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Abstract— Hand tracking has attracted considerable interest
in fields such as virtual reality and human-robot interaction.
However, single-sensor approaches to hand tracking face chal-
lenges, particularly with data loss due to occlusions or finger
overlap. This paper proposes a multi-sensor system for 3D hand
pose estimation that fuses a vision sensor and an ionic gel
sensor. We use the Intel RealSense Depth Camera D435 to
capture finger joint angles, supplemented by Ionic Gel Sensor
Glove that provides continuous measurements. By combining
these data streams using a machine learning framework with
an autoencoder and LSTM network, we can accurately estimate
finger joint angles even in the presence of the missing visual
data. The experiments compared the method using both the
visual sensor and the glove with the method using only the visual
sensor. As a result, it was confirmed that the accuracy of finger
joint angle estimation improved significantly, especially in cases
where data was missing. Additionally, the method demonstrated
consistent improvements in accuracy across different users and
types of gloves.

I. INTRODUCTION

Hand tracking is a valuable technique for applications
such as virtual reality and human-robot interaction. To ac-
curately render a 3D hand pose, various methods have been
proposed, utilizing vision information (color [1], depth [2],
[3], RGB-D [4]), soft wearable sensors (e.g., flex sensor
[5], strain sensor [6]), encoders, magnetic IMUs, or EMG
(a comprehensive survey can be found in [7]). While it is
relatively straightforward to select and implement one of
these sensing methods, the resulting system can be unstable
in specific situations (e.g., vision sensors may lose precision
when occluded). This paper describes a hand tracking system
utilizing learning based on multiple sensors, vision sensing
and Ionic Gel Sensor Glove. Information from the sensors is
fused by an autoencoder with an LSTM (Long Short Term
Memory). We aim to enhance the accuracy and reliability of
traditional vision-based hand tracking by combining visual
information with information from the glove.

Several studies explore the fusion of a vision sensor
with a glove-type sensor (strain sensor [8], IMU [9], [10]).
Gosala et al. [8] implement a method where the hand poses
estimated from both the vision sensor and the strain sensor
are fused based on confidence levels. Zhang et al. [9] utilize
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an IMU for the initial hand setup, after which only the vision
sensor is employed for hand pose estimation. Lee et al.
[10] estimate hand movements using IMU data and apply
information from the vision sensor to correct IMU drift and
errors. As discussed earlier, various methods that integrate
sensors have been applied to enhance the accuracy of hand
tracking. However, the gloves used in each of these methods
are all intricate, and since hand sizes differ among users,
individual calibration is necessary to ensure the precision of
data obtained from the glove.

The proposed tracking system has two key features: First,
while vision sensors are prone to missing data due to occlu-
sion and overlapping fingers, fusing the vision sensor’s data
with that from the glove improves the system’s robustness
against such data loss. Second, our proposed method uses the
simple sensor glove as a supplementary tool for the vision-
based approach, therefore the data obtained from the glove
does not require high precision. As a result, individual user
calibration is unnecessary. While there are several studies
that fuse vision sensors with glove-type sensors [8]–[10],
these approaches require careful calibration of the glove-type
sensors and do not focus on leveraging redundancy to reduce
the calibration process.

This paper is structured as follows. Section II describes the
multi-sensor setup used for hand tracking. Section III details
the machine learning approach that integrates an autoen-
coder with an LSTM. Section IV presents the experiments
conducted with real data and discusses the results. Finally,
Section V concludes the paper and outlines directions for
future work.

II. HAND TRACKING SYSTEM WITH VISION SENSING
AND IONIC GEL SENSOR GLOVE

This section introduces the conceptual framework of our
proposed multi-sensor hand tracking system, illustrated in
Fig. 1. The system integrates information from both the
visual and the ionic gel sensor to estimate finger joint angles,
even when some visual data is missing. Figure 1(a) shows the
system architecture, consisting of three main components:
the vision sensor, the ionic gel sensor, and multimodal sensor
fusion, while Figure 1(b) illustrates the setup for actual data
acquisition.

A. Vision Sensor

The vision sensor is responsible for obtaining the angles
of the finger joints. First, it identifies the 2D joint positions
using RGB information and combines them with depth data
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(a) (b)

Fig. 1: (a) overview of the process, and (b) actual setup for data acquisition

to estimate the 3D positions of the joints. Then finger bend-
ing angles are calculated based on these positions. However,
the visual data may be affected by occlusions or overlapping
fingers, which can result in data loss.

B. Ionic Gel Sensor

The ionic gel sensor is attached to the surface of the ionic
gel sensor glove, capturing dynamic resistance changes in
the sensor material as the hand moves. Unlike the vision
sensor, this ionic gel sensor provides stable data related to
finger movements, playing an essential role in compensating
for missing visual data.

Fig. 2: Ionic Gel Sensor Glove

C. Multimodal Sensor Fusion

The fusion of data from both the vision sensor and ionic
gel sensor is managed within the ”Multimodal Sensor Fu-
sion” block of Fig. 1(a). This block uses a machine learning
framework, particularly an autoencoder combined with an
LSTM network, to integrate the complementary information
from the two sensors. By doing so, the system can impute
missing visual data and accurately estimate the finger joint
angles.

This section lays out the conceptual groundwork of the
system, emphasizing the roles and integration of each sensor
without delving into specific hardware details or parameters,
which will be discussed in the experimental section.

Fig. 3: Model Architecture

III. AUTOENCODER WITH LSTM

In this section, we describe the method used to estimate
the finger angles from the visual sensor and the ionic gel
sensor. We denote the data obtained from the visual sensor
and the ionic gel sensor as x = [x1,x2, . . . ,xN ]

⊤ and y =
[y1,y2, . . . ,yN ]

⊤, respectively, where N is the number of
samples. We note that x and y correspond to the same finger,
though it could be any finger. The goal is to fill in missing
values in x by leveraging the time-sequence patterns within
x as well as its relationship with y.

We use an autoencoder with an LSTM network to estimate
missing values in time-sequence data of two modalities. The
autoencoder is capable of imputing missing values, while the
LSTM network effectively captures temporal relationships.
The network architecture is shown in Fig. 3. The model
consists of two main components: the encoder and the
decoder. For the encoding part, each input is first fed into
an LSTM layer individually to extract intra-modal features.
Then, the outputs of the first LSTM layer are concatenated
and passed through a fully connected layer to extract the
inter-modal features. For the decoding part, the output of
the fully connected layer is fed into the LSTM layer to
reconstruct the inputs for each modality.

Since LSTM is used as a part of autoencoder, we need to
reshape the original data with timestep T . Here, we denote
X = [x1,x2, . . . ,xN−T+1] and Y = [y1,y2, . . . ,yN−T+1], where
xi = [xi,xi+1, . . . ,xi+T−1] and yi = [yi,yi+1, . . . ,yi+T−1]. X and
Y are used as the inputs.

The original data includes missing values. Here, we in-
troduce an indicator matrix mx,my ∈ {0,1}N to mask the
missing values in the inputs. Each element of the mx is
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defined as,

mx
n =

{
1 if xn is observed,
0 if xn is missing.

(1)

my is defined in the same way. We also reshape mx and my

with timestep T as Mx and My, respectively. Suppose the
output of the decoder is X̂ and Ŷ . The loss function for data
reconstruction is defined as follows,

L =

∥∥∥∥ 1
θx

Mx ⊙ (X − X̂)

∥∥∥∥2

+

∥∥∥∥ 1
θy

My ⊙ (Y − Ŷ )
∥∥∥∥2

, (2)

where ⊙ denotes the element-wise product. θx and θy are
the number of observed values in x and y, respectively, and
are used to normalize the loss. In other words,

θx =
N

∑
i=1

T

∑
t=1

mx
it ,

θy =
N

∑
i=1

T

∑
t=1

my
it ,

(3)

Here, mx
it and my

it represent the elements of the mask matrices
Mx and My, respectively, with i indexing the different
sequences and t indexing the timesteps.

To effectively impute missing values, the model must be
trained to extract the necessary features for this task. For this
purpose, we randomly remove some values from the input
data X while using the original data as the output. Here, Xmiss

represents the data with missing values, and X̂miss denotes the
output corresponding to Xmiss. The loss function for missing
value imputation is then defined as follows,

L miss =

∥∥∥∥ 1
θx

Mx ⊙ (X − X̂miss)

∥∥∥∥2

+

∥∥∥∥ 1
θy

My ⊙ (Y − Ŷ )
∥∥∥∥2

.

(4)

IV. EXPERIMENTAL RESULTS AND DISCUSSION

To validate the effectiveness of the proposed method, we
conducted experiments with multiple gloves and subjects. We
focused on estimating the PIP joint angle of the index finger.

For the vision sensor, we used the Intel RealSense D435
to get RGB and depth data. The 2D joint positions of the
fingers, referring to the pixel coordinates of finger joints in
the image, were estimated using MediaPipe [11]. These 2D
coordinates were then combined with the depth information
to estimate the 3D positions of the finger joints.

To measure the resistance of the ionogel, it is necessary
to avoid polarization and electrolysis due to its ionic and
hygroscopic properties [12]. As shown in Fig. 4, we adopted
the circuit design proposed by Truby et al. [13], in which
resistance variations of the sensor are detected as frequency
changes through a relaxation oscillator driven by a ±5V
square wave. These frequency changes are subsequently con-
verted into a voltage signal by a frequency-to-voltage (F-V)
converter, which is then read by an Arduino for measurement
purposes. Notably, there is an inverse relationship between
the resistance of the ionogel and the output voltage. The 0-
5V output voltage is fed into the Arduino’s analog input,

Fig. 4: circuit

where analog-to-digital conversion (ADC) is performed to
convert the signal into a 10-bit digital value ranging from 0
to 1023 for further processing.

A. Dataset

The dataset used for the experiments consists of two
modalities: Xvision and Xglove. The experiments were con-
ducted with two subjects, each wearing three different types
of gloves as shown in Fig. 2. During each experiment, the
subjects performed flexion and extension movements of the
index finger while both Xvision and Xglove were recorded
simultaneously. Data synchronization was achieved using
ROS 2, ensuring consistency between different sampling
frequencies by acquiring Xglove at the same moments as
Xvision. The measurements were conducted at a sampling
frequency of approximately 10 Hz. For model training, a
dataset containing 4,404 samples was used, obtained from
one subject using one of the three types of gloves. For testing
the model, we used datasets from each experiment, with each
dataset containing 500 samples.

B. Data Preprocessing

The dataset contains missing values. To enable calcula-
tions, the missing values were replaced with zeros. This
ensures data continuity and minimizes the impact on model
training, as zero does not affect the output.

Also we applied standardization to the dataset, trans-
forming each feature to have a mean of 0 and a standard
deviation of 1. This normalization ensures that all modality
datasets are comparable within the same range, allowing the
learning algorithm to progress efficiently without bias toward
a particular dataset.

Fig. 5 shows the correlation between Xvision and Xglove.
The correlation was analyzed using all the data from the
experiments. To clarify the correlation, the data was standard-
ized before analysis. As a result, a certain level of correlation
was observed between Xvision and Xglove. However, differ-
ences between subjects and gloves, the presence of noise,
and the replacement of missing values with zeros resulted in
correlations that were not always clear.
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Fig. 5: Correlations between Xvision and Xglove

TABLE I: RMSE Comparison Across Evaluation Dataset

Method Evaluation dataset
a b c d e f

Method A 11.53 7.91 16.41 16.63 12.44 14.26
Method B 6.70 4.85 9.90 9.23 8.71 13.22
Method C

(Proposed method) 5.25 3.90 6.15 5.42 6.94 8.92

C. Missing Value Imputation

To demonstrate that the proposed method is robust against
missing values, we conducted the following experiments.
Three different trained models were used:

• Method A: Trained using only Xvision without artificial
missing values.

• Method B: Trained using both Xvision with artificial
missing values.

• Method C: Trained using Xvision with artificial missing
values and Xglove (proposed method).

Loss function (2) is used for A and (4) is used for B
and C. A comparative experiment was conducted using these
method A, B, and C. Method A and B are used to compare
the performance of training method.

Method B and C are used to evaluate the effectiveness of
using 2 modalities.

The datasets vary depending on the combinations of users
and gloves. Data was collected from two users, each using
three different types of gloves: subject 1 with a) glove 1, b)
glove 2, c) glove 3, and subject 2 with d) glove 1, e) glove
2, f) glove 3.

For the training dataset, we acquire the data from subject
1 with glove 1 independently from evaluation datasets. For
Method B and C, the missing rate α was set to 40% for the
training dataset.

For the evaluation datasets, we also added artificial miss-
ing values for Xvision. This simulates the situations where
the sensor could not accurately capture data or where parts
of the hand were visually occluded. We only generated
artificial missing values for Xvision because Xglove rarely
produces outliers or unmeasurable data. The missing rate α
was constant at 30% for all evaluation datasets.

The experimental results are shown in Table. I. This table

(a) Subject 1 with sensor glove 1.

(b) Subject 1 with sensor glove 2.

(c) Subject 1 with sensor glove 3.

(d) Subject 2 with sensor glove 1.

(e) Subject 2 with sensor glove 2.

(f) Subject 2 with sensor glove 3.

Fig. 6: Results for different subjects and gloves. The black
dashed line represents the raw Xvision data, while the black
solid line shows the Xvision data with artificially introduced
missing values. The gray solid line represents the Xglove
data, and the yellow, blue, and red solid lines correspond
to the predicted Xvision values using methods A, B, and C,
respectively.
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presents the root mean square error (RMSE) between the
actual Xvision data and the predicted Xvision value which is the
output of the model for each subject, glove, and method. For
all subjects and gloves, the proposed method consistently has
the smallest RMSE, demonstrating the effectiveness of the
proposed approach. Comparing methods A and B, the RMSE
is far smaller in B, which represents that the training method
of using missing values for input data is effective. Also, for
B and C, the RMSE is smaller in C for all cases, indicating
that using Xglove as an additional modality is effective.

Fig. 6 shows the results among different subjects and
gloves. In this figure, the achromatic lines represent the input
or actual data, while the chromatic lines represent the output
of the model. The black dashed line shows the raw Xvision
data, and the black solid line indicates the Xvision data with
artificially introduced missing values. The visible portions of
the black dashed line correspond to the sections where the
missing values were added. The gray solid line represents
the Xglove data, and the yellow, blue, and red solid lines
correspond to the results of methods 1, 2, and 3, respectively.
Overall, the red line (method 3) closely follows the black
line (actual data), while the yellow line (method 1) does
not follow the actual data at all. The blue line (method 2)
follows in some parts but deviates in others. The gray-shaded
area in the Fig. 6(a) represents the region where the Xvision
data has continuous missing values. In this region, the results
of method 1 are completely different from the actual data.
The results of method 2 are partially correct, but differ from
the actual data when there are missing values. In contrast,
the results of method 3 consistently follow the actual data,
demonstrating that the Xglove values effectively complement
the missing values in the Xvision data.

V. CONCLUSIONS

This paper proposes a method to address the issue of
data loss in vision-based hand tracking due to occlusion and
overlapping fingers, by integrating Ionic Gel Sensor Glove.
In our experiments, we used the Intel RealSense as the vision
sensor to capture the PIP joint angle data of the fingers.
To simulate scenarios of data loss due to occlusion and
overlapping fingers, we artificially generated missing data in
these angle measurements and evaluated the effectiveness of
the proposed method. The results confirmed that integrating
the glove significantly improves accuracy compared to using
vision-based methods alone. Furthermore, the experiments
demonstrated that consistent accuracy could be maintained
across different users and various types of gloves, validating
the reproducibility and adaptability of the system to diverse
user scenarios.

For future work, we plan to extend the approach used
in this study to other finger joints, aiming for real-time
hand tracking and 3D rendering even when missing data
occurs in the vision sensor. To achieve more accurate angle
estimations, it will be necessary to reconsider the placement
of the ionic gel sensors and enhance feature extraction
both within and across modalities. For instance, adopting
more complex networks, such as adding convolutional layers

to the autoencoder, may be considered. Furthermore, for
real-time implementation, it is crucial to develop scaling
methods for real-time data, as the readings from the glove are
influenced by temperature and the glove’s physical condition.
Additionally, this glove is expected to improve accuracy
when integrated with any vision sensor, compared to using
that vision sensor alone. Its simple structure, ability to
accommodate different users without calibration, and high
reproducibility make it easy to implement. We hope this
glove will be widely utilized by researchers working on
vision-based hand tracking.
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