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Abstract. RF-based human pose estimation has attracted considerable
interest recently as an effective means of human-computer interaction
(HCI). Compared with camera-based alternatives, RF sensing can bet-
ter protect user’s privacy and are robust to lighting, cluttered back-
ground, view angle, and non-line-of-sight conditions. However, due to
complicated indoor propagation environments, most RF-based sensing
methods are sensitive to the deployment environment, are hard to gen-
eralize, and rely heavily on large amounts of training data. In this talk,
we present RFID-Pose, which uses RFID tags as wearable sensors to
detect 3D human pose. In addition to introducing the RFID-Pose sys-
tem, we also investigate various enhancements for (i) making the model
more generalizable to various subjects and environments, (ii) making
the model more generalizable to different wireless technologies, and (iii)
reducing the dependence on large amounts of training data via data aug-
mentation. Experiments conducted in various environments demonstrate
the high performance and efficacy of the proposed approaches.

1 Introduction

Human posture detection and tracking are useful for a variety of applications,
such as human-computer interaction (HCI), video surveillance, movie making,
and somatosensory gaming. Nevertheless, the video data collected by camera-
based methods for pose monitoring could be intercepted by attackers, thus rais-
ing considerable security and privacy concerns. Radio Frequency (RF) based
approaches have been proposed to address the privacy concern, but they usually
require large amounts of training data. They also suffer from poor generalization
when applying a trained system to different environments. This is because the
deep learning model used in such systems usually require considerable RF data
for model training, and the well-trained model is usually hard to be applied to
untrained data domains of new RF environments. To address these issues, var-
ious approaches, such as data augmentation, domain adversarial networks, and
transfer learning, have been proposed recently.

In this talk, we first introduce the design of our proposed RFID-based 3D
human pose tracking system, termed RFID-Pose [1]. RFID-Pose uses passive
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RFID tags as wearable sensors attached to human joints, and reconstruct 3D
human poses from the phase angles in received RFID response signals. In addi-
tion, video camera captured data is used for supervised training of the deep
learning model used in RFID-pose in the training stage, as well as ground
truth in our performance evaluation. Next, we leverage a meta-learning strat-
egy to address the environment/domain adaptation problem and present Meta-
Pose [2,3], which is an environment-adaptive system. Meta-Pose is pretrained
by meta-learning algorithms with training data sampled from a small number of
known environments. The meta-learning algorithms are adopted to achieve an
optimized parameter initialization, so the system is able to adapt to an untrained
environment with few-shot fine-tuning. We then introduce two effective means
to mitigate the reliance on training data. The first is a technology-agnostic app-
roach [4]: by exploiting a domain adversarial neural network, our model can
utilize the heterogeneous RF data collected by various wireless technologies.
The second is data augmentation [5-8]: by using generative adversarial networks
(GAN) and the more recent diffusion model [9], we synthesize large amounts
of training data at a low cost, thus saving the huge efforts associated with RF
data collection. The efficacy of the prototype systems are demonstrated by our
experiments conducted in various indoor environments.

2 System Design

The RFID-Pose system [1] is proposed to perform 3D human pose tracking
with phase data collected from the RFID tags attached to the joints of the test
subject. Figurel presents an overview of the RFID-Pose system architecture,
which is composed of three key modules, including RFID data collection, phase
data preprocessing, and a multi-model, vision-assisted deep neural network for
pose estimation.
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Fig. 1. Overview of the architecture of the proposed RFID-Pose system.

1) RFID Data Collection and Preprocessing: In RFID-Pose, the position in 3D
space of human skeletal segment from the phase data measured through RFID
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communications, which follows the Low Level Reader Protocol (LLRP). The
phase variation of two consecutively sampled phases is used to alleviate the
impact of the phase offset caused by channel hopping. Such phase variation data
effectively captures over time the dynamic tag-antenna distance caused by body
movements, which is then translated into 3D human poses by a deep learning
model.

2) Vision-Assisted Deep Neural Network: The translation from phase variation
data to 3D human pose is achieved by a multi-modal vision-assisted deep neural
network. The input to the network is the preprocessed phase variation data, and
training is accomplished by the supervision of the 3D human pose generated by
Kinect. A recurrent autoencoder is implemented in the network to extract body
movement features from RFID data and translate it to the movements of human
limbs [1]. The mapping from the autoencoder output to the 3D coordinates of
human skeleton is accomplished in the Forward Kinematics layer, which is a clas-
sic motion generator used in 3D animation and robotics [10]. The training goal is
to minimize the error between the estimated human pose and the corresponding
label (i.e., vision data), so the network should perform effective translation from
RFID data to human pose.

3 Challenges and Solutions

1) Meta-learning for Environment Adaptation: We leverage meta-learning to
improve the adaptability of the model and overcome the barrier of deploying
the system in various environments [11]. The deep learning model is initially
pretrained with the datasets sampled from known data domains, using two rep-
resentative algorithms, MAML [12] and Reptile [13]. Once the network is prop-
erly initialized, only a few new training data will be required from a new data
domain for fine-tuning the model.

2) Technology-Agnostic Design: Most existing RF sensing systems are designed
with a single wireless platform, which, however, constraints the deployment of
the system. To reduce the cost and overcome the barrier of wide deployment, we
propose to develop a single model that can work with various RF platforms, such
as 900 MHz RFID, 2.4 GHz WiFi, 5 GHz WiFi, and 77 GHz mmWave Radar [4].
An additional benefit is a more robust performance due to the complementary
technologies. This is achieved by incorporating a Domain Adversarial Neural
Network to encourage the model to focus more on body movement features and
ignore those features related to the specific wireless platform.

3) Data Augmentation: Since wireless data spans multiple dimensions, includ-
ing spectrum, space, time, hardware design, and protocols, it is highly costly
to collect RF datasets which is high fidelity and generalizable. We propose to
develop GAN models [5,6] and diffusion models [7,8] to synthesize high quality
RF data to train the deep learning models in downstream sensing models. Our
investigation demonstrates that high-fidelity and high-diversity datasets can be
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effectively generated by the proposed models, which can train the downstream
task models to achieve an RF sensing performance comparable to that trained
by real RF data.

4 Prototype Systems and Evaluation

The prototype systems are implemented with a commodity Impinj R420 reader
equipped with three polarized antennas (i.e., SO028PCR). As Fig.2 shows, 12
ALN-9634 (HIGG-3) RFID tags are attached to the clothes of the test subject.
The vision data used for vision-assisted training and performance evaluation is
sampled by an Xbox Kinect 2.0 device. Eight different RF environments (named
D; to Dg) are used in the evaluation with different antenna deployments and
locations, where D; to D4 are used for model pretraining, and D5 to Dg are new
data domains for evaluating model adaptability. In addition to 900 MHz RFID,
2.4 GHz WiFi, 5 GHz WiFi, and 77 GHz millimeter wave (mmWave) Radar are
also used to test the proposed technology-agnostic method. GAN [5,6], diffu-
sion [8], and stable diffusion [7] models are used to synthesize various RF data
for model training.

Experiments in various RF environments are conducted to assess the sys-
tem performance, with respect to the RFID-Pose’s accuracy in detection and
tracking 3D human pose, its generalization performance with respect to various
subjects and environments, as well as various RF platforms, and the efficacy
of the proposed GAN and diffusion model-based data augmentation methods.
Detailed results and discussions can be found in the corresponding papers.
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Fig. 2. Prototype systems and experiment set-up of the RFID-Pose system (unit: m).
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