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Abstract
Mobile extended reality (XR) applications are anticipated to
generate substantial traffic for 6G. Such applications not only
require high data rate and low-latency transmissions, but
also accurate and real-time pose estimation to enable inter-
active and immersive experiences. While sub-6 GHz signals
have been exploited for pose estimation, they cannot cope
up with multi-gigabit data rates required by XR applications.
Instead, mobile communications at mmWave frequencies
can potentially support data rates up to several giga-bits per
second (Gbps) and, therefore, can be used to deliver XR con-
tent wirelessly to the Head-Mounted Display (HMD). More-
over, mmWave frequencies can offer improved sensing due
to the large available bandwidth. Therefore, mmWave com-
munications can play a crucial role in enabling device-free
interactivity by offering both high-speed communication
and accurate sensing capabilities. However, mmWave prop-
agation characteristics are different from sub-6 GHz. Path
loss plays a significant role, and can lead to degraded sensing
performance. Therefore, our proposal supplements wireless
sensing at mmWave frequencies with wireless electromyo-
graphy (EMG) armbands. By capturing patterns of muscle
activities, we can counteract the limitations of mmWave-
based pose estimation, thereby enriching the granularity
and precision of pose estimation. This paper proposes a con-
ceptual architecture to achieve multi-modal pose estimation
for XR applications. Early results highlight the shortcomings
of mmWave-based sensing, and we identify future steps and
opportunities on integration of both approaches.
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1 Introduction
In recent years, extended reality (XR), encompassing virtual
reality (VR), augmented reality (AR), and mixed reality (MR),
has emerged as a cutting-edge application for future wire-
less networks. XR applications have disrupted various fields
such as education, industry, health care, and entertainment.
In such applications, pose estimation is pivotal to enable
immersive and realistic experiences.

Pose estimation involves predicting the location and orien-
tation of joints or keypoints of the human body. The goal is
to determine position and orientation of a human relative
to a given scene. Pose estimation finds applications in gam-
ing, healthcare, sports, and extended reality (XR). However,
our focus is on XR, as it requires not only accurate but also
real-time pose. This pose information is crucial in enabling
a realistic and intuitive experience between the user and
the XR world. State-of-the-art solutions for pose estimation
typically rely on cameras. For instance, OpenPose [4] can
estimate the 2D pose of multiple people in an image. It can
jointly detect body, foot, hand, and facial keypoints from a
single image. Some commercial products such as Kinect [29]
can also predict and track body keypoints with high accuracy.
Kinect can output a 2D or 3D skeleton of a human body from
an image for a total of 25 keypoints. However, camera-based
methods work well only in line-of-sight (LOS) scenarios.
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Moreover, these methods can infringe on the privacy of the
user [28].

Specifically for VR, current solutions require users to wear
handheld controllers to interact with VR content. However,
these controllers fully occupy users’ hands and are unin-
tuitive to many users. To overcome these limitations, we
plan to leverage existing communication infrastructure to
enable device-free interactivity. We envision a generic sce-
nario where mobile communication signals can be used to
wirelessly stream XR content to the head-mounted display
(HMD), and the same signals can also be used for sensing
(pose estimation). These poses will be used as inputs to en-
able users to control and manipulate virtual objects and
environments. The approach of using communication sig-
nals also for sensing is known as integrated sensing and
communication (ISAC) [5]. However, delivering XR requires
high data rates and low latency communication for an im-
mersive experience. Mobile communications at sub-6 GHz
cannot handle XR content delivery due to limited bandwidth.
Instead, mmWave and sub-THz frequencies (30-300 GHz)
[6, 21, 25] can stream XR content seamlessly due to the large
available bandwidth, enabling a data rate up to several Gbps.
Additionally, the large bandwidth can also improve sensing.
For example, utilizing a 2 GHz bandwidth at 60 GHz can
lead to 15 cm of raw resolution, which can greatly benefit
localization applications [14]. Moreover, a high number of
antennas can be packed at higher frequencies leading to
accurate angle estimation. Overall, improved sensing and
communication is possible with mmWave frequencies.

In this work, we propose a proof-of-concept multi-modal
pose estimation for XR applications that leverages mmWave
communication signals. For this reason, we extract chan-
nel state information (CSI) from commercial-off-the-shelf
(COTS) mmWave Wi-Fi access points (APs). CSI has been
used for pose estimation at sub-6 GHz frequencies with reli-
able accuracy. However, utilization of CSI for pose estimation
at mmWave with COTS has not been studied yet. This work
aims to demonstrate the effectiveness of ISAC-based pose
estimation leveraging CSI from mmWave Wi-Fi. However,
mmWave signals have some inherent challenges. They are
highly directional and suffer from high path loss. Also, such
signals are highly sensitive to obstructions and blockage,
making them highly dependent on the position of devices
(mmWave sensors) or users. Moreover, mmWave signals
have a short range that can restrict coverage area for sensing
applications. We propose to tackle this issue by using elec-
tromyography signals (EMG) [12]. EMG signals are robust
to obstacles and can capture detailed muscle movements. In
particular, surface electromyography (sEMG) can be used for
detecting fine-grained muscle activities, e.g., finger move-
ments [24]. By combining communication signals with EMG
signals, our goal is to infer the overall pose of the human

body while countering the limitations of mmWave and en-
hancing the granularity of pose estimation. With this setup,
we believe we can accurately track the user’s poses and
translate their physical movements into the virtual world,
allowing a virtual avatar to replicate the same poses. As a
preliminary step, we investigate the effectiveness of pose
estimation only with mmWave ISAC signals. We go beyond
simple classification and predict skeleton-based poses from
mmWave data. Our experiments with three users perform-
ing a set of 8 XR-related gestures in a single environment
validate the potential of mmWave-based pose estimation.
However, the challenges encountered highlight the need for
an additional sensing modality.

2 Related work
2.1 Integrated sensing and communication (ISAC)
Rapid advances in wireless communication technologies and
the growing demand for sensing applications have led to the
emergence of ISAC [5]. ISAC is gaining significant traction,
as evidenced by recent standardization efforts (e.g., IEEE
802.11bf [17, 20]) and its identification as one of the main
ground-breaking innovations in 6G by leading telecom ven-
dors. The standout advantage of ISAC is that most of the
network infrastructure is already in place for communication
purposes anyway, which facilitates a multi-sensory mesh
that can offer sensing capabilities at a limited additional cost.
Most of the focus in ISAC has been on Wi-Fi signals. Wi-Fi
signals have opened new avenues for sensing applications
giving stiff competition to vision-based approaches. Wi-Fi
signals have been used for a plethora of applications ranging
from coarse activity detection [17, 18] to fine-grained gesture
recognition [16, 31]. Moreover, Wi-Fi signals have also been
used for a full skeletal-based pose estimation [19, 30, 32].
However, most of these works utilize sub-6 GHz signals. On
the other hand, there exists a notable gap for COTS sensing
at mmWave. Very few works have explored the potential
of COTS devices for sensing in the mmWave spectrum. At
mmWave frequencies, high bandwidth and massive number
of antennas allow for unprecedented accuracy in wireless
sensing.

Toshiaki et al. [13] have made pioneering contributions in
mmWave-based sensing using COTS devices. In particular,
the authors use spatial beam signal-to-noise ratios (SNRs)
for fingerprinting-based indoor localization. TP-Link Talon
AD7200 routers are used for data collection. The effective-
ness of experiments is evaluated over 7 different locations
and a total of 28 orientations; 4 orientations at each location
in a regular office space. Deep learning is used to extract fea-
tures from beam SNRs and to predict different locations. The
results show 100% accuracy for location classification, 99%
for simultaneous location and orientation classification. In
addition, an average root mean-square error (RMSE) of 11.1
cm is achieved when predicting the coordinates. In another
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study, Yu et al. [27] used beam SNR from the same mmWave
APs (TALON AD7200) for human pose and seat occupancy
classification. The validity of pose estimation is conducted
along five different sessions for 8 distinct poses in a single
environment. Deep learning is used to extract features from
different poses. The method achieves an overall accuracy of
91.2%. Furthermore, Blanco et al [3] investigate the design
of joint sub-6 GHz and mmWave localization system. CSI-
based angle estimation is used to predict location. MikroTik
wAP 60Gx3 devices are used for data collection. The system
achieves 18 cm median location error with COTS devices. In
our previous work [2], we used beam SNR from mmWave
COTS APs for gesture recognition in multiple environments
and compared it with CSI collected from sub-6 GHz APs.
With deep neural network, we were able to achieve 96.7%
accuracy in a single environment in classifying 10 XR-related
poses. However, as the task becamemore complex (e.g., when
adding more users, changing environments or altering ori-
entations of gestures), the accuracy dropped significantly.
This is because mmWave signals are highly directional and
susceptible to blockage, and sensitive to the shape of obsta-
cles, making it difficult for neural network to extract relevant
information.

In this work, we go beyond classification and aim at regress-
ing full body pose skeletons from mmWave CSI. Compared
to classification, skeleton-based pose provides fine-grained
information and can be used for device-free interactivity.
Skeleton information allows us to estimate the positions
and orientations of various body joints, such as the head,
shoulders, elbows, wrists, and knees. This enables us to re-
construct the user’s complete body pose in a virtual environ-
ment. However, the problems with mmWave encourage the
need for a multi-modal approach. To counter the limitations
of mmWave-based sensing, we propose the multi-modal ap-
proach based on ISAC and EMG signals, making the overall
system less sensitive to the blockage and shape of obstacles.
This integration will allow an enhanced understanding of
user movements and improve the accuracy of pose classifi-
cation as the task becomes complex.

2.2 Surface Electromyography (sEMG)
Surface Electromyography (sEMG) has been developed as
a non-invasive, inexpensive, and easy-to-set-up method for
studying muscle activity [22]. Engineering developments
have extended electromyography (EMG) beyondmedical and
rehabilitation applications to areas like Human-Computer
interactions (HCI). Applications like gesture command, sign
language translation, and finally, mapping user gestures in
virtual environments[15].

Furthermore, sEMG exhibits substantial promise as a tool for
delivering accurate hand gesture recognition and tracking
estimation. The recorded data contains information regard-
ing hand posture. Nonetheless, these signals are not directly

usable due to the contamination with noise from various
undesired sources[22, 26]. sEMG signals’ significant inter-
subject variability complicates interpretation, necessitating
robust algorithms for reliable gesture recognition. Recent re-
search employed a CNN and Bi-LSTMhybridmodel on sEMG
signals, achieving a 98.33% accuracy by training subject-
specific models [11]. Another study mapping hand gestures
to a virtual environment achieved up to 80±2.36% accuracy
in subject agnostic setting, underscoring the inter-subject
variability issue [15]. Models demonstrated high accuracy
for a small number of gestures but showed limitations when
the number increased, affecting the continuous decoding of
hand and finger positions [22].

To further advance the potential of sEMG signals, many re-
searchers have incorporated IMU sensors alongside these sig-
nals [10]. A comparative study between sEMG and combined
sEMG-IMU systems demonstrated a 7% improvement in clas-
sification resulting in 97.5% accuracy and a 1% improvement
in recognition resulting in 88.15% accuracy. Furthermore, the
study indicated a reduction in uncertainty, as evidenced by
the decreased standard deviation of the classification results
when employing sEMG-IMU signals instead of solely rely-
ing on sEMG signals[26]. In another innovative approach,
researchers employed explainable AI (XAI) to reduce sen-
sor requirements and attempted to elucidate the operational
principles of such a multi-modal system[10].

Despite the promising potential of sEMG, there is limited
research exploring the fusion of sEMG data with sensor in-
puts other than IMU. Jiang et al. [8] proposed a fusion-based
wristband combining force myography (FMG) and EMG for
hand gesture recognition, an approach designed to address
the sweat vulnerability of sEMG and the low information
density associated with FMG. Furthermore, a multi-modal
system integrating sEMG and ultrasound devices was de-
veloped in [7]. Its performance was compared with systems
relying only on these individual physiological signals for pre-
dicting continuous finger angles [7]. However, to the best of
our knowledge, no multi-modal system has been introduced,
leveraging both CSI and sEMG measurements.

3 Proposed Conceptual Framework
In this section, we will begin by presenting a conceptual
multi-modal framework that integrates CSI and sEMG infor-
mation for body pose estimation. Subsequently, we will delve
into our methodology for processing CSI data, which serves
as a first step towards a proof of concept for our approach.

Our proposed framework for body-pose estimation involves
utilizing two wireless devices to capture CSI, two sets of
EMG wristbands for recording sEMG signals, and a camera
to collect ground truth data. The ground truth data captured
with the camera is only required during the training phase of
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Figure 1. Conceptual Framework

the system. Each signal type requires a dedicated model to ex-
tract and interpret the features. Subsequently, a higher-level
model is trained to integrate the feature sets extracted by
the primary models. Figure 1 depicts the conceptual diagram
of this framework.

Considering the distinct nature and sampling rates of EMG
and CSI, we hypothesize that convolutional neural networks
(CNNs) would be an effective approach for feature fusion
[9]. In particular, multi-modal late fusion is deemed suitable.
Late fusion is the predominant approach for information
fusion in academic research due to its simplicity in integrat-
ing data from various sources. Moreover, late fusion enables
the utilization of well-established architectures and methods
that have been extensively researched and refined over time.
This approach even allows for the incorporation of transfer
learning and pretrained models, enhancing its versatility. Ad-
ditionally, late fusion is particularly suitable for our specific
setup, where each modality possesses distinct dimensions
[9]. Consequently, late fusion eliminates the need to address
data misalignment issues, making it an ideal choice for our
fusion process. This approach entails training specific mod-
els for each modality, enabling us to leverage the strengths
of individual models that have been developed specifically
to extract features from specific sensors in the initial feature
learning phase. By combining these features using a CNN at
higher levels, we can effectively fuse information from the
sensors.

Furthermore, for simultaneous utilization of CSI and sEMG
information, a significant challenge arises from the fact that
the sEMG wristbands primarily provide hand position and
orientation information, whereas CSI provides information
about the entire environment. Consequently, determining
the optimal parameters becomes challenging due to the large
search space and meager overlap of information. To address
this, a novel approach can be adopted by dividing the prob-
lem into two subproblems. The first subproblem involves
estimating the general body posture using CSI signals, while
the second subproblem focuses on fusing information from
both CSI and sEMG in hand areas to enhance the resolution

of the body pose estimation framework. This localized ap-
proach narrows the search space, making it easier for the
model to identify optimal parameters for hand gesture recog-
nition.

Finally, the merit of this framework lies in effectively uti-
lizing the advantages associated with the two sensor types
deployed. Both methods offer privacy-preserving measure-
ments, avoiding the privacy concerns frequently associated
with vision-based sensing systems. Additionally, these non-
invasive methods enable rapid inference, thus facilitating
real-time applications. These attributes render them an op-
timal choice for a multi-modal fusion system for gesture
recognition. Furthermore, sEMG signals offer fine-grained in-
formation on hand gestures , thus supplementing CSI-based
body pose estimation and enhancing system resolution. How-
ever, the potential applications of such a comprehensive
setup remain unexplored, signifying a significant opportu-
nity for further research and development.

3.1 Methodology
In this early work, we use only CSI frommmWaveWi-Fi APs
for pose estimation and leave integration of EMG signals
for future work. Since phase measurements of CSI tend to
be noisy, we use only the amplitude part. To enhance the
accuracy of our measurements, we employ background sub-
traction to eliminate static reflections or clutter from the CSI.
The resulting CSI, with clutter removed, is then inputted
into learning-based algorithms. Our analysis covers both
classification and regression-based learning. In the case of
regression, our objective is to predict skeletal-based poses
from the mmWave CSI data.

We employ common classification methods such as Support
Vector Machines (SVM), k-Nearest Neighbors (kNN), and
Decision Trees. These methods are considered standard and
serve as a useful reference point in evaluating the perfor-
mance of more advanced deep learning algorithms. With
regard to deep learning, we experimented with several archi-
tectures, such as fully connected layers (FCN), convolutional
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Figure 2. Environment and Experimental Setup

neural networks (CNN), and a combination of both. In par-
ticular, we explored three architectures: one fully connected
layer (FCN), four fully connected layers (4 FCN), and a CNN
inspired by the work Szegedy et al.[23]. After careful exper-
imentation, we found that a CNN with a single inception
module and overall depth of 5, performs well on both the
training and test data. The architecture is kept simple and
efficient yet achieves satisfactory results. The simple architec-
ture implies a lower inference time. Moreover, the learning
process also involves tuning several hyperparameters such
as learning rate, weight decay (regularizer), and learning rate
scheduler, which have a significant impact on the training
process.

4 Experiments
4.1 Hardware and Experimental Set-up
In the current setup, we use two COTS MikroTik wAP 60Gx3
devices, one acting as AP and the other as a client. These
devices implement the IEEE 802.11ad standard and operate
at 60 GHz frequency. The MikroTik wAP 60Gx3 uses three
of 6x6 antenna arrays arranged at different angles to provide
a combined aperture of 180°. We follow the workof Blanco
et al. [3] and install OpenWRT on these devices and modify
device drivers to gain access to CSI. However, as of now, CSI
is always extracted from the middle antenna array. Moreover,
Qualcomm uses only 32 bits to define beam patterns of these
devices and therefore, only 32 antennas can be addressed.
The other four antennas are unused, and two of the remain-
ing 32 only report noise [3]. The final CSI obtained corre-
sponds to 30 antennas. Each CSI measurement contains an
amplitude and phase value. However, phase measurements
are noisy, and calibration is needed. Instead, in this work, we
take the simplest approach and only use the amplitude part
for further processing. To record the ground truth for poses,
we use a Kinect V2, which can track the 3D coordinates of
25 body keypoints. We perform our experiments in a regular
office space, shown in Figure 2. The room measures 3.3 m,
3.4 m and 3 m in length, width, and height, respectively. The
yellow boxes indicate Mikrotik wAP 60Gx3 AP and client
devices. The green box shows Kinect. A user performs a set

Figure 3. Poses

Table 1. Accuracy of machine learning and deep learning-
based methods

Users KNN SVM Tree 1 FCN 4 FCN CNN
1 88% 87.6% 75 % 86% 90% 95.5%
2 76% 87.6% 86% 81% 92% 95.9%
3 62.6% 69.7% 51% 79% 82% 91%
1+2+3 81.2% 77% 47% 66% 85% 93.6%

of poses in between the two MikroTik devices. These poses
are motivated by XR applications and state-of-the-art [2, 27].
The poses include Arms up, Left hand up, Right lean, Right
hand up, Left lean, Empty, and Arms wide, shown in Figure
3.

4.2 Data acquisition
Three users (two males and one female, with different body
shapes and heights) performed a series of eight poses be-
tween the mmWave AP and the client. Each pose was held
for a duration of 15 seconds, and the entire session involved
around 20 rounds of performing the set of eight poses. By the
end of the session, each pose had data corresponding to five
minutes. Additionally, background data was collected during
each session to remove any clutter or interference. To ensure
a balanced evaluation, we split the data into a standard 75:25
ratio for training and test datasets.

4.3 Classification
Table 1 presents the results (overall accuracy) of machine
learning and deep learning-based methods on the test data
for users 1,2, and 3, and the final case (1+2+3) involves com-
bining the data of 3 users. For deep learning, after several
experiments, we used learning rate of 3e-4, weight decay
of 8e-2, batch size of 64, a learning rate scheduler with a
patience of 10 and 200 number of epochs. We can clearly
see that, in general, deep learning-based methods 4 FCN
and CNN outperform machine learning-based methods. The
CNN always achieves the best accuracy for each case. De-
spite achieving very good accuracy, we can see in the case
of user 3 there is a 4% drop in accuracy. This is because user
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Figure 4. Pose Performance: Ground truth from Kinect (red) and pose from mmWave (blue)

3 has a considerable difference in body shape and height
with respect to the other two users. mmWave signals are
known to be particularly sensitive to these physical char-
acteristics [1]. Also, beamforming employed to focus the
signal to the intended receiver is significantly impacted by
the user’s body shape and orientation. Therefore, CNN en-
counters challenges in effectively extracting pose-specific
features for user 3. Also, when the data is combined from all
users, CNN achieves an accuracy of 93.6% which is basically
a mean accuracy of 3 users. Moreover, we anticipate having
multiple people in the room at the same time and increased
number of poses may lead to a degraded performance which
is unwanted, especially in XR applications, where accurate
pose estimation is of utmost importance. To enhance the re-
liability and address the inherent subject and environmental
variability issues associated with the mmWave channel, we
have proposed the fusion of sEMG signals with mmWave
sensing. Incorporating sEMG signals is beneficial due to
their low susceptibility to environmental variations, thereby
adding a layer of robustness to the system. Additionally, the
utilization of transfer learning techniques can effectively mit-
igate subject-specific variations in sEMG signals by learning
general morphology and templates. Transfer learning has
been extensively explored and established as a well-regarded
approach in this field.

4.4 Regressing pose skeletons
In contrast to the previous task, we demonstrate the capabil-
ity to regress full body pose skeletons using mmWave CSI
data. For this, we use the CNN described above with a depth
of 7 to handle the complexity of the task. We first synchro-
nize the data from the two sensors, ground truth from Kinect
and CSI from mmWave Wi-Fi. Then, we train the CNN with
labelled data of skeletons obtained from the Kinect sensor.
During the testing phase, we solely rely on the CSI data from
the mmWave for predictions. To evaluate the accuracy of
our CNN model, we utilize the mean square error (MSE) met-
ric, which quantifies the similarity between the predicted
skeleton and the ground truth. Our results demonstrate a
MSE of 0.0048, 0.0055, and 0.0058 for user 1, user 2, and user
3 respectively on the test data. These results further validate
the performance of mmWave signals for pose estimation. To
illustrate the performance, we present the test results corre-
sponding to user 2 in Figure 4. The red colored skeletons in
Figure 4 represent the ground truth obtained from the Kinect,

Figure 5. Pose Anomalies: Ground truth from Kinect (red)
and pose from mmWave (blue)

while the blue ones correspond to the poses predicted from
the mmWave Wi-Fi. It is evident that blue colored skeletons
closely follow red ones, meaning the pose estimated is quite
accurate. However, in some cases, we recorded highly in-
accurate poses with a mean squared error (MSE) of 0.043.
Figure 5 showcases the incorrect pose skeletons predicted
by the neural network. These anomalies occur when the net-
work struggles to accurately extract pose-specific features,
leading to erroneous pose outputs. These results highlight
limitations of the mmWave and the challenges involved in
pose estimation. Even, in accurately predicted poses, there is
room for improvement as can be seen in Figure 4 and this is
where EMG signals come into the picture. These results from
classification and regression, on one hand validate the per-
formance of ISAC for pose estimation, on the other, highlight
the challenges and need for additional modality to further
improve the results.

5 Conclusion and Future Work
In this work, we presented a multi-modal approach for pose
estimation leveraging ISAC and EMG signals. We proposed
an architecture that benefits from the fusion of ISAC and
EMG information in body pose estimation. As an initial ex-
periment, we investigated the performance of ISAC for pose
estimation considering both classification and regression
tasks. From our experiments, we concluded that ISAC signals
at mmWave can be very useful for pose estimation, however,
need additional robustness to counter the limitations and
to improve accuracy for accurate XR pose estimation. In fu-
ture, we plan to integrate the EMG signals into the existing
ISAC-based system to further improve accuracy.
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