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Abstract 
Current mobile hand tracking systems primarily rely on high-
framerate (HFR) optical sensors to capture hand positions, resulting 
in high computational cost and limiting the applicability in end de-
vices. We propose 3DRing, a 3D hand position tracking method that 
requires only low-framerate (LFR, <10 FPS) optical data and a single 
IMU ring. It consists of two stages: (1) a Deep Extended Kalman 
Filter module that predicts high-framerate hand positions from 
LFR optical measurements and a single IMU; (2) a Reinforcement 
Learning module that adaptively selects minimal keyframes for 
calibration, further reducing the average optical framerate. Using 
only 6.61 FPS optical data, 3DRing achieves an average real-time 
tracking error of 1.75 cm and an interaction efficiency of 86.0% in a 
3D target selection task, compared to the 67 FPS hand tracking sys-
tem of Meta Quest Pro, demonstrating a strong potential to reduce 
the reliance on optical data in mobile hand tracking tasks. 
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1 Introduction 
Human hand tracking is a fundamental task in computer vision 
and human-computer interaction. It enables natural and efficient 
spatial interactions in the 3D space, such as target selection, ob-
ject manipulation, and gaming. Current hand tracking methods 
heavily depend on camera-based optical data (e.g., RGB, infrared, 
and depth data), which require high framerate (≥60 FPS) for both 
image capture and processing. While these methods can achieve 
accurate hand tracking, they come with significant computational 
cost, which notably limits their use in mobile devices. For instance, 
Meta Quest Pro [43] and Apple Vision Pro [26] use 5 and 8 cam-
eras respectively to capture images. The hand tracking framerates 
reaches 72 FPS and 90 FPS. The resulting battery life is no longer 
than 2 hours under general use. However, many 3D interactions do 
not require full degrees of freedom (DoF) or high-accuracy hand 
tracking, especially for lightweight AR devices that even do not 
support hand tracking currently. Therefore, developing a low-cost 
hand tracking method that does not rely heavily on optical sensing, 
while still maintaining sufficient interaction capabilities, is crucial 
for mobile spatial interactions. 
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Figure 1: The introduction of 3DRing. Our method aims to lower the optical sensing framerate in 3D hand position tracking 
as much as possible to reduce the computation costs. To compensate for the information loss, we fuse the optical data with 
a low-cost IMU ring, which provides rich hand motion information between optical measurements. 3DRing incorporates a 
DEKF model to predict the hand motion from low-framerate optical data and high-framerate IMU input, and an RL model to 
adaptively select minimal optical keyframes to calibrate the prediction results (left, detailed later). The tracking curve (right) 
illustrates the adaptive framerate strategy and the prediction results during real use, where the user moves the hand to select a 
target in the 3D space. Our method is able to increase the optical sensing framerate during interaction, and reduce it when the 
hand is static, thus achieving a balance between tracking accuracy and reliance on optical data. 

To address the limitations of optical sensing, we focus on reduc-
ing its framerate, which lowers the computational costs. If appropri-
ate hardware is available to support variable-framerate sampling, 
the hardware power consumption can also be reduced, which is 
further discussed in Section 6.2. This approach, known as low fram-
erate (LFR, <10 FPS) tracking in literature [29, 38, 39, 70], aims 
to achieve high framerate (HFR, ≥30 FPS) tracking results using 
only LFR optical data. However, purely relying on LFR optical data 
face the challenge of balancing tracking accuracy and latency, as 
significant information is lost and the optical input becomes discon-
tinuous. As a result, these methods are generally applicable only 
in scenarios where the tracked object moves slowly or predictably, 
such as tracking pedestrians [39] or vehicles [29]. In contrast, hu-
man 3D interactions involve fast and highly unpredictable hand 
movements, making LFR tracking much more challenging in this 
context. 

To fill this gap, we propose fusing inertial and optical sensing to 
achieve low computational cost and high accuracy simultaneously, 
and also reduce the latency caused by LFR optical sensing. The 
IMU measures accurate hand acceleration and angular velocity and 
typically samples at a higher frame rate (≥100 FPS). Therefore, it 
supports hand motion prediction even before the next keyframe is 
captured, reducing the latency between LFR optical frames. Addi-
tionally, the computational cost of the IMU is negligible compared 
to optical sensors (Section 4.5). Thus, we believe the IMU is an ex-
cellent complement to optical sensors, which enables accurate hand 
tracking while reducing the camera framerate and computational 
cost. This approach can either enable hand tracking on lightweight 

AR devices, or serve as a fallback mode that reduces computational 
overhead on devices with existing hand-tracking capabilities. 

We propose 3DRing, a method for 3D hand position tracking 
that combines a single IMU ring with LFR optical data. We aim to 
achieve an optimal balance between tracking accuracy and optical 
sensing framerate, thereby reducing the computational costs. To 
address information loss, we utilize a 6-axis IMU ring (measuring 
acceleration and angular velocity), ensuring that hand motions are 
continuously perceived, thus maintaining high tracking accuracy. 
The IMU ring is worn on the user’s index finger, and its design also 
enables hand gesture recognition in 3D space (e.g., touch [17], pinch 
[37], cursor control [52]). While gesture recognition is independent 
of the hand position tracking presented in this paper, it can be 
seamlessly integrated to enhance the 3D interaction experience. 
The input to our method consists of LFR hand position and rotation 
data (6 DoF, <10 FPS, derived from optical data) and 6-axis IMU 
data (200 FPS). The output is the high-framerate, continuous hand 
position tracking results, as illustrated in Figure 1. 

3DRing consists of two stages. The first is the Prediction Stage, 
where we introduce a novel method that combines deep learning-
based hand velocity prediction with an Extended Kalman Filter 
(EKF), referred to as DEKF in this paper. This stage predicts con-
tinuous hand motion based on LFR hand position and rotation 
measurements, along with the IMU input. Given that optical hand 
tracking results are sparse and unreliable for hand velocity estima-
tion, we first train an RNN model to predict hand velocity using 
only IMU data. We then apply the EKF model to regress hand po-
sition and rotation from the predicted hand velocity and angular 
velocity from the gyroscope. Experiments demonstrate that our 
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DEKF method significantly outperforms existing EKF-based ap-
proaches, reducing the average tracking error from 2.63 ± 0.25 cm 
by 36.5%, to 1.67 ± 0.12 cm (𝑝 < 0.001), using an average of just 
6.26 FPS optical data. 

The second stage is the Calibration Stage, where we introduce 
a new reinforcement learning (RL) task that trains the model to 
adaptively select minimal optical keyframes to calibrate hand mo-
tion predictions. During interaction tasks, users’ hand movements 
are not uniformly distributed, which means the optical tracking 
framerate can be dynamically adjusted based on the hand motion 
state. Leveraging this approach, we further reduce the tracking 
error to 1.39 ± 0.10 cm, which is 47.1% lower than the EKF method 
and 16.8% lower than the DEKF model (𝑝 < 0.001). Additionally, the 
neural networks in the DEKF and RL modules are lightweight, only 
containing 636.68 K parameters in total and requiring 253.77 M 
FLOPs of computation per second. As a result, our method is able to 
reduce the computational cost to about 11% (Section 4.5) compared 
to CV-based hand tracking methods. Furthermore, a user evaluation 
study demonstrates that 3DRing achieves 86.0% of the interaction 
efficiency in a 3D target selection task using only 6.61 FPS (9.9%) 
optical data, compared to the 67 FPS Meta Quest Pro. It highlights 
the potential of 3DRing to reduce the computational cost of hand 
tracking while maintaining high tracking accuracy and interaction 
efficiency, thereby making hand tracking more accessible to mobile 
scenarios. 

Our contributions in this work are three-fold: 
(1) We propose 3DRing, a novel 3D hand position tracking frame-

work that combines inertial and low-framerate optical sens-
ing. It only requires a single IMU ring and LFR optical data, 
achieving high tracking accuracy and interaction efficiency 
only with low computational cost. 

(2) We introduce a Deep Extended Kalman Filter (DEKF) method 
to predict continuous hand position from LFR optical frames 
and IMU input. This method utilizes an RNN-based model to 
provide reliable hand velocity estimates, which complement 
the sparse optical data. 

(3) We present an RL-based adaptive framerate strategy to cali-
brate hand motion estimation. This approach adjusts hand 
tracking based on users’ hand movements and interaction 
states, further enhancing tracking performance. 

2 Related Work 

2.1 Human Hand Tracking and Reconstruction 
Human hand tracking has been extensively studied in computer 
vision and graphics, supporting a wide range of applications such 
as human-computer interaction, augmented and virtual reality, and 
rendering [3, 23, 32, 57]. Existing works primarily focus on detect-
ing hand key points and reconstructing the hand skeleton structure 
from optical images. In 2D hand images, current methods use con-
volutional neural networks (CNN) to extract image features, based 
on which hand joint key points are detected, as 2D coordinates 
in the image space [15, 33, 54, 69]. The most representative work 
is MediaPipe Hands [69], which leverages a palm detector and a 
hand landmark model to detect 21 hand key points, and has been 
widely used in industry and various applications. In the 3D space, 
MANO [48] proposes a new hand model that maps hand poses to 

hand meshes. Based on these 3D hand representations, many works 
reconstruct 3D hand poses from 2D images [9, 16, 20, 46, 60, 72] 
or IMUs [8, 25, 35, 44, 67, 68], and have iterated to a good tracking 
performance. 3D hand mesh and texture models are also proposed 
to further improve the rendering effect in graphics and animations 
[5, 14, 34]. 

The aforementioned works are able to achieve high hand track-
ing accuracy and fine-grained hand pose reconstruction, which is 
crucial in graphics and animations. However, in the perspective 
of human-computer interaction, to support general interactions 
(e.g., target selection, interface manipulation) in the 3D space, we 
normally only need the overall 3D hand positions in the global 
coordinates and gesture events that are related to users’ interaction 
purposes. Furthermore, hand poses from monocular images lack 
absolute depth information, which is essential for 3D interactions. 
Therefore, we only use the global 3D hand position tracking [43] 
in our work, which does not require extensive optical data and can 
still achieve efficient 3D interactions. 

2.2 Low-Cost Object Tracking 
CV-based object tracking require extensive optical data to achieve 
real-time and continuous tracking. The high information density 
of images leads to significant data processing and computational 
costs, restricting their applications in mobile computing scenarios. 
To address this issue, researchers have proposed various low-cost 
tracking methods. One category of them is to design special tracking 
systems to reduce the hardware power consumption [1, 41, 47, 64], 
but they are not general and require specific hardware support. 
Another category optimizes the tracking algorithms to reduce the 
computational cost, such as using optical flow [10], feature flow 
[74], and efficient neural networks [24, 30, 49, 56]. Besides, a more 
general approach is to use low-framerate (LFR, <10 FPS) optical 
data, and then recover the high-framerate (HFR) tracking results 
from LFR data, such that the sensing and computing cost can both 
be reduced at the same time [6, 28, 29, 38, 39, 70]. However, this 
approach faces the challenge of balancing the tracking accuracy and 
latency. By interpolating intermediate tracking results from sparse 
optical keyframes, the current state estimation can only be updated 
after the next keyframe comes, such that the minimum tracking 
latency is limited to 1/𝐹 𝑃𝑆 seconds. By extrapolating (predicting) 
the tracking results from past states can avoid this issue. However, 
the tracking accuracy is then compromised, for the reason that 
the tracking results are only predicted from historical data, which 
cannot reflect the real-time hand motion status. 

To cope with this dilemma, we use inertial sensing to predict the 
hand positions between optical frames, thus achieving both high 
tracking accuracy and latency using LFR data. Since the IMU is 
sensitive to hand motions, it can provide accurate and fast hand po-
sition predictions before the next optical frame, and its drift can also 
be corrected by LFR frames. Therefore, our method achieves a better 
balance between tracking accuracy and latency, while significantly 
reducing the reliance on optical data and its power cost. 
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2.3 Optical and Inertial Sensing Fusion 
Optical and inertial sensing are often fused in many tracking and 
localization applications, due to their complementary sensing ca-
pabilities and inevitable shortages [73]. Optical sensors (e.g., RGB, 
infrared, depth cameras) are able to capture global information such 
as object positions and orientations, but they are easily affected by 
lighting conditions and occlusions and have high power consump-
tion. Inertial sensors (e.g., accelerometers, gyroscopes), on the other 
hand, can provide local motion measurements with extremely low 
energy costs, but they are sensitive to noises and accumulated er-
rors. Therefore, fusing optical and inertial sensing has the potential 
to achieve both robust and accurate tracking performance, while 
maintaining low power consumption. It has been widely applied in 
various research areas, such as navigation [31, 59, 71], localization 
[12, 66, 73], and object tracking [13, 21, 41, 53, 55, 58]. 

In the context of human hand tracking, the most similar work 
to ours is HOOV [55]. HOOV uses a wrist-worn IMU sensor to 
predict the hand positions given an initial motion state from optical 
tracking, allowing users to interact outside the camera’s field of 
view (FOV) for a short period (within 3 seconds), which expands 
the interactive space of VR devices. Our work, instead, aims to 
reduce the camera framerate using an IMU sensor. We have two 
major differences from HOOV: (1) HOOV is only useful when 
users’ hands are out of the tracking FOV. Instead, our method can 
reduce the camera framerate at all times, which is more general 
and can be applied to various tracking scenarios. (2) HOOV uses 
high-framerate (72 FPS) optical data, which gives both accurate 
position and velocity estimations at the initial tracking state. Our 
method only relies on LFR (around 6 FPS) optical data. Therefore, 
the velocity estimations are much more unreliable for predicting 
arbitrary hand motions. We then designed an RNN-based velocity 
predictor to tackle this issue, which is technically more challenging 
and has not been explored in previous works. 

3 Method 
In this section, we first introduce the problem definition in Section 
3.1. Then, we will detail the two key innovations of our work: (1) the 
prediction stage using DEKF in Section 3.2, and (2) the calibration 
stage using RL in Section 3.3. 

3.1 Problem Definition 
Our research goal is to use a single low-cost IMU sensor to com-
plement the optical data in 3D hand tracking tasks, such that the 
system’s reliance on optical sensing (in terms of framerate) and the 
corresponding computational cost are minimized, without sacrific-
ing much tracking accuracy and interaction efficiency. 

To achieve this goal, we propose a low-cost hand tracking frame-
work that is illustrated in Figure 2. Our framework runs on any hand 
tracking model that estimates the hand position 𝒑 ∈ R 3 and rotation 
𝒓 ∈ R 3×3 from a single frame of raw optical observations 𝒐 (RGB, 
infrared, depth images, etc.), which has been widely explored in the 
literature (Section 2.1). The input to our method is the sequences 
of IMU data, including accelerations 𝑨 = (𝒂1, . . . , 𝒂𝑇 ), 𝒂𝑖 ∈ R3 and 
angular velocities 𝛀 = (𝝎1, . . . , 𝝎𝑇 ), 𝝎𝑖 ∈ R 3 in the device local 
coordinate system, and raw optical observations 𝑶 = (𝒐1, . . . , 𝒐𝑇 ). 
We assume the optical data is synchronized with the IMU data for 

better clarity, otherwise we can align them by data resampling. 
The output is the estimated hand overall position ˆ 𝑷 = (𝒑̂1, . . . , ˆ 𝒑𝑇 ) 
and rotation ˆ 𝑹 = (𝒓1, . . . , 𝒓𝑇 ), while the hidden ground truth is 
𝑷 = (𝒑1, . . . , 𝒑𝑇 ) and 𝑹 = (𝒓 1, . . . , 𝒓𝑇 ). Our goal is to adaptively 
select the optical keyframes to achieve a balance between the aver-
age tracking framerate and the tracking accuracy. Therefore, the 
optimization goal can be formulated as: 

arg min 
𝚽,𝐼 

| |𝚽(𝑨, 𝛀, (𝒐𝑖1 , . . . , 𝒐𝑖𝑁 )) −𝐺𝑇 | | 2 + 𝜆 · |𝐼 | 

𝐼 = {𝑖1, . . . , 𝑖𝑁 } ⊆ {1, . . . , 𝑇 } 
(1) 

where 𝐼 is the keyframe subset with size 𝑁 . 𝚽 is the hand tracking 
model that maps IMU and optical input to the tracking results ˆ 𝑷 and 
ˆ 𝑹, and 𝐺𝑇 is the ground truth tracking results 𝑷 and 𝑹. The first 
term represents the tracking error, and the second term represents 
the optical sensing cost. 𝜆 is a hyperparameter that balances these 
two terms. 

3.2 Prediction: Deep Extended Kalman Filter 
3.2.1 Design. The DEKF module regresses the hand position ˆ 𝒑 ∈ 
R 3 and rotation ˆ 𝒓 ∈ R 3×3 from the IMU input 𝒂 ∈ R 3 and 𝝎 ∈ R 3 , 
under the correction of LFR hand position 𝒑 and rotation 𝒓 measure-
ments. In a traditional hand tracking task, the inertial and optical 
inputs are both captured at a high framerate. The EKF model re-
gresses the hand motion state from IMU data by performing a 
double integration on accelerations, a single integration on angular 
velocities, and the transformation from the IMU local coordinate 
system to the world global coordinate system. Therefore, it needs 
to maintain the hand velocity as an internal system state for accel-
eration integration. 

However, in our case, the framerate of hand position and rotation 
measurements (around 6 FPS) is much lower than the IMU data 
(200 FPS), which makes the hand velocity estimation much more 
challenging for arbitrary hand motions. To address this issue, we 
introduce the hand global velocity prediction as an intermediate 
task and adopt an RNN module to handle it. This design has two 
advantages: (1) Compared with direct velocity prediction from LFR 
position measurements, the RNN can provide much more accurate 
velocity estimation from IMU data, which benefits the integration 
process in the EKF model. (2) The EKF module will not interact with 
accelerations anymore, which simplifies the EKF dynamic model 
to only one integration on the velocity and one integration on the 
angular velocity. Since the RNN module directly outputs the global 
hand velocity, the corresponding coordinate transformation is also 
avoided. As a result, our DEKF design leads to much less error 
accumulation and better accuracy. 

3.2.2 RNN-based Velocity Prediction. We incorporate an RNN model 
into the traditional EKF model to provide accurate hand velocity 
estimation under LFR optical measurements. The RNN input is 
local acceleration 𝒂 ∈ R3 , local angular velocity 𝝎 ∈ R3 , and the 
predicted global rotation ˆ 𝒓 ∈ R 3×3 , 15 dimensions in total. For the 
velocity estimation, the RNN model is naturally suitable for captur-
ing the temporal dependencies in the IMU data and integrating the 
acceleration to velocity. For the local-to-global coordinate transfor-
mation, we add the angular velocity and the predicted hand rotation 
to the input to help the RNN model better extract the coordinate 
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Figure 2: Method overview. Our framework runs on any hand tracking model that estimates hand overall position 𝒑 and 
rotation 𝒓 from raw optical observations 𝒐. It contains two stages: (a) DEKF-based prediction stage and (b) RL-based calibration 
stage. The prediction stage uses an RNN and an EKF model to jointly regress hand position ˆ 𝒑 and rotation ˆ 𝒓 from the IMU 
input, including acceleration 𝒂 and angular velocity 𝝎. The prediction results are dynamically corrected by the LFR position 𝒑 
and rotation 𝒓 measurements. The RNN module is designed for regressing the hand velocity ˆ 𝒗 as an intermediate task, which 
improves the prediction accuracy under LFR measurements. The calibration stage further uses an actor-critic RL model to assess 
the necessity to calibrate the hand tracking results using the optical measurements. It adaptively selects minimal keyframes to 
calibrate the prediction results based on the system state, achieving a better balance between the tracking accuracy and the 
system’s reliance on optical data. 

Figure 3: The the structure of neural networks in our method, 
including (a) the RNN velocity prediction model, (b)&(c) the 
policy net and value net in the RL algorithm. 

features. The output is the global hand velocity ˆ 𝒗 ∈ R 3 . With this 
design, we successfully improved the hand tracking accuracy as 
well as simplified the EKF dynamic model. 

The RNN model structure is shown in Figure 3a. It is designed 
to be efficient and lightweight. We first use a linear layer to expand 
the input (𝒂, 𝝎, 𝒓) ∈ R 15 to 128 dimensions, then use a 6-layer 
unidirectional GRU network [7] to process the hidden features. A 
final linear layer then outputs the global hand velocity. This Linear-
GRU-Linear structure is super lightweight and runs in real-time. It 
only contains 597K parameters and is suitable for mobile devices. 

3.2.3 Extended Kalman Filter. Based on velocity prediction, the 
EKF module is adopted to regress the final hand position and rota-
tion. The input to the EKF module is the LFR optical measurement, 
including position 𝒑 ∈ R 3 and 𝒓 ∈ R 3×3 , the predicted global hand 
velocity 𝒗, and angular velocity 𝝎. The output is the estimated HFR 
hand position ˆ 𝒑 and rotation 𝒓 . Generally, given the intial state 𝒑 
and 𝒓 at time 𝑛, we can leverage ˆ 𝒗 ∈ R 3 and 𝝎 ∈ R 3 to predict the 

successive hand position and rotation at time 𝑛 + 1. The core of EKF 
is the system’s dynamic model: 

𝒑 𝑛+1 = 𝒑 𝑛 + 𝒗𝑛Δ𝑡 (𝑃𝑜𝑠𝑖𝑡𝑖𝑜𝑛 𝑃𝑟 𝑒𝑑𝑖𝑐𝑡 𝑖𝑜𝑛) 
𝒓𝑛+1 = 𝑚𝑎𝑡 𝑟 𝑖𝑥 (𝒓𝑛𝝎𝑛 Δ𝑡 )𝒓𝑛 (𝑅𝑜𝑡 𝑎𝑡 𝑖𝑜𝑛 𝑃𝑟 𝑒𝑑𝑖𝑐𝑡 𝑖𝑜𝑛) (2) 

where 𝑚𝑎𝑡 𝑟 𝑖𝑥 is the transformation from rotation vector to rotation 
matrix. 

Based on this derivation, the EKF method is introduced to dy-
namically model the uncertainties of the measurements and the 
dynamic model, and leverage the Kalman gain to balance these un-
certainties, thus giving a more robust and accurate tracking result. 
We followed the EKF design from [11] and modified it to fit our 
problem. The full process can be divided into prediction, update, 
and the calculation of the Kalman gain, which dynamically adjusts 
the weight of the prediction and measurement results. Unlike the 
traditional EKF model that predicts and updates jointly at every 
time step, the LFR measurements 𝒑 and 𝒓 in our system are signifi-
cantly sparse compared with ˆ 𝒗 and 𝝎. Therefore, we only use the 
prediction process at every time step, but calibrate the system state 
using the update process only when the RL module decides to use 
an LFR measurement. Therefore, the hand tracking model is able 
to run at a low framerate, which significantly reduces the reliance 
on optical data. Since EKF is a well-studied algorithm, we provide 
a detailed mathematical formulation in the Appendix A. Readers 
can also refer to [11] for more details. 

3.3 Calibration: RL-based Adaptive Framerate 
3.3.1 Design. Based on the DEKF module, our method can already 
run on any LFR optical data with a fixed framerate. However, a 
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fixed framerate may not be an optimal choice, since it lacks the 
awareness of users’ hand motion status. For example, intuitively, 
when the user’s hand is moving in a fast and random pattern during 
interaction, the hand tracking error may be significantly larger than 
when the hand is moving in a slow and smooth pattern. Therefore, 
we need an adaptive framerate strategy that selects the minimal 
keyframes to achieve maximum tracking performance. 

We formulated a new reinforcement learning (RL) task to achieve 
this goal. Instead of using a fixed optical framerate, the RL model 
needs to estimate the tracking error from the current hand motion 
state, and decide whether to use an optical measurement to cali-
brate the hand tracking results at each time step. Therefore, the 
RL problem can be formulated into a binary classification task. At 
each time step, the RL model outputs a probability of calibration. 
Then, a boolean calibration action is sampled from this probabil-
ity distribution and passed to the DEKF module. Only when the 
action is positive, an optical frame is processed to get a ground 
truth hand motion measurement, and the DEKF module updates 
the hand position and rotation using this measurement. Leveraging 
this RL strategy, our method could adaptively select the minimal 
optical keyframes that are most beneficial for improving the hand 
tracking accuracy, thus reducing the sensing and computational 
cost drastically. 

For the RL algorithm, we adopt the standard Proximal Policy 
Optimization (PPO) algorithm [51] with clipped surrogate objec-
tive. The PPO algorithm and training procedure follows [2], which 
readers are referred to for more details. For the RL model, we use 
an MLP actor-critic model, as illustrated in Figure 3b&c. The model 
consists of two parts: (1) the policy net, which outputs the proba-
bility of whether to calibrate at each time step or not, and (2) the 
value net, which estimates the value of the current state. These two 
models only contain 40K parameters in total, which is lightweight 
and efficient. To complete the PPO training process, we further de-
fine the system state input to these models and the corresponding 
reward of taking an action. We will then detail these two parts in 
the following sections. 

3.3.2 State Representation. In RL problems, the input to the RL 
model is the system state vector. The RL model then decides the 
action to take, and the system will transit to the next state based 
on this action. In our task, the system state should represent the 
hand motion status, such that the RL model can decide whether to 
calibrate the hand tracking results or not. To achieve this goal, we 
formulate the system state as: 

𝒔 = (𝒂, 𝝎, ˆ 𝒗, 𝒑̂, 𝒓, 𝑑𝑡 , 𝑑𝑝, 𝑑𝑟 ) ∈ R 24 (3) 

where 𝒂, 𝝎, 𝒗, 𝒑̂, ˆ 𝒓 are the same as in the DEKF module (Section 3.2), 
representing the hand motion status. Beyond that, we add three 
more dimensions of temporal features 𝑑𝑡 , 𝑑𝑝, 𝑑𝑟 to the state vector. 
𝑑𝑡 is the elapsed time since the last calibration (i.e., when RL sampls 
a positive action). Similarly, 𝑑 𝑝 and 𝑑𝑟 are the RMS hand position 
and rotation changes between the last calibration and the current 
predicted value. Intuitively, when the optical calibration pauses for 
a long time, or when the hand motion changes significantly, the 
tracking error may be prone to accumulate, leading to a higher 
probability of calibration. 

Figure 4: The position error reward. When the position error 
e<1.0cm, the reward reaches almost 100%. Then, the reward 
decreases drastically to zero when e reaches 3.33cm, and 
continues to decrease (almost linearly) when e>3.33cm. 

3.3.3 Reward Function. The RL reward is the key to determine the 
quality of an action, thus guiding the RL model to converge to an 
optimal policy. In our task, the reward design should be able to 
balance the tracking error and the optical tracking cost. Therefore, 
when the tracking error is small, or when the calibration rate is low, 
the RL model should receive a high reward. However, the tracking 
error and the calibration rate are two contradictory factors, which 
is a typical trade-off problem. They should be properly weighted in 
the reward function to achieve an optimal balance. 

We design the RL reward function as follows. At each time step, 
the RL model samples a binary action 𝑎 ∈ {0, 1} (1 for calibration, 0 
for not), and the DEKF module will update a new hand position ˆ 𝒑
with or without the optical measurement. Then, the corresponding 
tracking error 𝑒 = 

√︁ 
| | 𝒑̂ − 𝒑 | | 2 will be calculated (we only consider 

the position error here). We define the reward at each time step as 
a function of 𝑒 and 𝑎 as: 

𝑟 𝑒𝑤 𝑎𝑟 𝑑 (𝑒, 𝑎) = 𝑐 1 · ( 
1 

max(𝑒, 𝑐 2) 
− 𝑐 3 · 𝑒 ) − 𝑐 4 · 𝑎 (4) 

The reward is divided into two terms: the position error reward 
and the calibration reward, with weights 𝑐 1 and 𝑐 4 respectively. For 
the position error reward, it is generally designed to be inversely 
proportional to the tracking error, with two extra modifications. 
First, we add a clipping term 𝑐 2 to avoid the reward explosion 
when the tracking error is small. Otherwise, the RL strategy may 
be prone to calibrate frequently to reach a high reward, which is 
not desired for our LFR tracking goal. Second, we add a penalty 
term 𝑐 3 to penalize it when the tracking error is large, such that 
the RL strategy will restrict the tracking error within an acceptable 
range. When 𝑒 is represented in 𝑐𝑚, we empirically set 𝑐2 = 1.0 
and 𝑐 3 = 0.09 in practice, such that the reward reaches almost 100% 
when 𝑒 < 1.0𝑐𝑚, and decreases to zero when 𝑒 reaches 3.33𝑐𝑚. It is 
illustrated in Figure 4. 

For the calibration reward, using an optical measurement means 
a cost in sensing and computation. Therefore, we add a negative 
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reward for each calibration to balance the cost. In practice, 𝑐 4 is 
fixed to 1.0, and 𝑐 1 is set to 1.2 × 10−3 empirically, which achieves 
an average calibration rate of 6 FPS. Note that we tuned our model 
to converge to the 6 FPS calibration rate only to demonstrate its 
capability. For different requirements on the tracking error and 
calibration rate, it could be adjusted by using a different 𝑐1 value. 

4 Study One: Data Collection 
In this section, we conducted a user study to collect the dataset for 
model training. We introduce the apparatus setup in Section 4.1, the 
study design and procedure in Section 4.2, and the model training 
details in Section 4.3. Then, we conducted an offline evaluation of 
our method in Section 4.4, and compare the computation cost of our 
method with previous CV-based hand tracking method in Section 
4.5. 

4.1 Apparatus 

(a) The IMU ring. (b) The Quest Pro headset. 

(c) The apparatus setup. 

Figure 5: The apparatus setup in the user study. The user 
wears an IMU ring on the index finger and a Meta Quest Pro 
on the head. The Meta Quest Pro and the IMU ring capture the 
optical and inertial data respectively. We also add a Kinect 
DK camera to record the study process and use it as a marker 
of the world coordinate frame. All optical data are captured 
and converted to the world coordinate frame XYZ, while the 
IMU data are in the local coordinate frame xyz. 

To train the DEKF and RL model (Section 3), we aim to build an 
inertial and optical dataset of human hands during 3D interaction. 
For the inertial part, we embedded an InvenSense ICM-42607-C 
IMU sensor [27] into a customized ring device. It is worn on the 
index finger of the user’s dominant hand, for the reason that the 

index finger triggers most of the hand gestures (e.g., pinch) in 3D 
interaction. Thus, it has become a common practice in ring-based 
interaction tasks [18, 36, 37, 52]. The IMU sensor is located on the 
palm side of the ring. It samples 6-axis acceleration and angular 
velocity data at 200 FPS. The orientation of the IMU ring is fixed 
on the finger to ensure consistent data collection across users, and 
no calibration is required before use. The IMU ring and sensor 
coordinates are shown in Figure 5a. 

For the optical part, we directly used the Meta Quest Pro headset 
[43] (Figure 5b) to recognize and record the hand skeleton data 
(positions and rotations of 24 joints) in the 3D space. We choose 
Meta Quest Pro for two reasons: (1) It is a widely used commercial 
VR headset with state-of-the-art hand tracking capability, which 
ensures the data quality and user experience in our study. (2) It 
directly provides the hand skeleton data in the 3D space, which is 
universal across most CV-based hand traking models. Therefore, 
the DEKF and RL modules in our method will not directly interact 
with the raw optical images, which ensures the transferability of 
our method to other optical hand tracking systems. We use the 
root joint of the index finger to represent the overall hand position 
𝒑 ∈ R 3 and rotation 𝒓 ∈ R 3×3 in the DEKF model (Figure 2). 
The Quest data are sampled at 72 FPS and upsampled to 200 FPS 
to be synchronized with the IMU data. In our experiments, we 
use the calibration actions from the RL module to select the Quest 
keyframes (other frames are ignored), thus simulating the LFR hand 
tracking results. In real deployment, the tracking results can be 
obtained from LFR or event-based cameras, as discussed in Section 
3.3.1. The full apparatus setup is shown in Figure 5c. 

4.2 Design and Procedure 

(a) Pinch. (b) Clench (c) PinchMove. (d) ClenchMove. 

Figure 6: Hand gestures in the data collection study. (a) Pinch 
at the red ball’s location. (b) Clench at the red ball’s location. 
(c) Pinch at the red ball’s location, move to the blue ball and 
release. (d) Clench at the red ball’s location, move to the blue 
ball and release. We use them to simulate the target selection, 
moving, and dragging operations in 3D interaction. 

In this study, we aim to collect users’ hand movements in general 
3D interactions. To achieve this, we designed a target selection task 
in the 3D space, implemented by Unreal Engine 5 [4] and rendered 
in the Meta Quest Pro headset. The task incorporats both hand 
gestures and hand movements. We do not only collect the hand 
movement data for the reason that hand gestures are naturally 
combined with hand movements in 3D interaction. A hand gesture 
may cause extra noises to the IMU ring, but not disturb users’ 
intended hand movements. Therefore, our model must be robust to 
the gesture noises for recovering the true hand movements. 
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We designed five gestures in total: Pinch, Clench, PinchMove, 
ClenchMove, (shown in Figure 6), and Free (i.e., any arbitrary ges-
ture performed at the user’s discretion). For each gesture, each user 
performs three sessions of data collection trials. In each session, a 
small red ball would appear at a random location (in a cuboid of 
80𝑐𝑚 width, 50𝑐𝑚 height, and 50𝑐𝑚 depth) in the VR space in front 
of the user. Each time, the user is required to move the dominant 
hand to the target ball’s position and perform the corresponding 
gesture. After that, the ball will randomly refresh to the next ran-
dom position, and the user needs to move their hand and complete 
the gesture again, and so on. Differently, for the Pinch Move and 
Clench Move gestures, a red ball and a blue ball would appear si-
multaneously in front of the user at each time. The user is required 
to first move the hand to the red ball, perform and maintain the 
corresponding gesture, and then move to the blue ball and release 
the gesture, which simulates a task involving target selection and 
dragging. This process repeats for 30 times per session. 

We recruited 20 participants from the campus (aged 20 to 35, 
M = 25.10, SD = 4.25, 11 females). They have never experienced 
3DRing before. During the study, we set up a Kinect DK camera to 
record the study process to check potential errors (Figure 5c, the 
camera data are not used in our method). It also serves as a marker 
of the origin of the world coordinate system. Before the experiment, 
we manually annotated the center of the Kinect DK camera and 
the global 𝑍 direction to determine the world coordinate system 
𝑋 𝑌 𝑍 in the VR space. Then, we explained the above task design to 
the participants and arranged a warm-up session with the Pinch 
gesture for them to get familiar with the task procedure. After that, 
each participant performed 15 sessions (5 gestures × 3 sessions per 
gesture) of the data collection task. The gesture order is randomized 
for each participant. We recorded the IMU data from the ring, the 
hand motions from the Quest headset. As a result, we collected 
20 × 5 × 3 × 30 = 9000 times (5.45 hours) of 3D target selection trials 
and the corresponding hand motion data in total. Each participant 
spent about 50 minutes and was paid 15 USD. 

4.3 Model Training 
4.3.1 Data Preprocessing. After the data collection study, we have 
300 data sequences (20 participants × 5 gestures × 3 sessions) in 
total, each containing 30 times of target selection trials. Since the 
Quest and IMU data are sampled at different framerates (72 FPS 
and 200 FPS) and on different devices, we first upsampled the Quest 
data to 200 FPS to be consistent with the IMU data, and converted 
the Quest data to the world coordinate frame 𝑋 𝑌 𝑍 using matrix 
transformation. Then, to strictly align them in the time dimension, 
we first synthesized the virtual angular velocity data by differentiat-
ing the Quest hand rotations and matching them with the real IMU 
angular velocities. After that, we derived the final hand position 𝒑, 
rotation 𝒓 , and IMU data 𝒂, 𝒘 in 200 FPS for model training. These 
data are further cut into sequences with a length of 1000 frames (5 
seconds) for batch operations. 

4.3.2 DEKF Model Training. As introduced before (Section 3.2), 
the DEKF module in 3DRing contains two parts: an RNN model 
to regress hand velocity from the IMU input and the predicted 
hand rotation, and an EKF model to predict the hand position and 
rotation based on the system dynamic model (Equation 3.2.3). They 

jointly depend on each other to predict the hand motion between 
LFR tracking frames. The EKF model is pure mathematical and does 
not require any training, while the RNN model is trained on the 
dataset from the user study (Section 4.2), detailed as follows. 

For the RNN input, we directly used the IMU acceleration 𝒂, 
angular velocity 𝝎, and the ground truth hand rotation 𝒓 . We use 𝒓 
to replace the predicted hand rotation ˆ 𝒓 for the reason that (1) the 
prediction accuracy of ˆ 𝒓 depends on the measurement framerate 
of 𝒓 , which is not determined without the RL module, and (2) the 
rotation prediction ˆ 𝒓 is relatively reliable from the LFR rotation 
measurement and the following angular velocity integration, thus 
being close to the ground truth 𝒓 . For the RNN output, we synthe-
sized the ground truth hand velocity 𝒗 by taking differentials of the 
ground truth hand position 𝒑 (collected at 72 FPS and upsampled 
to 200 FPS). We further used a low-pass Butterworth filter with a 
cutting frequency of 8 Hz to smooth the velocity data, as most of 
the natural hand movements are below this frequency. It also filters 
out high-frequency velocity fluctuations caused by hand gestures 
(e.g., pinch), ensuring that the training objective of the velocity 
estimation model focuses only on the overall hand motion rather 
than being affected by high-frequency finger movements. The IMU 
data are normalized to mean = 0 and standard deviation = 1 before 
input to the RNN model, but the velocity data are not normalized 
and are represented in 𝑚/𝑠 . 

To train the RNN model, we used 16 users as the training dataset 
and 4 users as the validation dataset. We trained the RNN model 
with 4000 epochs, a batch size of 32, and a learning rate starting 
at 10−4 , and decaying with a factor of 0.998 for each epoch. We 
used the Adam optimizer and MSE loss and evaluated the model 
every 10 epochs on the validation dataset. We saved the model with 
the best validation loss for further evaluations. The full training 
process takes around 30 minutes on an NVIDIA RTX 4090 GPU. 

4.3.3 RL Model Training. Given the state representation in Equa-
tion 3.3.2, the goal of the RL module is to decide whether the system 
should trigger a calibration action (i.e., processing an optical frame 
to generate a hand position and rotation measurement) or not. Dif-
ferent from other RL tasks, our RL environment is defined on the 
users’ hand movement data and the trained DEKF model. We de-
fine an hand movement data clip (containing 1000 frames of 𝒂, 𝝎, 
𝒑, and 𝒓 ) as an episode. For each episode, we simulate the hand 
movement process, let the RL agent to decide whether to trigger the 
calibration action, and use the trained DEKF model to predict the 
hand movements. For each step, we recorded the calibration action, 
the system state (Equation 3.3.2), and the reward (Equation 3.3.3) as 
the interaction history. After the episode ended, we calculated the 
accumulated future rewards and used the history data to update the 
policy and value networks, as specified in the PPO algorithm [51]. 
As a result, the RL agent is converged to maximize the rewards, 
which achieves a balance between calibration frequency and hand 
tracking accuracy. 

To train the RL agent, we used the same dataset as the DEKF 
model (Section 4.3.2). The weights of the position error reward 𝑐 1 
and the calibration reward 𝑐4 is set to 1.2 ×10−3 and 1.0 respectively 
(Equation 3.3.3), resulting in a calibration framerate of around 6 
FPS. We trained the model with 40 epochs and a batch size of 50. 
We use 4 concurrent CPU processes to sample a batch of episode 
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history, based on which we update the policy and value networks 
with 50 iterations per batch. The learning rate is 5 × 10−5 , and 
decays with a factor of 0.9 for each epoch. We evaluated the model 
for every epoch on the validation dataset and saved the model with 
the highest reward for further evaluations. The full training process 
takes around 3.5 hours on an Intel i9-14900K CPU and an NVIDIA 
RTX 4090 GPU. 

4.4 Offline Evaluation 
4.4.1 Settings. In this study, we conducted an offline evaluation 
of our method based on the dataset we collected. We design four 
baselines, including two vision-only methods and two ablation 
methods. They are defined as: 

(1) Baseline1 (linear extrapolation, vision-only): only using 
LFR optical data. It predicts future hand positions from the 
last two LFR tracking frames by linear extrapolation. 

(2) Baseline2 (quadratic extrapolation, vision-only): simi-
lar to Baseline2, it predicts future hand positions from the 
last three LFR tracking frames by quadratic extrapolation. 
These two baselines represent vision-only forward predic-
tion methods without IMU data. 

(3) Baseline3 (3DRing removing RNN and RL, optical-inertial 
fusion): fusing inertial and optical data, but only containing 
an EKF model, with a fixed optical sensing framerate and 
no RNN-based hand velocity prediction. In this setting, the 
hand velocity is added to the EKF state. And, the velocity 
prediction is replaced by 𝒗𝒏 = 𝒗𝒏−1 + (𝒓𝑛 𝒂 − 𝒈)Δ𝑡 (𝒈 is 
the gravity), which is also added to the system dynamics in 
Equation 3.2.3. This setting represents the current EKF-based 
method (e.g., the EKF model in HOOV[55]). 

(4) Baseline4 (3DRing removing RL, optical-inertial fu-
sion): fusing inertial and optical data, containing the full 
DEKF module, but with a fixed calibration framerate (i.e., no 
RL module). 

To our best knowledge, there is no existing work that involves 
temporal prediction in LFR hand tracking tasks. Therefore, we 
design the first two baselines which only use LFR optical data to 
predict future hand positions. To minimize latency in realtime use, 
we use forward extrapolation but not interpolation to predict hand 
positions before the next LFR tracking frame arrives (the same as 
3dRing), otherwise the latency would increase at least the interval 
between two LFR frames (e.g., 167 ms at 6 FPS). 

For optical-inertial fusion methods, most temporal prediction 
approaches leverage the EKF model to smooth the tracking result, 
like in HOOV [55], which is comparable to Baseline3. For our task, 
the biggest challenge is that LFR tracking looses too much infor-
mation on hand velocities, which makes it hard to determine the 
initial velocity value for integrating the acceleration data. There-
fore, we introduce the DEKF method to complement the velocity 
information with learning-based method (RNN), leading to Base-
line4. Baseline3 and Baseline4 also serve as two ablation settings to 
evaluate the effectiveness of the DEKF and RL modules. 

4.4.2 Evaluation Method. Based on the dataset we collected in 
Section 4, we simulated the real-time hand tracking process with the 
baselines and our method, and compared the tracking result with 
the ground truth. To evaluate the tracking accuracy, we measured 

the following metrics: the Mean Error, Median Error, and 95% 
Error, representing the average, median, and 95% percentile error 
of the Euclidean distance between the predicted hand position 
and the ground truth. Since the tracking accuracy is correlated 
with the calibration framerate, we evaluate the baselines under 
15 different framerates within 2-10 FPS, forming a curve of the 
tracking error over the calibration framerate (shown in Figure 7). 
But for our method, since the calibration action is decided by the 
RL model, which would converge to a particular average framerate 
during training, we can only get a pair of a tracking error and a 
framerate from one model. Therefore, we compare 3DRing with 
the baselines by interpolating the error curve linearly, and find 
the baseline tracking error under the same framerate as 3DRing to 
make the comparison fair. 

To get a more reliable result, we adopted a cross-user validation 
method. We split the dataset of 20 users P1-P20 into 20 groups, from 
(P1, P2, P3, P4), (P2, P3, P4, P5), . . . , to (P20, P1, P2, P3), denoted as 
group 1-20, each containing 4 users. For each group, we used the 4 
users as the validation dataset and the rest as the training dataset. 
Therefore, we trained 20 DEKF models and 20 RL models in total. 
We do not split a test dataset for the reason that our method will 
be further tested in a real-time user study (Section 5). 

4.4.3 Result. We visualize the tracking errors over framerates of 
the baselines and 3DRing in Figure 7. After training, our RL models 
(of 20 groups) reach an average calibration framerate of 6.26 ± 0.28. 
For each group, we find the corresponding baseline tracking errors 
under the same framerate as 3DRing using linear interpolation. As a 
result, the mean errors of four baselines and 3DRing are 2.57 ± 0.27 
cm, 3.41 ± 0.41 cm, 2.63 ± 0.27 cm, 1.67 ± 0.12 cm, and 1.39 ± 0.10 
cm respectively. The median errors of them are 1.28 ± 0.12 cm, 
1.72 ± 0.18 cm, 1.71 ± 0.17 cm, 1.11 ± 0.08 cm, and 0.98 ± 0.06 cm 
respectively. The 95% percentile errors of them are 9.52 ± 1.11 cm, 
12.45 ± 1.67 cm, 8.33 ± 0.92 cm, 5.06 ± 0.40 cm, and 4.03 ± 0.33 cm 
respectively. We further conducted a one-way RM ANOVA test on 
these five methods. Results show a significant difference among 
four baselines and 3DRing for all metrics (𝑝 < 0.001). Post-hoc 
pair-wise t-tests with Bonferroni correction also prove that for all 
metrics, 3DRing all significantly outperforms the four baselines 
(𝑝 < 0.001), and Baseline4 also significantly outperforms Baseline3 
(𝑝 < 0.001). 

From these results, we draw two major conclusions: (1) the 
vision-only methods (Baseline1 and Baseline2) both fail in this 
task, indicating that the hand movement is highly dynamic and 
unpredictable thus proving the task difficulty. Without relying on 
IMU data, hand movements are hard to be accurately predicted 
from sparse LFR tracking results. (2) the DEKF and RL modules 
both contribute significantly to our method (from Baseline3 and 
Baseline4). The DEKF significantly improves the tracking accuracy 
compared with current EKF models for better velocity prediction, 
and the RL module further improves the performance by adaptively 
selecting the keyframes for calibration. 

4.5 Computational Cost 
The main research goal of 3DRing is to reduce the computational 
cost of the hand tracking system in AR/VR. Therefore, we need 
to quantify the reduction of computational cost when 3DRing is 
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Figure 7: The mean, median, and 95% position error of baselines and 3DRing. We use 20 groups of cross-user datasets to train 
and validate these methods. The baseline methods are evaluated under 15 calibration framerates from 2 to 10 FPS. The red, 
yellow, blue, and purple curves show the average error and the standard deviation across the 20 groups, while the green Xs 
mark the error-framerate pairs of the 3DRing full models. Results show that our method outperfoms all baselines. 

Method Params FLOPS w/o 3DRing FLOPS w/ 3DRing Proportion 

Mediapipe[69] 3.78 M 133.75 G 14.21 G 10.62% 
MEgATrack[19] 2.28 M 39.74 G 4.40 G 11.07% 
UmeTrack[20] 4.25 M 235.84 G 24.86 G 10.54% 
MinimalHand[72] 12.97 M 1655.35 G 172.96 G 10.45% 
HandGraphCNN[16] 21.77 M 1956.50 G 204.37 G 10.45% 
POEM[63] 35.43 M 12.51 T 1.31 T 10.44% 

Table 1: The computational cost of existting CV-based hand tracking methods, and the cost when they are combined with our 
method. We calculated the total parameters of these models, the FLOPs per second (FLOPS) when they are running at 60 FPS, 
and the FLOPS when they are running at 6.26 FPS and combined with 3DRing (200 FPS). The proportion shows the ratio of the 
FLOPS with 3DRing to the original FLOPS. 

applied to existing hand tracking systems. Since our method can be 
applied to any CV-based hand tracking methods (explained in Sec-
tion 3.1), we calculated the computational cost (measured in FLOPS, 
i.e., floating-point operations per second) of several state-of-the-art 
CV-based hand tracking methods. These methods include Medi-
apipe Hands [69], MEgATrack [19], UmeTrack [20], MinimalHand 
[72], HandGraphCNN [16], and POEM [63], representing recent 
progress in CV-based hand tracking. 

We firstly investigated the computational cost of our method. As 
introduced in Section 3, our method contains two neural networks: 
the RNN-based velocity prediction model in the DEKF module and 
the policy and value networks in the RL module. These three models 
contain 636.68 K parameters in total, and are all running at 200 FPS, 
which is the same as the IMU sampling rate. Therefore, given the 
network structure, the working FPS, and the input data size, we 
are able to calculate that the total FLOPS of 3DRing is only 253.77 
M, which is significantly more efficient than hand tracking itself, 
mainly due to the sparsity of IMU data compared with optical data. 

Then, we reimplemented the hand tracking models in the afore-
mentioned methods, and calculated the model parameters and the 
FLOPS without 3DRing respectively, which are show in Table 1. 
To ensure a smooth hand tracking result, we assume that these 
methods are all running at 60 FPS (the frequencies of Meta Quest 
Pro and Apple Vision Pro are 72 FPS and 90 FPS respectively). Ad-
ditionally, when these methods are combined with 3DRing, their 
framerate can be drastically reduced with the complement of the 
IMU data. We assume that the calibration rate of these methods 
combined with 3DRing is also 6.26 FPS (Section 4.4.3), and further 
calculated the FLOPS combined with 3DRing together. The results 
show that the main computational cost in our framework comes 
from the hand tracking part. Our method can be viewed as a strat-
egy to schedule the hand tracking model more properly leveraging 
the IMU information. As a result, the computational cost can be 
reduced to around 11% compared with the original cost. 

Last but not least, we need to point out that the Meta Quest Pro 
used in our experiment is a closed-source platform. We are unable 
to directly calculate that hand tracking FLOPS of Meta Quest Pro. 
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Therefore, we choose to use the existing open-source hand tracking 
methods to estimate the cost of the hand tracking part. Table 1 
shows that the reduction of computational cost of our method is 
universal when combined with these methods. Thus, we conclude 
that 3DRing has a good potential to reduce the computational cost of 
general hand tracking systems, especially for AR/VR applications. 

5 Study Two: Evaluation 
In this section, we conduct an online evaluation on 3DRing to inves-
tigate its real-time performance and user experience. We introduce 
the study design and procedure in Section 5.1, and analyze the study 
results in Section 5.2. 

5.1 Design and Procedure 
The general hand interactions in the 3D space can be divided into 
two parts: hand gestures and hand movements. For hand gestures, 
numerous previous work has studied hand gesture recognition us-
ing an IMU sensor [17, 18, 37, 45, 52, 62, 65]. It can be well supported 
on the IMU ring, which is already low-cost and does not rely on 
optical data. Therefore, in this study, we focus on the evaluation of 
the hand movement tracking performance of 3DRing. 

To achieve this, we designed a 3D target selection task in the VR 
space, as illustrated in Figure 8. We implemented a VR application 
that reads the IMU data and Quest hand data, then predicts the 
hand’s overall position and rotation in real-time using our proposed 
method and the same apparatus as in Section 4. The Quest hand 
tracking frames are used as the DEFK measurements only when the 
RL model decides to do so, thus simulating the LFR optical tracking. 
The tracking result is rendered as a green ball with 𝑟 = 3𝑐𝑚 in 
the VR space, representing the hand’s overall position. The green 
ball follows the hand movement in real-time. Additionally, a grey 
spherical area with 𝑟 = 5𝑐𝑚 will appear at a random position in front 
of the user (in a cuboid of 80𝑐𝑚 width, 50𝑐𝑚 height, and 50𝑐𝑚 depth, 
the same as the data collection study in Section 4.2) as the target 
area. The goal of the target selection task is to move the green ball 
into the target area as fast as possible (overlap not being counted). 
Therefore, the user’s hand movement has only a 5𝑐𝑚 − 3𝑐𝑚 = 2𝑐𝑚 
tolerance space, representing 3D spatial interaction tasks with a 
high precision requirement. Once the green ball is moved into the 
target area, the target area will refresh to the next random position, 
and the user need to repeat the above procedure and so on. 

To compare our method with existing hand tracking methods, 
we defined three systems in the study: 

(1) Full Quest Pro (67 FPS): the built-in hand tracking system 
of Meta Quest Pro. We directly read the hand tracking results 
from Quest Pro, and upsample it to 200 FPS to align with our 
method (only for convenience). Then, we use the root joint 
of the index finger to represent the overall hand position, 
and render it in the VR space for every 3 frames, (limited 
by the screen freshrate), forming a 67 FPS hand tracking 
system. 

(2) 3DRing (adaptive framerate): the proposed method. The 
average optical sensing framerate (around 6.25 FPS) depends 
on the RL calibration strategy. The position prediction results 
are rendered at 67 FPS as well. 

(3) LFR Quest Pro (6.25 FPS): the down-sampled hand-tracking 
system of Meta Quest Pro. Similar to the full Quest Pro sys-
tem, we render the hand position for every 32 frames. There-
fore, the tracking framerate is 6.25 FPS, which is similar to 
our method, but without any position prediction. 

We recruited 20 participants from the campus (aged 18 to 30, M 
= 22.30, SD = 3.25, 10 males and 10 females). They have neither 
experienced 3DRing before nor joined the data collection study. We 
explained the task design to the participants and required them to 
use the 3 hand tracking systems to complete 9 sessions (3 for each 
system) of the target selection task. The 3 systems was arranged in 
a rotating order (i.e., 123, 231, 312, 123, . . . ) to counterbalance the 
learning effect. Additionally, the system design was not disclosed to 
the participants to avoid bias. For each system, we also arranged a 
warm-up session to let participants get familiar with the system. For 
each session, the target area would refresh at 30 random positions 
one by one, and the users are required to complete the task as fast as 
possible. Therefore, each user has to complete 12 sessions (3 systems 
× (1 warm-up session + 3 formal sessions)) in total. We recorded 
all tracking results of the formal sessions for further analysis. After 
the study, the participants are invited to fill in a questionnaire to 
provide subjective feedback on the 3 systems. Each participant was 
paid 15 USD for their time. 

5.2 Result 
5.2.1 Calibration Framerate. The average calibration framerate of 
3DRing running on the validation dataset is 6.26 FPS (Section 4.4.3). 
Therefore, we set the tracking framerate of LFR Quest Pro to 6.25 
FPS (rendering one time every 32 frames) to make it comparable 
with 3DRing. In the evaluation, the average, minimum, and maxi-
mum framerates during real-time use turned out to be 6.61 ± 0.32 
FPS, 2.75 ± 0.24 FPS, and 9.68 ± 0.49 FPS respectively. The average 
framerate is slightly higher than before, for the reason that users 
are required to complete the task as fast as possible in the eval-
uation, but not in the data collection study. Therefore, for faster 
hand movements, the RL model is prone to increase the calibration 
framerate for better tracking accuracy. However, it is still only 9.9% 
of the Full Meta Quest Pro (67 FPS), and is only higher than the 
LFR Quest Pro (6.25 FPS) by 5.8%, which is still considered fair for 
comparison. 

5.2.2 Interaction Efficiency. The interaction efficiency is measured 
by the time cost of the 3D target selection task. We recorded the 
total time cost of each interaction session and divided it by the 
number of trials (30) to get the average time cost. As shown in 
Figure 9, the average target selection time costs of the Full Quest 
Pro, 3DRing, and the LFR Quest Pro are 1.65 ± 0.24 s, 1.91 ± 0.37 s, 
and 2.31 ±0.50 s respectively. A One-way RM ANOVA and post-hoc 
test with Bonferroni correction (the same for all following statistical 
tests, if not specified) shows that both the Full Quest Pro and the LFR 
Quest Pro have significant differences with 3DRing (𝑝 < 0.001). The 
remaining gap to the Full Quest Pro is largely caused by the IMU 
drifting problem, as also discussed in IMU-based motion capture 
works [67, 68]. To conclude, using only 9.9% of optical frames, our 
method achieves 86.4% of the interaction efficiency of the Meta 
Quest Pro, and is 21.0% faster than the LFR Quest Pro with a similar 
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Figure 8: The target selection task in the evaluation study. (a) We use a green ball with r=3cm to represent the hand’s overall 
position. The green ball is centered at the root of the index finger. The task objective is to move the green ball into a grey 
spherical area with r=5cm as fast as possible. (b) An unsuccessful trial. The green ball overlaps with the target area but is not 
inside it. (c) A successful trial. The green ball is moved into the target area. (d) Once a target selection is completed, the target 
area will move to a new random location, indicating the start of the next trial. The hand mesh and the arrow markers are 
invisible to users in the actual experiment. 

Figure 9: The quantitative results of study two. (a) The target selection time cost of the three systems. *** indicates a significance 
level of p<0.001 (same for the following statistical tests). (b) The real-time tracking error of 3DRing and the LFR Quest Pro. The 
tracking results from the Full Quest Pro are used as the ground truth. (c) The distributions of users’ hand velocity when using 
the three systems. The area below the distribution curve is normalized to 1. The velocity range is truncated to [0.0, 1.0] m/s for 
better illustration. 

framerate. It demonstrates a strong potential of 3DRing to be applied 
in low-cost hand tracking devices. 

5.2.3 Tracking Error. We further measured the real-time tracking 
error of our method. We use the hand tracking results from Full 
Quest Pro as the ground truth, whose position error is considered 
zero. The position errors of 3DRing and LFR Quest Pro are 1.75±0.18 
cm and 2.40 ± 0.27 cm respectively. It reduced by 27.1% with our 
method, showing a significant difference (𝑝 < 0.001). Therefore, 
we prove that fusing inertial sensing with optical sensing is able to 
improve the tracking accuracy, even only using LFR optical data. 

5.2.4 Velocity Distribution. To find a plausible explanation for the 
differences of the tracking performance, we visualized users’ hand 
velocity distributions using them in Figure 9c. The average hand 
velocity using Full Quest Pro, 3DRing, and LFR Quest Pro are 42.76± 
5.96 cm/s, 37.83 ± 3.88 cm/s, and 30.46 ± 3.59 cm/s respectively, and 

the differences between each two of them are all significant (𝑝 < 
0.001). The distribution shows that users tend to move their hands 
more slowly when the tracking framerate is lower, because the 
tracking error and latency may cause more uncertainty and cautious 
in the user’s perception, thus reducing their hand movement speed. 
Our method leverages the IMU to predict hand positions between 
optical frames, which alleviates the uncertainty problem. Therefore, 
users are able to move their hands faster during interaction, thus 
achieving a higher efficiency. 

5.2.5 Subjective Feedback. After the evaluation, we collected sub-
jective feedback from the participants. They are required to rate the 
3 systems in 7 different aspects using a 7-point Likert scale (higher 
is better). The aspects include: 

(1) Speed: the interaction efficiency when doing the target se-
lection task. Higher is better. 
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Figure 10: Users’ subjective feedback of the 3 systems in terms of speed, latency, smoothness, accuracy, physical burden, mental 
burden, and general satisfaction. The score is rated on a 7-point Likert scale (higher is better). The significance level is marked 
as * for p<0.05, ** for p<0.01, and *** for p<0.001. ‘-’ indicates no significant difference. 

(2) Latency: the tracking latency when moving the hand. Lower 
is better. 

(3) Smoothness: the smoothness of the rendered tracking result. 
Higher is better. 

(4) Accuracy: the tracking accuracy of the hand position. Higher 
is better. 

(5) Physical Burden: the physical effort required to finish the 
task. Lower is better. 

(6) Mental Burden: the mental effort required to finish the task. 
Lower is better. 

(7) General: the overall satisfaction of the system. Higher is 
better. 

We visualized the feedback results and significance levels (us-
ing the Wilcoxon signed-rank test) in Figure 10. Generally, the 
Full Quest Pro received the highest scores in all aspects, the LFR 
Quest Pro was the lowest, and 3DRing was in the middle, which is 
consistent with previous quantitative results. We also observed all 
significant differences between the 3 systems in all aspects, except 
for the tracking latency between 3DRing and the Full Quest Pro. 
It demonstrates an outstanding real-time performance of 3DRing 
to predict hand positions only from LFR optical data. To conclude, 
though there is still a gap between 3DRing and the Full Quest 
Pro, the LFR tracking ability of 3DRing is already able to provide 
an acceptable user experience in mobile scenarios. Despite only 
using LFR optical data, 3DRing received positive feedback in all 
aspects, which indicates users’ willingness to use our method in 
3D interactions. 

5.2.6 Fitts’ Law Study. In the previous 3D target selection study, 
the radii of the cursor (green ball) and the target area (grey sphere) 
are fixed to 3 cm and 5 cm respectively, resulting in a target selection 
precision of 2 cm. To further investigate the generalizability of 
3DRing to tasks with varying difficulty, we designed a follow-up 
study to examine its performance under different target selection 
precisions, and reported the relationship between target selection 
time and task difficulty, following the design principles of Fitts’ Law 
[40, 42, 52]. Specifically, we varied the radius of the target area to 4 

cm, 5 cm, and 7 cm, while keeping the cursor radius fixed at 3 cm. 
The resulting target selection precisions are changed to 1 cm, 2 cm, 
and 4 cm. Other settings remain exactly the same as in the main 
study (Section 5.1). 

We recruited 18 participants from the campus (aged 21 to 28, 
M = 23.06, SD = 1.89, 9 males and 9 females). We explained the 
task design to them, and required them to use the 3 hand tracking 
systems (LFR Quest Pro, 3DRing, and Full Quest Pro) to complete 
9 sessions. Each system contains 3 sessions with different target 
selection precisions (1 cm, 2 cm, and 4 cm). The order of the 3 
systems was arranged in a rotating order, and the order of the 3 
precisions was randomized to counterbalance the learning effect. 
Other procedures remain the same as before. 

To fit the relationship between target selection time and task 
difficulty, we calculate the Index of Difficulty (ID) of each target 
selection trial as 𝐼 𝐷 = log2 (𝐷 /𝑊 + 1), where 𝐷 is the distance be-
tween the target area and the previous one,𝑊 is the target selection 
precision (i.e., 1cm, 2cm or 4cm). For each session, we calculate 
the average target selection time and ID over 30 trials, and visual-
ize the results in Figure 11. For precision 1 cm, the average target 
selection times of LFR Quest Pro, 3DRing, and Full Quest Pro are 
3.34 ± 0.93 s, 3.10 ± 0.82 s, and 2.33 ± 0.60 s; for precision 2 cm, they 
are 2.21 ± 0.40 s, 1.88 ± 0.44 s, and 1.57 ± 0.33 s; for precision 4 cm, 
they are 1.59 ± 0.35 s, 1.27 ± 0.28 s, and 1.18 ± 0.28 s. Similar to the 
main study, we found 3DRing shows consistent improvement over 
LFR Quest Pro under all precisions. Moreover, from Figure 11, we 
found this improvement tend to be relatively more significant under 
lower task difficulties (precision 4 cm), but is weaker under higher 
task difficulties (precision 1 cm). This could be explained by the 
motion jitter caused by IMU drifts, which may affect target selec-
tion with high precision requirements. However, although 3DRing 
still has room for improvement in high-precision target selection 
tasks, it substantially outperforms LFR Quest Pro in lower-precision 
tasks and can even approach the performance of Full Quest Pro. 
This suggests that 3DRing can be effectively applied to lightweight 
AR/VR applications for fundamental hand-based interactions such 
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Figure 11: The Fitts’ Law results. For each session, we visualized the average target selection time against the Index of Difficulty 
(ID). The shape of each point indicates the target selection precision, and the color represents the hand-tracking system. 

as menu navigation, capabilities that are not yet well supported on 
lightweight devices. 

6 Discussion 

6.1 IMU Ring Design 
The inertial sensing device in our method is an IMU ring, worn 
on the index finger. We would like to discuss the rationale behind 
this design. The general principle is to achieve an optimal balance 
between simplicity and sensing ability. For simplicity, the ring is 
the smallest possible IMU wearable device compared with others 
like smartwatches [55]. Our prototype (Figure 5ca) only weights 
4g, minimizing the user burden in daily long-term use. For sensing 
ability, the IMU ring is the closest device to sense finger motions, 
which carries rich information in interactions. We demonstrate 
in this paper that a single IMU ring can enable low-cost hand 
position tracking when fused with LFR optical sensing. The IMU 
ring can also support a wide range of tasks, like gesture recognition 
[37], text input [18], pointing [52], hand writing [22], and other 
applications [61]. These gesture-based sensing capabilities can all 
be integrated with our hand position tracking method in parallel, 
without affecting the usage of 3DRing. Therefore, we envision 
that the IMU ring will become a widely used input device and 
sensing platform in future AR/VR systems for spatial interaction. 
Industrial products like Samsung Galaxy Ring [50] have also proved 
its potential. In conclusion, the sensing capability and simplicity 
of the IMU ring are sufficient to calirify its use in our method. Our 
method further extends its applications to enhance hand tracking. 

6.2 Computational Cost 
Our method aims to reduce the computational cost of the hand 
tracking system by lowering the optical sensing framerate. It has 
several advantages, including but not limited to (1) reducing the 
power consumption, (2) increasing the battery life, and (3) being 

more suitable for light-weight devices. We would like to clarify 
some concerns about them. 

First, for the power consumption in hand tracking systems, it 
could be divided into two parts: the hardware sensing energy cost 
and the computational energy cost. For the hardware sensing part, 
a lower framerate means fewer images need to be captured. How-
ever, not all camera sensors support capturing images at a variable 
framerate. In such cases, using a fixed low framerate is more ap-
propriate. Nevertheless, we still envision that adaptive-framerate 
sensing will be valuable in future low-power hardware. For exam-
ple, event cameras can naturally achieve event-triggered sensing. 
For the computational cost, regardless of the hardware, only a small 
number of frames need to be processed, which greatly reduces the 
computational load of the system, while unused frames can simply 
be buffered and discarded. In addition, it is worth noting that for 
hand-tracking systems whose per-frame tracking results depend on 
multiple historical frames, our method faces a greater trade-off that 
such systems may need to forgo historical data and rely on single-
frame inference, which can lead to larger tracking errors. Even so, 
the adaptive framerate strategy can still prioritize processing only 
the most informative frames to minimize the computational load 
as much as possible. For the actual power consumption, since our 
hardware platform Meta Quest Pro is a closed-source system, we 
are unable to directly measure it. We regard it as a limitation of 
our work for future work to address, and only use the reduction 
of computational cost (Section 4.5) to reflect the potential power 
consumption reduction. 

Second, a lower power consumption could directly lead to a 
longer battery life of mobile devices. However, since our system 
also contains a lightweight IMU ring, a potential concern is that 
though the total power consumption is reduced, the IMU ring may 
become a new bottleneck of the whole system. To clarify this, we 
further measured the battery life of our IMU ring. The prototype 
(Figure 5a) is embedded with a 19.5 mAh battery, and its battery 
life is over 5 hours for continuous use and data transmission, which 
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is already longer than the current VR headset (e.g., Meta Quest Pro 
and Apple Vision Pro, 2-3 hours). For real use senarios, users’ active 
interaction is relatively sparse, which means the battery life could 
be further extended with a proper power management strategy. 

Last, a lower computational cost means a lower requirement on 
the capability of the system hardware. Our method is suitable for 
more lightweight devices, like AR glasses and other wearable de-
vices. For example, hand tracking has not been widely applied in AR 
glasses due to the strict weight and energy constraints. Our method 
could be a potential solution to this problem, thus supporting more 
emersive and interactive AR applications. 

6.3 Method Generalizability 
In our work, to validate this low-cost hand position tracking pipeline, 
we implemented it on the Meta Quest Pro headset and a customized 
IMU ring, and evaluated its tracking performance through a 3D 
target selection task. However, our method is not limited to this 
apparatus setting and task. For the hand tracking part, we only 
used the overall hand position and rotation (6 DoF) tracking results 
captured and processed by the Meta Quest Pro. This requirement 
can also be supported by other hand tracking models that provide 
similar tracking results [9, 16, 20, 46, 60, 72]. For the interaction task, 
our current implementation focuses on the overall hand position 
tracking and validates it using a 3D pointing task. We acknowledge 
that there is still a gap to general 3D spatial interactions. However, 
3D pointing is one of the most fundamental tasks, enabling basic 
3D interface operations such as menu navigation, which most light-
weight AR devices currently lack. More complex interaction tasks, 
such as fine-grained object manipulation, mid-air text entry, or 
gaming, may require richer sensing capabilities, for example, multi-
joint positions and rotations. Therefore, we do not claim that our 
current implementation can support the full spectrum of 3D spatial 
interaction tasks. Instead, it is better suited to providing lightweight 
devices with essential pointing capabilities. Our core contribution 
lies in proposing a LFR hand-tracking framework based on optical-
inertial fusion, while leaving the support for more complex tasks 
to future work. Beyond hand tracking, since we only use the 6 DoF 
hand position and rotation, this low-cost tracking pipeline can also 
be adapted to other object tracking tasks. 

6.4 Limitations and Future Work 
Despite the promising results, our work still has limitations, which 
provide directions for future work: 

(1) Accuracy: Our method achieves an average tracking error of 
1.39 ± 0.10 cm (6.26 FPS) on the validation dataset, and 1.75 ± 
0.18 cm (6.61 FPS) during real-time evaluation. Although the 
tracking error is acceptable for most 3D interaction tasks, it 
still has a gap compared to Meta Quest Pro. The interaction 
efficiency is also lower than the Meta Quest Pro for 14.0%. 
Future work still has room to improve it under the same 
tracking framerate. 

(2) The Hand Position: In our work, the IMU ring is worn 
on the proximal phalanx of the index finger, and we use 
the ring’s position as a proxy for the overall hand position. 
Although we apply filtering techniques to mitigate the in-
fluence of high-frequency finger movements on estimating 

the overall hand velocity (Section 4.3.2), the finger position 
still differs from the true hand position (e.g., the palm or 
the wrist), which may introduce perceptual discrepancies 
for users. To remain compatible with existing ring-based 
interaction capabilities, we chose to retain this design de-
spite the trade-off. Future work could consider inferring the 
overall hand motion indirectly from the ring to eliminate 
this discrepancy. 

(3) IMU Ring Orientation: Our ring does not require calibra-
tion before use, but it must be worn on the index finger in 
a fixed orientation. This is because the velocity estimation 
model needs to establish a mapping between the IMU signals 
and the hand velocity. In practical use, this requirement may 
introduce some inconvenience. Future work may explore 
ID-oriented designs that naturally guide users to wear the 
ring in a consistent orientation (e.g., adding a protrusion or 
an indicator light). In addition, automatic detection of the 
orientation could be investigated, introducing either a brief 
calibration procedure or a dynamic orientation recognition 
algorithm. 

(4) Hardware Latency: The Quest Pro and IMU ring data are 
transmitted to a host computer via Quest Link and Bluetooth 
Low Energy (BLE). The data streams are processed by our 
model to predict hand positions, which are then sent back to 
Quest Pro for rendering. The end-to-end latency (measure 
by a 120 FPS camera capturing rendered images and hand 
motions simultaneously) is about 120 ms, which is acceptable 
for most users (Figure 5.2.5). However, it still has room for 
improvement in future work. Limited by the BLE bandwidth, 
10 IMU frames are transmitted at each time, resulting in a 
50 ms latency. The BLE transmission latency is measured to 
be around 30 ms. But the data processing and computation 
only takes less than 10 ms. Transmission on Quest Link and 
rendering also takes around 30 ms. Therefore, we conclude 
that the latency mainly comes from data sampling and trans-
mission, which is limited by the hardware prototype, but 
not by the method itself. Future work can optimize the hard-
ware (e.g., using on-device processing) to further reduce the 
overall latency. 

(5) Application Scenarios: As mentioned in 6.3, we demon-
strate the tracking performance of 3DRing using a 3D target 
selection task. Though target selection is the most basic and 
fundamental task in 3D interaction, future work can apply 
it to more scenarios to validate the generalizability more 
thoroughly. 

7 Conclusion 
We present 3DRing, a low-cost 3D hand position tracking method 
that is able to achieve accurate and real-time tracking performance 
using only LFR optical data with adaptive framerate and a single 
IMU ring. Our key innovations include the DEKF-based position 
prediction and the RL-based adaptive framerate calibration. The 
DEKF model fuses an RNN model to predict the hand velocity, and 
an EKF model to further regress the hand position, which enables 
accurate hand motion prediction from LFR optical data. The RL 
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model further adaptively selects minimal optical keyframes to cali-
brate the prediction results. It is aware of users’ hand motion state 
and thus achieves a balance between tracking accuracy and fram-
erate. Evaluations show that both these two modules contribute 
significantly to our method, and drastically reduce the computa-
tional cost of the hand tracking system. In a 3D target selection task, 
3DRing achieves an average tracking error of 1.75 ± 0.18 cm from 
6.61 FPS optical data, which is only 9.9% of the Meta Quest Pro’s 
framerate (67 FPS). The interaction efficiency is also 86.0% of the 
Meta Quest Pro, demonstrating a strong potential of our method to 
reduce the reliance on optical data while maintaining a satisfying 
tracking and interaction performance. 
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A Details of the Extended Kalman Filter (EKF) 
Here we provide a detailed mathematical formulation of the EKF 
model. Based on the dynamic model described in Equation 3.2.3, 
the goal of the EKF model is to leverage the uncertainties of the 
measurements and the dynamic model to achieve a more robust and 
balanced hand tracking result. The full process can be divided into 
three stages, including (1) the prediction of the system state and 
uncertainty from the dynamic model, (2) the update of the system 
state and uncertainty from the predicted state and the measurement, 
and (3) the estimation of the Kalman gain, a factor to balance the 
prediction and measurement. The main equations can be formulated 
as: 

(𝐾 𝑎𝑙𝑚𝑎𝑛 𝐺 𝑎𝑖𝑛) 𝑲 𝑛 = 𝑷 𝑛,𝑛−1 (𝑷 𝑛,𝑛−1 + 𝑹𝑛 )−1 

(𝑆𝑡 𝑎𝑡 𝑒 𝑃𝑟 𝑒𝑑𝑖𝑐𝑡 𝑖𝑜𝑛) 𝒙̂𝑛+1,𝑛 = 𝑓 ( ̂𝒙𝑛,𝑛, 𝒖𝑛 ) 

(𝐶𝑜 𝑣 𝑎𝑟 𝑖𝑎𝑛𝑐𝑒 𝑃𝑟 𝑒𝑑𝑖𝑐𝑡 𝑖𝑜𝑛) 𝑷 𝑛+1,𝑛 = 
𝜕 𝑓 

𝜕𝒙 
𝑷 𝑛,𝑛 ( 

𝜕 𝑓 

𝜕𝒙
)𝑇 + 𝑸 𝑛 

(𝑆𝑡 𝑎𝑡 𝑒 𝑈 𝑝𝑑𝑎𝑡 𝑒 ) 𝒙̂𝑛,𝑛 = 𝒙̂𝑛,𝑛−1 + 𝑲𝑛 (𝒛𝑛 − 𝒙𝑛,𝑛−1) 

(𝐶𝑜 𝑣 𝑎𝑟 𝑖𝑎𝑛𝑐𝑒 𝑈 𝑝𝑑𝑎𝑡 𝑒 ) 𝑷 𝑛,𝑛 = (𝑰 − 𝑲 𝑛 )𝑷 𝑛,𝑛−1 (𝑰 − 𝑲 𝑛 )𝑇 + 𝑲 𝑛 𝑹𝑛 𝑲 𝑇𝑛 
(5) 

where 𝒙 ∈ R 12 is the system state, including position 𝒑 ∈ R 3 and 
rotation 𝒓 ∈ R 3×3 . 𝒛 ∈ R 12 is the LFR measurement, also including 
position 𝒑 and rotation 𝒓 , which is the same as the system state. 𝒖 ∈ 
R 6 is the control input, including the global hand velocity ˆ 𝒗 ∈ R 3 

predicted by the RNN model and augular velocity 𝝎 ∈ R 3 from the 
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gyroscope. 𝑲 ∈ R 12×12 is the calculated Kalman gain. 𝑷 ∈ R 12×12 

is the covariance matrix of the system state, which represents its 
uncertainty. 𝑸 ∈ R 12×12 and 𝑹 ∈ R 12×12 are the process noise and 
measurement noise covariance matrices respectively, representing 
the uncertainties of the dynamic model and measurements. For 
the subscripts, a single subscript, like 𝑛, represents a variable at 
time 𝑛. While, double subscripts, like 𝑛, 𝑛 − 1, represent a predicted 
variable at time 𝑛 based on the information at time 𝑛 −1. Finally, the 
function 𝑓 is the dynamic model, which predicts the next system 
state from the current state and the control input. It is given by: 

(𝑃 𝑜𝑠𝑖𝑡 𝑖𝑜𝑛 𝑃 𝑟 𝑒𝑑𝑖𝑐𝑡 𝑖𝑜𝑛) 𝒑 𝑛+1,𝑛 = 𝒑 𝑛,𝑛 + 𝒗𝑛 Δ𝑡 

(𝑅𝑜𝑡 𝑎𝑡 𝑖𝑜𝑛 𝑃 𝑟 𝑒𝑑𝑖𝑐𝑡 𝑖𝑜𝑛) 𝒓𝑛+1,𝑛 = 𝑚𝑎𝑡 𝑟 𝑖𝑥 (𝒓𝑛,𝑛 𝝎𝑛 Δ𝑡 )𝒓𝑛,𝑛 
(6) 

which is similar to Equation 3.2.3. 
In the above EKF equations, 𝒛 and 𝒖 are measured by the Quest 

Pro and the IMU ring. 𝒙 , 𝑷 , and 𝑲 are automatically estimated by 
the EKF process. 𝑹 and 𝑸 are the uncertainties of the measurement 
and the dynamic model respectively, which still need to be deter-
mined manually. For 𝑹, it is defined as the covariance of the optical 
measurement noise. Since we do not have access to the error sta-
tistics of the Quest Pro, we empirically extract the high-frequency 
components (above 8 Hz) of the Quest Pro hand-tracking results us-
ing a Butterworth filter, treat these components as the noise of the 

low-frame-rate (LFR) measurements, and compute their covariance 
matrix as 𝑹. For 𝑸 , it is defined as the covariance of the process 
noise, which is the error of the predicted hand position and rotation 
from the dynamic model. Since our design uses an adaptive fram-
erate, the number of times the dynamic model predicts the hand 
position and rotation before the next optical measurement arrives is 
not fixed. More consecutive predictions lead to larger accumulated 
errors. Therefore, 𝑸 also depends on the number of consecutive 
predictions. To estimate this uncertainty, we start from given ini-
tial hand positions and rotations, perform different numbers of 
consecutive predictions, and compare each predicted result with 
the Quest Pro measurements to compute the corresponding errors. 
This yields a series of 𝑸 matrices representing the process noise 
for different prediction steps. During realtime use, we select the 𝑸 
associated with the number of consecutive predictions performed 
as the process noise. 

Finally, we define the complete execution procedure of the EKF 
model: the update process is performed only when an optical mea-
surement arrives, while the prediction process is executed at all 
steps, during which the Kalman gain is updated as well. This al-
lows the EKF to dynamically estimate the errors of the optical 
measurements and the system predictions, producing more robust 
hand-tracking results. 
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