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In the past decade, immersive virtual reality (VR) has garnered significant interest due to its capacity 
to ability a strong sense of presence and allow users to act in virtual environments. In particular, VR 
has been increasingly used in clinical settings to present scenarios for motor rehabilitation purposes. 
Existing research efforts mostly focus on investigating the clinical effectiveness of different routines. 
However, modern VR systems, in addition to presenting scenarios, also have hand motion tracking 
capabilities that could be potentially used to gather clinically relevant kinematic data from the 
patients while they execute the VR tasks. Here, we quantitatively assess the capability of tracking 
hand movements of a popular VR system, the Oculus Quest 2 by Meta, by comparing its kinematic 
measures with those provided by a commercial marker-based motion capture system. Our findings 
suggest that the Quest 2 provides reasonably reliable estimates of hand position and velocity. 
Estimates of acceleration are noisier and might be sometime unsuitable for kinematic assessments. 
Notably, the accuracy of the kinematic estimates varies across spatial directions. Estimates along the 
left/right direction are the most accurate, followed by estimates along the up/down axis. Estimates 
along the near/far axis appear to be the noisiest. Furthermore, we also found that Quest 2 can provide 
fine-grained measures of grip aperture, but the precision of these measures might be affected by the 
subject’s head movements while wearing the system. Our results suggest that modern VR devices, in 
addition to presenting immersive scenarios, could be potentially used in rehabilitation settings also to 
provide clinically relevant kinematic measures that can potentially inform medical decisions.

In the last decade, the field of immersive virtual reality (henceforth VR) has experienced dramatic growth 
going from laboratory prototypes to robust, off-the-shelf products. Devices based on head-mounted displays 
(henceforth HMD), such as the Oculus Quest from Meta (Menlo Park, USA) or Vive (HTC, Xindian, New Taipei, 
Taiwan) have entered our houses for recreational or educational purposes. An HMD is a device that is worn on 
the head, binocularly displays a virtual environment and, in some models, lets the user interact with virtual 
objects. In particular, modern HMDs are designed so as to allow users to experience virtual environments with 
a strong sense of presence (i.e., the feeling of “being there” in the virtual scenario), plausibility (i.e., the feeling 
that events in the virtual environment are “really happening”), and embodiment (i.e., the feeling that the body 
the user has in the virtual environment is “really” hers/his)1 (for a recent review see2).

In addition to presenting a virtual environment, modern HMDs can also track, in real time, the movements 
of the subjects’ hands to allow the users to interact with virtual objects. For example, in the HTC VIVE this is 
achieved by tracking the position of special markers anchored to the body while the Oculus Quest estimates 
the position and posture of the user’s hands by using cameras placed on the front of the HMD and proprietary 
computer vision algorithms. This additional feature, encouraged researchers to employ HMD in their 
experimental protocols also as tracking tools and therefore to use them in the research practice3–5.

Notably, kinematic assessments are widely used in clinical settings to characterize the amount of impairment 
and subsequently to monitor motor recovery6–9.

The increasing rate of adoption of VR devices has prompted the research community to explore new ways in 
which they could be employed. For example, the flexibility in presenting sensory stimulation and motor tasks 
offered by virtual environments has paved the way for the use of VR devices in cognitive10–17 and motor18–21 
research. Furthermore, many research efforts are presently focused on the use of HMDs in clinical settings22–25 
and, in particular, for the motor rehabilitation of neurological disorders such as multiple sclerosis26 or stroke27. 
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Motor rehabilitation is a complex process requiring the identification of specific tasks tailored to the patient’s 
abilities28. These tasks are carefully calibrated for motor variability and complexity based on individual 
capabilities. Once the patient-specific rehabilitation plan is defined, motor therapy focuses on the repetitive 
execution of simple tasks, enabling gradual skill acquisition and improvement. While such training has been 
found to maximally stimulate neuroplasticity29, and thus induce motor recovery30, given its repetitive nature, 
it can quickly become boring and cumbersome for the patients and it might result in severe adherence issues31. 
Additionally, the therapist’s constant presence, necessary to monitor rehabilitation progress and adjust it based 
on actual outcomes, limits the time when a patient can practice physiotherapy to the therapist’s availability 
and increases the overall cost32. To address these issues, immersive VR-based systems have been proposed in 
the literature that offer engaging, yet enjoyable and varied, scenarios and tasks designed with rehabilitation 
purposes33–36, for a recent review see37, These systems might contribute to increase patients’ engagement, they 
might perform some automatic assessments, thus partially unloading the therapist, and they could be used at 
home, thus increasing the dosage of the rehabilitation therapy.

In particular, the motion-tracking capabilities of the Quest 2 open up the possibility to use HMDs not 
only for delivering serious games in an immersive and engaging way but also for clinical applications38–40. 
This system belongs to a new generation of devices that are known to substantially reduce, or even completely 
eliminate motion sickness or other sources of discomfort in virtual environments41 and it has high-end technical 
specifications that support real-time perception and enhanced immersion in virtual scenarios. In addition, 
compared to the HTC VIVE, The Quest 2 needs no additional hardware for motion tracking (the VIVE uses 
so-called “Trackers”) and is significantly less expensive, which might be important for potential widespread 
adoption in clinical settings. Furthermore, the Oculus Quest 2 has demonstrated greater accuracy than both the 
Oculus Quest42 and SteamVR Tracking 2.0 43. It has been shown that the Oculus Quest 2 can accurately estimate 
head position and orientation in static conditions or over short distances43, is suitable for analyzing navigation 
during locomotion44, and reliably tracks the position of its handheld controllers45,46. It has also been suggested 
as a valuable tool for monitoring shoulder kinematics during rehabilitation39.

In a previous study, we exploited the motion tracking features of the Oculus Quest 2 to develop an immersive 
VR system in which stroke patients could carry out rehabilitation routines directly with their virtually-rendered 
hands33. In a further study, we assessed whether Quest 2’s markerless motion tracking capabilities could provide 
a reliable estimate of the peak velocity of the patients’ hands47, a widely used kinematic measure in clinical 
assessments6,7. We found that the estimates of peak hand velocity produced by the Oculus Quest 2 strongly 
correlated with their ground-truth values estimated by means of an expensive state-of-the-art marker-based 
motion capture system47.

The goal of the present study is to provide a comprehensive evaluation of the markerless motion capture 
capabilities of the Oculus Quest 2. To this end, we expanded on our previous study, and we computed a large 
set of kinematic measures using motion capture data provided by the Oculus Quest 2 during the performance 
of different types of upper-limb and hand movements. We then assessed the accuracy and reliability of these 
measurements by comparing them with their ground-truth values computed using motion capture data 
simultaneously recorded (Fig. 1) by means of a marker-based commercial system (Optitrack by Natural Point 
Inc., Corballis, OR, USA).

Results
The Oculus HMD tracks hand movements by filming the hands with its cameras, segmenting these images 
from the background and fitting these segmented images with a kinematic model (Table S1). These cameras 
are positioned at the four corners of the HMD and they thus move with the head. In a preliminary experiment, 

Fig. 1.  Experimental setup – (A) Graphical depiction of the experimental setup. The participant sat in front 
of a table and performed different hand actions. In one condition, he wore a head-mounted display at the top 
of his head to have a normal view of the table in front of him. In another condition (not shown in the figure) 
the HMD was tethered on a tripod positioned close to the participant’s body. During action performance the 
kinematics of head and hand movements were recorded by means of the Oculus’ motion tracking capabilities 
and a commercial marker-based optical system (Optitrack). (B) Placement of the infrared reflective markers 
used by the Optitrack system. A total of 21 markers were placed on the main hand joints and 3 markers were 
placed on the HMD to record head movements.
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we assessed that there could be conditions producing cross talks between head and hand movements, with 
head movements mistakenly interpreted by the Oculus Quest 2 as hand movements (Fig. 7). For this reason, 
we performed all our experiments in two conditions. That is, when the Oculus (1) was tethered to a tripod 
placed very close to the participant’s body (“tethered” condition) and (2) was worn on the participant’s head 
(“untethered” condition).

The precision of position estimates provided by the Quest 2 is not homogeneous in space
In our first experiment we measured arm kinematics during center-out reaching movements, a widely used task 
in motor control studies (see, for example48), To this end, we measured the position of the subject’s right hand 
while he was performing reaching movements from a central hand rest position to three different positions 
arranged to his left, frontally and to his right (Fig. 2A). On each trial, we computed, both from Oculus and 
Optitrack data, the movement length defined as the distance traveled by the hand from its starting to its final 
position. Figure S1 shows the hand trajectory and the average velocity profiles for all trials.

The left panel of Fig. 2B shows the distributions of traveled distances estimated from Oculus (red) and Optitrack 
(blue) data in the tethered condition. The mean traveled distance (Oculus: leftward = 18.2 ± 0.63; frontal = 19.5 ± 0.9; 
rightward = 18.8 ± 0.68 – Optitrack: leftward = 18.1 ± 0.47; frontal = 20.4 ± 0.57; rightward = 18.6 ± 0.38) estimated 
from Oculus data was significantly smaller than that estimated from Optitrack data for frontal movements 
but not significantly different for leftward and rightward movements (leftward: T = 85, p-value = 0.47; frontal: 
T = 3, p-value = 9.5 10− 6; rightward: T = 60, p-value = 0.1 - Wilcoxon signed rank test). The mean ratio of the 
Oculus and Optitrack estimates were 1.0 ± 0.01, 0.96 ± 0.02, and 1.01 ± 0.02 for leftward, frontal, and rightward 
movements respectively. The scaling factors, that represent the dispersion around the median, of the Oculus 
and Optitrack distributions of traveled distance were not significantly different across all conditions (leftward: 
statistics = 179, p-value = 0.1; frontal: statistics = 187, p-value = 0.22; rightward: statistics = 178, p-value = 0.08; 
Ansari-Bradley test). The right panel of Fig. 2B shows the scatterplot of hand traveled distances estimated from 
Oculus and Optitrack data. For all three movement directions, the Oculus and Optitrack measurements were 
significantly correlated (leftward: ρ = 0.98, p-value = 3.7 10 − 14; frontal: ρ = 0.84, p-value = 3.8 10 − 6; rightward: 
ρ = 0.88, p-value = 2.3 10 − 7 - Spearman’s rank correlation) and they were well fit by a linear model (leftward: 
slope = 0.72, R2 = 0.97; frontal: slope = 0.57, R2 = 0.9; rightward: slope = 0.49, R2 = 0.88).

The left panel of Fig. 2C shows the distributions of traveled distances derived from Oculus (red) and Optitrack 
(blue) data in the untethered condition (Oculus: leftward = 17.9 ± 0.48; frontal = 19.7 ± 0.72; rightward = 19.2 ± 0.76 
– Optitrack: leftward = 18.3 ± 0.56; frontal = 21.3 ± 0.67; rightward = 18.9 ± 0.43). In this case, the mean distances 
computed from Oculus and Optitrack data were significantly different for all movement directions (leftward: 
T = 0, p-value = 1.9·10− 6; frontal: T = 0, p-value = 1.9·10− 6; rightward: T = 50, p-value = 0.04 - Wilcoxon signed 
rank test). The mean ratio of the Oculus and Optitrack estimates were 0.98 ± 0.007, 0.93 ± 0.01, and 1.01 ± 0.02 
for leftward, frontal, and rightward movements respectively. The scaling ratio of their distributions were not 
significantly different across all three directions of hand motion (leftward: statistics = 216, p-value = 0.77; frontal: 
statistics = 210, p-value = 1.0; rightward: statistics = 179, p-value = 0.1; Ansari-Bradley test). Also in this case, for 
all three movement directions, the Oculus and Optitrack measurements were significantly correlated (leftward: 
ρ = 0.97, p-value = 2.65·10− 12; frontal: ρ = 0.93, p-value = 1.8·10− 9; rightward: ρ = 0.78, p-value = 4.4·10− 5 - 
Spearman’s rank correlation) and they were well fit by a linear model (leftward: slope = 1.13, R2 = 0.97; frontal: 
slope = 0.88, R2 = 0.92; slope = 0.49, rightward: R2 = 0.87).

Fig. 2.  Traveled distance and peak velocity during center-out reaching movements – (A) Experimental 
paradigm. The subject executed reaching movements from a central position to three different end positions 
to his left (purple curves) and right (green curves) and in front of him (dark yellow curves). (B) Violin plots 
(left) and scatterplots (right) of the hand traveled distances during the reaching movements as estimated from 
Oculus (red) and Optitrack (blue) data in the tethered condition for each of the three endpoint positions. (C) 
Hand traveled distances measured in the untethered condition. Conventions and symbols are as in panel B. (D) 
Violin plots (left) and scatterplots (right) of the peak velocities during the reaching movements as estimated 
from Oculus (red) and Optitrack (blue) data in the tethered condition for each of the three endpoint positions. 
(E) Peak velocities measured in the untethered condition. Conventions and symbols are as in panel D. Raw 
position and velocity data are plotted in Figure S1.
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Taken together, the results in Fig. 2B, C show that, in general, the Oculus produces estimates of the hand 
position (and thus its traveled distance) that, in some cases, might significantly differ from their veridical values 
both in their mean and standard deviations. However, the average difference is relatively small (in the range of 
1–2 cm, see average values above) and, most importantly, in all investigated conditions the trial-by-trial estimates 
of hand traveled distance were significantly correlated with their ground-truth values. Furthermore, both in the 
tethered and in the untethered conditions the dispersions of the Oculus estimates were not significantly different 
from their ground-truth values.

The Quest 2 overestimates peak velocity during reaching movements
We next examined the peak velocity during reaching movements estimated from Oculus and Optitrack data. The 
peak velocity is, for example, an important indicator in clinical assessments6,47,49. The right columns in Figures 
S1 B, C show the velocity profiles for all trials and experimental conditions. In general, the velocity profiles 
estimated from Oculus position information were noisier than their ground-truth value and their shape (top 
panels in the right columns of Figure S1 B, C) differed from its ground-truth bell-shaped profile (bottom panels 
in the right columns of Figure S1 B, C).

As shown in Fig. 2D, E, the estimates of peak velocity derived from Oculus data (red distributions. Tethered: 
leftward = 65 ± 7.2; frontal = 71 ± 6; rightward = 61 ± 4.5. Untethered: leftward = 71 ± 5.7; frontal = 64 ± 5; 
rightward = 63 ± 5.1) were significantly higher than their veridical values (blue distributions. Tethered: 
leftward = 43 ± 2.8; frontal = 47 ± 2.3; rightward = 45 ± 3.2. Untethered: leftward = 50 ± 3.2; frontal = 49 ± 2.8; 
rightward = 48 ± 2.2) both in the tethered and untethered condition (Tethered: leftward: T = 0, p-value = 1.9·10− 6; 
frontal: T = 0, p-value = 1.9·10− 6; rightward: T = 0, p-value = 1.9·10− 6. Untethered: leftward: T = 0, 
p-value = 1.9·10− 6; frontal: T = 0, p-value = 1.9·10− 6; rightward: T = 0, p-value = 1.9·10− 6 - Wilcoxon signed rank 
test). with the ratio between Oculus and Optitrack estimates being 1.51 ± 0.12, 1.52 ± 0.12, and 1.36 ± 0.11 for 
leftward, frontal, and rightward movements respectively in the tethered condition and 1.41 ± 0.12, 1.33 ± 0.1, and 
1.3 ± 0.07 for leftward, frontal, and rightward movements respectively in the untethered condition. Furthermore, 
the scaling ratio of their distributions was significantly different only along the leftward direction in the 
tethered condition and in the leftward and frontal directions in the untethered condition (Tethered - leftward: 
statistics = 166, p-value = 0.02; frontal: statistics = 178, p-value = 0.09; rightward: statistics = 195, p-value = 0.44 
– Untethered - leftward: statistics = 166, p-value = 0.02; frontal: statistics = 173, p-value = 0.04; rightward: 
statistics = 179, p-value = 0.1; Ansari-Bradley test).

The right panels in Fig.  2D, E show the scatterplots of the peak velocity estimated from Oculus (x axis) 
and Optitrack (y axis) data. Contrary to position information, the Oculus and Optitrack measurements 
of peak velocitiy tended not to be correlated across trials with the only exception of leftward movements in 
the tethered condition and rightward movements in the untethered condition (Tethered - leftward: ρ = 0.66, 
p-value = 0.001; frontal: ρ = 0.36, p-value = 0.11; rightward: ρ = 0.33, p-value = 0.15 – Untethered - leftward: 
ρ = 0.2, p-value = 0.39; frontal: ρ = 0.39, p-value = 0.09; rightward: ρ = 0.78, p-value = 4.4·10− 5 - Spearman’s rank 
correlation). Consequently, the R2 values of their linear fits were lower compared to those yielded by position 
information (Tethered – slope = 0.26, leftward: R2 = 0.66; frontal: slope = 0.11, R2 = 0.29; rightward: slope = 0.3, 
R2 = 0.43 – Untethered: leftward: slope = 0.15, R2 = 0.27; frontal: slope = 0.2, R2 = 0.36; rightward: slope = 0.34, 
R2 = 0.76).

To gain a better understanding of the results of Fig. 2 we examined Oculus’ trial-by-trial estimates of hand 
position and velocity along the different axes (Fig. 3). When examined vis-à-vis their ground-truth values they 

Fig. 3.  Trial-by-trial position and velocity profiles during center-out reaching movements – Trial-by-trial 
position (A, B,C) and velocity (D, E,F) of the hand along the x, y and z axes during execution of the leftward 
(purple), frontal (dark yellow) and rightward (green) reaching movements in the untethered condition shown 
Fig. 2 (data for the tethered condition are shown in Figure S2).
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revealed several characteristics of how the Oculus estimates hand kinematics. First, at the onset of the reaching 
movement, the Oculus exhibits an initial delay in detecting the motion of the hand. The Oculus estimates of 
hand position initially lag behind their veridical position (see, for example, the time points around t = 0 in the 
rightmost panel in Fig. 3A) and the Oculus then compensates with a “catch-up” movement (see time points 
around t = 0.5s in panels A, B and C). The effect of this “catching-up” process is an overshoot in the velocity 
profile of the hand approximately in the middle of the reaching movement (see time points around t = 0.5s in 
Fig. 3 panels D, E, and F). This explains the overshoot in the estimation of the peak velocity shown in Fig. 2D, 
E. This overshoot is potentially related to predictive computations (e.g., Kalman filtering) performed by the 
Oculus. These predictive computations are likely independent of the specific value of the velocity, which might 
explain why Oculus and Optitrack estimates of peak velocity tended to be, at least in the sample of 20 trials for 
each condition examined here, uncorrelated (but see47 for results in a larger sample). Second, it appears that the 
Oculus exhibits also a delay in detecting that the hand has stopped. As a consequence, it overshoots the hand 
position when it reaches zero velocity, exhibiting then a correction towards the final veridical position (see, 
for example, time points around t = 1 in the left panels in Fig. 3A, B,C). This overshoot in the estimate of the 
hand position produces also an overshoot in the velocity compared to its veridical value toward the end of the 
reaching movement (see, for example, time points around t = 1 in the left panels in Fig. 3A, B,C). Third, when 
the movement of the hand along an axis is small (i.e. few centimeters) then the Oculus’ estimates can exhibit 
substantial errors (see, for example, the central panel in Fig. 3A and B and the leftmost panel in Fig. 3B).

Taken together, the results of Figs. 2 and 3 suggest that the estimates of peak velocity provided by the Oculus 
are significantly less accurate than position information and they tend to overestimate their veridical values. This 
overestimation is lower in the untethered compared to the tethered condition.

Estimates of grip aperture provided by the Quest 2 are noisy but overall reliable
The Oculus does not only provide a measure of the hand trajectory, but it also fits a kinematic model to the 
instantaneous hand posture to recover the configuration of different joints. To assess the reliability of these 
joint positions we motion captured the subject while performing reach-to-grasp movement to cylinders of 3 cm 
and 5 cm diameters. On each trial, we estimated the grip aperture from Oculus data by computing the distance 
between the position of the two joints r_index_fingernail_marker_pos, r_thumb_fingernail_marker_pos (Table 
S1) and from Optitrack data by computing the distance between the two markers RIND3, RTMB2 (Fig. 1). In 
the following, we analyze the distributions of the grip apertures at the end of the reaching movement when the 
subject was grasping the goal object. Figure S3 shows the temporal unfolding of the grip aperture during trials 
in which the 3 cm cylinder was grasped.

Figure 4B shows the distributions of the final grip apertures in the tethered conditions. Both Oculus and 
Optitrack estimates of the grip aperture correlated well with the actual diameter of the goal object (Oculus – 3 cm 
cylinder: 4.14 ± 0.34; 5 cm cylinder: 6.7 ± 0.27. Optitrack: 3 cm cylinder: 5.2 ± 0.17; 5 cm cylinder: 7.2 ± 0.19). It is 
not meaningful to compare the averages of the Oculus and Optitrack distributions since the two considered joints 

Fig. 4.  Grip aperture during reach-to-grasp movements – (A) Experimental paradigm. The subject executed 
reach-to-grasp movements from a central position to two a cylinder having a diameter of either 3–5 cm. The 
curves in the bottom panel represent the position of the wrist during one of the experimental sessions. (B – 
left panel) Distributions of the grip aperture measured at the end of the movement when the subject’s fingers 
were grasping the goal object. Grip aperture was computed from Oculus (red) and Optitrack (blue) data in the 
tethered condition. (B – right panel) Scatterplot of the same data shown in the left panel. Green and purple 
dots indicate grip apertures measured when the subject was grasping the 3 cm and 5 cm cylinder respectively. 
(C) Distributions (left) and scatterplot (right) of the grip apertures measured in the tethered condition. 
Conventions and symbols are as in panel B.
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of the Oculus hand model and the considered Optitrack markers were not matched to the same physical position 
on the hand. They thus index two different distances that do not necessarily need to have the same average. It is, 
however, meaningful to compare the scaling ratio of the two distributions to assess the relative precision of the 
measurements of grip aperture. In the tethered condition, these ratios were significantly different in the 5 cm 
but not in the 3 cm condition (3 cm: statistic = 187, p-value = 0.23; 5 cm: statistic = 161, p-value = 0.008). In the 
untethered condition (Oculus – 3 cm cylinder: 3.9 ± 0.6; 5  cm cylinder: 6.6 ± 0.97. Optitrack: 3  cm cylinder: 
5.1 ± 0.13; 5 cm cylinder: 7.1 ± 0.18), however, the scaling ratios were significantly different for both the 3 cm 
and the 5  cm object (3  cm: statistic = 148, p-value = 0.3.4 10− 5; 5  cm: statistic = 150, p-value = 0.0009;) . As a 
consequence, in the scatterplot of Oculus vs. Optitrack estimates of grip aperture the dots exhibited a larger 
“spread” along the horizontal axis compared to the tethered condition (compare the right panels in Fig. 4B and 
C). A direct comparison of the tethered vs. untethered conditions showed that Oculus measures of grip aperture 
had significantly higher scaling ratio in the untethered compared to the tethered condition both for 3 cm and 
5 cm objects (3 cm: statistic = 271, p-value = 0.003; 5 cm: statistic = 261, p-value = 0.005; Ansari-Bradley test). 
This was not the case for Optitrack measures of grip aperture for which, as expected, the scaling ratio of the 
distribution of the grip apertures was not significantly different between the tethered and untethered conditions 
for both the 3  cm and the 5  cm object (3  cm: statistic = 215, p-value = 1; 5  cm: statistic = 212, p-value = 0.94; 
Ansari-Bradley test).

The results of Fig. 4B, C suggest that, when the Oculus is tethered (Fig. 4B), the dispersion of its estimates of 
grip aperture is, at least for bigger objects (i.e. a 5 cm cylinder), not significantly different from that of Optitrack 
measurements. However, when the Oculus is untethered (Fig. 4C) the dispersion of its estimates of grip aperture 
are significantly larger than those provided by the Optitrack both for small and bigger objects. When the tethered 
and untethered conditions are directly compared the dispersion is significantly larger when the Quest moves 
together with the participant’s head compared to when it rests on a tripod.

The Quest 2 provides noisy measures of acceleration
So far, we have focused on analyzing relevant events during reaching and grasping movements by considering 
their kinematic characteristics up to their first derivative (i.e. velocity). In this section, we broaden our analysis 
in two ways. First, we do not focus only on specific phases of the movement but we, more generally, consider its 
entire unfolding in time. Second, we do not stop at the first derivative but investigate the consistency between 
Oculus and Optitrack estimates of kinematic variables up to their second derivative (acceleration).

To address the two points above, we measured hand kinematics during the performance of two types of 
curvilinear hand movements: an ellipse (Fig.  5A) and a figure-of-eight (Figure S4A), and we assessed the 
reliability of Oculus-derived measures of acceleration by investigating whether they can be used to reveal the 
two-thirds power law, a kinematic invariant normally found in healthy human movements. In the following, 
we will discuss results obtained during performance of elliptical hand movements. Very similar results were 
obtained for figure-of-eight movements (Figure S4).

Figure 5B, C,D show the scatterplot of the instantaneous position, velocity, and acceleration of the wrist for 
one of the five repetitions. In all panels, the inset shows the slope of the linear fit and the R2 value of this fit.

Estimates of hand position along the x and z axes provided by the Oculus were in virtually perfect agreement 
with their Optitrack ground-truth values throughout the movement both in the tethered and untethered 
conditions (Fig.  5B). Indeed, both the slope and R2 of their linear fits were very close to 1 (Tethered - x: 
slope = 0.88, R2 = 0.99; z: slope = 0.99, R2 = 0.98 - Untethered: x: slope = 0.95, R2 = 0.99; z: slope = 0.94, R2 = 0.97 
- average across all repetitions). However, in agreement with results in Fig. 2B, C, estimates of hand position 
along the y axis (the frontal direction in Fig. 2B, C) were noisier and, as a consequence, both the slope of the 
linear fit and the R2 strongly deviated from 1 (Tethered - y: slope = 0.77, R2 = 0.90 - Untethered: y: slope = 0.36, 
R2 = 0.8 - average across all repetitions). These results indicate that the Oculus provides fairly accurate measures 
of position (i.e., R2 > 0.80 and slope close to 1) in the left/right and up/down directions and it tends, however, to 
overestimate/underestimate the position along the close/far away direction during curvilinear hand movements. 
Indeed, in this direction, the Oculus underestimates the position of the hand when it is closer to the body, and it 
overestimates the position of the hand when it is far away from the body. The overall effect is a distortion of the 
veridical trajectory along the close/far away as shown in the bottom panel in Fig. 5A.

Oculus measures of velocity (Fig.  5C) followed the same pattern and they thus exhibited a closer match 
to their Optitrack ground-truth values along the x and z compared to the y axis both in the tethered and in 
the untethered conditions (Tethered - x: slope = 0.87, R2 = 0.99; y: slope = 0.66, R2 = 0.8; z: slope = 0.95, R2 = 0.95 
- Untethered: x: slope = 0.93, R2 = 0.96; y: slope = 0.33, R2 = 0.66; z: slope = 0.87, R2 = 0.9 - average across all 
repetitions). Oculus estimates of velocity were thus still reliable (R2 > 0.8 and slope close to 1), albeit noisy, along 
the left/right and up/down directions, although they tended to overestimate their Optitrack ground-truth values 
along the close/far away direction.

The accuracy of Oculus measures of acceleration (Fig. 5D) was also axis-dependent, with measures along 
the left/right axis being less noisy than along the up/down direction, which was, in turn, less noisy than along 
the close/far direction both in the tethered and untethered conditions (Fig. 5D). The average slope and R2 of the 
linear fit between Oculus and Optitrack data, averaged across all 5 repetitions were: Tethered - x: slope = 0.78, 
R2 = 0.87; y: slope = 0.3, R2 = 0.37; z: slope = 0.63, R2 = 0.62 - Untethered: x: slope = 0.71, R2 = 0.72; y: slope = 0.17, 
R2 = 0.26; z: slope = 0.44, R2 = 0.45. To assess whether second derivatives estimated from Oculus position 
information could be used in kinematics assessments we computed the slope and the R2 of the power-law that 
relates the radius of curvature (which depends on the second derivative) and instantaneous velocity (Fig. 5E). 
Log-log curvature-velocity plots derived from Oculus measures differred from those obtained from ground-
truth Optitrack measures (compare left and right columns in Fig.  5E) and estimates of the slope and R2 of 
their linear fits were slightly different in the two cases both in the tethered (Oculus: - slope=-0.21, R2 = 0.57 
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- Optitrack: slope=-0.26, R2 = 0.7) and untethered (Oculus: - slope=-0.22, R2 = 0.59 - Optitrack: slope=-0.27, 
R2 = 0.87) conditions.

To further characterize how the Oculus estimates the hand kinematics characteristics during curvilinear 
movements we sampled the position, velocity and acceleration of the hand at points where the velocity was 
maximal (black dots in Fig. 6A) and minimal (black dots in Fig. 6B). These points were chosen because velocity 
(and acceleration) maxima and minima are often used to segment human movements50,51 and, given the 
temporal periodicity of the performed movements, they were appropriately spaced in time not to be correlated 
by any of our necessary filtering procedures.

Results for points at velocity minima (Fig.  6A) in untethered condition are shown in Fig.  6B-D. The x 
component of the distances between pairs of consecutive points at local velocity maxima estimated from 
Oculus data was significantly higher compared to Optitrack data (Top panels in Fig. 6B. x: Oculus = 4.13 ± 2.9, 
Optitrack = 2.26 ± 1.7; y: Oculus = 2.1 ± 1.4, Optitrack = 2.1 ± 1.1; z: Oculus = 16.6 ± 2.8, Optitrack = 16.1 ± 1.8) 
and its scaling ratio significantly higher (x: statistic = 2380, p-value = 6.8 10− 6; y: statistic = 2789, p-value = 0.12; 
z: statistic = 2789, p-value = 0.12; Ansari-Bradley test). Optitrack and Oculus measures were correlated along the 
x and z, but not the y axis (bottom panels in Fig. 6B. x: ρ = 0.49, p-value = 6.2 10− 6, slope = 0.3, R2 = 0.51; y: ρ=-
0.03, p-value = 0.78, slope=-0.02, R2=-0.02; z: ρ = 0.87, p-value = 3.5 10− 25, slope = 0.59, R2 = 0.91 - p-values refer 
to Spearman’s rank correlation).

In agreement with results in Figs.  2, 3, 4 and 5, Oculus-derived measurements of velocity (Fig.  6C) 
overestimated their Optitrack ground-truth values along all axes, with the overestimation along the y axis being 
the largest in percentage (x: Oculus = 81 ± 13, Optitrack = 79 ± 9.8; y: Oculus = 42 ± 16, Optitrack = 14 ± 3.7; z: 
Oculus = 15.2 ± 10, Optitrack = 7.3 ± 5.2). The scaling ratio across all axes was significantly larger for Oculus- 
compared to Optitrack-derived estimates (x: statistic = 3062, p-value = 0.02; y: statistic = 2581, p-vaue = 6.4 10− 8; 
z: statistic = 2791, p-value = 5.6 10− 5; Ansari-Bradley test). Optitrack and Oculus estimates of velocity were 
correlated along all three axes (bottom panels in Fig. 6B. x: ρ = 0.74, p-value = 1.4 10− 15, slope = 0.56, R2 = 0.75; 
y: ρ = 0.39, p-value = 0.003, slope = 0.05, R2 = 0.24; z: ρ = 0.53, p-value = 3.6 10− 7, slope = 0.21, R2 = 0.39 – p-values 
refer to Spearman’s rank correlation).

Similar to measurements of velocity, also Oculus-derived measurements of absolute acceleration 
overestimated their Optitrack ground-truth values along all axes (x: Oculus = 173 ± 189, Optitrack = 30.2 ± 21.3; 
y: Oculus = 164 ± 255, Optitrack = 109 ± 44; z: Oculus = 235 ± 193, Optitrack = 194 ± 60). The scaling ratio 

Fig. 5.  Wrist position, velocity and acceleration during curvilinear hand movements – (A) Experimental 
paradigm. The subject executed elliptical hand movements in the air with his right hand. The curves in the 
bottom panel represent the position of the wrist during one of the experimental sessions. (B, C, D) Scatterplots 
of Oculus/Optitrack measures of wrist instantaneous position (B), velocity (C), and acceleration (C) along the 
x (left/right direction, red), y(close/far away direction, green) and z (top/down direction, blue) in the tethered 
(top row) and untethered (bottom row) conditions. Plotted data are from one out of five experimental sessions. 
In all panels, the black lines signify a linear fit of the data. The slope and R2 of this fit are shown in the insert. 
(E) Scatterplot of the instantaneous curvature (x axis) against velocity (y axis) of the wrist measured from 
Oculus (left column) and Optitrack (right column) data in the tethered (top row) and untethered (bottom row) 
conditions. Results for the figure-of-eight trajectory are shown in Figure S4.
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across all axes was significantly larger for Oculus- compared to Optitrack-derived estimates (x: statistic = 2157, 
p-value = 2.5 10–16; y: statistic = 2771, p-vaue = 3.2 10− 5; z: statistic = 2258, p-value = 5 10–14; Ansari-Bradley 
test) and Optitrack and Oculus estimates of acceleration were not correlated along any of the axes (x: ρ = 0.21, 
p-value = 0.06, slope = 0.002, R2 = 0.02; y: ρ=-0.2, p-value = 0.08, slope=-0.02, R2=-0.13; z: ρ = 0.21, p-value = 0.06, 
slope = 0.1, R2 = 0.32 – p-values refer to Spearman’s rank correlation). The lack of correlation between Oculus and 
Optitrack measurements of acceleration is likely due to the fact that, in human hand movements, acceleration 
has a minimum at points of maximal velocity and, as also noted above, when the measured quantities are small 
Oculus’ errors can be substantial.

Results for points at velocity minima (Fig.  6E) in untethered condition are shown in Fig.  6F-H. The y 
component of the distances between pairs of consecutive points at local velocity minima estimated from Oculus 
data was significantly higher compared to Optitrack data (Fig. 6F. x: Oculus = 32 ± 2.6, Optitrack = 31.1 ± 1.96; 
y: Oculus = 17 ± 2, Optitrack = 6.2 ± 1.5; z: Oculus = 4.2 ± 2, Optitrack = 3.3 ± 1.5). The scaling ratio across all 
axes was significantly larger for Oculus- compared to Optitrack-derived only for estimates along the z axis (x: 
statistic = 2883, p-value = 0.16; y: statistic = 2837, p-value = 0.08; z: statistic = 2747, p-value = 0.02; Ansari-Bradley 
test). Optitrack and Oculus measures of distance were correlated across all axes (bottom panels in Fig. 6F. x: 
ρ = 0.89, p-value = 5.5 10− 28, slope = 0.7, R2 = 0.92; y: ρ=-0.81, p-value = 2.4 10− 19, slope=-0.63, R2=-0.85; z: 
ρ = 0.79, p-value = 3.3 10− 18, slope = 0.49, R2 = 0.81 - p-values refer to Spearman’s rank correlation).

Oculus-derived measurements of velocity (Fig.  6G) overestimated their Optitrack veridical values 
across all axes, with the overestimation along the y axis being the largest in percentage (x: Oculus = 9.7 ± 7.8, 
Optitrack = 8 ± 5.1; y: Oculus = 9 ± 8.1, Optitrack = 4.7 ± 2.8; z: Oculus = 47 ± 11, Optitrack = 46 ± 7.2). The 
scaling ratio across all aces was significantly larger for Oculus- compared to Optitrack-derived estimates (x: 
statistic = 3105, p-value = 0.01; y: statistic = 2688, p-value = 2.6 10− 7; z: statistic = 3011, p-value = 0.002; Ansari-
Bradley test) and Optitrack and Oculus estimates of velocity were correlated along the y and z but not the 
x axis (bottom panels in Fig.  6G. x: ρ = 0.08, p-value = 0.44, slope = 0.16, R2 = 0.25; y: ρ=-0.22, p-value = 0.04, 
slope=-0.07, R2=-0.19; z: ρ = 0.69, p-value = 8.4 10− 13, slope = 0.48, R2 = 0.74 – p-values refer to Spearman’s rank 
correlation).

Oculus-derived measurements of absolute acceleration overestimated their Optitrack veridical values 
along all axes (x: Oculus = 469 ± 200, Optitrack = 457 ± 69; y: Oculus = 350 ± 284, Optitrack = 121 ± 108; z: 
Oculus = 161 ± 153, Optitrack = 59 ± 39). The scaling ratio all axes was significantly larger for Oculus- compared 
to Optitrack-derived estimates (x: statistic = 2585, p-value = 6 10− 9; y: statistic = 2896, p-value = 0.0001; z: 
statistic = 2402, p-value = 2.6 10–12; Ansari-Bradley test) and Optitrack and Oculus estimates of acceleration 
were correlated along all axes (x: ρ = 0.51, p-value = 1.1 10− 6, slope = 0.15, R2 = 0.44; y: ρ=-0.69, p-value = 4 10− 13, 
slope = 0.19, R2 = 0.51; z: ρ = 0.23, p-value = 0.03, slope = 0.09, R2 = 0.35 – p-values refer to Spearman’s rank 
correlation).

Results in Figs.  5 and 6 confirm, in agreement with Figs.  2, 3 and 4, that Oculus estimates of distances, 
velocity and acceleration are noisy and their variance is larger than that of their ground-truth values in almost 
all investigated conditions and along all axes (panels highlighted in red in Fig. 6). That said, Oculus estimates 

Fig. 6.  Distance, velocity and acceleration measured at two different points along a curvilinear elliptical 
path – (A, E) Points of velocity maxima (black dots in panel A) and minima (black dots in panel E) where 
distance, velocity and acceleration were sampled. The dashed lines indicate the distance between consecutive 
pairs of points. (B) Distributions (top panels) and scatterplots (bottom panels) of the x, y and z components 
of distances measured between consecutive pairs of points of velocity maxima from Oculus and Optitrack 
data. (C, D) Distributions (top panels) and scatterplots (bottom panels) of the x, y and z components of the 
velocities and accelerations measured at points of velocity maxima from Oculus and Optitrack data. (E, F, G, 
H) Same as (A, B, C, D) for points at velocity minima.
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of both distance and velocity correlated (panels highlighted in green in Fig. 6), with very few exceptions, with 
their ground-truth values. Oculus estimates of acceleration, instead, correlated with their ground-truth values 
only at points of acceleration maxima (i.e. at velocity minima). Furthermore, the accuracy of Oculus estimates 
of distance appears to be axis-dependent (Fig. 5). Estimates along the left/right direction are the most accurate, 
followed by estimates along the top/down axis. Estimates along the near/far axis appear to be the noisiest. This 
measurement noise along the y axis was more pronounced in the untethered condition, where the R2 of the 
linear fits of data was smaller than in the tethered condition.

Discussion
The goal of the present study was to quantitatively assess the accuracy and reliability of kinematic measures 
provided by the Oculus Quest 2 by comparing them to their ground-truth values measured by means of a 
marker-based high-quality commercial motion tracking system.

Overall, we found that the Quest 2 provides a reliable estimation of hand position and traveled distance 
both during center-out (Figs.  2 and 3) and curvilinear (Figs.  5 and 6) hand movements. The peak velocity 
estimates provided by the Oculus appeared to be less accurate than the position estimates, but they were still 
reliable, as they correlated with their ground-truth values in many, albeit not all, the investigated conditions 
(Fig. 6B, C,F, G). Finally, estimates of acceleration were the noisiest, exhibiting sometimes large deviations from 
their ground-truth values and, in many investigated conditions, they did not correlate with their ground-truth 
values (Fig. 6D). Notably, across all our experiments, we found that the precision of measured position (and 
thus velocity and acceleration) was axis-dependent, with estimates along the near/far axis being the noisiest. 
The algorithms that the Oculus uses to estimate hand position are patented and their details are not disclosed. 
Without such knowledge, any potential explanation would be highly speculative. That said, their quantitative 
investigation, as it is done here, may inform the design of motor rehabilitation tasks in virtual environments. For 
example, in cases when a good estimation of the participant’s hand position is required, it would be preferable to 
have tasks that require movements along the frontal plane rather than tasks that require ‘in-depth’ movements.

Finally, the precision of grip aperture at the end of grasping movements, was a function of the size of the 
object and head movements (Fig. 4). Specifically, in the absence of head movements (“tethered” condition in 
Fig.  4), the precision of grip aperture estimates provided by the Oculus was not significantly different from 
ground-truth values for a larger (5  cm diameter) but not for a smaller (3  cm diameter) object. However, in 
the presence of head movements (“untethered” condition in Fig. 4), the precision of grip aperture estimates 
provided by the Oculus was larger than ground-truth values both for a larger and smaller object. A similar trend 
was found for measurements of travelled distances, that the Oculus measured more accurately in the tethered 
(Fig. 2B) compared to the untethered (Fig. 2C) condition. In both conditions, though, their dispersion was not 
significantly different from their ground-truth values. Notably, though, in all conditions Oculus estimates, albeit 
noisy, were significantly correlated with their ground-truth values.

In the present study, we considered only naturalistic ranges of head movements. As discussed above, 
such movements have the general effect of increasing the dispersion of Oculus measures that, in most of 
the investigated conditions, remained however significantly correlated with their ground-truth values. Our 
preliminary experiments show, however, that non-naturalistic head movements (e.g., bobbing the head from left 
to right continuously) can produce dramatic modulations of hand position (Fig. 7). In patients with abnormal 
patterns of head movements (e.g., diseases associated with tremor-like motor behavior), the estimates of hand 
movements might thus become very noisy and, importantly, potentially not correlated with their ground-truth 

Fig. 7.  Crosstalk between estimates of hand and head movements in the Oculus system – In both panels 
the top three plots show the x, y and z coordinates of a static hand recorded by the Oculus (red lines) and 
Optitrack (blue lines) systems, while the bottom plot show the HMD instantaneous velocity estimated from the 
Optitrack data. Panel A (condition tethered HMD) represents results obtained with a stationary HMD tethered 
to a tripod and panel B (condition tethered HMD) shows results obtained when the HMD was placed on the 
participant’s head while he was bobbing it from side to side. Please notice the different scales used to plot 
results in the panel A and B respectively.
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values. In these specific cases, one potential solution could be to have the patient act in the virtual environment 
by means of the two joysticks provided with the Oculus. These devices are provided with a set of independent 
accelerometers that allow the Oculus to, at least partially, disentangle hand from head movements. They could 
thus provide more reliable measurements of hand movements (see also45,46) at the expense, though, of a less 
naturalistic interaction in the virtual environment.

Limitations
One potential limitation of our study is that, in our experiments, we tested the precision of Quest 2’s measures only 
in the presence of physiological head and hand movements (i.e. those of a healthy participant). Some pathologies 
that need motor rehabilitation (e.g., Parkinson’s disease) might produce, in a subset of patients, excessive head/
hand movements or tremor. Under these pathological conditions, a degradation of the precision of Quest 2’s 
estimates is possible, rendering kinematic assessments less reliable/precise than in healthy participants. Future 
studies in patients are needed to fully explore this point (see, for example47, for a first attempt).

A further potential limitation of our study is that, here, we analyzed a relatively small subset of data. Indeed, 
our data set consists of the position and rotation of all joints of the virtual hand fitted by the Quest 2 (see Table 
S1), and the trajectories of a set of 21 markers placed on all finger joints concurrently recorded by the Optitrack 
(Fig. 1). The main aim of the present study was to provide the reader with a clear and exhaustive description 
of how precisely and accurately the Oculus Quest estimates the hand position, velocity and acceleration. Our 
data set allows also to analyze more complex kinematic measures (e.g., kinematic synergies) that, for coherency 
purposes, were not reported here. Upon publication, we will make the full data set freely accessible to other 
groups. Thus, other groups could contribute to fully exploit the potential of our data set.

An additional potential limitation is represented by the limited number (i.e., two values) of cylinders’ diameters 
used to investigate the accuracy of the Oculus in estimating the grip aperture (Fig. 4). Our experimental results 
provided evidence that the Oculus provides noisy estimation of grip aperture. However, our results with two 
object sizes do not allow us to conclusively assess how the error in estimating grip aperture depends on object 
size. In addition, the precision of the Oculus algorithms to recover hand posture might depend on the size of 
the subject’s hand. Investigating that requires recording grasping movements performed by people with hands of 
different sizes. Further experiments are needed to fully explore these points.

Conclusion
Taken together, the results presented here suggest that Quest 2’s estimates of hand position, velocity and 
grip aperture might be used for kinematic assessments. Indeed, although they exhibited biases (position), 
overestimation (velocity). and their precision was not homogeneous in space, they both correlated with their 
ground-truth values in almost all (position) or most (velocity) explored conditions. Therefore, in cases when a 
high accuracy in measuring patients’ kinematics is not needed, it may be a potential alternative to more expensive 
motion tracking systems47,52. This might pave the way for the design of rehabilitation systems in which the Quest 
2 is used as a cost-effective and portable device that not only displays rehabilitation scenarios in at-home settings 
while allowing the remote supervision of a therapist but it also provides on- or off-line kinematic assessments 
that can potentially inform medical decisions.

Methods
Subject
This study aimed to quantitatively assess the accuracy and precision of the Oculus Quest 2 in measuring human 
movements by using a commercial marker-based Optitrack system as the ground-truth benchmark. To this 
end, we need to collect a sufficiently high number of trials to be able to run statistical tests and repeat this 
process for different types of movements to investigate potential movement-specific inaccuracies of the Oculus 
system. Given this goal, collecting data for multiple subjects could be potentially detrimental as one would add 
to the intrinsic measurement variability of the Oculus also the extrinsic across-subject variability in performing 
movements. For this, reasons we chose to collect data from a single subject that, for practical reasons, was one of 
the authors (AC). The same choice was made in previous studies whose goal was, as is the case here, the technical 
benchmarking of a system39,40,45,46. All procedures were approved by the local Ethics Committees (Comitato 
Unico Provincia di Ferrara), were in accordance with the guidelines of the Declaration of Helsinki and were 
carried out with the participants’ informed consent.

Experimental procedure
During the experiments, the participant sat in front of a table (Fig. 1A) and performed different hand actions, 
while a total of 21 reflective markers were applied on the main joints of the participant’s right hand and 3 markers 
were applied on the head-mounted display. Figure 1B shows the positions and labels of all applied markers., In 
different experimental sessions the participant performed the following actions: center-out reaching movements, 
grasping actions on different objects and with different hand postures, and curvilinear hand movements.

In a preliminary assessment, the participant kept his hand still on the table, while bobbing his head, when 
wearing the Oculus Quest 2. This task was performed to investigate the crosstalk between estimates of the head 
and hand position.

During the center-out movements, the subject performed reaching movements from a central hand rest 
position to three different positions arranged to his left, frontally, and to his right (Fig. 3). 20 repetitions were 
performed for each reaching direction. On each trial, we computed, both from Oculus and Optitrack data, the 
movement length defined as the distance traveled by the hand from its starting to its final position.
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During the grasping actions, the subject performed precision grips with his right index and thumb toward 
cylinders of two different diameters: 3 cm and 5 cm. For each object, 20 repetitions were performed. For each 
trial, we estimated the grip aperture from Oculus data by computing the distance between the position of the 
two joints r_index_fingernail_marker_pos, r_thumb_fingernail_marker_pos (Table S1) and from Optitrack data 
by computing the distance between the two markers RIND3, RTMB2 (Fig. 1).

During the curvilinear hand movements, we measured hand kinematics during the performance of two types 
of curvilinear hand movements: an ellipse (Fig. 5A) and a figure-of-eight (Figure S4A). Each movement was 
performed five times, each time for 10s. We then computed estimates of hand instantaneous position, velocity, 
and acceleration from both Oculus and Optitrack data. To assess the reliability of Oculus-derived measures of 
acceleration we investigated whether they can be used to reveal the two-thirds power law normally found in 
healthy human movements.

All actions were performed in two experimental conditions, namely tethered and untethered. In the 
untethered condition, the participant wore the Oculus 2 (Meta, USA) head-mounted display (HMD) at the top 
of his head. This configuration allowed the participant to have a clear view of the table in front of him (Fig. 1A) 
and of the current position and movement of his hand to perform all movements in a naturalistic manner. In the 
tethered condition, the HMD was fixed on a tripod positioned in front of the participant’s body. The participant’s 
body posture was such that the Quest 2 was close to his head during action performance. This configuration still 
allowed the participant to perform all the required movements under naturalistic conditions, while maintaining, 
for the Oculus, the same field of view of the untethered condition.

Motion capture
During task execution, we recorded the participant’s hand and head positions by means of the Oculus and of a 
commercial motion capture system (Optitrack, Natural Point Inc, Corballis, USA) equipped with 16 cameras. The 
Quest 2 estimates hand positions and postures by means of 4 on-board cameras. These cameras are placed at the 
corners of the HMD and they capture images of the participants’ hands during task performance. The software 
running on the Oculus uses computer vision routines to segment the images of the hands from the background 
and to estimate their posture. The spatial location of the hands is computed by exploiting stereoscopic depth 
information provided by different cameras. The specific details of this process are patented, and they are thus 
not publicly available.

The Optitrack system uses a set of infrared cameras to track, by triangulation, the positions of a set of infrared-
reflective markers. The precision of the system is set by means of a calibration procedure. The measurement error 
was < 0.1 mm throughout our sessions.

Similar to a previous study from our lab47, to allow synchronization between the data recorded from the two 
systems, the Optirack system continuously broadcasted, in real-time, the unique identifier of each recorded frame 
of data on a local dedicated network. The Oculus Quest was connected to the same local dedicated network, it 
received this stream of data, and it used, in real time, each unique Optitrack frame identifier to timestamp the 
locally recorded kinematics data. This common temporal reference (i.e., Optitrack’s frame identifiers) was off-
line used to align the streams of data recorded by the Oculus and the Optitrack systems, prior to data analysis. 
Optitrack data were also off-line processed to interpolate gaps in the markers’ position and then exported for 
further processing.

Data analysis
For both the Oculus and Optitrack data sets, velocity was obtained by differentiating position data and 
acceleration by differentiating velocity data. Acceleration is also used as an important kinematic marker. For 
example, it has been shown that, in the healthy population, the instantaneous radius of curvature, which is a 
function of acceleration, and velocity are related by a power-law relationship, the so-called two-thirds power 
law53,54, during curvilinear hand motion55–58. Furthermore, in the clinical practice, jerk, an acceleration-derived 
quantity (see, for example6), , is used to assess motor functions.

All analyses were performed in Python version 3.12.2.
Most of the power of physiological human movements is usually confined to very low temporal frequencies 

(see, for example, Figure S3 in57). To remove measurement noise, we thus first low-pass filtered both Oculus 
and Optitrack data at 4 Hz by means of a 2nd order Butterworth filter, a step commonly performed in studies of 
human movements57,59. We then segmented both the Optitrack and Oculus data into trials by using the velocity 
profile of the wrist movements computed from Optitrack data during task performance. Specifically, a trial 
included all time frames in which the hand velocity was above a pre-defined threshold of 5 cm/s plus the time 
frames immediately preceding and following ranging, in different analyses, from 0 to 500 ms. Depending on the 
condition, we extracted and analyzed different kinematic features.

Static hand
In this condition, the participant held his hand stationary, and the wrist position and head velocity were analyzed 
in two different conditions: when the HMD was stationary on a tripod (“tethered” condition) and when the 
HMD was placed on the participant’s head while he was bobbing it from side to side (“untethered” condition). 
This allowed to investigate the effect of the head movement, by stressing the motion acquisition system.

The wrist position was estimated from Optitrack data by averaging the positions of the RWRA and RWRB 
markers (Fig. 1B) and from Oculus data by extracting the position of the b_r_wrist_pos segment (see Table 
S1). The head velocity was estimated from Optitrack data by averaging the instantaneous velocities of the three 
markers HEADL, HEADR and HEADC (Fig. 1B).

In the tethered HMD condition, we analyzed a single 10s segment of data, while in the untethered HMD 
condition we analyzed five 20s segments of data.
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Statistics
Kinematic measures obtained from Oculus data might be not normally distributed and/or contain outliers. For 
this reason, throughout this paper, we compared different conditions by means of non-parametric statistics. 
These statistics do not assume the normality of the underlying distributions and are robust to the presence of 
outliers.

Specifically, we used Wilcoxon signed rank test to compare the median of two distributions, Spearman’s rank 
correlation to investigate correlation between samples from two distributions and Ansari-Bradley test60, a non-
parametric version of the F-test, to compare the scaling factor of two distributions, after removing the median 
from each one. When we fitted our data with a linear function, we also reported the associated coefficient of 
determination (R2).

Preliminary test: crosstalk between measurements of hand and head movements in the 
Quest 2
The Oculus HMD tracks hand movements by filming the hands with its cameras, segmenting these images from 
the background and fitting these segmented images with a kinematic model (Table S1). Since the Oculus cameras 
move with the person’s head, Meta has developed different hardware and software strategies to disentangle head 
from hand movements (i.e., accelerometers, heuristics, etc.). However smart and efficient these strategies are, 
they cannot necessarily be perfect. Thus, there are cases in which head movements are erroneously interpreted 
as hand movements.

To make this point clear, we conducted a preliminary test. In Fig. 7 we show the wrist position estimated by 
the Oculus and Optitrack systems when the Oculus was either tethered to a tripod (Fig. 7A, condition tethered 
HMD) or when it was worn by the participant while bobbing his head from side to side (Fig. 7B, condition 
untethered HMD).

Both Oculus (red curves in Fig.  7A) and Optitrack (blue curves in Fig.  7A) position estimates exhibited 
measurement errors along each axis that were bigger for the Oculus compared to the Optitrack (Oculus - standard 
deviation: x axis = 0.02 cm, y axis = 0.02 cm, z axis = 0.03 cm. Optitrack - standard deviation: x axis = 0.01 cm, y 
axis = 0.006 cm, z axis = 0.01 cm) and the ratio between the Oculus and Optitrack standard deviations was 2.5 
along the x axis, 3.4 along the y axis and 2.8 along the z axis.

Figure  7B shows instead results obtained when the HMD was worn during periodic left-right bobbing 
movements of the head. In this condition, the estimates of the hand positions provided by the Oculus were 
dramatically more imprecise compared to the tethered conditions (Oculus - standard deviation: x axis = 0.87cm, 
y axis = 0.63 cm, z axis = 0.1.45 cm) and, most importantly, its variations correlated in time with the movements 
of the head (compare bottom black curve with red curves). As a consequence, the ratio between the Oculus and 
Optitrack standard deviations exhibited a dramatic increase and it was 38 along the x axis, 84 along the y axis 
and 246 along the z axis.

While the head-bobbing experimental condition is admittedly rather unusual and “extreme”, it nonetheless 
clearly shows that, in the Oculus system, head movements can modulate estimates of hand movements.

Data availability
All code and data will be made available upon publication. The datasets generated and/or analyzed during the 
current study are also available from the corresponding author on reasonable request.
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