND

PERCENTILE TORQUE CONTRIBUTIONS OF OBJECTS AVERAGED OVER

THREE REPETITIONS PER TRIAL. ERRORS ARE IN NM.
Object Joint Avg Max RMS Corr p95 p50 p5

Can

EF 0.27 0.92 0.28 0.98 35 34 34
PS -0.11 0.26 0.17 0.96 73 80 58
WF -0.08 0.39 0.15 0.98 46 78 44
WD -0.01 0.35 0.18 0.96 62 45 45

Bottle

EF 0.28 0.90 0.29 0.98 37 36 36
PS -0.13 0.24 0.17 0.93 71 82 -18
WF -0.09 0.39 0.16 0.98 48 79 47
WD -0.01 0.42 0.19 0.96 15 47 48

Drill

EF 0.22 0.99 0.24 0.97 44 44 43
PS -0.15 0.18 0.19 0.96 70 83 43
WF -0.11 0.51 0.22 0.98 61 78 59
WD -0.01 0.74 0.30 0.93 -121 57 59

Table III reports statistical values of Case I against Case
II errors, averaged over three repetitions per trial. Standard
deviations are omitted due to their small magnitudes. In
comparison to peak torques plotted in Figs 7 (b) and (c),
average and RMS torque errors are low, while maximal errors
reach 10-20% of peak magnitudes. Pearson correlation is
high at 0.93 to 0.98 for all joints and objects (p << 0).
Percentile object torques were between 34% and 80% of
limb torques, where influences were generally higher for
50th percentile torques. Percentiles were computed as limb
percentile over object percentile torques.

IV. DISCUSSION

The Object Augmentation Algorithm (OAA) was
developed for enhancing motion-captured manipulation
trials of human subjects with virtual objects Vobj . Use cases
include augmenting existing ADL databases with derived
object trajectories and tracking items unfit for sensor or
optical marker placement. Resulting object motions can, for
example, inform about object-induced joint torques during
the manipulation of objects, which is rarely reported in the

literature. Recording dedicated experiments that are time and
resource-consuming is not required. Instead, tapping into
vast data resources allows for automatically investigating
varying object dynamics.

The chosen input marker set consists of two anatomic
wrist markers Mw and five markers placed on the dorsal
side of the hand Mh (minimum three markers). The wrist
styloids can be accurately located by their bony landmarks
with associated markers commonly recorded in motion
capture experiments [29]–[31]. Consequently, the vector
pointing from the Ulnar Styloid (US) to the Radial Styloid
(RS) marker is a reliable source for the p⃗ hand frame
component. In return, the algorithm requisites the wrist
deviation angle, which requires inverse kinematics of
subject joints before object augmentation. However, the
alternative of a similar marker pair for the p⃗ direction
located on the hand, which intrinsically contains the
wrist angle, is suboptimal. This is because of the general
unavailability of such markers in accessible datasets.
Moreover, the computation of the same direction from
other hand markers cannot be reliably automated due to
the imprecise nature of marker placement. When less than
three hand markers are available, n⃗ can be computed from
the union of hand and wrist markers. However, resulting
n⃗ are rotated around p⃗, compared to n⃗ produced by the OAA.

The performance of the OAA was experimentally
validated on the 4DoF ANP platform [14], equipped with
accurate torque sensors in each joint and using a gold
standard optical motion capture system. Three unique
objects were grasped with a 7 DoF robotic anthropomorphic
hand. The system was moved along 4 pre-programmed
joint motions. Motions were designed to test each joint
in isolation. The experimental protocol involved three
repetitions per object, with objects being re-grasped
between each repetition. Grasping manoeuvres were
executed without strict adherence to maintaining consistent
relative configurations between the object and the hand.
Object selection was deliberate, aiming to expose the
limitations of the algorithm: the diameter of the Can was
at the limits of the robotic hand-grasping capabilities; the
elongated shape of the bottle accentuated tracking errors of
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VMt; and the forward-facing geometry of the drill led to
potential misalignment issues around the p⃗ axis.

The Mh cluster in this study consisted of five optical
markers. However, the number and placement of Mh

markers vary between databases and subjects, influencing
the location and orientation of computed hand frames. An
offset was, therefore, added to the computed VM to model
the effects of variations in Mh. The offset direction was
chosen to f⃗ since it maximised the changes in object-wrench
moment arms for all joints except PS. The offset represents
the extreme scenario where markers are placed randomly,
which is rarely the case, especially for biomechanical
grasping experiments. We did not incorporate variations
in the orientation of hand coordinate frames due to the
curvature of the dorsal side of the human hand, as well
as skin stretching, which could lead to fluctuations in the
estimated direction of n⃗ based on a limited number of
markers, into our analysis.

Virtual markers were positioned within hand coordinate
frames through transformations relying exclusively on object
dimensions. This approach mirrors real-world scenarios
where object trajectories are unavailable and grasping
procedures lack sufficient documentation for precise
replication. Virtual object trajectories exhibited a high
correlation with motion-captured ground truth trajectories,
validating the accuracy of the proposed method. OpenSim
guidelines recommend maximal and root mean square
(RMS) marker tracking errors to be below 20 mm and 10
mm, respectively, for static poses. Our findings consistently
fell well below these thresholds during static and dynamic
motions. One exception occurred with the Drill’s virtual
marker trajectories (VMt) during supination, attributed to
the neglected rotation around the p⃗ axis for the Drill. Wrist
deviation phases were performed with the forearm pronated
at 90◦, alleviating torque limitations of the ANPs wrist
by reducing gravitational joint loads. Forearm pronation
generally increased marker errors and was the reason for
increased tracking errors during wrist deviation phases. This
led to relatively large error deviations for both can and
drill VMts, reflecting grip variations expected in trials with
human subjects.

Joint torques were computed with object wrenches from
virtual, virtual + offset, and ground truth object trajectories.
During these scenarios, the variations of object placement
within hand frames had negligible influence on torque
trajectories and distributions. As a result, joint torques
produced by the OAA are robust to variations in hand
marker locations while justifying the placement of objects
by their dimensions. Maximal torque errors reached 20%
of peak measured joint torques and occurred in the wrist
WF and WD joints during their respective motion phases.
However, in the absence of objects, wrist torques were
expected to be nearly 0 since motions were slow and
gravity was aligned with the joint axes. In contrast, Figs.
7 (b) and (c) show nearly overlapping torque spikes for
trials with and without experimental objects. Consequently,
deviations between measured and computed wrist torque
trajectories were caused by unmodelled effects within

the tendon-driven wrist mechanism. Similar effects were
observed in the elbow joint during fast elbow motion.
Forearm pronation and supination motions caused vibrations
in the robotic hand, translating to added noise in joint torque
measurements. As a result, torque errors exhibit added noise
during forearm rotation motion intervals. Special care has
to be taken when the grasp between the object and hand is
not firm. Object dynamics causing location and orientation
changes in the hand frame were not considered. This effect
was noticed during the fast elbow motion phase of the Drill,
where VMt errors exhibit local maxima.

The existence and nature of physical objects utilised
in the experiments must be considered during object
augmentation. When Vobj inertia and mass properties are
different to the experimental conditions, object influences
are not accurately reflected by the available limb motion of
human subjects. Our experiments did not show such effects
since joint motions were pre-programmed and tracked by
the prosthesis controller set to high stiffness. However,
the presence of objects during manipulation experiments
cannot be neglected, as demonstrated by the substantial
contribution of object wrenches to joint torques (table III).
Additionally, [19] demonstrated that interaction wrench-
based approaches, assuming accurate object motions, reduce
dynamic inconsistencies compared to simply adding object
dynamics or gravity-oriented loads to the hand. The latter
two options are inapplicable in scenarios where objects
are supported and/or constrained by the environment (e.g.,
doors, sliding over surfaces, etc.). In contrast, knowledge
about object motions allows the computation of interaction
wrenches, considering possible environmental influences,
while adding object mass and inertia to the hand still
requires estimating the object-to-hand configuration.

We successfully employed the OAA to augment motions
pertaining to object manipulation of the ADL Human
Arm Motion Dataset [32]. Joint quantities were computed
for a wide range of objects, enabled by the OAA’s
ability to compute prescribed motions and induced joint
torques for arbitrary objects. In addition, the OAA allowed
the simulation of joint torques produced by small or
kinematically constrained items, such as turning a key in a
lock and opening a door. Respective results are presented in
[33]. Other databases, such as [23], [24] may be augmented
similarly, enriching the information on ADL joint kinetics
available in literature.

In conclusion, the algorithm enables the automatic com-
putation of hand-coordinate frames from optical hand and
wrist markers. It is robust to variations in the number
and placement of hand markers, ensuring its repeatability
between trials and subjects. Objects can be placed within the
hand-coordinate systems by homogeneous transformations
based on object dimensions. Object motions and object-
induced joint torques demonstrated satisfactory tracking of
measured ground truth trajectories. It provides a dependable
tool for enhancing existing databases with virtual objects
while enabling accurate tracking of objects unfit for marker
or sensor placement.
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V. APPENDIX

An open source implementation of the OAA is available
at https://github.com/ChristopherHerneth/
ObjectAugmentationAlgorithm/tree/main.
Accompanying video material may be found here
https://youtu.be/8oz-awvyNRA.
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[3] Temitayo Olugbade, Marta Bieńkiewicz, Giulia Barbareschi, Vincenzo
D’amato, Luca Oneto, Antonio Camurri, Catherine Holloway, Mårten
Björkman, Peter Keller, Martin Clayton, Amanda C De C Williams,
Nicolas Gold, Cristina Becchio, Benoı̂t Bardy, and Nadia Bianchi-
Berthouze. Human movement datasets: An interdisciplinary scoping
review. ACM Computing Surveys, 55(6):1–29, December 2022.

[4] Bardiya Akhbari, Douglas C. Moore, David H. Laidlaw, Arnold-
Peter C. Weiss, Edward Akelman, Scott W. Wolfe, and Joseph J.
Crisco. Predicting carpal bone kinematics using an expanded digital
database of wrist carpal bone anatomy and kinematics. Journal of
Orthopaedic Research, 37(12):2661–2670, August 2019.

[5] Scientific Data Curation Team. Metadata record for: A large calibrated
database of hand movements and grasps kinematics, 2020.

[6] J. Rosen, J.C. Perry, N. Manning, S. Burns, and B. Hannaford. The
human arm kinematics and dynamics during daily activities - toward
a 7 dof upper limb powered exoskeleton. In ICAR ’05. Proceedings.,
12th International Conference on Advanced Robotics, 2005. IEEE,
2005.

[7] Alexander Toedtheide, Edmundo Pozo Fortunić, Johannes Kühn, Elis-
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