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S E N S O R S

Visual-inertial hand motion tracking with robustness 
against occlusion, interference, and contact
Yongseok Lee1, Wonkyung Do2, Hanbyeol Yoon1, Jinuk Heo1, WonHa Lee3, Dongjun Lee1*

State-of-the-art technologies for hand (and finger) motion tracking do not always provide accurate and robust 
tracking. For example, severe occlusions can affect tracking with vision sensors, electromagnetic interference 
affects tracking with inertial measurement units (IMUs) and compasses, and ambiguous mechanical contact can 
affect tracking with soft sensors (i.e., the inability to distinguish motion-induced deformation). Here, we report a 
visual-inertial skeleton tracking (VIST) framework that provides robust and accurate hand tracking in a variety of 
real-world scenarios. Our proposed VIST framework comprises a sensor glove with multiple IMUs and passive 
visual markers as well as a head-mounted stereo camera. VIST also uses a tightly coupled filtering-based visual-
inertial fusion algorithm to estimate the hand/finger motion and autocalibrates hand/glove-related kinematic 
parameters simultaneously while taking into account the hand anatomical constraints. Our VIST framework 
exhibits good tracking accuracy and robustness, affordable material cost, lightweight hardware and software, 
and durability to permit washing. We validate our VIST framework through quantitative and qualitative experiments 
in real-world conditions. Our approach to hand tracking has the potential to enrich not only human-robot 
interaction applications (e.g., direct humanoid hand teleoperation, hand-based collaborative robot programming, 
and drone swarm control) but also the user experience in many virtual reality and augmented reality applications.

INTRODUCTION
Dexterous use of hands (with fingers) is one defining characteristic 
of humans. Replicating dexterity of the human hand would markedly 
improve efficiency, intuitiveness, and richness of many real-world 
human-robot interaction (HRI) applications, including (i) robotic 
hand teleoperation (Fig. 1B), particularly that of anthropomorphic 
robotic hands (1, 2), where a remote user can fully use their hand 
and fingers with haptic feedback for complex manipulation tasks, 
instead of relying on [typically only up to 6 DOFs (degrees of 
freedom)] conventional haptic devices (3); (ii) collaborative robot 
interaction (Fig.  1C and Movie 1), where a user can quickly and 
intuitively provide rich commands and cues to the robot using 
their hands and fingers, thereby making the interaction safer and 
smoother compared to the case of conventional pendant programming 
(4); and (iii) 3D (three-dimensional) drone swarm control (Fig. 1D 
and Movie 2), where a user in the field can efficiently control the 
complex 3D swarm behavior by simply nudging their formation or 
quickly defining 3D virtual walls to avoid dangerous regions. All the 
tasks mentioned above are difficult when relying on conventional 
2D tablet interfaces (5). This use of the hand will also greatly 
improve the user experience of virtual reality (VR) and augmented 
reality (AR), which is currently dominated by 6-DOF “fist-based” 
controllers (6, 7).

Hand (with fingers) tracking is a key technology to enable the 
hand to be used in HRI, AR, or VR applications. We detail three 
approaches, with their respective fundamental limitations, which 
have been proposed to solve the hand tracking problem:

1) Vision-based hand tracking (8–15) uses cameras [e.g., red-green-
blue (RGB), RGB-D (depth), or stereo] to track hand motion without 

markers while exploiting machine-learning techniques trained with 
large image datasets (16–18). However, the fundamental issue of 
occlusions [or outside camera field of view (FOV)] cannot be 
circumvented even with the machine-learning techniques, which 
are well known for issues of data dependency and generalization 
problems against hands, objects, and lighting conditions outside the 
training sets (19).

2) Inertial measurement unit (IMU)/compass-based wearable hand 
tracking (20–24) typically uses six-axis IMUs (i.e., accelerometer and 
gyroscope) and compasses (i.e., magnetometer). These are attached 
to each bone of the hand to measure its 3-DOF (absolute) orientation, 
and the hand configuration is reconstructed by collecting this angle 
information of each bone with additional hand position sensors 
[e.g., (25)]. However, this method is fundamentally susceptible to the 
magnetic field change or interference and thus impossible to use when 
near or in contact with ferromagnetic objects or electronic devices.

3) Soft wearable hand tracking (26–30) uses a number of soft
sensors, each producing signals according to their deformations. 
These are wrapped around the hand to estimate the hand configu-
rations with additional hand pose sensors [e.g., (25)]. However, this 
approach fundamentally suffers from the inability to distinguish 
motion-induced deformation from those induced by contact, 
rendering it unsuitable for applications where the user needs to 
handle objects/tools or wear haptic devices (22). Furthermore, there 
are difficulties involving calibration [due to sensor hysteresis and 
intersensor coupling (31)] and limited ruggedness [e.g., large bending 
or difficulty washing (26)].

Other approaches include pure magnetic trackers (32–35), which 
are susceptible to the eletromagnetic interference just as for the case 
of IMU/compass-based tracking, and exoskeletons (36–39), which 
require bulky [e.g., weights of 300 to 500 g (36–38)] and rigid 
mechanical structures, substantially compromising hand agility 
(e.g., friction) and long-term wearability (e.g., fatigue).

Here, we propose a visual-inertial skeleton tracking (VIST) system 
and its algorithm for accurate, robust, and affordable hand tracking 
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while overcoming the fundamental limitations of the other methods 
as stated above (Fig. 1A and Movie 3). Specifically, we constructed a 
sensor glove integrated with seven IMUs and 37 visual markers (of 
four different colors). The glove is accompanied by a head-mounted 
stereo camera. We also developed a filtering-based visual-inertial 
hand tracking algorithm, with hand anatomical constraints taken 
into account along with the autocalibration of hand/sensor-related 
parameters (see Fig. 2). The stereo camera was chosen because of its 
availability and compatibility with VR/AR headsets; other vision 

sensors are equally applicable to our proposed VIST framework as 
explained in Materials and Methods.

One of the key innovations of our VIST framework is that we 
fuse the visual and inertial sensors in a tightly coupled (TC) 
manner. That is, we couple not only from visual to inertial [e.g., 
IMU drift correction (40, 41)] but also from inertial to visual (e.g., 
IMU-aided correspondence search in the “Algorithms” section). TC 
fusion is key to coping with the peculiarity of hand tracking, where 
a number of skeletons (i.e., fingers) are moving fast and occlusions 

A

C D

B

Fig. 1. System configuration and possible applications of VIST. (A) Hardware (i.e., sensor glove with IMUs/markers and stereo camera) and working principle of VIST. (B) Robot 
hand teleoperation (left image courtesy of DYROS/Seoul National University). (C) Collaborative robot interaction (Movie 1). (D) 3D drone swarm control (Movie 2).
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occur in a small-size space (i.e., on the palm). The peculiarity requires 
us to use passive and anonymous markers (up to different colors), be-
cause the space is too small to accommodate tagged visual markers 
[e.g., AR markers (42) and VIVE trackers (43)], with their number 
also being as many as possible for robustness against the occlusions. 
With these anonymous visual markers, their correspondence 
search problem (an aspect that is central to the accurate vision pro-
cessing) becomes very challenging. If it were not for this TC fusion, 

our VIST algorithm would fail the cor-
respondence search, leading to unstable 
tracking (movie S1).

Several results have been proposed 
for the VIST (40–43), yet to our knowl-
edge, very few adopt the TC approach 
and the majority rather rely only on the 
less accurate/robust loosely coupled (LC) 
approach [e.g., only IMU drift correc-
tion or just concatenate the two sepa-
rate information (30)]. The LC fusion 
suffices for limb/torso skeleton tracking 
(40–43), because they all use only two 
or three visual markers (41, 40) or tagged 
visual markers [e.g., AR markers (42) 
and VIVE trackers (43)]; thus, the 
correspondence search can be easily done 
even with the LC fusion. It is, however, 
not the case for the hand tracking as 
explained above. In contrast, our VIST 
framework brings in the TC fusion into 
the hand tracking, thereby achieving 
tracking accuracy and robustness at the 
same time.

Some of the important advantages of 
our VIST framework can be summa-
rized as follows:

1) Superior tracking accuracy due to 
the TC visual-inertial fusion and the 
autocalibration as compared to other 
state-of-the-art approaches (see the 
“Quantitative evaluation” section in 
Results).

2) Robustness against occlusions, 
visually complex/changing environments, and ambient light-
ing (movies S2 to S6).

3) Robustness against electromagnetic interference and am-
biguous mechanical contacts, thus enabling object manipulation 
and the device to be worn (movies S4, S7, and S8).

4) Convenience of real-time calibration/autocalibration of anatomical/
glove kinematic parameters integrated into the VIST algorithm.

5) Ruggedness (e.g., washable; movie S9), affordability [e.g., total 
glove material cost ≈$100 (fig. S1) with the cameras and computing 
of the head-mounted display (HMD) possible to use], and weara-
bility [e.g., light weight (52 to 55 g)].

Our VIST framework may also be used to collect human data 
that could be used to train reinforcement learning algorithms to 
learn robotic object manipulation (44) or as a tracking module for 
the feedback control of soft robotic hand prostheses (45, 46). Our 
VIST framework can further be used for robotic systems with limbs, 
for which typical proprioceptive sensors are difficult to deploy (e.g., 
very thin tendon-driven robots or soft multilegged robots with fre-
quent whole-body contacts).

RESULTS
Human hand and sensor glove models
The human hand is modeled as a segment joint skeleton model 
(Fig. 2A) (47), where the types of joints are determined according to 

Movie 1. Collaborative robot interaction. User can quickly and intuitively provide rich commands and cues to the 
robot using their hand and fingers, thereby making the interaction safer and fluidic as compared to the case of 
conventional pendant-based collaborative robot programming.

Movie 2. 3D drone swarm control. User can efficiently control the complex 3D swarm behavior by simply nudging 
their formation or quickly defining 3D virtual walls to avoid dangerous regions, all difficult when relying on conven-
tional 2D tablet interface.

Movie 3. Overview of VIST. Summary of motivation, hardware construction, algo-
rithm architecture, quantitative and qualitative experimental validation results, 
and possible applications of the proposed VIST framework.
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their anatomical structures. This segment joint model is adopted in 
many model-based hand tracking systems with vision, IMU/
compass, or soft sensors (22, 23, 48, 49). Here, we choose the target 
tracking segments to be the dorsum of the hand and the three 
(thumb, index, and middle) fingers; these segments play a key role 
in our daily activities and influence the motions of the ring/little 
fingers (50). We also assume musculoskeletal dependencies [i.e., 
synergy (22,  23,  51)] to estimate the angle of the interphalangeal 

(IP) joint from the metacarpophalangeal (MCP) joint for the thumb, 
and that of the distal IP (DIP) joints from the proximal IP (PIP) joints 
for the index and middle fingers. Because our VIST algorithm is appli-
cable to any skeletal tracking with segments and joints, its extension to 
the ring/little fingers or to the case of no synergy is straightforward.

To obtain the visual and inertial information of the target track-
ing segments, we design a sensor glove comprising two layers: an 
inner glove layer with seven IMUs (on the dorsum of the hand, 

C

B

A

Fig. 2. Modeling and processes of VIST. (A) Hand and glove models with coordinate frames. (B) Visual-inertial fusion pipeline. (C) Visual information extraction process 
with marker detection, stereo matching, and IMU-aided correspondence search.
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metacarpal/proximal phalanges of the thumb, and proximal/
intermediate phalanges of the index/middle fingers) and an outer 
glove layer with 37 visual markers [fabric blobs with four different 
colors (red, blue, green, and yellow)] (see fig. S1 and Materials and 
Methods). We can then define two types of coordinate frames: the 
coordinate frame of the ith hand segment {Bi} (i = 0,1,2, …,9) and 
the coordinate frame of the jth IMU {Ij} (j = 0,1,2, …,6), where the 
IMU frame index j is the same as that of its corresponding hand 
segment index i whenever relevant (Fig. 2A).

The origin of {Bj} is attached to its parental joint, each axis of 
which is along the axes of flexion/extension (y axis), abduction/
adduction (z axis), and twisting (x axis), whereas each {Ij} is attached 
to its IMUs, whose pose is not necessarily matched with corre-
sponding {Bj}. Thus, many IMU-based tracking systems attempt to 
align {Ii} with {Bj} when attaching IMUs or require calibration before 
the operation through a sequence of indicated postures (52, 53, 54). 
However, misalignment error is inevitable when attaching IMUs. 
Moreover, calibration is often not precise because there is some 
human error in the process of capturing the indicated postures. Our 
VIST algorithm, in contrast, can deal with such errors in real time 
through autocalibration (see the next section), thereby substantially 
improving tracking performance.

Algorithms
Using the models in Fig. 2 as explained above, we design our VIST 
algorithm comprising the following two parts (Fig. 2B): visual in-
formation extraction, which robustly obtains the 3D positional 
observations of the many/anonymous visual markers via the stereo 
camera and TC fusion with IMU information, and visual-inertial 
hand motion estimation, which estimates the hand motion by 
fusing the IMU information with the extracted visual information 
and the hand anatomical constraints.
Visual information extraction
The visual information extraction process comprises three sub-
processes (Fig. 2C): marker detection in raw images, left-right stereo 
matching, and IMU-aided correspondence search.

Marker detection in raw images. To detect the visual markers 
(i.e., color blobs) in the raw stereo images, we use the following two 
requirements standard in the field of computer vision: (i) Hue-
saturation values (HSVs) requirement, that is, we extract only the 
visual blobs having HSV within predefined intervals of the blob colors, 
and (ii) shape requirements (i.e., size, convexity, and circularity), 
that is, we extract only the visual blobs with reasonable size and 
shape based on their real size and the distance from the camera. The 
centroids of the blobs satisfying both the HSV and the shape re-
quirements are then determined as the 2D pixel observation sets of 
the markers, i.e., ​ℛ =  {​r​ 1​​, ​r​ 2​​, … ​r​ ​N​ R​​​​} ∈ ​ ℜ​​ 2​N​ R​​​​ for the right image and 
​ℒ  =  {​l​ 1​​, ​l​ 2​​, … ​l​ ​N​ L​​​​} ∈ ​ ℜ​​ 2​N​ L​​​​ for the left image, respectively.

Left-right stereo matching. We obtain the 3D positional observa-
tions of the visual markers by matching/triangulating each pair of 
points in the left and right observation sets, L and ℛ. For this, we 
use a coherent point drift (CPD) algorithm (55), a classical point set 
registration method (see note S1). Specifically, to match the two 
point sets, the CPD algorithm represents one point set as a Gaussian 
mixture model (GMM) and determines the solution (i.e., transfor-
mation and correspondences between the two sets) using an 
expectation-maximization (EM) algorithm to maximize the product of 
the correspondence probability and the transformed GMM probability 
of the other set. In stereo matching, without loss of generality, we 

represent ℛ as a GMM and define a transformation parameter 
​  ∈  ℜ​ to represent the 1-DOF horizontal parallax between the two 
sets, neglecting vertical transformation with the assumption that 
the raw stereo images have been rectified. The transformation 
parameter  is then obtained by using the EM algorithm as in (55). 
We choose the CPD algorithm here due to its simplicity in the rigid 
point set registration. Other methods [e.g., (56, 57)] are available 
depending on the matching complexity.

Once  is determined, each left point li ∈ L has a matched candidate 
rj,min ∈ ℛ, which is the closest right point when transformed by . 
Because it is possible that blobs are observed only from one (left or 
right) camera, we define two additional conditions based on 
Euclidean distance to identify such outliers (note S2). When li and rj,min 
satisfy these two conditions simultaneously, the points are matched; 
otherwise, li is identified as an outlier. Then, the matched points are 
triangulated using the mechanical specifications (i.e., focal length and 
baseline) of the adopted camera, and the 3D positional observations 
of the markers, ​O  =  {​o​ 1​​, ​o​ 2​​, … , ​o​ ​N​ O​​​​} ∈ ​ ℜ​​ 3​​, are constructed, where 
NO is the number of the matched points from the stereo images.

IMU-aided correspondence search. This process aims to find the 
correspondence of the set of the stereo-matched markers O to the 
set of the IMU-predicted positions of the visual markers (via (9)), 
​ℳ  =  {​m​ 1​​, ​m​ 2​​, … ​m​ ​N​ M​​​​} ∈ ​ ℜ​​ 3​​, where NM = 37 (i.e., number of all the 
visual markers attached to the glove). We again apply the CPD algo-
rithm to match O and ℳ, by defining ℳ as a GMM and finding the 
transformation parameter ​ ∈ ​ ℜ​​ 3​​, which only represents the 3-DOF 
translation between the two sets, because the rotation of ℳ can be 
updated fairly precisely with the gyroscope over a short period of time 
(22). The GMM likelihood function of the set O is then defined as

	​​ p​(​​O∣ℳ, η​)​​  = ​ ∏ h=1​ 4 ​​ ​ ∏ i=1​ ​N​ O,h​​ ​​ p​(​​​o​ i,h​​∣​ℳ​ h​​, η​)​​​​	 (1)

where NO,h is the number of marker observations for each hue h ∈ 
{1,2,3,4} (i.e., red, blue, green, and yellow).

Because ℳ is represented as the GMM centroids, the probability 
of each marker observation oi, h ∈ O is given by

​​p(​o​ i,h​​∣​ℳ​ h​​, η) = (1 − ​w​ c​​) ​∑ j∈​ℳ​ h​​​ ​​ p(​m​ j​​) p(​o​ i,h​​∣​m​ j​​, η) + ​w​ c​​ /​N​ O,h​​​​	 (2)

	​​ ​p​(​​ ​o​ i,h​​∣​m​ j​​, η​)​​  ∼  N​(​​T​(​​​m​ j​​, η​)​​, ​Σ​ c​​​)​​​​​	 (3)

where ​T(​m​ j​​,  ) ∈ ​ ℜ​​ 3​​ is the transformation of the point mj ∈ ℳ 
using the parameter ​  ∈ ​ ℜ​​ 3​​, wc ∈ [0,1] is the parameter determining 
the outlier ratio of the correspondence search, and ​​Σ​ c​​  ∈ ​ ℜ​​ 3×3​​ is 
the covariance matrix of observation noises of the marker triangu-
lation (fig. S2), which is obtained by pilot tests.

It is typical that only less than one-third of all the (37) makers 
survive the stereo matching [i.e., average(NO) = 10.93; see Fig. 3E]. 
Furthermore, because those markers in O are anonymous (up to 
different colors) and the 3D motion of each finger is fast, if we 
attempt the correspondence search only with the vision information 
via CPD (i.e., ​​​ O​​ t−1​​  → ​ O​ t​​​, where ​​​ O​​ t−1​​  ∈ ​ ℜ​​ 3×37​​ is the computed po-
sitions of all the markers based on the hand motion estimated at the 
previous time t – 1, whereas ​​O​ t​​  ∈ ​ ℜ​​ 3​N​ O​​​​ is the stereo-matched 
markers at the current time t), the search very often ends up being 
an outlier and the hand tracking becomes unstable (movie S1). To 
circumvent this, we compute the prior p(mj) of each marker from 
the latest IMU-predicted hand pose (mj ∈ ℳ) and perform the 
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correspondence search ℳt → Ot. This renders our VIST algorithm 
to be TC fusion, with its accuracy and robustness markedly im-
proved. More precisely, we consider the following factors: cam-
era-facing factor and FOV factor (fig. S3).

The camera-facing factor considers a marker as difficult to ob-
serve when its normal vector is in the direction opposite to the cam-
era center. The observation probability pn(mj) for the camera-facing 
factor is defined as

​​​​p​ n​​(​m​ j​​ ) = ​
⎛
 ⎜ 

⎝
​​​
1,

​ 
for ​α​ ​m​ j​​​​  ≤  ​α​ min​​

​    (​α​ max​​ − ​α​ ​m​ j​​​​ ) / (​α​ max​​ − ​α​ min​​ ) ,​  for ​α​ min​​  <  ​α​ ​m​ j​​​​  ≤  ​α​ max​​​    
0,

​ 
for ​α​ max​​  <  ​α​ ​m​ j​​​​

 ​​​ ​	 (4)

where (min, max) is the visible angular range of the adopted marker 
type and mj is the angle between the normal vector and the camera 
ray (i.e., line from camera center to marker) of the marker mj.

The FOV factor excludes any visual markers outside the FOV 
from the correspondence search, thus enhancing the tracking 
robustness when the hand is partially observed around the edge of 
the FOV. Given the IMU-predicted marker position ​​m​ j​​  ∈ ​ ℜ​​ 3​​ and 
its covariance matrix ​​Σ​ j​​  ∈ ​ ℜ​​ 3×3​​ from the estimator, we compute 
the image plane–projected marker position ​​m​j​ *​  ∈ ​ ℜ​​ 2​​ and its cova-
riance matrix ​​Σ​j​ 

*​  ∈ ​ ℜ​​ 2×2​​. Near the edge of the FOV, the observa-
tion probability pf (mj) for the FOV factor is given by integrating 
the area inside the FOV of the Gaussian distribution of ​​m​j​ *​​ such that

A B

C

D E

F G

Fig. 3. Test setup and results of quantitative evaluation of tracking in free motion. (A) Quantitative evaluation test setup. (B) Participant hand size distribution 
(see also fig. S6). (C) Statistical analysis results of the four keypoints (see also fig. S7). (D) 3D-PCK analysis. (E) Histogram of frames and mean errors versus the number of 
observed markers. (F) Absolute mean error. (G) Length-normalized error distributions versus the hand length.
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	​​ ​​p​ f​​(​m​ j​​ ) = ​∫−∞​ 
​d​ j​​

 ​​​ (​​ ​e​​ −(​x​​ 2​)/(2​​σ​j​ 
*​​​ 

2
​)​​)​​ / ​(​​​√ 

_

 2π ​​​̂  σ​​j​ 
*​​​ 

2
​ ​​)​​dx​​​	 (5)

where ​​d​ j​​  ∈  ℜ​ is the distance between ​​m​j​ *​​ and the nearest edge of 
the FOV and ​​​j​ *​​ is an element of ​​Σ​j​ *​​ corresponding to the direc-
tion of dj.

Using the camera-facing factor (Eq. 4) and the FOV factor 
(Eq. 5), the final observation probability of the marker mj is the 
product of these two probabilities for both cameras, that is,

	​​ p(​m​ j​​ ) = ​∏ c=R,L​ ​​ ​p​ n,c​​(​m​ j​​ ) ​p​ f,c​​(​m​ j​​)​​	 (6)

where c is the index of the right or left camera. We also eliminate a 
marker mj occluded by other segments in the point matching [i.e., 
p(mj) becomes 0], if the image plane–projected marker position ​​m​j​ *​​ 
is inside the projected shape of another segment and the marker is 
farther away than the segment. This prior probability of each marker 
p(mj) is then used to compute the posterior probability (Eq. 2) for 
the correspondence search.

Once the transformation parameter ​  ∈ ​ ℜ​​ 3​​ for Eq. 1 is com-
puted using the EM algorithm, an observation oi ∈ O is assigned to 
the IMU-predicted marker mj ∈ ℳ with the maximum matching 
probability p(mj∣oi) from all the markers ℳ = {m1, m2, …mNM} as 
described in note S3. However, this may still match a single mj to 
multiple observations oi. To reject this duplicated match, as in the 
stereo matching, similar to that in (58), we introduce a threshold 
condition based on Euclidean distance to identify outliers. Then, finally, 
we attain the IMU-aided correspondence search: ​M ⊃ ​  Z​  →  Z  ⊂  O​, 
where ​​ Z​​ and Z are the sets of the corresponding markers in ℳ and O 
with the same dimension and will be used for the extended Kalman 
filter (EKF) update (Eq. 10).
Visual-inertial hand motion estimation
For the visual-inertial sensor fusion with a large number of states at 
a rate faster than the sensor sampling rate, we deploy the EKF, 
which is the most common estimator for nonlinear systems and ex-
hibits reasonable performance with limited computation load 
(fig. S4). This EKF consists of three subprocesses: prediction with 
IMU information, correction with visual information, and correc-
tion with anatomical constraints.
EKF states for hand tracking and autocalibration
We define the EKF states for each segment of the hand (total seven 
segments; see Fig. 2A) as

	​​ x  ≔  [​x​ s​​; ​x​ p​​ ]  ∈ ​ ℜ​​ 23​​​	 (7)

where ​​​x​ s​​  ≔ ​ [​​ ​p​G,I​ 
G  ​; ​v​G,I​ 

G  ​; ​q​G,I​ 
G  ​; ​b​ g​​; ​b​ a​​​]​​  ∈ ​ ℜ​​ 16​​​ is the motion-related state 

of the segment, which includes the position, velocity, unit quaternion 
of the the IMU coordinate frame {I} in the global coordinate frame 
{G}, and the IMU biases adopting the model of (59). We also define 
the state for the autocalibration of hand/sensor-related kinematic 
parameters such that

	​​ ​​x​ p​​ ≔ ​[​​ ​​ B​​; ​q​I,B​ I  ​​]​​  ∈ ​ ℜ​​ 7​​​​	 (8)

where ​​​ B​​  ∈ ​ ℜ​​ 3​​ is the scale factor of the attached segment {B}, 
which is dependent on the user hand size, and ​​q​I,B​ I  ​  ∈ ​ ℜ​​ 4​​ is the 
quaternion for misalignment between {I} and {B}, which is dependent 
on the user hand shape and may also change for each fitting (fig. S5).

Inclusion of this autocalibration is one of the key strengths of 
our VIST framework. Vision-based tracking systems with machine-
learning techniques are well known for their fragility and loss of 
performance for hand shapes/configurations outside their training 
sets, whereas those based on IMUs/compass or soft sensors rely on the 
assumption that users can/will precisely reproduce all the indicated 
poses, which is not true in practice and results in typically less accurate 
calibration and fingertip position tracking. In contrast, due to the 
real-time calibrations/autocalibrations of xp using the visual-inertial 
fusion, our proposed VIST framework can substantially improve 
tracking accuracy and user convenience as compared to other systems.
Prediction with IMU information
In the prediction step, the nominal state and its covariance matrix 
are predicted with the IMU information using the following kine-
matic model for each hand segment

	​​ ​​  x​ ̇ ​​ = f(​̂  x​, ​a​ m​​, ​w​ m​​)​  
​
​ 

​
  ​​	 (9)

where ​​a​ m​​  ∈ ​ ℜ​​ 3​​ and ​​w​ m​​  ∈ ​ ℜ​​ 3​​ are respectively the accelerometer 
and gyroscope data of the IMU, and ​​  x​  ∈ ​ ℜ​​ 23​​ is the predicted state 
with the IMU information. This kinematic model (Eq. 9) is derived 
from note S4. The linearized error state propagation model in Eq. 9 
can then be obtained as ​​​ ~ x​ ̇ ​  =  F​ ~ x​ + Gn​, where ​​ ~ x​  ∈ ​ ℜ​​ 21​​ is the error 
state, ​F  ∈ ​ ℜ​​ 21×21​​ is the error state transition matrix containing 
(am, wm) from the IMU, ​G  ∈ ​ ℜ​​ 21×18​​ is the input noise matrix, and 
​n  ∈ ​ ℜ​​ 18​​ is the concatenated noise vectors. The dimension difference 
between ​​  x​​ and ​​ ~ x​​ is due to the error state computation of the quater-
nion quantities. Expressions of F, G, and n are provided in note S5. 
Because the IMU measurements are sampled at the IMU sam-
pling rate, we discretize the continuous time prediction model for 
the VIST implementation.
Correction with visual information
The IMU-predicted motion of each segment is generally inaccurate 
because of the lack of compass information, sensor noise, and 
uncalibrated parameters (i.e., ​​b​ g​​, ​b​ a​​, ​​ B​​, ​q​I,B​ I  ​​). Thus, we correct this 
IMU-predicted hand segment motion and also the uncalibrated 
parameters using the correspondence-matched marker measurements 
Z ⊂ O. Specifically, we use the linearized error model of the mea-
surement equation such that

	​​ ​​ ~ z​​ ​m​ j​​​​​ = ​z​ ​m​ j​​​​ − ​​   z​​ ​m​ j​​​​ ≃ ​ H​ ​m​ j ​​​​​ ~ x​ + ​n​ z​​​​	 (10)

where ​​z​ ​m​ j​​​​  ∈ ​ ℜ​​ 3​​ is the measurement of oj ∈ Z ⊂ O with respect 
to the global coordinate frame, ​​​   z​​ ​m​ j​​​​  =  h(​̂  x​ ) ∈ ​ ℜ​​ 3​​ is that of the 
IMU-predicted marker ​​m​ j​​ ∈ ​  Z​ ⊂  M​, which corresponds to oj at 
the current time, and ​​n​ z​​  ∈ ​ ℜ​​ 3​​ is the noise from triangulated marker 
measurements, which is modeled as a zero mean white Gaussian 
and follows the covariance matrix ​​Σ​ c​​  ∈ ​ ℜ​​ 3×3​​ in Eq. 3. The obser-
vation matrix ​​H​ ​m​ j​​​​  ∈ ​ ℜ​​ 3×21​​ is the Jacobian of the measurement 
equation ​h(​ ~ x​)​ with respect to ​​ ~ x​​. Detailed derivations of these 
measurement equations are explained in note S6. For delay-free 
estimations even in the case of fast hand motions, similar to (60), we 
use a ring buffer to synchronize the current IMU data with the 
delayed visual data (about tens of milliseconds delay).
Correction with anatomical constraints
Although we estimate the motion of each segment independently as a 
free rigid body as stated above, their motions are not independent but 
rather anatomically correlated. We thus formulate some anatomical 
constraints of the human hand as the measurement equations for the 
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EKF correction. We first define the positional constraint to force 
anatomically adjacent segments to be connected at their pivot joint 
(e.g., intermediate and proximal phalanges connected at the PIP joint) 
by enforcing their global positions to be the same. A total of six such 
positional constraints are applied [carpometacarpal (CMC)/MCP joints 
for the thumb and MCP/PIP joints for the index and middle fingers]. 
We also define the rotational constraint (e.g., PIP joint cannot twist 
about the x axis). A total of seven rotational constraints are applied 
(no x-axis rotation of MCP joints for the three fingers and no x/z-axis 
rotations of the PIP joints for the index and middle fingers) following 
the adopted anatomical model (Fig. 2A). The observation matrix for 
both the positional and rotational constraints is derived from note S7.

Quantitative evaluation
Here, we quantitatively evaluate the performance and robustness of 
our proposed VIST framework in the cases of free motion, object 
interactions, and wearing fingertip cutaneous haptic devices (CHDs). 

For this, we attach motion capture (MOCAP) markers to four 
keypoints of the glove (three at the fingertips and one on the hand 
dorsum; see Fig. 3A), because (i) the MOCAP system cannot track 
robustly more than four markers, since they are anonymous and 
moving within a small size space, which is the very motivation of our 
VIST framework, and (ii) the fingertips typically exhibit larger tracking 
error than other parts of the hands [e.g., MCP, DIP, or PIP (10, 12)] 
with their accurate tracking crucial for some important applications 
(e.g., telepicking via pinching and fingertip touch in VR). As shown 
in Fig. 3A, each participant was instructed to sit in front of a table 
surrounded by the MOCAP cameras and to duplicate a hand config-
uration randomly displayed in the monitor. Fifteen participants were 
recruited for each experiment. Details on the experimental setup and 
procedure are explained in Materials and Methods and movie S10.
Hand tracking in free motion
We first evaluate our proposed VIST framework for the case of free 
hand motion as frequently adopted to quantitatively evaluate 

A

B

C E

D

Fig. 4. Test setup and results of quantitative evaluation of tracking with object interaction and wearable device. Test setups for object interaction (A) and wearing 
CHD (B) with their statistical analysis (C and D) and 3D-PCK analysis (E).
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baseline tracking performance [e.g., (10, 12, 13)]. Seated in the set-
up of Fig. 3A, each participant was instructed to copy the hand pos-
ture displayed on the monitor, which was randomly chosen from the 
large (tens of thousands) compounded hand image datasets of (10, 61). 
The hand image was switched to the next one every 3 s, and each 
trial lasted 3  min (i.e., a total of 60 hand postures) for each 
participant.

Statistical measures for each of the four keypoint are provided in 
Fig. 3C, with their total means across the four keypoints listed in the 
last row. There, we can see (i) good tracking with the total mean 
error of 10.69 mm and SD of 5.85 mm; (ii) robustness against 
participant variability (see Fig. 3B), with the within-participant SD 
(i.e., mean of SD of each participant) similar to the total SD and the 
between-participant SD (i.e., SD of mean error of each participant) 
fairly small of 1.57 mm (see also fig. S7); and (iii) good statistical 
confidence with a narrow mean error 95% CI (confidence interval) 
of [9.90 mm, 11.49 mm]. We also compute the 3D percentage of 
correct keypoints (3D-PCK), i.e., the fraction of the frames, for 
which the worst tracking error of all the four keypoints is within a 
given error bound (62). This PCK is a popular evaluation measure 
(10, 12, 13, 19). From Fig. 3D, we can see good tracking performance 
with 3D-PCK@20mm ≈ 78% and 3D-PCK@35mm≈ 99%.

The mean errors and the histogram of frames with respect to the 
number of observed markers are shown in Fig. 3E, where we can see 
the good robustness of our VIST against occlusions with its mean 
error only mildly increasing even with fairly few visible markers. 
This is due to VIST’s ability to exploit the IMU information and 
contrasts with typical pure vision–based approaches (10, 12, 19), 
which typically suffer from sharp tracking loss with occlusions. 
Note also that the histogram shape resembles a normal distribution; 
that is, the displayed hand images are not biased and the evaluation 
here is applicable to general/diverse hand postures. We also present 
plots of the mean error and the hand length–normalized error with 
respect to the participant hand lengths in Fig. 3 (F and G). There, we 
can see that our VIST tracking, because of its utilization of vision 
information and autocalibration of hand parameters, is insensitive 
to hand size variability and actually enhances the length-normalized 
error. This is in contrast to the IMU/compass and soft wearable 
tracking approaches (well known for the error amplification with 
respect to their size) (21, 26) as well as to the pure vision–based 

approaches (well known for the issue of generalization outside of 
their training sets) (19).
Hand tracking with object interaction and wearable device
We quantitatively evaluate our VIST framework for the two scenarios, 
object interactions and wearing fingertip CHDs (22) (see also 
Fig. 8), to show its robustness against severe occlusions, magnetic 
interference, and mechanical contacts. For the object interaction, 
we construct our own image datasets of eight daily objects (fig. S8), 
with 100 images of different hand postures for each object (i.e., a 
total of 800 images). For each participant, one of the eight objects 
was randomly selected, and a 10-s period was given for them to hold 
the chosen object. Each participant was then instructed to copy the 
object-hand posture displayed on the monitor every 3 s. This proce-
dure was repeated for another two objects, making up a total 2-min 
trial for each participant (Fig. 4A). For the evaluation with CHD, a 
translucent virtual sphere was rendered in blue or red color and 
with its location/size randomly varying. This sphere was then 
projected into the left image of the (standing) stereo camera (Fig. 4B), 
and this left image was displayed on the monitor. Each participant 
was then asked to move their index (or thumb, respectively) fingertip 
to the center of the blue (or red, respectively) sphere with penetra-
tion proportional normal force feedback from CHD. A total of 
40 virtual spheres were rendered, each lasting 3 s, constituting a 
2-min trial for each participant.

Statistical measures of the four keypoints with the object inter-
action and the wearing CHD are summarized in Fig. 4 (C and D) 
(see also fig. S7) along with their 3D-PCK in Fig. 4E. There, similar for 
Fig. 3, we can see that our VIST framework still exhibits good tracking 
(e.g., mean errors of 12.68/10.89 mm with 3D-PCK@20mm ≈ 69/79% 
and 3D-PCK@35mm ≈ 96/98%), robustness against participant vari-
ability (e.g., within-participant SDs ≈ total SDs, between-participant 
SDs of 1.66/1.53 mm), and good statistical confidence (with 95% 
CIs of [11.84 mm, 13.52 mm]/[10.11 mm, 11.66 mm]). Although 
these measures are a bit deteriorated from that of the free motion in 
Fig. 3, the efficacy of our VIST framework could still be asserted in 
terms of human perception. More precisely, the work of (63) shows 
that humans cannot detect index fingertip tracking errors in VR 
under 50 mm, whereas the work of (64) shows that humans cannot 
discriminate index finger joint angle error under 1.7° based on pro-
prioception. However, for our VIST framework, 3D-PCK@50mm 

A

B

Fig. 5. Qualitative evaluations for visually complex backgrounds. (A) Colorful objects in the background or manipulated by hands. (B) Colorful painting background.
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is greater than or equal to 99% for both Figs. 3 and 4, whereas its 
angle tracking error would be less than 1.57° of (22), given that the 
fingertip tracking error of (22) is larger (i.e., mean error about 29 mm) 
than our VIST framework. This suggests that our VIST framework 
would likely allow users to perceive their rendered hands accu-
rately following their real hands.

We also note that our VIST framework outperforms some state-
of-the-art vision-based algorithms: (i) for the free motion tracking, 
our VIST algorithm exhibits a mean error of 10.69  mm and 
3D-PCK@20/35mm ≈ 78/99%, whereas the work of (10) had a 
mean error of about 50 and 3D-PCK@20/35mm ≈ 44/65% [even if 
evaluated against only a subset (61) of our datasets in (10)], and the 
winners of the latest hand tracking challenge (19) had a mean error 
of 13.66 mm (65) and 3D-PCK@20/35mm ≈ 24/67% (66) [even if 
the hand bounding box is given in (65, 66)], and (ii) for the object 
interactions, our VIST algorithm provides a mean error of 12.68 mm and 
3D-PCK@20/40mm ≈ 69/97%, whereas the winner (11) of the challenge 
(19) provided a mean error of 24.74 mm and 3D-PCK@20/40mm ≈ 
0/27% [even if the wrist ground truth position is given in (11)].

Although these indirect comparisons with (10, 65, 66) are still 
indicative enough of enhanced performance of our VIST, we also 
implement the algorithm of (9) and directly apply it to the same 
object-hand image datasets and the same procedure with wearing 
the CHD. Here, we choose (9) as it is one of the most advanced 
vision-based algorithms so far, while others are not as generalizable 
[e.g., bone lengths required (10)] or not open to public [e.g., (11)]. 
We then found that this algorithm (9) cannot maintain tracking 
stability during the object interactions or wearing CHD (fig. S9), 
which is expected, because the issue of occlusions is a well-known 
problem for any pure vision–based algorithms. Hand tracking with 
objects/devices is, of course, difficult for other methodologies as well, 
and for this, we apply the IMU/compass-based tracking of (22) to 
the datasets/procedure of this section and found that, with hand drill, 
portable fan, earphone case, and CHD, all containing ferromagnetic 

materials or internal current, the tracking becomes unstable with 
some finger joints excessively twisted (fig. S10). In contrast, due to 
its opportunistically exploiting vision and IMU informations, our 
VIST can maintain not only tracking stability but also its accuracy 
as shown in Figs. 3 and 4.

Qualitative evaluation in real-world scenarios
Here, we perform qualitative evaluation of our VIST framework 
for some challenging real-world scenarios that outperform existing 
hand tracking methodologies.
Visually challenging background
It is challenging for vision-based systems to track the human hand 
on backgrounds with similar appearances/colors (10, 13, 67). To 
evaluate robustness against such situations, we designed qualitative 
experiments with colorful objects (magazines, fruits, and stationery) 
and a painting (Bedroom in Arles) in the background with visually 
similar colors/patterns to the glove markers. As shown in Fig. 5 and 
movie S5, despite the visually adversarial objects/backgrounds, our 
VIST can robustly track the hand motion even when it interacts 
with daily objects (bananas and scissors). This is because our VIST 
algorithm accurately detects visual markers from the background 
using the HSV and shape requirements simultaneously. Moreover, 
through the IMU-aided correspondence search, it can robustly 
match the marker observations with the true anonymous markers 
on the glove while effectively eliminating outliers, thereby exhibiting 
this stable tracking even with the visually complex objects/backgrounds.

Hand tracking outdoors is a difficult problem for existing tracking 
systems. RGB-D vision–based hand tracking is generally not suitable 
for outdoor use, because sunlight can interfere with structured in-
frared (IR) rays (68, 69). RGB vision–based tracking does not work 
well in outdoor settings either, because their training sets are 
typically acquired indoors (13, 16, 61). Typical IMU/compass or 
soft sensor wearable hand tracking (22, 23, 27) also suffers from the 
same problem outdoors, because they also typically require IR-based 

A

B

C

Fig. 6. Qualitative evaluations in outdoor environments. (A) Lawn. (B) Campus. (C) Parking lot.
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trackers (25) for the wrist sensing. We thus conducted experiments 
for some such challenging outdoor scenarios: lawn, campus, and 
parking lot. For the campus/lawn scenarios, backgrounds and light-
ing conditions markedly differed from those of the indoors, making 
proper running of vision-based algorithms challenging. In the 

parking lot scenario, some everyday activities (opening car door 
and shaking hands) were also included, which rendered the hand 
tracking even more challenging due to the ferromagnetic materials 
of the vehicle (against IMU/compass tracking), mechanical contacts 
with people/objects (against soft sensor tracking), or severe occlusions 

A

B

C

D

E

F

Fig. 7. Qualitative evaluations for various occlusions. (A) Outside the FOV. (B) Self-occlusion. (C) Severe occlusion from surroundings. (D) Interaction with various 
objects. (E and F) Robustness of VIST against magnetic interference/contact/occlusion from the tablet and comparison with other tracking methods (movie S7) (9, 22).
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(against vision-based tracking). Our VIST system, in contrast, can 
robustly track the hand motion in all these scenarios (see Fig. 6 and 
movie S6).
Self-occlusion
We also performed qualitative evaluations for the cases of self 
occlusions and outside the FOV. The issue of self-occlusion is the 
fundamental limitation of the vision-based systems that still remained 
unsolved (12, 17, 48), whereas, when the hand is even partially 
outside the FOV, the vision-based tracking cannot articulate invisible 
hand segments or even cannot recognize the hand altogether 
(10, 48). In contrast, our VIST can still accurately track self-occluded 
hand poses (e.g., fingers behind palm or middle finger behind index 
finger) (see Fig. 7B and movie S2). This reaffirms the robustness of 
our VIST framework against self-occlusions in accordance with the 
quantitative evaluation in Fig. 3E. Our VIST system can also track 
the invisible segments even outside the FOV (Fig. 7A) by using the 
IMU information with real-time autocalibrated hand anatomical 
parameters. This property is desirable for real applications, because 
users can freely move their hands without continuously paying 
attention to keep their hands within the camera FOV (e.g., for our 
system, the operable area increases by about 50% at a distance of 
25 cm from the camera).
Object interaction
When human hands interact with objects, the issue of occlusions 
naturally arises (13, 17, 48, 70). It is infeasible to include all everyday 
objects with accurate annotations in the training set. Even for 
objects in the training set, many systems still fail to track the hand 
motion if their size is large to induce occlusions (17, 13). Such 

object interaction is also challenging for soft wearable hand tracking 
(26), because the soft sensors generally cannot distinguish the 
deformation signal of the hand motion from that of the object inter-
action. The IMU/compass-based wearable tracking systems (22) 
can also be compromised when interacting with objects containing 
ferromagnetic materials (e.g., metallic products and components 
with magnets) or internal electrical currents (e.g., powered tools 
and workstations), which can severely breach the compass signals.

In contrast, as shown in Fig. 7 (C and D) and movie S2, our VIST 
maintains accurate hand tracking even when the hand is occluded by, 
or interacting with, various objects/surroundings (e.g., under the 
table, behind ping-pong racket, and pressing gamepad buttons). 
We also conducted experiments to manipulate a tablet PC, which 
has embedded magnets and ferromagnetic materials (against IMU/
compass tracking), a form factor prone to cause occlusions (against 
vision-based tracking), and contacts on many parts of the hand 
(against soft sensor tracking). Even with this tablet, our VIST system 
can retain the hand tracking (Fig. 7E), whereas vision-based and 
IMU/compass-based approaches fail (Fig. 7F). See also movie S7.
Wearing fingertip CHD
Vision-based hand tracking algorithms, which use datasets based 
on bare hands for the training, generally cannot track the hands well 
when the user wears devices/attachments on the hand. Soft wearable 
tracking is also vulnerable to those extra devices/attachments, be-
cause the soft sensor signals can be distorted by their contacts. 
Excessive deformation due to the device/attachment can even induce 
permanent signal offset in the soft sensors. Magnets or electrical 
actuators embedded in the device can severely interfere with 

A B

C

Fig. 8. Qualitative experiments with CHDs in VR. (A) Experimental setup with virtual rabbit. (B) 3-DOF CHDs and wearing configuration. (C) Robustness of VIST against 
visual distortion, mechanical contacts, and electromagnetic interference from CHDs and comparison with other tracking methods (movie S8) (9, 22).
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IMU/compass tracking as well. To verify the robustness of our 
VIST framework against such extra devices/attachments, we used 
the same CHDs (22) as used above (see also Fig. 8B). We then con-
ducted a VR haptic exploration task, where human users can receive 
3-DOF haptic feedback when touching the surface of a virtual rabbit 
(Fig. 8A). As shown in Fig. 8C and movie S8, vision-based and IMU/
compass-based tracking systems become unstable with the CHDs due 
to the aforementioned reasons, whereas our proposed VIST can 
maintain stable and accurate hand tracking during the VR experiments.

DISCUSSION
Through quantitative and qualitative evaluations, we demonstrate 
that our VIST framework operates robustly and with high perform
ance in challenging real-world scenarios. In particuar, VIST enables 
the interaction of diverse objects with hand size/shape variability. 
In contrast, vision-based systems are not robust for untrained 
objects/hands (19) or object occlusions (16, 48), soft sensor wearable 
systems are susceptible to object mechanical contacts (26, 28, 29), 
and IMU/compass or magnetic wearable systems (20, 22, 23, 32, 35) 
are fragile to ferromagnetic objects or electrical currents. Both the 
soft and IMU/compass wearable systems are also well known for 
their tip tracking error proportional to the skeleton size.

Human hands can interact with a myriad of objects in daily life 
with different hand configurations. The robust hand tracking of our 
VIST framework may lead to its broader applicability for wide 
varieties of real-world applications that have so for eluded existing 
approaches (e.g., daily monitoring for rehab and tool operation skill 
assessment). The accurate tracking of VIST with CHDs (22) could 
lead to applications that require extra wearable devices/attachments 
(e.g., VR/AR, telepicking with CHDs, and soft prosthesis) (45). We 
also verify that the VIST system can robustly track hand motion 
outdoors, which is tough for most existing systems, because sun-
light interferes with many types of IR sensors [e.g., RGB-D camera 
(48, 67) and external IR tracker (25) required for wearable tracking 
systems (21–23)], whereas outdoor hand tracking datasets for 
machine learning are fairly scarce. Our outdoor experiments verify 
not only the complete portability of the VIST system in terms of 
hardware/algorithm but also its feasibility for promising outdoor 
applications (e.g., intuitive interface for 3D drone swarm control).

The key reason of the superior performance of our VIST frame-
work is that we alleviate the inherent issues of each sensor by visual-
inertial TC fusion. The VIST framework circumvents the fundamental 
issues of vision-based systems [occlusion, generalization, and slow 
update (19, 17, 48)], because the motion of the occluded parts can 
still be accurately estimated by using the IMU information at a high 
rate (about 100 Hz) with the real-time/autocalibrated hand/sensor-
related parameters, anatomical constraints, and still visible markers. 
Our VIST system also overcomes the issues of drift or magnetic 
interference of IMU/compass-wearable systems by exploiting the 
visual information in conjunction with the anatomical constraints 
and also the issues of unmodeled contacts for soft sensor wearable 
systems, because the camera and IMUs are immune to them. More-
over, the integrated autocalibration endows our VIST framework 
with improved accuracy and convenience as compared to existing 
IMU/compass or soft sensor wearable systems, where those param-
eters are calibrated once before the operation while the user takes 
several indicated poses, which is inevitable with human errors 
(52–54, 71).

In conclusion, our VIST framework solves those fundamental 
limitations of existing hand tracking systems. This improved 
performance can be achieved by fusing the complementary aspects 
of visual and inertial sensors in TC fusion, which turns out to be 
crucial to properly address the peculiarity of the hand (and finger) 
tracking. With the ruggedness, portability, and affordable cost, our 
VIST system could allow for many promising real-world applica-
tions based on hand motion tracking.

MATERIALS AND METHODS
Sensor glove and stereo camera
We fabricated the sensor glove based on our previous work (22), whose 
sensor configuration was slightly modified such that seven IMUs 
are attached. We deployed low-cost commercial IMUs, MPU9250 
(InvenSense), and connected them to a custom-built microcontroller 
unit (MCU) board based on ATmega328. This board collects the IMU 
data and sends it to the computer running the main algorithm. The data 
acquisition from each IMU is at 100 Hz, and the data are sent through the 
serial peripheral interface (SPI) communication protocol.

A user was recommended to wear a sensor glove slightly smaller 
than their hands to avoid sensor slippage on the hand. The glove 
itself was made with spandex fabric, which has sufficient elasticity 
to stretch with the human hand. Despite such elasticity, there is a 
limit on the hand size that a glove can cover, so we constructed two 
sensor gloves of different sizes (fig. S1). The length from the wrist to 
the middle finger tip and the width from the thumb MCP joint to 
the right side of hand are 18.3 and 9.4 cm for the smaller glove and 
20.0 and 10.5 cm for the larger one. The total weights of the sensor 
gloves, including the markers, IMUs, and MCUs, are only 52 and 55 g, 
respectively.

We adopted color blobs (circular/square color patches made 
from fabric) as the visual passive markers because they can be 
simply attached to the gloves without extra electronic installations 
(power, wire, or diode). Other types of anonymous markers are 
equally possible for our proposed VIST framework, according to 
the operating environment (e.g., gloves made with pattern-printed 
fabrics, IR/ultraviolet light-emitting diodes, reflective markers with 
IR cameras, or deep learning–based features). The color blobs were 
attached to the designated positions of the sensor gloves (including 
positions directly above the IMUs), which were empirically deter-
mined to ensure that appropriate numbers of markers could be seen 
from any viewpoint of the camera. Fabric patch with four distinct 
hues (red, yellow, green, and blue) were used in fabricating the 
markers. We attached different shapes of markers (square and circle) 
to the two different gloves. The length of one side of square marker 
and diameter of the circular marker are both 12 mm, and a total of 
37 color blobs were attached to each glove.

We used Stereolabs ZED Mini (72) as the stereo camera, which 
is manufactured with affordable weight, size, and baseline to be 
comfortably equipped with an HMD: 62.9 g weight, 90° (H) by 60° (V) 
FOV, 63-mm baseline, and 1280 pixel–by–720 pixel resolution for 
each image. Other types of vision sensors (e.g., monocular camera 
and depth/IR camera with IR markers) are also applicable for our 
proposed VIST framework by slightly modifying the marker detection/
stereo matching processes. We assumed that the stereo camera is 
mounted on the user’s head part (e.g., equipped with an HMD, AR 
glass, or safety goggle), because this configuration makes our system 
fully portable without installing external sensors and compatible 
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to commercial HMDs, which are normally equipped with two or 
more cameras (e.g., Oculus Quest and HoloLens).

Experimental setup
In the quantitative evaluations, we used OptiTrack MOCAP system 
and attached IR reflective markers on the four keypoints (Fig. 3A 
and movie S10). Participants were instructed to sit on a chair 
surrounded by the MOCAP cameras, with the stereo camera 
positioned in front of the participant on a table facing downward at 
about 60°. The camera was fixed during the experiment so that the 
pure tracking errors of the hand motions relative to the camera {C} 
could be measured. This aligned with most existing vision-based 
studies, where they tracked the hand motion also with respect to the 
camera (10–12, 62, 73).

For the free motion quantitative evaluation, each participant was 
instructed to follow a hand image displayed on the monitor, which 
was randomly selected from the large and expansive (tens of thou-
sands) compounded image datasets of (10, 61). For the quantitative 
evaluation with object interaction, we used our own-built image 
datasets consisting of 100 images for each of the eight objects, whereas, 
for the quantitative evaluation with the haptic device, a virtual sphere 
with random location and size was displayed and the participant was 
instructed to touch it using their thumb or index finger with 
penetration-dependent normal haptic feedback. The time interval 
for the next random image was decided to be 3 s after performing 
a pilot test: If the time interval is too short, participants cannot follow 
the displayed images correctly; if it is too long, the tracking error is 
underestimated. Fifteen participants were recruited, all right-handed 
males in the age range of 22 to 31 years old with no known perception/
movement disorders and various hand shapes (fig. S6). All the experi-
ments were conducted in accordance with the Helsinki Declaration.

SUPPLEMENTARY MATERIALS
www.science.org/doi/10.1126/scirobotics.abe1315
Notes S1 to S7
Figs. S1 to S10
Movies S1 to S10
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