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Abstract— With the rapid development of computer vision, 
human pose tracking has attracted increasing attention in 

recent years. To address the privacy concerns, it is desirable 

to develop techniques without using a video camera. To this 

end, RFID tags can be used as a low-cost wearable sensor to 

provide an effective solution for 3D human pose tracking. User 

adaptability is another big challenge in RF based pose tracking, 
i.e., how to use a well-trained model for untrained subjects. In 

this paper, we propose Cycle-Pose, a subject-adaptive realtime 

3D human pose estimation system, which is based on deep 

learning and assisted by computer vision for model training. 
In Cycle-Pose, RFID phase data is calibrated to effectively 

mitigate the severe phase distortion, and High Accuracy Low- 
Rank Tensor Completion (HaLRTC) is employed to impute 

missing RFID data. A  cycle kinematic network is proposed 

to remove the restriction on paired RFID and vision data 

for model training. The resulting system is subject-adaptive, 
achieved by learning to transform the RFID data into a 

human skeleton for different subjects. A prototype system is 

developed with commodity RFID tags/devices and evaluated 

with experiments. Compared with a traditional system RFID- 
Pose, higher pose estimation accuracy and subject adaptability 

are demonstrated by Cycle-Pose in our experiments using 

Kinect 2.0 data as ground truth.

Index Terms— Radio-frequency Identification (RFID), Com-
puter Vision (CV), Human pose estimation and tracking, Cycle- 
consistent adversarial network, Deep Learning.

1. Introduction

With the rapid development of computer vision, tracking 

of human poses has become an important problem area 

in recent years, evolving from 2D [1] to 3D poses [2]. 

Although camera-based techniques have been shown effec-

tive for human pose tracking, such vision-based techniques 

frequently raise security and privacy concerns. For example, 

it is reported that millions of wireless security cameras de-

ployed around the world are at risk of being hacked [3]; the 

video data used for pose tracking could be intercepted and 

illegally used by hackers. To address this issue, several radio 

frequency (RF) sensing based schemes have been proposed, 

such as WiFi [4], [5], Frequency-Modulated Continuous 

Wave (FMCW) radar [6], and mmWave radar [7].

To this end, radio frequency identification (RFID) pro-

vides a promising solution for human pose estimation [8],

[9]. Compared with existing contact-free RF sensing sys-

tems, RFID tags can be used as wearable sensors because 

of their small size. Furthermore, the interference caused 

by the multipath effect is much lower in the RFID system 

and the cost of RFID systems is lower than the advanced 

radar based systems. However, because of the low data 

rate (i.e., the sampling rate) in RFID systems, generating 

a joint confidence map for all the joints, as in other RF 

based systems, is highly challenging. Consequently, the 

existing RFID based pose tracking systems are focused on 

monitoring the movement of one particular limb using the 

phase data sampled from multiple tags [10], [11]. When 

multiple joints are moving simultaneously, the performance 

could be affected by the disturbance from other RFID tags 

(e.g., the mutual coupling effect) or inter-tag collisions.

Subject adaptability is another challenge for RF based 

human pose tracking. Different people have different skele-

ton forms, but most of the neural networks incorporated in 

RF based pose tracking systems are trained with a limited 

number of subjects [5], [9]. The untrained subjects could be 

considered as a new data domain in machine learning. When 

testing in the new domain, the performance of the trained 

model will be degraded. Transfer learning is a possible 

solution to address the new domain issues [12], [13], but the 

trained model needs to be updated by a light-weight training 

for the new domain. The light-weight training requires new 

vision data of the untrained subject, which, again, leads 

to privacy concerns. The domain discriminator proposed in 

recent works [14], [15] could address the domain-adaptive 

issue, which, however, only works for the classification 

problem so far. The model structure may not be suitable 

for data sequence estimation as in human pose tracking.

In this paper, we address the challenges in human pose 

estimation using RFID with a novel vision-aided, deep 

learning based solution. We propose the Cycle-Pose system 

to track the movements of multiple human limbs in real-

time. In Cycle-Pose, RFID tags are attached to the target 

human joints. The movements of the tags are captured by 

the phase variations when the tags are interrogated by the 

reader. A vision-aided solution is proposed to help the deep 

learning model transform tag phase variations to human limb 

rotations, rather than localizing them with traditional tag lo-

calization techniques [16]. Furthermore, we also proposed a
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novel cycle consistent adversarial network model to achieve 

subject adaptability. The proposed cycle kinematic network 

model is trained without the restriction of requiring paired 

RFID and vision data, such that the network can learn to 

transform RFID data into a human skeleton for any sub-

ject. Thus, the system achieves higher subject adaptability 

than traditional schemes when generating human pose for 

untrained subjects. In Cycle-Pose, the 3D human pose is 

reconstructed by estimated rotation angles of human limbs 

from RFID data and any given initial human skeleton in 

realtime. A specific benefit is that vision data will not be 

needed anymore in the inference stage, and thus the user’s 

privacy can be well protected. The main contributions of 

this paper are summarized as follows.

• To the best of our knowledge, this is the first subject- 

adaptive 3D human pose estimation system using 

commodity RFID reader and tags, which can effec-

tively track 3D human pose without vision data in 

the testing stage.

• We propose a cycle kinematic network model and 

train the network with self-supervision. The pro-

posed model learns the transformation from RFID 

data to 3D skeleton for different subjects, to effec-

tively achieve subject adaptability.

• We develop a prototype system with commodity 

RFID tags/devices and Kinect 2.0, to evaluate the 

system performance and compare it with the tradi-

tional technique RFID-Pose [9]. Our experimental 

study validates that the proposed Cycle-Pose system 

can effectively track the human pose for different 

subjects with subject adaptability.

In the following, we present the system overview in 

Section 2. The challenges and our proposed solutions are 

discussed in Section 3. Our prototype implementation and 

performance study are presented in Section 4. Section 5 

summaries this paper.

2. System Overview

An overview of the proposed Cycle-Pose system is 

shown in Fig. 1, which consists of four main modules: (i) 

Data Collection, (ii) Data Preprocessing, (iii) Cycle Kine-

matic Network, and (iv) 3D Skeleton Generation.

(i) Data Collection: The Cycle-Pose system aims to generate 

a 3D human skeleton from collected RFID data. Both RFID 

data and vision data should be sampled for the training pro-

cess. The RFID data is collected from 12 RFID tags attached 

to the human joints by three polarized antennas, and is used 

as input to the proposed cycle kinematic network. The vision 

data is sampled by Kinect 2.0 for the same subject and action 

simultaneously. Kinect 2.0 is a depth camera. It captures 3D 

human movements by both the RGB camera and infrared 

sensor. 3D movements of each human joint are generated 

by processing the Kinect data with MATLAB and stored in 

the form of 3D coordinates for offline training supervision 

and used as benchmark in the testing phase.

Vision-aided Training

Cycle K inem atic N etw ork

Figure 1. The Cycle-Pose system architecture.

(ii) Data Preprocessing: However, the collected raw RFID 

data cannot be directly used for 3D skeleton tracking. It 

should be calibrated first before analyzed by the proposed 

neural network model. The collected RFID phase is severely 

distorted by channel hopping and phase wrapping of the 

RFID system. It should be firstly calibrated to mitigate 

such distortion. After that, since the sampling rates of RFID 

device and Kinect 2.0 are highly different, the sampled RFID 

data is downsampled and synchronized with the vision data. 

Because of the slotted ALOHA-like transmissions in RFID 

systems, the phase data is not evenly sampled; there is at 

most one sample in each time slot and most RFID phase 

samples are missing. Thus, we employ the tensor completion 

technique, High Accuracy Low-Rank Tensor Completion 

(HaLRTC), to estimate the missing RFID data.

(iii) User-adaptive 3D Skeleton Generation with the Cycle 

Kinematic Network: We propose a cycle kinematic network 

to generate 3D pose data from calibrated RFID phases. 

Unlike monitoring only one particular limb’s movements 

as in traditional RFID based pose tracking systems [10], 

[11], the proposed system estimates the 3D coordinates 

of all the joints simultaneously. Moreover, the proposed 

cycle kinematic network achieves subject adaptability, which 

is missing in prior systems [5], [9]. This is because the 

cycle kinematic network is trained with unpaired RFID 

data and vision data, which is sampled from a different 

moving subject. Thus, the trained network can achieve better 

adaptability when transforming RFID data to 3D coordinates 

for a different, untrained subject.

3. Challenges and Solutions

3.1. RFID Phase Data Calibration

The first challenge in human 3D skeleton generation 

from RFID data is the poor quality of RFID data. As 

discussed, the raw RFID data suffers from severe phase 

distortion and large amount of missing samples. Thus, the
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usually generated by the modulo operation when the phase 

crosses 0 rad or 2n rad. Thus, the calculated phase variation 

should be unwrapped to remove such distortion. Given the 

110Hz sampling rate used in the RFID system, we assume 

that the phase variation between two adjacent samples, n, 

should be no larger than n  or smaller than —n. We use the 

following scheme to unwrap the sampled phase variation 

data n.

n -  2n n , if n  > n
n, otherwise.

(3)

Figure 2. Flowchart of RFID data preprocessing.

RFID data should be well-calibrated before being used to 

train the neural network. Fig. 2 presents the flowchart of the 

proposed RFID preprocessing procedure. As shown in the 

figure, the passive tags are attached to 12 joints of the human 

body. RFID phase data is collected by the reader using the 

low-level protocol when interrogating the tags [17], [18].

3.1.1. Phase Distortion Mitigation. The collected phase 

value indicates the distance between the reader antenna and 

the tag [17]; so the sampled phases captures the movement 

of the RFID tags attached to the human body. According 

to the FCC regulation, the frequency of the channel is 

not fixed but hops among 50 different channels, which 

generates a different phase offset for each different channel. 

Consequently, the phase value is also determined by the 

current channel used for RFID interrogation. The phase 0 3 
on channel s can be written as [19]:

03 =  mod T +  0°3, 2 n j  , s =  1 , 2 , 5 0 ,  (1)

where L  is the distance between the tag and antenna, c is 

the speed of light, and f 3 and 00 represent the frequency 

and initial phase offset of channel s , respectively. According 

to (1), if we want to track the variation of the tag-to- 

antenna distance L , the impact of the channel phase offset 

00 should be firstly mitigated. Fortunately, the phase offset 

0 0 is a constant for each channel s. If we use the variation 

between two adjacent phase samples on the same channel, 

the identical channel phase offset in the two samples will 

be canceled. The phase variation n^ for each channel s is:

nn
s mod

-  L S ~ l ) f s  , 2 \  ,

s =  1 ,2 ,..., 50, n  =  2 ,3 ,...,

(2)

which automatically determines whether the value should 

be unwrapped by adding or subtracting 2n. After the un-

wrapping process, all sharp phase changes will be smoothed 

out, and the calibrated phase variation data can effectively 

represent the movements of the RFID tags now.

3.1.2. Data Imputation. In addition to distortion, missing 

phase samples is another challenge caused by the Slotted 

ALOHA-like transmission used in RFID communications. 

In each time slot, only one tag can send its EPC and low- 

level data to the reader. In the Cycle-Pose system, although 

we attach 12 tags to the human body, only one tag can be 

sampled at a time. In the input data tensor illustrated in 

Fig. 2, there is only one sample in each slice (12 tags x 

3 antennas). Thus, the sparsity of the phase data tensor is 

35/36, which is way too high for pose estimation. In order to 

learn the relationship between RFID data and 3D skeleton 

data obtained from Kinect, we need to (i) deal with the 

high sparsity issue in the tensor data and (ii) synchronize the 

phase data (i.e., the input to the deep learning model) and the 

vision data (i.e., the labels). To solve these problems, we first 

downsample the RFID data from 110Hz to 30Hz to match 

the 30fps sampling rate of Kinect. Then, we synchronize 

the RFID and vision data based on the timestamps when the 

RFID and vision data samples are simultaneously collected 

for the same subject. Note that we cannot synchronize the 

data from different subjects because the RFID data and 

vision data are not sampled simultaneously in this case.

After synchronizing the two types of data, the input 

tensor to the deep learning model can be expressed as:

H (:, :,t)  =

"H
?0??

1_______

nt,2 . 
ni,2 .

. n in a '
nt,nG

, t =  1 ,2 ,. . . ,N t ,

nnA
L''M ntA  .

nnAlt,na_
(4)

where Ln  represents the tag-to-antenna distance for the nth 

sample on channel s . It can be seen that the phase offset 

0 33 is removed in (2), while the movement Ln — L n -1  

remains. The phase distortion caused by channel hopping 

is effectively mitigated this way.

In addition, phase distortion is also caused by the mod-

ulo operation in (1) and (2). Since the collected phase data 0 

is rounded to the range [0,2n] rad, sharp phase changes are

where t means the tth time slot, n A and n G are the numbers 

of antennas and tags, respectively, and nt,AG represents 

the calibrated phase variation from tag n G sampled by 

antenna n A in time slot t. To address the high sparsity of 

the tensor, we leverage tensor completion to estimate the 

missing samples in H . The algorithm used in the system 

is HaLRTC [19], which can achieve high accuracy in data 

imputation at a relatively high speed.
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3.2. Skeleton Generation from RFID Data

Three-dimension human skeleton generation with RFID 

data is highly challenging also because of the extremely 

low sampling rate restriction in RFID systems. Most of 

the existing human pose tracking system is based on the 

confidence map generated from collected signals, such as 

camera [1], WiFi [4], and FMCW radar [6]. The human 

features is first captured and shown on the confidence map, 

so the human skeleton can be further constructed based 

on the map. However, this technique is not suitable for 

RFID based systems, because the sampling rate of the RFID 

system is much lower than that of video camera, WiFi, and 

FMCW radar. This is because the RFID system is designed 

to interrogate RFID tags one at a time, which means no 

matter how many tags are used in the system, the maximum 

data rate is fixed by one sample per time slot. If we want 

to generate a confidence map video with 10fps from RFID 

data with 110Hz sampling rate, only the 11 phase samples 

(i.e., sampled at the same time as one video frame or 11 

pixels) can be used for map generation. Even if we reduce 

the map resolution to 100 x 100, transforming the 11 samples 

to 10,000 pixels is a severely ill-posed problem, which is 

challenging for training the deep learning model.

In this paper, we employ the forward Kinematic tech-

nique to tackle the ill-posed problem, which is widely used 

in robotics and 3D animation [20]. With a given initial 

skeleton (i.e., the original locations of all joints and the 

lengths of all limbs), forward kinematic can estimate the 

joint position based on the relative space rotation and its 

parent joint position. For example, when the right elbow 

position is given, the right-hand position of the subject can 

be calculated by the length of the front arm and the rela-

tive rotation between the hand and elbow. In the proposed 

cycle Kinematic network, a 3D rotation is represented in a 

unit quaternion format based on Ruler’s rotation theorem, 

expressed as:

r  +  x a  +  y3  +  zq, (5)

where r , x, y, and z are real numbers, and a , ¡3, and q 

are the quaternion units related to the three coordinates, 

respectively. Given the 3D position of a joint, represented 

as aa  +  bfi +  cq, and a 3D rotation with unit quaternion 

r  +  x a  +  y3  +  z q . The rotation matrix C  can be derived as:

C  =

'1 -  2(y2 +  x2) 

2(xy — zr)  

2 (xz  +  yr)

2(xy  +  zr)
1 — 2(x2 +  z2) 

2(yz — xr)

(6)

2(xz — yr)
2(yz  +  xr) .

1 — 2(x2 +  y2)

The updated position of the joint, a'a  +  b'3  +  c'q, will be 

calculated as:

a a
b =  C b
o' o

(7)

With the forward kinematic technique, the current hu-

man pose is determined by the previous human pose and the

Figure 3. Different structures for pose generation training.

3D rotation for each body joint. To estimate the positions of 

the 12 human joints, only 48 parameters are required. Com-

pared with the traditional approach of generating a 10,000- 

pixel map, the proposed technique effectively reduces the 

problem complexity and can improve the accuracy as well.

3.3. Dealing with Subject Adaptability

The forward Kinematic technique can effectively address 

the ill-posed problem. However, the initial skeleton of the 

subject is still needed, which limits the adaptability of the 

trained model to different untrained subjects. People have 

different skeleton forms. To make sure that the deep learning 

model can successfully generate 3D skeleton for different 

subjects, the training dataset should include all kinds of 

human skeletons, which leads to a significantly high cost on 

collection of labeled training data. If the network is trained 

with a limited amount of skeletons, the performance of the 

network could be poor when testing for a subject with a 

new skeleton not included in the training dataset [5]. This 

is because the traditional training process is performed with 

the same source initial skeleton and target initial skeleton, 

which is illustrated in the left-hand-side graph in Fig. 3. 

In the figure, S K n represents the source initial skeleton 

for subject n  in the RFID data, while T K n represents the 

target initial skeleton in the vision data with T K n =  S K n . 

The traditional training structure is focused on learning 

the relationship between 3D skeleton coordinates and the 

RFID data for the same skeleton. Thus, the training results 

is suitable for these n  specific skeletons included in the 

training data, but the well-trained model may not perform 

well when it is used to test a new skeleton.

3.3.1. Cross-skeleton Learning Structure. To improve the 

subject adaptability of the learning model, the network 

should be designed to learn the relationship between dif-

ferent source and target skeletons, so that the system could 

effectively transform RFID data to 3D skeleton no matter 

the given subject skeleton is included in the training dataset 

or not. Thus, we propose a new network structure as il-

lustrated in the right-hand-side graph of Fig. 3. As shown 

in the figure, the training is not only focused on learning 

with paired skeletons, but also leaning with different source
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skeletons and target skeletons. For example, for a specific 

movement type such as kicking, all RFID data and vision 

data are utilized in training, no matter the movement data 

is sampled from the same subject or not. Thus, the network 

can learn how to transfer RFID data to human 3D pose 

with different initial skeletons, such as S k i , S k 2, ..., and 

S k n . Since the network is not trained with a specific initial 

skeleton, the well-trained model can achieve higher subject 

adaptability compared with the traditional network structure.

Unfortunately, training with different S K s  and T K s  is 

challenging because there is a significant variance in training 

data between two different subjects. Although performing 

the same movement, different subjects could have very 

different speeds and scales, as illustrated in Fig. 4. Their 

limbs have different lengths and it is also hard to guarantee 

that each RFID tag will be attached at exactly the same 

location. Fig. 4 shows the skeleton obtained by Kinect when 

two different subjects perform the same action (i.e., arm 

waving), sampled at the same frame rate. As shown in 

the figure, both the hand moving speed and the latitude of 

the arm are very different between the two data sequences 

shown in the first row (for Subject 1) and the second row 

(for Subject 2).

The considerable difference shown in Fig. 4 indicates 

that the network should not be directly trained with the po-

sition loss between estimated pose and vision pose for differ-

ent subjects. A self-supervised network should be designed 

for cross-skeleton learning with unpaired initial skeletons.

3.3.2. Cycle Kinematic Network. Cycle-Consistent Ad-

versarial Network is an advanced neural network structure, 

which is proposed to solve the image-to-image translation 

with unpaired training datasets [21]. The cycle consistent 

network has also been employed to solve the temporal video 

alignment problem of two different video streams [22]. The 

cycle consistent network can generate fake input data from 

the output data, so the network can be trained with self-

supervision between the real input data and the generated 

fake input data. Thus, the requirement on paired, labeled 

data is lower than that in traditional neural networks.

Observing the strength of cycle consistent adversarial 

network, we propose a Cycle Kinematic Network to deal 

with the challenges in training for cross-skeleton learning, 

which is presented in Fig. 5. As shown in the figure, the 

RFID phase variation sequence feature is first extracted by 

a recurrent encoder termed recurrent encoder-Forward (or, 

recurrent encoder-F). With additional input of the source 

initial skeleton of the subject, the recurrent decoder-Forward 

(or, recurrent decoder-F) translates the human movement 

features captured by RFID phase variations to unit quater-
nion, which represents the 3D rotation of the subject’s joints. 

Then, the unit quaternion is employed by the forward Kine-

matic algorithm to generate 3D human skeleton with a given 

target initial skeleton. The cycle consistent network is used 

to recover the RFID data from the estimated quaternion, 

which is also constructed by the recurrent encoder-Backward 

and decoder-Backward (or, recurrent encoder-B and recur-
rent decoder-B). If the translation from RFID phase variation

Figure 5. Overview of the proposed cycle kinematic network model.

to 3D limb rotation exists, the inverse transformation could 

be performed using recurrent autoencoder-B. With the fake 

RFID data, the network can be trained with self-supervision, 

and the ground truth of vision data does not need to be 

strictly paired with the input RFID data.

3.3.3. Loss Function for Training. The loss function used 

for the training the proposed cycle kinematic network is 

composed of three parts as illustrated in Fig. 5, includ-

ing the position loss, the adversarial loss, and the cycle 

consistency loss. When the training step is set to K , we 

define the calibrated RFID phase variation sequence as 

F1:K and the reconstructed fake RFID data as F 1:K . The 

estimated skeleton by the neural network is represented as 

V1:K, and the vision data sequence used for supervision is 

denoted by V1:K. The position loss between the estimated 

3D skeleton and the ground truth is calculated with the 

estimated skeleton and the vision skeleton ground truth as:

LoSSp = ||Yi k  -  V iK \\2. (8)

However, for the unpaired training data collected from 

different skeletons, L ossp also includes the error caused by 

the asynchronous training dataset. We can calculate the cycle 

consistency loss as:

LoSSc = \\Fi;K -  Fi:K\\2. (9)

Since the cycle consistency loss is calculated with the fake 

RFID data obtained by the cycle consistent network, the 

influence of unpaired data can be mitigated by merging the 

cycle consistency loss and position loss as:

Lossall = Qp ■ Lossp + Qc ■ Lossc, (10)

with suitable positive coefficients Qp and Q c, satisfying 

Qp + Q c = 1. With the loss function of the generator
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Figure 4. Labeled pose data sampled by Kinect for different subjects. The first row is for Subject 1 and the second row is for Subject 2.

L o ssa i i , the network can be effectively trained whether 

the RFID data and vision data are sampled from the same 

subject or not. In this paper, we set Qp  = 0.6 and Q c = 0.4.

The adversarial loss is used to determine if the network 

is well trained or not, which is represented as a realism score 

calculated by a discriminator network D  [20], as:

S d  = D(V2:K  -  ^2:K  -  Vl:K - l) . (11)

The equation shows that the input of the discriminator is 

not the position loss but the variation between the previous 

frame and the current frame in V  and V , respectively. 

Although V  and V  are unpaired data sequences, the dis-

criminator can determine if the movements performed by 

the two subjects are the same or not. This is because, for 

the same movement type, the variations of all the joints 

between two adjacent data sequences are still similar, no 

matter the two subject movements are synchronized or not. 

We set a realism score threshold to balance the discriminator 

and the generator (i.e., recurrent encoder-F and recurrent 

decoder-F). When the generator can successfully fool the 

discriminator, the network will effectively transform RFID 

data to 3D skeleton data.

4. Implementation and Evaluation

4.1. Prototype System Implementation

To evaluate the performance of Cycle-Pose, we develop 

a prototype system with an off-the-shelf Impinj R420 reader 

equipped with three S9028PCR polarized antennas. The 

RFID tags used in Cycle-Pose are ALN-9634 (HIGG-3). 

The vision data, used for training supervision as well as the 

ground truth for test accuracy evaluation, is collected with 

an Xbox Kinect 2.0 device.

We attach 12 RFID tags to the human body joints as 

shown in Fig. 6, including the left shoulder, left elbow, 

left wrist, right shoulder, right elbow, right wrist, neck, 

pelvis, left hip, left knee, right hip, and right knee. Head 

and feet are omitted in our prototype system because of the 

limited scanning range of the RFID antenna used in Cycle- 

Pose. More antennas can be added to scan the entire body, 

but the skeleton constructed with the 12 joints is sufficient 

to monitor human activities in most cases. With the three 

antennas placed at different altitude positions, every RFID 

tag can be scanned by at least one of the antennas.

As Fig. 6 shows, RFID phase data is collected when the 

subject is standing in front of the antennas and performing 

specific motions repeatedly. Different motions are sampled 

for training the cycle kinematic network with two differ-

ent types. The first type includes simple motions, which 

only involve single-limb movement. The other type includes 

compound motions, composed of movements of the entire 

human body, such as boxing, walking, body twisting, and 

deep squatting.

4.2. Experimental Results and Analysis

To evaluate the performance of Cycle-Pose, we compare 

it with the traditional neural network model used in RFID- 

Pose [9], which only trains the network with paired RFID 

and vision data. The dataset used for training and testing is 

the same for both models, and the overall accuracy is shown 

in Fig. 7 and Fig. 10. The overall estimation error Eall used 

in our evaluation is calculated between the estimated 3D 

pose data and the ground truth vision data as:

1 12

Eall = llP>n -  Pn II’ (12)
n=1
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Figure 6. RFID tag deployment and motion sampling.

Estimation Error (cm)

Figure 7. Overall accuracy when testing with trained subjects.

where Pn denotes the estimated position of joint n, Pn is 

the ground truth position collected by Kinect for joint n  

in the 3D space, and \ \Pn -  Pn \\ is the Euclidean distance 

between the two 3D coordinates.

Fig. 7 presents the cumulative distribution functions 

(CDF) of the estimation errors for both methods when the 

testing subjects are involved in the neural network training. 

The CDF curves show that the median estimation error for 

the traditional network is 3.83cm, while the median error 

for Cycle-Pose is 4.44cm. The maximum error for Cycle- 

Pose is 8.64cm, which is slightly higher than that of the 

traditional method (i.e., 8.09cm). These results show that the 

accuracy of Cycle-Pose is slightly lower than the traditional 

method when testing a trained skeleton. This is because 

the Cycle-Pose system not only learns the translation from 

RFID data to 3D skeleton, but also learns the transformation

Figure 8. Comparison results when the untrained subject is squatting.

Figure 9. Comparison results when the untrained subject is walking.

from different source skeletons to target skeletons. The 

additional learning task affects the system performance for 

specific skeletons. However, the decrease of the accuracy is 

acceptable in most skeleton tracking applications, such as 

video gaming and human motion recognition.

The strengths of the Cycle-Pose system become obvious 

when testing with untrained subjects. Figs. 8 and 9 illustrate 

the comparison between two networks when an untrained 

subject is squatting and walking, respectively. From the 

figures, it can be seen that the human poses reconstructed 

by the Cycle-Pose system are highly similar to the corre-

sponding ground truth, while the skeletons generated by the 

traditional method show higher estimation errors.

The accuracy results are presented in Fig. 10. As the 

CDF results show, the median estimation error of the Cycle- 

Pose system is 4.88cm, while the median error of the 

traditional system is 7.66cm, which are both higher than that 

in Fig. 7. The traditional network is only trained by paired 

RFID and vision data for the same subject. The training do-

main is restricted to the specific initial skeletons. When test-

ing with an untrained subject with a different initial skeleton, 

the traditional network exhibits poorer subject adaptability
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Figure 10. Overall accuracy when testing with untrained subjects.

than the Cycle-Pose system. In summary, although the accu-

racy of the Cycle-Pose system is slightly lower than that of 

the traditional RFID pose tracking technique when testing 

with a known subject, the proposed model achieves high 

subject adaptability when testing untrained subjects.

5. Conclusions

In this paper, we proposed a subject-adaptive, realtime 

3D pose estimation and tracking system named Cycle-Pose. 

A preprocessing module was proposed to effectively miti-

gate the influence of phase distortion and missing RFID data 

samples. The proposed system then leveraged a novel cycle 

kinematic network to estimate human postures in realtime 

from RFID phase data, which was trained with unpaired 

RFID and vision data sampled from different subjects. The 

Cycle-Pose system was implemented with commodity RFID 

tags/devices and compared with a traditional RFID based 

technique RFID-Pose in our experimental study. Its high 

subject adaptability ability and accuracy were demonstrated 

in our comparison experimental study using Kinect 2.0 as 

ground truth.
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